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A B S T R A C T 

One serious issue in the microcontroller manufacturing environment is the mixing of 

microcontroller unit (MCU) parts, leading to the wastage of materials, dissatisfied 

customers, and the implementation of non-value-adding activities to address it. More 

adverse effects include negative feedback from customers, loss of confidence, and 

impact on business growth. One root cause traces back to the final testing of the 

manufacturing back-end process when reusing unemptied standard JEDEC matrix 

trays for good and bad units in the test handler. Currently, emptying the JEDEC matrix 

tray and inspecting it is a manual process prone to human error due to high-volume 

test runs, small package sizes, and package colors matching the tray. The feasible 

solution is developing a Machine Vision System (MVS) to automate MCU Integrated 

Circuit (IC) tray inspection and detect empty trays. This study proposes an MVS 

classifying MCU IC, JEDEC matrix tray pocket, and background using a Convolutional 

Neural Network (CNN) deployed in OpenMV H7 Plus, a low-power, memory-

constrained Embedded Machine Learning System (EMLS). The CNN achieves 94.8% 

training accuracy and 86.67% testing accuracy. Deployed in OpenMV H7 Plus, it 

classifies 128-pin, 64-pin, and 48-pin TQFP MCU IC packages, tray pockets, and 

background in real time. Results show an EMLS-based MVS can address MCU IC 

mixing issues. However, future work should collect more data and explore additional 

feature extraction and data augmentation techniques to enhance CNN accuracy further. 

© 2025 Published by Faculty of Engineeringg  

 

 

 

 

1. INTRODUCTION 
 

Final testing plays an essential role in the MCU IC 

manufacturing back-end process (Lee et al., 2007). This 

step ensures MCU quality and reliability before 

shipment. Researchers such as Morsy et al. (2012), 

Domaschke et al. (1998), Madge et al. (2004), AND 

Rockoff (1998) have emphasized its significance. 

 

Final testing includes AC/DC parametric, functional, and 

structural tests. The testing setup in MCU manufacturing 

is highly automated, relying on Automatic Test 

Equipment (ATE) and a test handler (Gonzales et al., 
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2019). ATE performs test measurements, while the test 

handler moves parts to ATE terminals and sorts tested 

units. (See Figure 1.) 

 

 

Figure 1. ATE and Test Handler 

 

To load the MCU parts for testing in the test handler, the 

standard JEDEC matrix trays are used, as shown in 

Figure 2 (Gärtner et al., 2013). The test handler picks the 

units for testing and, after testing, places them in the 

appropriate output matrix tray. The good units (passed 

testing) and bad units (failed testing) are placed in 

separate matrix trays. Trays containing good units 

proceed to packaging for shipping, while trays with bad 

units are sent to the scrap area, where bad units are 

removed, and the tray is emptied. 

 

Emptying JEDEC trays and inspecting their pockets is a 

manual process prone to human error (Prasetyo et al., 

2021). This issue arises due to small package sizes, high 

test volumes, and the similarity in color between MCU 

packages and trays, making visual inspection challenging 

for manufacturing operators (Amin & Khadem, 2007). 

 

 
Figure 2. JEDEC Matrix Trays 

 

Reusing matrix trays is a cost-effective practice in an 

MCU manufacturing environment (Prasetyo et al., 2021). 

The matrix trays can be used again in a new lot of MCUs 

to be tested, serving as a medium for both good and bad 

units. However, if the matrix tray is not emptied before 

reuse, there is a high probability that stray bad units will 

be mixed into good units, resulting in material wastage, 

dissatisfied customers, and the implementation of non-

value-adding activities to address the issues (Gonzales et 

al., 2019; Amin & Khadem, 2007). 

As a containment action, manufacturing implemented a 

quality control procedure in which, for every lot test run 

in the ATE and test handler, the number of units to be 

tested is compared with the tested units (good units + bad 

units). If the quantities do not match, manual checking of 

the top marking in each tested unit is employed to find 

the stray unit. On some occasions, the containment action 

appears effective. However, it significantly decreases the 

test run throughput and causes delays in MCU product 

shipments. There are also instances when the 

containment action is not effective, resulting in the 

scrappage of entire lots (Nagarajan et al., 2007). 

 

To address the root cause of this issue, the inspection of 

the MCU IC on the pockets of JEDEC matrix trays 

should be automated to avoid human involvement. In this 

manner, human error in determining whether the trays are 

empty before reuse as a medium for good and bad units 

can be prevented. Further data gathering is recommended 

to assess improvements in accuracy and efficiency (Ding 

& Wang, 2011). 

 

One such approach is Automated Optical Inspection 

(AOI) (Loresco et al., 2018). Optical inspections are a 

crucial type of testing. Traditional optical inspections, 

conducted by the naked eye or with magnifying glasses 

and microscopes, provide vital information, particularly 

when performed by skilled engineers and technicians. 

Modern printed circuit board assemblies (PCBAs), which 

feature intricate grid arrays and small components, 

benefit significantly from the precision and efficiency of 

AOI. AOI devices utilize a camera system that captures 

2D or 3D images to scan a PCBA. The images are then 

compared to parameters and reference images stored in 

the design database, allowing the system to identify 

missing components, erroneous components, 

misalignments, and other visually detectable faults. 

Identified problems may be flagged for additional 

inspection or rework. 

 

While the 2D camera and sensor quality in AOI machines 

matches that of 3D imaging, 2D imaging is limited to 

assessing visible components. Three-dimensional (3D) 

X-ray technology can detect flaws in concealed regions 

of integrated circuits. Although 3D X-ray imaging 

requires more time and incurs additional expenses, it is 

often the optimal option for complex PCBAs and devices 

due to the shrinking size of component interconnects and 

the increasing compactness of circuit boards (Trident, 

2023). 

 

This is in stark contrast with manual inspection 

processes, which have several limitations. Manual testing 

is inherently compromised by human error, resulting in a 

significant reduction in precision compared to automated 

alternatives. The variability and subjectivity introduced 

by human operators lead to inconsistent and unreliable 

outcomes. Moreover, cognitive limitations make it 

difficult to detect subtle defects or anomalies, further 

diminishing the accuracy of manual testing. Manual 
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execution of testing procedures requires substantial time 

and resources, making it inefficient compared to 

automated methods. The need for meticulous planning 

and execution, coupled with covering multiple 

application areas, exacerbates the time and resource 

demands of manual testing, rendering it impractical for 

large-scale manufacturing operations. Furthermore, 

manual data collection and comparison hinder 

comprehensive analysis and reporting of test results. The 

labor-intensive and error-prone nature of manual data 

handling delays the timely generation of quality reports 

and increases the likelihood of errors, reducing the 

efficiency and reliability of manual testing practices 

(Hawari et al., 2008). 

 

In order to apply automated optical inspection, concepts 

may be derived from studies by Loresco et al. (2018), 

Gamara et al. (2021), and Villarroel et al. (2019). These 

studies illustrate the application of artificial intelligence 

(AI) methodologies, specifically artificial neural 

networks (ANNs), in various contexts, including the 

development of a computer-assisted language learning 

system, early detection of cervical cancer risk, and 

identification of R peaks and RR intervals in ECG 

printouts. Pattern recognition and classification are 

fundamental concepts in AOI and are utilized in these 

methods. Similar AI algorithms can be implemented in 

AOI systems to identify and categorize patterns in optical 

images for various quality control and manufacturing 

inspection tasks. Recent applications of AI-based 

classification include genetic neural networks for 

diabetes likelihood prediction (Gamara et al., 2023) and 

robotic inspections in port infrastructure using an 

optimized A path planning algorithm (Wardana et al., 

2024). Signal processing applications demonstrate the 

significance of feature extraction techniques, as 

evidenced by the implementation of wavelet and Hough 

transformations in ECG analysis. Feature extraction is 

also essential in AOI for detecting defects or relevant 

attributes in optical images. AOI systems may employ 

various feature extraction techniques to capture crucial 

visual attributes for inspection. Additionally, these 

studies utilize image processing and analysis 

methodologies to extract meaningful insights from visual 

data. AOI systems rely on image processing algorithms 

to enhance the quality of optical images before inspection 

and extract relevant features. Common image processing 

techniques, including segmentation, edge detection, and 

morphological operations, can be applied in AOI to 

detect and classify defects. The importance of advanced 

data analytics in healthcare applications is highlighted 

using machine learning techniques, such as ANNs, in 

detecting cervical cancer risk. Similarly, AOI systems 

can automate decisions regarding the quality and 

integrity of products by analyzing optical images and 

learning from labeled data using machine learning and 

deep learning models. 

 

 

Narrowing the focus to the semiconductor manufacturing 

back-end process, several studies explore automated 

inspection of ICs on JEDEC matrix trays, though they 

differ in their inspection objectives. Amin and Khadem 

(2007) developed a machine vision system capable of 

detecting IC orientation on JEDEC tray pockets before 

Laser/Ink marking. IC orientation is determined by 

detecting the Pin-1 Notch or Pin-1 dimple, which is 

molded or marked on IC packages. To detect Pin-1, the 

study developed a pattern correlation algorithm that 

compares the image of the first IC on the tray (the 

reference unit, which should be correctly oriented) with 

the image of the next IC on the tray. Nagarajan et al. 

(2007) developed a real-time marking inspection scheme 

for ICs, comparing four feature extraction methods. 

Based on extraction time, the projection profile 

maintained the shortest processing time and was found to 

be well-suited for real-time marking inspection 

applications. Extracted features were classified using a 

feed-forward neural network, which determined whether 

the IC marking was acceptable or contained errors. 

Hawari et al. (2008) developed a fuzzy-based algorithm 

for IC lead inspection. In this study, IC lead images were 

captured and inspected for count, planarity, offset, pitch, 

and span defects. The researchers applied fast-

preprocessing techniques and blob feature extraction 

methods to determine proper thresholding values and 

then utilized fuzzy inference rules to assess whether the 

leads conformed to manufacturing specifications. 

 

The closest related study regarding determining whether 

JEDEC tray pockets are empty is a patent application 

publication by Ding and Wang (2011). Their invention 

employed a laser to emit a light line onto a tray’s 

reflective surface, which then reflected the light line. A 

camera captured an image of the tray, and a computer 

analyzed the image to determine the pocket’s status based 

on the detected light line. However, this detection process 

was complex and required multiple components, making 

system implementation costly. 

 

All the studies mentioned above followed a machine 

vision process that involved capturing images of ICs on 

JEDEC matrix trays and analyzing whether the image 

contained the relevant features using implemented 

algorithm models. Additionally, the actual systems used 

in these studies were based on traditional machine vision, 

where the camera used for image capture was connected 

to a computer that performed image processing and 

classification. This type of system requires significant 

space, has relatively high-power consumption, and has a 

high implementation cost. 

 

In this study, the machine vision process is also followed. 

However, instead of using a traditional computer-based 

system for image processing and classification in real-

time, an Embedded Machine Learning System (EMLS) 

with a camera sensor was utilized. Future manufacturing 

facilities stand to benefit from EMLS-based machine 

vision systems due to their reduced energy consumption, 
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lower cost, increased flexibility, and ease of deployment. 

This system aligns with the demand for agility and 

flexibility under the industry 4.0 framework 

(Tekleyohannes et al., 2017). The core objective of this 

study is to determine whether a machine vision system 

based on EMLS can classify MCU ICs on the pockets of 

JEDEC trays, given the processing power and memory 

constraints inherent in EMLS technology. 

 

2. SIGNIFICANCE OF THE STUDY 
 

This research is significant to the semiconductor industry 

because it offers insights into the optimization of 

semiconductor manufacturing test processes. It could 

potentially provide tactics for increasing throughput, 

decreasing test mingling occurrences, or optimizing the 

manufacturing process of semiconductor tests. For 

semiconductor companies to streamline operations, 

reduce expenses, and maintain high product quality, 

these insights are vital. Furthermore, academic 

institutions stand to gain from its potential contributions 

to the corpus of knowledge concerning industrial 

engineering and semiconductor manufacturing. The 

study's results have the potential to provide valuable 

insights for academic research, curriculum development, 

and student projects concerning semiconductor testing, 

manufacturing optimization, and quality management. 

These areas of focus are critical in achieving the 

Washington Accord Outcomes (Recto & Timajo, 2022). 

 

Government regulatory agencies involved in standards 

and regulations for semiconductor manufacturing may 

also find this study beneficial, as it may shed light on the 

most effective methods for optimizing the testing process 

and ensuring quality in semiconductor manufacturing. 

Regulatory frameworks or guidelines designed to ensure 

the dependability and safety of semiconductor products 

may be influenced by the results. Suppliers of technology 

solutions and manufacturing equipment to the 

semiconductor industry may also find this research 

intriguing, as its results could impact the creation of 

novel testing equipment, software tools, or automation 

solutions that cater to the precise requirements of 

semiconductor manufacturers. As a result, these suppliers 

could potentially increase their market share. 

 

3. METHODOLOGY 
 

This paper followed the developmental research 

design in engineering, which involves the systematic 

investigation of designing, developing, and assessing 

instructional programs, processes, and products that 

adhere to standards of internal consistency and efficacy. 

Figure 3 shows the data collection and testing setup of 

this study. The processor board with the integrated 

camera and IR lens is the Cam H7 Plus with a 3.6 mm 

1080P IR lens, produced by OpenMV (OpenMV, 2022; 

Abdelkader et al., 2017). Figure 4 illustrates this setup. 

 

The two IR illuminators are 48-LED IR lamp boards, 

commonly used in CCTV cameras. The camera is 

enclosed in a box with IR illuminators to ensure 

consistent image capture compared to placing it outside 

the box, where ambient lighting could affect results. 

Ensuring image capture consistency is crucial for 

collecting high-quality data, which in this study consists 

of images of ICs on the tray, tray pockets, and 

background (without ICs or trays). The detection 

indicator is an LED light that turns on when an IC is 

detected in the JEDEC tray and off when no IC is 

detected. The box has a rectangular slot that allows the 

JEDEC tray to be inserted for data collection and testing. 

 

 
Figure 3. Front view of data collection set-up and 

testing set-up 

 

 

 
Figure 4. Front view of data collection set-up and 

testing set-up 

 

 

In this study, for the processor board to detect ICs in the 

JEDEC tray, an Artificial Neural Network (ANN) model 

was deployed. Before deployment, the ANN model was 

developed to classify images captured by the camera, 

determining whether the image contains an IC, a tray 

pocket, or background. 

 

Figure 5 shows the flowchart for developing the ANN 

model in this study. The process began with collecting 

images of 128-pin, 64-pin, and 48-pin TQFP MCU IC 

packages using the setup shown in Figure 3 and OpenMV 
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IDE (Hymel et al., 2022). A total of 40 images per 

package were collected, amounting to 120 images in 

total. Additionally, 120 images of tray pockets and 120 

images of backgrounds were collected. 

 

 
Figure 5. Flow Chart in developing ANN model 

 

After resizing the images to 96 × 96 pixels, they were 

uploaded to Edge Impulse, an online development 

platform for embedded machine learning (Edge Impulse, 

2022; Hymel et al., 2022). Within Edge Impulse, the 

collected images were labeled and grouped into 80% 

training data and 20% test data. After labeling, the 

platform extracted meaningful features from the images 

using signal processing and neural network embedding. 

The extracted features were then used as input for the 

ANN model. 

 

In this study, the ANN model implemented was a 

Convolutional Neural Network (CNN) (O’Shea & Nash, 

2015). The model architecture is shown in Figure 6. 

 

 
Figure 6. Convolutional Neural Network Architecture 

 

 

The first layer of the CNN model receives the extracted 

features from the images. As the output of the first layer 

is fed into the second and subsequent layers, the input is 

progressively transformed into new representations. The 

final layer, or output layer, assigns a probability to each 

class, which in this study corresponds to IC, tray, or 

background. 

 

After selecting the model, it was trained using the 

training dataset and evaluated using the testing dataset. 

The trained model's performance was measured based on 

training accuracy and test accuracy. The target accuracy 

was set to be greater than 95% for training and 5–10% 

lower for testing to ensure proper generalization to new 

data (Zhang et al., 2021). A gap between training and test 

performance is essential for the model to avoid 

overfitting and improve generalization. 

 

From data collection to testing, the process was iterated 

until satisfactory results were achieved. Once acceptable 

results were obtained, the trained model was converted 

into a deployable file for the processor board. This 

process involved quantization, where model weights 

were converted from floating point to int8 format. While 

this reduced model performance slightly, it decreased 

model size, making deployment feasible for a memory-

limited processor board. In this study, a custom firmware 

was developed to load the model and execute real-time 

inferencing on the processor board. 

 

4. RESULTS AND DISCUSSION 
 

During training, the CNN model is presented with a set 

of input data along with their corresponding target output 

values. The model uses the input data to make predictions 

and then updates its internal weights based on the error 

between the predicted output and the actual output. The 

goal of training is to minimize this error over multiple 

iterations or epochs, allowing the model to become more 

accurate in predicting outputs for new data (Zhang et al., 

2021). 

 

The training performance of a CNN model refers to its 

ability to learn and recognize patterns in the input data 

during training. CNN training performance is typically 

evaluated using metrics such as accuracy and loss. 

Accuracy measures the percentage of correctly classified 

instances, while loss quantifies how well the network 

minimizes the error between predicted and actual outputs 

(O’Shea & Nash, 2015). 

 

Figure 7 shows the screenshot of the training 

performance of the CNN model. The model achieved an 

accuracy of 94.8%, with a loss of 0.12. Although 

achieving near-perfect accuracy is rare and often 

indicates overfitting to the training data, it is generally 

desirable to have a high accuracy score. The confusion 

matrix provides a breakdown of classification accuracy, 

with 100% accuracy for background detection, 94.7% for 

IC classification, and 92% for tray classification. 
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Figure 7. Screenshot of the Model Training 

Performance 

 

Figure 8 is the training data classified by the 

model. Items in green are classified correctly 

and items in red are misclassified. 
 

 
Figure 8. Screenshot of the Classified Training Data 

 

Test performance in a CNN model refers to its ability to 

make accurate predictions on new, unseen data. It is 

typically evaluated after training using a separate test 

dataset that was not used during training. 

 

Prior results indicate that the model performs well on 

training data; however, before deploying it on the 

OpenMV H7 Plus board, it is essential to evaluate the 

model on previously unseen data. This step ensures that 

the model is not affected by overfitting, a common issue 

in deep learning. 

 

Figure 9 is a screenshot displaying the test results, 

showing the model’s performance on previously unseen 

data. The model achieved an accuracy of 86.67%, 

indicating that it can generalize well to new test data. The 

confusion matrix within the display presents the 

proportion of correctly versus incorrectly classified 

images, showing 100% accuracy for background 

classification, 90.3% for IC classification, and 69.6% for 

tray classification. The classification of trays can be 

further improved, particularly in distinguishing between 

tray and IC images. 

 

 
Figure 9. Screenshot of the Model Test Performance 

 

Figure 10 shows all test data classified by the model. 

Items in green are classified correctly and items in red are 

misclassified. 

 

 
Figure 10. Screenshot of the Classified Test Data 

 

After the model was trained and evaluated, it was 

deployed on the OpenMV H7 Plus board. To verify if the 

model was functioning correctly post-deployment, the 

board was connected to OpenMV IDE, which displayed 

the classification results in real time as the model ran on 

the board. 

 

Figure 11 presents the actual classification results. The 

numerical value in the upper left corner of the figure 

represents the classification probability. In some cases, 

the model exhibited confusion between the IC and tray, 

particularly when classifying 48-pin TQFP ICs. One 

possible reason for this misclassification is the image 

collection process. Due to the small size of the 48-pin 

TQFP ICs, the camera frame often captured both the IC 

and the tray pockets in the training images. As a result, 

the training data contained overlapping features from 

both the IC and tray, leading to classification errors. 

 

 
Figure 11. Actual IC, Tray, and Background 

Classification 

 

Additionally, the similar shape of ICs and tray pockets 

further contributed to the model’s difficulty in 

distinguishing between them. Improving classification 

accuracy for small IC packages may require data 

augmentation and advanced feature extraction 

techniques; however, these enhancements are beyond the 

scope of this study. 

 

5. CONCLUSIONS AND 

RECOMMENDATIONS 
 

This study successfully identified MCU ICs on JEDEC 

trays using an Embedded Machine Learning System 

(EMLS) platform. The model classified ICs, tray pockets, 

and backgrounds using a Convolutional Neural Network 

(CNN), achieving a training accuracy of 94.8% and a 

testing accuracy of 86.67%. When deployed on the 

OpenMV H7 Plus, the model demonstrated the capability 

to classify ICs, tray pockets, and backgrounds in real 

time. 
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For future work, the study can be expanded by collecting 

additional image data and exploring data augmentation 

and feature extraction techniques to further enhance 

classification accuracy, particularly for small MCU IC 

packages. Additionally, incorporating a motor-based 

automatic positioning camera above the tray pockets and 

integrating conveyors could eliminate the need for 

manual tray positioning, thereby improving efficiency 

and consistency in the classification process. 
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