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Abstract: This paper presents a groundbreaking approach to real-time image processing in 

electronic component assembly, enhancing quality control in manufacturing. By capturing images 

from pick and place machines between component pickup and mounting, defects are identified and 

addressed in-line, significantly reducing the likelihood of defective products. Leveraging fast 

network protocols like gRPC and orchestration with Kubernetes, along with C++ programming and 

TensorFlow, this method achieves an average turnaround time of less than 5 milliseconds. Tested 

on 20 live production machines, it ensures compliance with IPC-A-610, and IPC-STD-J-001 

standards while optimizing production efficiency and reliability. 
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1. Introduction 

The electronic manufacturing industry confronts a formidable challenge stemming from the 

high incidence of failures, largely attributed to the pervasive assumption regarding the inherent 

reliability of utilized components during the assembly process [1–6]. Manufacturers traditionally 

concentrate their efforts on refining the assembly process itself, often overlooking the critical 

necessity for rigorous materials inspection. This conventional approach entails procuring 

components from trusted sources [7–10]. 

These risks encompass a broad spectrum of issues, notably a lucrative market for fraudulent 

components valued at approximately $70 billion annually [11–17]. Fraudulent components manifest 

in diverse forms, ranging from counterfeits and fakes to substandard and disqualified products, 

exacerbating the complexity of the challenge. Moreover, inadvertent errors introduced by operators 

within the materials supply chain and during the production process further compound the issue, 

resulting in the inadvertent utilization of incorrect materials [12,18,19]. Furthermore, even when 

components are sourced from reputable suppliers, the potential for encountering random defects 

within a batch remains a pressing concern, with an average occurrence of 100-200 defects per million 

(DPM) (see examples in Figure 1 and Figure 2) [20–24].  

    

Figure 1. Examples on Passive Components (Left to Right): Conductive FOD (Foreign Object Debris), 

Corrosion leading to cracks, Leads peeling, Non-conductive FOD. 
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Figure 2. Examples on Leaded Components (Left to Right): FOD, Termination peeling, Bent leads, 

Distorted leads. 

These defects, albeit challenging to predict and manage, can significantly undermine the 

reliability of the final product. 

What constitutes a body defect in an electronic component? A body defect, though often subtle 

and barely discernible to the naked eye, can wield significant ramifications in today's demanding 

applications characterized by stringent standards and heightened stress levels [20,22–24]. Even minor 

imperfections, whether in a cheap capacitor or a more expensive processing unit, harbor the potential 

to trigger product malfunction. It can be disheartening to witness the failure of a top-tier product due 

to an unnoticed defect in a seemingly inconspicuous component valued at just one cent. Body defects 

encompass a spectrum of issues, including cracks, breaks, peeling of metallization, deformations, 

discoloration, mold, corrosion, bent leads, deformed leads, and misshapen BGA balls, among others 

[25]. Illustrative examples are presented in Figure 1 and Figure 2. IPC-A-610H and IPC-STD-J-001 as 

the leading standards in electronic manufacturing present a comprehensive definition of defects on 

the assembled PCB’s. A detailed description is presented in this work. 

Compounding these challenges are instances where components are inadequately handled or 

stored, exposing them to environmental factors such as humidity, acidity, and other contaminants. 

Additionally, components may sustain damage from vibration and shock during transit, leading to 

latent defects that may only manifest in the final product [1,2,26]. 

Conventional production processes have traditionally operated under the assumption of 

flawless component quality, without integrating technologies for comprehensive component testing 

[3,27]. The sheer magnitude of electronic component usage, encompassing trillions of components 

annually across myriad component types, renders conventional incoming inspection impractical. 

Consequently, the industry has reluctantly accepted the economic burden of substandard materials. 

However, innovative technologies are heralding a potential solution to this entrenched issue 

[20,22–25]. The method proposed in this paper capitalizes on existing component cameras integrated 

into pick and place machines, capturing images of each component immediately before mounting it 

on the PCB, from the component's underside. The presented method harnesses these images, 

deploying a sophisticated AI algorithm to authenticate components, detect defects, and identify 

corrosion [7,25]. 

Nevertheless, a fundamental constraint of the prevailing system resides in cloud-based analysis, 

necessitating several seconds to process the data. Consequently, alerts regarding component issues 

are issued after the component is already on the PCB, precipitating entire pallet rejection and 

subsequent rework. In sectors such as automotive, medical, and aerospace, where rework is 

impermissible, the entire board may be scrapped, precipitating significant material and financial 

losses, alongside contributing to electronic waste (e-waste) [28–32]. 

The key innovation advanced in this paper lies in the capability to process data in real-time, 

facilitating the detection and rejection of defective components between their pick-up and placement 

on the PCB. This advancement ensures that defective components are preemptively rejected, 
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mitigating the risk of assembly failures, reducing waste, and augmenting the reliability of electronic 

products. 

In the domain of electronic component assembly, real-time inspection assumes paramount 

importance owing to the rapid and dynamic nature of modern pick and place machines. These 

machines demonstrate remarkable efficiency, mounting components at rates exceeding 100,000 

components per hour. Consequently, a mere 36 milliseconds, on average, is available for placing each 

component, and in some cases the detection alarming window is as short as 10 milliseconds, 

underscoring the exigency for real-time inspection amidst this frenetic operational tempo.  

As we go into the exploration of the presented AI-driven inspection method, it's important to 

emphasize the dedication of the industry to standards. Among the pivotal standards in electronic 

component inspection lies the IPC-A-610H, and IPC-J-STD-001 standard, a widely acknowledged 

benchmark for defining defect criteria and ensuring assembly quality. In the upcoming section, we 

examine how the presented method not only aligns with but also elevates compliance with IPC-A-

610H and IPC-J-STD-001 standards, thereby ensuring defect detection and adherence to industry best 

practices [33]. 

Deep learning algorithms excel at analyzing vast amounts of image data with precision, enabling 

the detection of subtle defects that may elude human perception. These algorithms can discern 

anomalies ranging from surface imperfections to structural irregularities, thereby facilitating early 

detection and mitigation of potential issues. Moreover, the real-time processing capabilities of deep 

learning systems are instrumental in ensuring timely defect identification and rejection during the 

assembly process. By analyzing component images captured by pick and place machines 

instantaneously, these systems can preemptively flag defective components before they are mounted 

onto the PCB, thereby minimizing the risk of downstream failures. Furthermore, the adaptive nature 

of deep learning models enables continuous improvement and refinement over time, ensuring robust 

performance even in the face of evolving challenges and variations in component characteristics. This 

adaptability enhances the overall resilience and effectiveness of the inspection system, contributing 

to sustained improvements in product quality and reliability. 

2.1. Ensuring Compliance with IPC-A-610H and IPC-J-STD-001 Standards 

The IPC-A-610H standard serves as a comprehensive guide for assembled PCB’s, outlining 

specific criteria for identifying defects and ensuring the quality of electronic assemblies. Other 

standards relate to the specific defect details as they appear in the IPC-A-610. In this section, we 

integrate the key compliance parameters outlined in IPC-A-610 with thew presented AI-driven 

inspection system. In each section we highlight the standard sections that are relevant to the 

presented method and that the method can detect automatically on all inspected components. The 

detection algorithm is only mentioned in this work and is elaborated in [20,22–25]. In this work the 

novelty is in adapting the methods to real-time operation. 

Defects on Component Leads/Terminations - Section 8.2.2 

The examination of component leads is integral to our defect detection process, aligning with 

IPC-A-610's criteria. Leveraging deep learning algorithms, the presented method scrutinizes each 

lead for damage or deformation exceeding 10% of the lead's diameter, width, or thickness, ensuring 

compliance with IPC-A-610 standards. Examples from images taken by the pick and place machines 

and disqualified by the algorithm are presented in Figure 3. The deviations are circled. The visible 

defects are scratches, dents, distortions, deformations, peeling, shorts, etc.  
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Figure 3. Examples from images taken by the pick and place machines and disqualified by the 

algorithm. 

Bent or Warped Leads - Section 8.3.5.8. 

The presented method, powered by advanced deep learning techniques, is adept at identifying 

bending, indentation, and coplanarity issues in component leads, in accordance with IPC-A-610 

Section 8.3.5.8. Through the presented advanced evaluation techniques, we ensure that any deviation 

beyond the specified threshold is promptly flagged for further assessment. Figure 4 presents 

examples of bent leads and coplanarity issues automatically detected by the algorithm that exceeds 

10% of the lead’s width. 

 

Figure 4. Examples of bent leads and coplanarity issues automatically detected by the algorithm that 

exceeds 10% of the lead’s width. (A) bent leads, (B) deformed leads, (C) damaged leads. 

Corrosion and Cleanliness - Section 10.6.4 

The presented method is equipped to detect corrosion and residues on metallic surfaces with 

precision. By promptly recognizing any indication of discoloration or evidence of corrosion, it 

ensures compliance with IPC-A-610 cleanliness and surface appearance parameters. Figure 5 presents 

examples of components with corrosion and contamination automatically detected by the AI 

algorithm that exceed 10% of the lead’s width. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 March 2024                   doi:10.20944/preprints202403.0870.v1



 5 

 

 

Figure 5. Examples of components with corrosion and contamination automatically detected by the 

AI algorithm that exceed 10% of the lead’s width. (A) Contamination of leads, (B) Corrosion of leads. 

Cleanliness - Foreign Object Debris (FOD) - Sections 10.6.2 & 10.6.3 

IPC-A-610 emphasizes the importance of cleanliness in electronic assemblies, particularly 

concerning foreign object debris (FOD). The presented method evaluates components for 

contamination, flagging any debris or residues beyond the specified threshold for further evaluation, 

in line with IPC-A-610 Section 10.6.2 and 10.6.3 standards. Figure 6 presents examples of components 

with corrosion and contamination automatically detected by The AI algorithm. 

 

Figure 6. Examples of components with corrosion and contamination automatically detected by The 

AI algorithm. Note that debris may be due to a component defect or point out a root cause in the 

supply chain, such as contaminated components in a container or poorly handled material. 
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Loss of Metallization - Section 9.1, 9.3 

Metallization loss defects are critical vulnerabilities highlighted by IPC-A-610 standards. The 

presented method identifies irregularities in metallization coverage, ensuring optimal functionality 

and reliability of electronic components as per IPC-A-610 Section 9.1 and 9.3 standards. Figure 7 

presents examples of components with metallization delamination automatically detected by the AI 

algorithm. 

 

Figure 7. Examples of components with metallization delamination automatically detected by the AI 

algorithm. 

Mounting Upside Down - Section 8.3.2.9.2 

Lastly, the presented method is designed to detect components mounted upside down, as 

specified in IPC-A-610 Section 8.3.2.9.2. By flagging any non-compliant mounting configurations, our 

system ensures adherence to IPC-A-610 standards. Figure 8 presents A resistor mounted upside-

down from the top view. 

In summary, the integration of advanced deep learning algorithms enhances the inspection 

system seamlessly integrates IPC-A-610 compliance parameters, providing a robust framework for 

ensuring the quality and reliability of electronic components in accordance with industry standards. 

 

Figure 8. A resistor mounted upside-down from the top view. 
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2. Design 

2.1. Detection of Defects and Corrosion Issues by Deep Neural Network 

Detecting defects and corrosion in electronic components is a crucial task within the 

manufacturing process, presenting a challenge in image classification where the objective is to 

categorize images as either "normal" or "defective." In some instances, defects and corrosion may 

warrant finer categorizations, such as minor, moderate, or major. Initially, efforts were made to 

leverage popular ImageNet models to tackle this classification challenge; however, these models 

proved to be inadequate due to two principal challenges: 

Limited Training Data: One of the primary challenges arises from the scarcity of training data 

available in the context of electronic components. The proportion of defective items within electronic 

components is minuscule, often amounting to less than one defect per ten-thousand components [24]. 

Gathering a sufficient number of defective items to establish a robust training dataset proves to be a 

daunting task. In scenarios where only a few hundred defective items are accessible among millions 

of components, conventional image classification models tend to suffer from overfitting. Overfitting 

leads to a situation where training accuracy reaches 100%, but validation accuracy remains 

considerably lower. In some cases, the validation accuracy may not surpass that of random guessing. 

Similarity of Defective Items: The second challenge revolves around the striking similarity 

between some defective items and their normal counterparts. Defects and corrosion can manifest in 

subtle forms, such as small dots within the components. Conventional Convolutional Neural 

Network (CNN) models often struggle to effectively identify these inconspicuous defects and 

corrosion due to their limited capacity to capture fine-grained details [22]. 

To address these challenges effectively, we introduce a network architecture specially tailored 

for defect and corrosion detection presented at [20,21] (see Figure 9). In contrast to the serial 

architecture commonly found in popular image classification models, where multiple layers of small 

filters, typically 3x3 in size, are connected sequentially, our approach adopts a set of filters with 

varying window sizes that operate in parallel. Each filter within this set is specifically designed to 

detect a particular type of defective region or corrosion within component images. These filters 

generate features that indicate the likelihood of such defects and corrosion being present. The overall 

feature vector is formed by concatenating all the individual features generated by these parallel 

filters. Subsequently, this feature vector is passed through a dense layer, which produces the final 

defect and corrosion score (see Figure 9). 

In addition, we use data augmentation techniques during training to enhance the network 

performance. These techniques involve artificially expanding the training dataset by applying 

transformations such as rotation, flipping, and scaling to the existing images. By generating 

variations of the original data, augmentation helps prevent overfitting and improves the model's 

ability to generalize to unseen data. Thus, augmentation is enabling them to learn from a more 

diverse range of examples. 
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Figure 9. Neural network architecture [22–24]. 

Speeding Up with GPU Acceleration: The utilization of this parallel architecture not only 

enhances the accuracy of defect and corrosion detection but also significantly improves the efficiency 

of the algorithm. It allows for high-speed processing, with the capability to analyze up to 3,000 images 

per second on a Tesla T4 GPU. This GPU acceleration results in a substantial reduction in processing 

time, making the system well-suited for real-time inspection during the component assembly process. 

By optimizing the architecture for GPU support, the algorithm harnesses the parallel processing 

capabilities of the GPU to perform image analysis rapidly. The combined advantages of this 

architecture and GPU acceleration ensure efficient and timely defect and corrosion detection, further 

enhancing the overall quality of electronic products. 

2.2. Operational Flow and Intervention Points in Pick-and-Place Component Handling 

Figure 10 provides an overview of the operational flow, illustrating the journey from image 

capture to component placement. This visual representation underscores critical intervention points 

and the execution of commands for component rejection. Highlighting the process window 

emphasizes the role of timely actions in upholding assembly process quality and reliability. Notably, 

the response time window ranges from 10 to 30 milliseconds, contingent upon the machine model. 

The component shooters, renowned for their swiftness, are picking up 20 to 28 components in a 

single run. They comprise two main families: the revolver pick-up head, typical of ASMPT, adept at 

picking up components via a revolving head, and the cluster-based pick-up head typical to Fuji, and 

Yamaha with multiple nozzles, sequentially picking up components before undergoing translation 

across a pit camera. Although rapid, shooters are primarily suited for small components, resulting in 

relatively small image sizes and short processing times. 

Conversely, pick-and-place heads, tailored for larger components, pick up a smaller quantity 

per run, albeit requiring more time for processing due to the larger component size. These contrasting 

parameters strike a balance, leading to comparable speed requirements across all pick-up heads. 

The role of the pick and place machine lies in capturing component images to ascertain their 

position on the pick-up nozzle, enabling precise placement despite minor position variations. 

Additionally, the algorithm identifies soldering lead locations and detects faulty pick-ups, such as 

empty nozzles or tombstone pick-ups. Conventional machine  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 March 2024                   doi:10.20944/preprints202403.0870.v1



 9 

 

 

Figure 10. Process flow of the pick and place machine illustrating the timeline from image capture to 

component placement, emphasizing the available process window for intervention and commanding 

component rejection. 

vision tools process these images swiftly between pick-up and placement. Any deviation from 

acceptable pick-up thresholds prompts the vision software to flag the component for rejection, 

subsequently leading to its disposal in a designated bin. 

The presented method mirrors this rejection mechanism and aligns with the time frame for 

image processing outlined in Figure 10, ensuring swift identification and rejection of faulty 

components. 

2.2. Data Collection from the Pick and Place Machine 

Data collection from the pick and place machine is streamlined through the deployment of a 

dedicated Application Programming Interface (API), purpose-built to facilitate the transfer of images 

and metadata from the pick and place machine to a local server. 

Custom API for Image Transfer: The data collection process is based on an API deployed into 

the pick and place machine. This Rest-API interfaces with the machine's image capture system, 

orchestrating the collection of data in a format conducive to real-time analysis. Its primary role 

encompasses retrieving images of components milliseconds before their placement on the PCB, 

capturing visual information for defect and corrosion assessment. Moreover, the API gathers 

metadata linked with each image, furnishing context for subsequent analysis. 

GRPC Protocol for Efficient Data Transmission: The data amassed by the API undergoes 

transmission to a local server utilizing the Google Remote Procedure Call (GRPC) protocol. GRPC is 

an optimal choice for this application. It facilitates swift and reliable transmission of images and 

metadata from the pick and place machine to the local server. This protocol's adeptness in real-time 

applications ensures low latency and high throughput, pivotal for timely defect and corrosion 

detection. Data exchange between the pick and place machine and the local server transpires within 

the regular local network.  

2.3. Pre-Processing, Feature Extraction, and Model Architecture 

The effectiveness of the presented real-time defect and corrosion detection system relies on a 

series of procedures, encompassing pre-processing, feature extraction, and the selection of an 

appropriate model architecture. The following sections delineate each of these steps in meticulous 

detail. 
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Pre-processing for Image Enhancement 

Centering and Cropping: The pre-processing workflow commences with centering and 

cropping of the component image. This initial step involves aligning the component centrally within 

the image frame and cropping it to maintain a uniform background, thereby facilitating consistent 

and accurate analysis. Figure 11 presents a series of sample cases illustrating instances that the 

algorithm must disregard due to the pick-and-place machine's vision system's capability to detect 

them. Additionally, it showcases an example of a component image that is not centered, highlighting 

the challenges in processing such images accurately. 

 

Figure 11. Sample Cases of Pick-Up Quality and Component Alignment. (a) Sample cases 

demonstrating pick-up instances that the algorithm should ignore, as the pick-and-place machine's 

vision system is capable of detecting and addressing these issues. (b) Example of a component image 

where the component is not centered, illustrating the challenges in processing such images accurately. 

Light Balance Correction: is a step in the pre-processing phase, aimed at addressing any lighting 

irregularities within the images. If the image is not well balanced the algorithm will not be able to see 

subtle deviations in the picture. A dedicated classifier is utilized to detect images with lighting 

discrepancies, specifically those suffering from saturation. Upon identification, the system promptly 

notifies the machine to make necessary adjustments. Correcting these imbalances is vital as saturated 

images not only hinder analysis but also compromise the accuracy of component placement, 

potentially increasing the attrition rate. Figure 12 illustrates an example of a component with 

excessive light balance, highlighting the significance of this correction process. 

Blurry Image Detection: In addition to addressing light balance issues, the pre-processing stage 

involves identifying and handling blurry images. Blurry images can significantly impact the accuracy 

of component placement and inspection. These blurs often occur due to incorrect programming, such 

as insufficient resolution settings (binning) or incorrect component height programming, leading to 

poor focus images. Additionally, defective lighting or imaging systems can also contribute to image 

blurriness. Detecting and addressing blurry images is crucial to ensure the reliability and accuracy of 

subsequent analysis steps. Figure 13 illustrates an example of a blurry image captured during the 

component inspection process, highlighting the importance of detecting and mitigating such issues 

during pre-processing. 

 

Figure 12. Example of a component with excessive light balance, illustrating the importance of light 

balance detection in pre-processing. 
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Figure 13. Example of a blurry image captured during component inspection, emphasizing the need 

for effective detection and correction of blurry images in the pre-processing stage. 

Feature Extraction for Defect and Corrosion Identification 

Feature extraction is discerning normal components from those exhibiting defects or corrosion. 

The presented approach adopts a distinctive feature extraction methodology to surmount the 

challenges associated with limited training data and subtle defects. 

Metadata Matching: In the presented methodology, metadata integration plays a role in refining 

the analysis process. By correlating image metadata with the actual image data, we glean insights 

into the component's package type, facilitating the selection of the most appropriate model for 

analysis. This strategic alignment ensures that the algorithm is calibrated to address the nuances and 

potential defects or corrosion specific to each component package. 

Package Type Insight: A key aspect of metadata matching involves gaining understanding of 

the component's package type. This insight enables us to categorize components effectively based on 

their visual similarities. For instance, in the case of passive chip components, such as chip resistors, 

classification is determined by their functionality and footprint. For example, a chip resistor with a 

size of 0603 is denoted as CRES-0603. It's important to note that the algorithm does not necessitate 

the specific resistor value or part number for analysis. Instead, our approach focuses on identifying 

and categorizing components based on their production lines and visual characteristics [21].  

Model Architecture for Defect and Corrosion Detection. 

3. Advancements to Real-Time Processing 

In the Traditional Approach data collection involved capturing component images and 

associated metadata, which were subsequently transmitted to cloud servers for processing [16,21–

25,34]. While this cloud-based analysis offered comprehensive analysis of each component, it was 

hampered by a significant drawback. The processing time per component was notably protracted, 

averaging around 10 seconds. In earlier iterations, processing occurred in batches of similar 

components, leading to delays in defect and corrosion detection. This latency primarily stemmed 

from the time required for data transfer to and from the cloud. 

In the presented method outlined in this study prioritizes real-time defect and corrosion 

detection. A crucial aspect of this innovation involves relocating the processing center. Instead of 

relying on cloud-based analysis, the presented approach emphasis on edge computing, ensuring that 

processing transpires directly at the point of data acquisition. By conducting the analysis on-site, 

within the brief interval between image capture and component placement, we obtain the detection 

and resolution of defective components before they are placed on the PCB. To accommodate the 

velocity required for real-time defect and corrosion detection, the novel method accentuates the 

utilization of Graphics Processing Units (GPUs). The refinement of algorithms and software capable 

of operating within the stringent timeframes allotted for analysis.  

The requirement of achieving real-time processing for Deep Neural Network (DNN) 

classification models on edge devices, resembling MobileNet, necessitates the exploration of 

techniques and tools to boost processing speed. This section goes into methods, elucidating their 

functioning, evaluating their merits and drawbacks, and recommending a suitable library or tool for 

our specific application. 

Quantization involves reducing the precision of model weights and activations, typically 

transitioning from 32-bit floating-point numbers to 8-bit fixed-point numbers [35,36]. This reduction 

curtails memory usage and computational demands, facilitating swifter inference. Quantization is 

advantageous for its efficacy in diminishing the model's memory footprint and expediting 

computations, particularly beneficial for resource-constrained edge devices. Nevertheless, it may 

lead to a reduction in model accuracy due to diminished precision.  
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Model pruning entails eliminating non-essential weights or neurons from the neural network, 

resulting in a more streamlined and expedited model [37]. Pruning can occur during or after training. 

Pruning is beneficial as it significantly reduces the model's size, leading to quicker inference times 

and a smaller memory footprint. However, it necessitates meticulous handling to avert accuracy loss 

and may introduce some model instability. The TensorFlow Model Optimization Toolkit furnishes 

the requisite tools for model pruning and post-training quantization, rendering it a pragmatic choice. 

Depthwise Separable Convolutions (DSC) split the convolution process into two stages: depthwise 

convolution applies a filter to each input channel independently, followed by pointwise convolution 

to combine the results. This approach reduces computational cost and is commonly used in 

architectures like MobileNet for efficient inference on mobile and edge devices. 

Model parallelism divides the model into smaller segments, each processed in parallel on 

distinct GPUs. This approach can markedly hasten inference on systems endowed with multiple 

GPUs [38]. Model parallelism is advantageous for its potential to achieve linear speedup with 

additional GPUs, particularly valuable for intricate models with high computational demands. 

Nevertheless, it mandates multiple GPUs and may not be suitable for edge devices equipped with a 

sole GPU. Both PyTorch and TensorFlow extend support for model parallelism on GPUs. 

Operator fusion amalgamates multiple mathematical operations into a single operation, 

mitigating overheads associated with memory transfers and kernel launches on GPUs. Operator 

fusion's benefits encompass augmented inference speed by curtailing the number of kernel launches, 

often a bottleneck on GPUs. Nevertheless, the implementation may be intricate and necessitate low-

level code modifications. Various deep learning frameworks, including TensorFlow and PyTorch, 

facilitate operator fusion optimizations. 

The ONNX Runtime serves as an inference engine optimized for executing ONNX models, 

furnishing high-performance inferencing across diverse hardware platforms, including GPUs. 

ONNX Runtime proves advantageous for its efficiency in model execution, rendering it an excellent 

choice for accelerating inference on GPUs. Available as a standalone library, ONNX Runtime is 

compatible with various deep learning frameworks supporting the ONNX format. 

In the deployment of MobileNet-like models on GPUs at the edge, it is advisable to consider 

quantization and model pruning. These methods substantially reduce model size and enhance 

inference speed while maintaining an acceptable level of accuracy. TensorFlow, with its 

comprehensive support for quantization and model optimization, emerges as a practical platform for 

implementing these optimizations. Additionally, ONNX Runtime can be leveraged for efficient 

inference on edge devices. The discerning utilization of these methods empowers the attainment of 

real-time inference on the edge, fostering rapid and precise execution of MobileNet-like models for 

electronic component inspection. 

4. Architectural Framework and Deployment Strategies 

This section goes into the architectural framework of the solution and the strategies deployed to 

optimize its performance and reliability. The architecture is presented in Figure 14. The effectiveness 

of this architecture is underscored by its demonstrated performance, which is elaborated in table I. 

This approach constitutes a method to address the challenges posed by limited training data and the 

identification of subtle defects and  
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Figure 14. SMT over edge high-level architecture diagram. 

corrosion in electronic components during the assembly process. It offers an efficient, data-

efficient solution for the detection of defects and corrosion, ultimately contributing to the 

enhancement of product quality and reliability. 

The solution harnesses Kubernetes to orchestrate services across multiple servers at each 

customer's site, enhancing system robustness and scalability. Machine learning models are stored in 

cloud storage, facilitating on-demand retrieval during software startup. These models are securely 

encrypted in memory to ensure controlled access. An external process continuously monitors 

changes in remote storage, directing the system to fetch updates, thus ensuring the deployment of 

the most current models. The system operates on Dell servers equipped with Nvidia RTX GPU. 

Adopting a Software as a Service (SaaS) model, the system receives data through the gRPC protocol, 

while model execution is executed using C++ TensorFlow Serving. The architectural design processes 

asynchronous data from all machines at the site, enabling concurrent execution of two AI models for 

each component. Commands are issued to deactivate components only when necessary. Figure 15 

shows the Kubernetes cluster, based on Nvidia’s GPU, scaling to accommodate multiple production 

machines and growing production demands. 

 

Figure 15. The graphs show the Kubernetes cluster, based on Nvidia’s GPU, scaling to accommodate 

multiple production machines and growing production demands. 
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5. Experimental Setup and Evaluation 

This section describes the experimental setup employed to evaluate the solution's performance 

and capabilities. The experiments encompassed a range of hardware configurations and software 

optimizations aimed at evaluating its potential in real-world electronic component assembly 

scenarios. We utilized the Nvidia RTX 3070 server, featuring 8GB of DDR6 RAM and 16 cores, as the 

foundational server for our tests. To simulate real-world conditions, we first replicated an 

environment mirroring production line setup, comprising 20 Pick and Place (P&P) machines 

continuously dispatching components via the gRPC protocol. Our experimentation extended to 

exploring Nvidia's A100 and L4 GPUs to evaluate adaptability to different GPU configurations. C++ 

served as our primary programming language. We conducted comparative assessments to discern 

performance differences between versions. Additionally, we employed TensorRT, a deep learning 

inference optimizer and runtime library developed by NVIDIA. Integration of TensorRT enabled 

analysis of performance and efficiency of machine-learning models on GPUs, contributing to 

understanding the solution's capabilities in real-time electronic component inspection. 

5.1. Benchmarking and Testing 

In order to quantitively assess the performance of the presented solution in real-world 

production environments, we engineered an environment mirroring the configurations commonly 

found in our customers' setups. This environment was designed to incorporate 20 ASMPT pick-and-

place (P&P) machines, each mounting components and utilizing the gRPC protocol. The true litmus 

test for the system's performance can be seen in Figure 16, where the volume of access requests to 

TensorFlow for image processing describes the stress by the system under real-world conditions. This 

stress testing was important in gauging the solution's robustness and reliability in handling the 

demands of large-scale electronic component inspections. Over 1.6 million components were 

processed within a data frame over 12 hours. 

 

Figure 16. Illustrating the computational system's stress through the frequency of TensorFlow 

requests per second. 

In addition to hardware evaluations, the software underwent thorough testing and refinement. 

Developed from the ground up using C++, our software underwent comparisons between different 

versions to ensure optimal performance and reliability. To further enhance the understanding of the 

presented solution's capabilities, we subjected our machine learning models to testing using 

TensorRT, an advanced deep learning inference optimizer and runtime library developed by 

NVIDIA. The evaluation of our models on GPUs, along with detailed performance metrics, is 
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presented in the following section, providing valuable insights into the efficiency and effectiveness 

of our solution in real-time electronic component inspection. 

5.2. Pre-Processing Stage Evaluation 

In the preprocessing stage, all images underwent initial processing for light balancing (clipping), 

aiming to address issues related to images with a high ratio of saturated pixels. These saturated pixels 

are indicators that the mounting machine can utilize to enhance the accuracy of component 

placement. See examples in Figure 12. In Figure 17, the frequency of clipped images during the 

system's operation on real-time data is depicted. It's evident that approximately 4.6 components per 

second are clipped in this scenario. However, as the system continuously conveys this information 

to the mounting machine, there is a reduction in this rate over time due to the feedback loop. This 

feedback mechanism contributes to improving the accuracy of placement and reducing the attrition 

rate in the assembly process. 

 

Figure 17. Clipped images processing with a high ratio of saturation. 

In addition to addressing issues related to clipped images, the preprocessing stage also mitigates 

problems associated with blurry images, which can significantly impact mounting accuracy and 

increase attrition rates. Blurry images often occur due to incorrect programming that fails to allocate 

sufficient resolution (binning) to the image, resulting in a lack of sharpness (as observed in Figure 

13). Another common cause of blurry images is incorrect programming of component height, leading 

to poor focus during image capture. Defective lighting or imaging systems can also contribute to 

image blurriness. 

Figure 18 illustrates the occurrence of blurry images during system operation on real-time data. 

It's notable that the rate of blurry images is significantly lower compared to clipped images. This 

discrepancy underscores the importance of addressing issues related to image blurriness, albeit less 

frequent than clipped images, as they still pose a considerable risk to mounting accuracy and attrition 

rates. Addressing the root causes of blurry images through appropriate programming adjustments 

and system maintenance is crucial for improving overall assembly quality and reducing component 

attrition. 
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Figure 18. Blurry images processing due to inaccurate height programming or inaccurate focus 

issues. 

5.3. Pre-Processing Stage – Component Dimensions Measurement 

In high-volume production lines, accurately measuring the dimensions of mounted components 

is crucial due to the wide variety of component sizes encountered. Figure 19 displays the calculated 

width and height of mounted components over a 12-hour interval during testing. The data reveals 

that small passive components such as MLCCs and chip resistors are the most prevalent size 

category. We've observed a positive correlation between the size of the image and the end-to-end 

processing time, indicating that larger images take longer to process.  

Obtaining real-life dimensions of components and calculating the mean and variance of their 

sizes are vital steps in improving the performance of pick-and-place (P&P) and Automated Optical 

Inspection (AOI) systems. These measurements provide accurate feedback for programming 

component dimensions, enhancing the software's performance by relying on real measurements of 

specific components rather than generic information from tables or specification sheets. 

Furthermore, analyzing the variance in component sizes is essential for assessing the quality of 

materials used and the consistency of components within each container. Variance measurements 

help gauge how similar the components are within a batch, providing insights into manufacturing 

quality and potential issues related to component variation. 
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Figure 19. The calculated dimensions of the components exemplifying the various components 

processed in the production line. 

5.4. Processing Stage – Component Defects and Corrosion Detection Algorithms 

The experiment involved running both the defect and corrosion detection algorithms 

simultaneously while 20 machines operated asynchronously in a real-world production 

environment. The primary focus was to evaluate the processing time of these algorithms under high-

volume conditions. Figure 20 illustrates the processing time of both algorithms over the duration of 

the test. During the experiment, the mean processing time for defect and corrosion detection 

algorithms was approximately 1.5 milliseconds per component and approximately 20 components 

per second. Note that the presented processing time solely accounts for the time spent on the 

detection algorithms and excludes preprocessing steps and network delays. These results 

demonstrate the efficiency and effectiveness of the implemented algorithms in real-time defect and 

corrosion detection. The size of the components significantly impacts processing performance. Figure 

21 illustrates the diversity of component sizes processed during the test, highlighting the range of 

dimensions encountered during real-world production scenarios. 
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Figure 20. (top) Processing time of the defects detection algorithm, (bottom) processing time of the 

corrosion detection algorithm. Both running in parallel on the same images. 

Table 1. Algorithm and system performance of old architecture with new. 

Software Version CPU RAM (MB) throughput (c/s) 

Edge (C++) 0.1 25 460 

Edge (Py) 0.14 123 4.6 

 

Figure 21. Variety of component sizes processed during the test, showcasing the range of dimensions 

encountered in real-world production scenarios. 
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5. Conclusion 

We have introduced a groundbreaking method for real-time processing of images during 

assembly, marking a significant advancement in quality control within manufacturing environments. 

This novel approach revolutionizes the inspection process by enabling 100% inspection of all 

components, virtually eliminating visible defective components from the final products through an 

inline process. 

By leveraging the time window between component pick-up and mounting, our method ensures 

realtime image processing, with an average turnaround time of less than 5 milliseconds. This 

efficiency is made possible by utilizing a fast network protocol, gRPC, and employing Kubernetes 

orchestration for seamless coordination across production environments. The implementation of C++ 

programming, real-time TensorFlow, and a cost-effective GPU further enhances the method's speed 

and reliability. 

Through rigorous testing on 20 live production machines, we have validated the scalability and 

effectiveness of our approach in real-world manufacturing settings. The presented method represents 

a significant step forward in enhancing manufacturing quality control processes, offering 

unparalleled accuracy, speed, and efficiency in defect detection and elimination. Furthermore, the 

presented method ensures compliance with IPC-A-610, and IPC-STD-J-001 standards, highlighting 

its commitment to upholding industry-leading quality standards and regulations. 
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