
RaY
Research at the University of York St John

For more information please contact RaY at
ray@yorksj.ac.uk

Osagie, Efosa ORCID logoORCID: https://orcid.org/0009-0004-
3462-7175 and Balasundaram, Rebecca (2026) Investigating 
Epistemic Uncertainty in PCB Defect Detection: A Comparative 
Study Using Monte Carlo Dropout. Journal of Experimental and 
Theoretical Analyses, 4 (12). pp. 93-108.   

Downloaded from: https://ray.yorksj.ac.uk/id/eprint/14062/

The version presented here may differ from the published version or version of record. If 

you intend to cite from the work you are advised to consult the publisher's version:

https://www.mdpi.com/2813-4648/4/1/11

Research at York St John (RaY) is an institutional repository. It supports the principles of 

open access by making the research outputs of the University available in digital form. 

Copyright of the items stored in RaY reside with the authors and/or other copyright 

owners. Users may access full text items free of charge, and may download a copy for 

private study or non-commercial research. For further reuse terms, see licence terms 

governing individual outputs.  Institutional Repositories Policy Statement

https://www.yorksj.ac.uk/policies-and-documents/library/statement/
mailto:ray@yorksj.ac.uk


   

 

 

Research Article 

Investigating Epistemic Uncertainty in PCB Defect Detection: 

A Comparative Study Using Monte Carlo Dropout 

Efosa Osagie * and Rebecca Balasundaram 

Computer Science and Data Science Department, York St. John University, York YO31 7EX, London, UK;  

r.balasundaram@yorksj.ac.uk 

* Correspondence: e.osagie@yorksj.ac.uk 

Abstract 

Deep learning models have become central to automated Printed Circuit Board (PCB) de-

fect detection. However, recent work has raised concerns about how reliably these models 

express confidence in their predictions, particularly when deployed in safety-critical in-

spection systems. This study conducts an empirical investigation of epistemic uncertainty 

across representative architectures used in PCB inspection: the two-stage Faster R-CNN 

detector, the one-stage YOLOv8 detector, and their corresponding classification counter-

parts, ResNet-50 and YOLOv8-Cls. Monte Carlo Dropout (MCD) was applied during in-

ference to compute predictive entropy, mutual information, softmax variance, and bound-

ing-box variability across multiple stochastic forward passes on both multiclass and bi-

nary inspection datasets. On the multiclass SolDef_AI dataset, Faster R-CNN achieved 

substantially stronger detection performance (mAP = 0.7607, F1 = 0.9304) and lower pre-

dictive entropy, with more stable localisation. In contrast, YOLOv8 produced markedly 

weaker performance (mAP = 0.2369, F1 = 0.3130) alongside higher entropy and greater 

bounding-box variability. On the binary Jiafuwen datasets, the YOLOv8-Cls model 

achieved higher overall performance (F1 = 0.6493) compared with the ResNet-50 classifier 

(F1 = 0.4904), reflecting its strength in simpler binary inspection tasks. Across uncertainty 

metrics, predictive entropy and mutual information were more sensitive to dataset size, 

showing higher and more variable values in the smaller multiclass dataset, whereas soft-

max variance and bounding-box variability appeared more architecture-dependent. 

These findings demonstrate that architectural choice, dataset structure, and task formula-

tion jointly influence both performance and uncertainty behaviour. By integrating con-

ventional metrics with uncertainty estimates, this study provides a transparent bench-

mark for assessing model confidence in automated optical inspection of PCBs. 

Keywords: PCB defect detection; Monte Carlo Dropout; mutual information; uncertainty 

quantification; Bayesian approximation; Faster R-CNN; YOLOv8 

 

1. Introduction 

Printed Circuit Boards (PCBs) are essential components in most electronic systems, 

including smart devices, industrial systems and components. The design procedures for 

these PCBs are often resource-intensive, highly expensive, and complex. Furthermore, 

certain minor faults can indicate impending failures in manufacturing and electronic sys-

tems, including solder bridging and open circuits. These issues can lead to serious conse-

quences, including product recalls, safety concerns, and financial losses. There has been 
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extensive research on this defect-detection challenge, including a review of 270 studies 

[1,2], yet there remains a persistent quality gap persists in PCB defect detection. Even a 

single defect can negatively impact product reliability, leading to highly complex regula-

tory challenges [2–4]. Given these potential consequences, PCB defect detection is seen as 

a critical aspect of quality assurance and adherence to regulatory compliance. Previous 

techniques were traditional image-analysis methods [5–7], which were fast and computa-

tionally inexpensive. However, these techniques lacked generalisation to environmental 

variations, such as contrast changes, registration errors, and production inconsistencies, 

which often led to false positives and false negatives. 

In response, Deep Learning (DL), a rapidly growing subset of Artificial Intelligence 

(AI), has been increasingly applied to PCB defect detection due to its adaptability to such 

variations identified above. More specifically, Convolutional Neural Networks (CNNs) 

and their variants have demonstrated strong performance for spatial-based tasks, alt-

hough early CNN-assisted template-matching and patented approaches [8] remained lim-

ited in reliability. The introduction of datasets such as DeepPCB [9] enabled reproducible 

benchmarking, achieving 98.6% mAP at 62 FPS [9], and rapidly encouraged the develop-

ment of Faster R-CNN, SSD, and YOLO variants, which were more tailored for PCB in-

spection and detection. Examples include Faster R-CNN combined with MobileNet for 

detecting missing holes and shorts [10], LPCB-YOLO achieves a 24% reduction in model 

size while maintaining 97.0% precision and recall [11], and lightweight architectures 

achieving 98.1% mAP while outperforming Faster R-CNN and YOLOv5m [12]. These ad-

vances varied in scope but were DL-based and supported the practical viability of DL for 

PCB defect detection. However, ongoing research focuses on optimising inference speed, 

parameter count, generalisation, and deployment efficiency. 

A closer look shows that most PCB detection studies focus primarily on performance 

metrics, while ignoring predictive uncertainty and the well-documented overconfidence 

in DL models [13]. Temperature scaling has been shown to improve calibration without 

affecting accuracy [13], while Monte Carlo Dropout (MCD) provides Bayesian-like uncer-

tainty estimates via multiple stochastic forward passes [14]. For clarity, epistemic uncer-

tainty arises from limited training data and can be reduced by acquiring more samples, 

whereas aleatoric uncertainty stems from inherent data noise and cannot be eliminated. 

This study focuses on epistemic uncertainty related to dataset size. Standard uncertainty 

metrics include predictive entropy, which captures overall uncertainty, and Bayesian Ac-

tive Learning by Disagreement (BALD), which isolates epistemic uncertainty [15]. Practi-

cal guidance suggests that 30–100 stochastic passes can yield reliable estimates [15]. Incor-

porating these metrics can improve sampling strategies, inspection timing, and the safe 

deployment of DL-based classifiers in critical PCB workflows. For instance, predictive 

models in steel manufacturing have reduced inspection volume while maintaining recall 

on failure samples [16]. Formal guidelines such as ASME VVUQ further emphasise the 

importance of verification, validation, and uncertainty quantification in computational 

models [17]. 

In PCB Automated Optical Inspection (AOI), a wide range of object detection and 

segmentation architectures has been explored, including SSD, RetinaNet, Mask R-CNN, 

and transformer-based detectors [8]. This study examines representative architectures 

used in PCB inspection: the two-stage Faster R-CNN detector, the one-stage YOLOv8 de-

tector, and their corresponding classification counterparts, ResNet-50 and YOLOv8-Cls. 

Because they represent the two principal detection paradigms used in industrial inspec-

tion workflows: two-stage and one-stage detectors [8]. This architectural distinction is cen-

tral to understanding how uncertainty propagates through different detection pipelines 

and provides a controlled basis for comparing epistemic uncertainty under MCD. Seg-

mentation-based approaches are excluded because the available datasets used in this 



 

study lack pixel-level masks, and one dataset provides only binary class labels without 

spatial information. Transformer-based detectors are excluded due to their longer training 

schedules, large data requirements, and sensitivity to small or imbalanced datasets [18], 

as well as the practical challenges of applying MCD to attention-based architectures. Un-

supervised approaches combining uncertainty indicators with reconstructive and dis-

criminative models [19] do not address uncertainty behaviour within supervised detec-

tion pipelines. 

The present study, therefore, provides the first controlled comparison of epistemic 

uncertainty across two major detection paradigms: two-stage and one-stage detectors us-

ing MCD under varying dataset conditions. While the multi-class SolDef_AI dataset ena-

bles a direct comparison between Faster R-CNN and YOLOv8 as object detectors, the bi-

nary Jiafuwen dataset lacks bounding-box annotations and therefore requires a classifica-

tion-based evaluation. For this reason, this study uses the ResNet-50 and YOLOv8-Cls for 

the binary task, allowing the examination of uncertainty behaviour consistently across 

both detection and classification settings. By positioning the analysis around architectural 

paradigms and task structure, the study offers a focused and interpretable contribution to 

understanding the behaviour of uncertainty in PCB defect detection. 

Our contributions are as follows: 

I. We present a controlled, architecture-aware comparison between Faster R-CNN and 

YOLOv8, demonstrating how the fundamental differences between a two-stage and 

a one-stage detector influence predictive confidence, calibration behaviour, localisa-

tion stability, and sensitivity to dataset size. This shows that architectural design af-

fects not only speed and accuracy but also the reliability of uncertainty estimates in 

PCB Automated Optical Inspection. 

II. We evaluate these models across two complementary inspection settings: the multi-

class, Multiview SolDef_AI dataset for object detection, and the unified binary Jia-

fuwen datasets for image-level classification. The latter employs ResNet-50 and 

YOLOv8-Cls due to the absence of bounding-box annotations. This dual-task per-

spective reveals how dataset structure, class granularity, and dataset size shape both 

performance and uncertainty behaviour, providing a clearer understanding of when 

and why uncertainty metrics fluctuate across inspection scenarios. 

III. We apply Monte Carlo Dropout during inference to compute predictive entropy, mu-

tual information, softmax variance, and bounding-box variability, extending the 

analysis beyond conventional accuracy-based evaluation. By treating uncertainty as 

a primary diagnostic signal rather than a post hoc add-on, the study establishes a 

transparent benchmark for assessing model reliability under varying dataset and ar-

chitectural conditions. 

Section 2 reviewed relevant work in PCB inspection, highlighting that DL-based clas-

sifiers and detectors are widely used in the literature while noting the persistent gap in 

uncertainty estimation. Section 3 outlines the proposed methodologies and experimental 

setups for both the detection models (Faster R-CNN and YOLOv8) and the classification 

models (ResNet-50 and YOLOv8-Cls). Section 4 presents the results, including the means 

and standard deviations of the uncertainty and performance metrics. Section 5 provides a 

critical discussion of the findings, and Section 6 concludes the paper with recommenda-

tions for future research. 

2. Related Works 

Earlier PCB defect-detection techniques relied mainly on image analysis and tem-

plate-matching methods, which relied on pixel relationships to detect anomalies [6]. This 

technique typically involves a pixel-by-pixel comparison of images with reference boards 

[7]. However, this conventional pixel-matching technique was not adaptable to 



 

environmental variations, leading to faulty detections, though it was effective in con-

trolled conditions. This led to frequent false positives and false negatives [6,7]. Despite the 

rapid adoption of AI- and DL-based classifiers, the enhancement of DL-based algorithms, 

scale-adaptive template matching [8], and patented calibration-based techniques, robust-

ness and model reliability remained a significant challenge. This reliance on stable condi-

tions of the input PCB images emphasises the critical role of dataset quantity and quality 

in shaping the patterns and representations learned by DL-based classifiers. To address 

this challenge, Wei et al. [20] introduced a CNN-based reference comparison method for 

bare PCB inspection, demonstrating that deep feature extraction can significantly improve 

defect classification accuracy when compared to conventional pixel-matching techniques. 

While effective for feature discrimination, this method does not address predictive uncer-

tainty and model reliability across varying dataset conditions. This further improved the 

design of CNN-based variant architectures, providing the foundation for modern PCB 

defect detection. This steady progress can be traced back to LeNet-5, which laid the foun-

dation for hierarchical feature extraction in handwritten digit recognition [21], followed 

by AlexNet, which introduced ReLU activations (non-linearity) and dropout regularisa-

tion techniques in deeper DL-based classifiers for recognition [22]. Then, VGGNet, de-

signed by the Visual Geometry Group (VGG), further increased the practical depth of DL 

networks by using uniform filters, though at a higher computational cost due to higher 

parameter size [23]. Then, the GoogLeNet’s Inception modules improved computational 

efficiency by combining multiple receptive fields [24]. A recurrent problem of vanishing 

gradients through residual connections, enabling deeper and more generalised models, 

was addressed by the design of ResNet [25]. These architectures became widely adopted 

backbones in industrial vision tasks, including PCB defect inspection. However, most of 

these approaches focused solely on improving accuracy in image detection and classifica-

tion tasks. Very little attention was given to the uncertainty of these large DL-based back-

bone models. Also, there is a gap in their performance when compared to variations in 

dataset size or in the reliability of their predictions, evaluated under the same constraints. 

With their inclusion in critical systems for PCB defect detection, where decisions must be 

transparent and explainable, and the consequences of incorrect predictions can be severe. 

Building on these backbones, single-stage detectors such as SSD and YOLO emerged 

as dominant frameworks for PCB defect detection [26, 27]. For instance, the SSD mode, 

which performs localisation and classification in a single forward pass, improved the bal-

ance between accuracy and efficiency [26]. It has been widely tested on PCB datasets, in-

cluding DeepPCB [9]. It has also been enhanced with extensions, including semi-super-

vised modules for unlabelled datasets [28] and lightweight base models for deployment 

in resource-constrained environments [29]. However, the SSD model still faces challenges 

with minor or clustered defects, which results to missing critical anomalies and rarely 

achieving stable predictions under noisy conditions [30]. To further address these issues, 

the YOLO (You Only Look Once) family has become particularly popular for PCB detec-

tion due to its speed and real-time applicability [31]. Recent adaptations, such as YOLOv5 

and YOLOv8, have been fine-tuned for PCB tasks, improving detection of small defects 

through architectural modifications [32]. There have also been improvements in new var-

iants, such as YOLOv8-DEE [33] and attention-enhanced YOLOv8 [34], that aim to im-

prove detection while reducing inference time. This shows YOLO’s applicability and flex-

ibility for AOI and its more common applications. However, these YOLO variants often 

exhibit overconfidence, a phenomenon commonly observed when there are constraints on 

noise or distribution-shifted inputs [35]. This consequently leads to false alarms or missed 

detections [35]. While impressive mAP scores are frequently reported, few studies criti-

cally examine the calibration of confidence or the uncertainty behaviour of these detectors. 

Parallel to detector development, uncertainty quantification in DL has attracted attention 



 

in computer vision, as evidenced by studies [36] that showed that softmax probabilities 

fail to reflect the true likelihood of correctness. Also, studies [37] distinguished epistemic 

uncertainty from aleatoric uncertainty, highlighting the importance of empirically evalu-

ating both in critical applications. Industry-supported practical guidance recommends 

predictive entropy, mutual information, and softmax variance as key metrics, with 30–100 

iterations for reliable estimates [15]. Beyond detector-centric approaches, Ustabas Kaya 

[38] proposed a hybrid optical sensor combined with a DL-classifier to detect micro-scale 

PCB defects, achieving strong performance under challenging imaging conditions. While 

this work highlights the benefits of integrating sensing and DL, it focuses solely on accu-

racy and does not examine uncertainty behaviour or confidence calibration. 

Previous studies have proposed various solutions to advance PCB defect detection, 

with DL-based classifiers being the main approach in recent years [39, 40]. However, these 

solutions remain limited in scope when their reliability is considered. Wang et al. [39] 

introduced a lightweight fusion model that improved recognition of tiny defects, while 

Tang et al. [40] developed PCB-YOLO with attention mechanisms and transformer inte-

gration, achieving high accuracy and speed. However, their [39, 40] evaluation focused 

only on mAP and FPS, without considering uncertainty behaviour. To improve mode ef-

ficiency, Tang et al. [41] propose an improved YOLOv8n model (YOLO-SUMAS), which 

enhances detection performance through multi-module collaborative optimisation via an 

attention mechanism. Although YOLO-SUMAS achieved 98.8% precision, 99.2% recall, 

and a mAP@50 of 99.1%, significantly outperforming the original YOLOv8n and other 

mainstream models, its uncertainty behaviour was not thoroughly examined [41]. Multi-

scale techniques coupled with Bayesian feature fusion for bare PCB defect detection [42]. 

However, their analysis focused primarily on improvements in classification accuracy 

from feature extraction [42]. Similarly, Kim et al. [43] developed a skip-connected convo-

lutional autoencoder for PCB defect detection, leveraging reconstruction errors to high-

light anomalous regions. Although effective for unsupervised defect localisation, this ap-

proach does not quantify epistemic uncertainty or assess how confidence varies across 

different architectures. These limitations are directly addressed by this present study. A 

comprehensive literature review of 105 PCB defect-detection studies identified trends and 

limitations but did not provide an empirical evaluation of uncertainty across architectures 

[44]. To address the limitations of related work, our study integrates MCD into both de-

tection and classification tasks. The aim is to quantify predictive uncertainty metrics sys-

tematically and establish a transparent benchmark that links accuracy with uncertainty 

analysis for risk-sensitive deployment. 

3. Methodology 

This section presents our investigative approach to estimate epistemic uncertainty 

during inference using an MCD-based technique. 

3.1. Model Architectures & Justification 

3.1.1. Faster R-CNN 

Faster R-CNN is a popular two-stage object detection model that integrates a Region 

Proposal Network (RPN) with a classification and regression head. This setup offers 

faster, more efficient end-to-end training and significantly improves detection speed com-

pared to earlier R-CNN variants [45]. In detection, the RPN outputs candidate regions of 

interest (RoIs), which are then re-processed using bounding-box regression. Then, they 

are classified into pre-defined object categories. This multi-staged pipeline makes this de-

tection model effective for computer vision tasks which require high localisation preci-

sion. An example of this is separating RoI proposal generation from classification, ena-

bling the model to focus on fine-grained spatial features. In its original design, Faster R-



 

CNN was developed for general object detection benchmarks such as PASCAL VOC and 

MS COCO [46]. To adapt this architecture for PCB defect detection, several modifications 

are necessary. In this study, we replaced the backbone network with ResNet-50 and com-

bined it with a Feature Pyramid Network (FPN) [25]. This hybrid set-up has the advantage 

of enhancing multi-scale feature extraction. This multi-scale enhancement is important 

because PCB defects are often small, subtle, and distributed across varying scales, requir-

ing rigorous feature representation. After that, we fine-tuned the classification head to 

match the predefined classes in the datasets. For uncertainty estimation, only the dropout 

layers were activated during stochastic inference, while all Batch Normalisation layers 

were kept in evaluation mode to prevent updates to running statistics. This ensures that 

MCD captures epistemic uncertainty without introducing unintended stochasticity dur-

ing training. 

The relevance of Faster R-CNN to this study lies in its precision-oriented design. Un-

like single-stage detectors that prioritise speed, Faster R-CNN’s staged processing enables 

a more detailed examination of uncertainty at multiple points in the detection pipeline, 

both at the proposal and classification stages. This makes it an ideal candidate for studying 

how uncertainty metrics behave in an inherently cautious, region-focused model. By 

adapting its original design to incorporate uncertainty estimation, Faster R-CNN provides 

a structured framework for understanding how confidence calibration and localisation 

stability can be improved in PCB Automated Optical Inspection. 

3.1.2. YOLOv8 

YOLOv8 is the recent variant of the You Only Look Once family of one-stage object 

detectors [47]. Compared with two-stage detectors such as Faster R-CNN, it conducts both 

localisation and classification in a single forward pass. This gives it more preference when 

inference speed and throughput are critical. In this study, its architecture combines an 

anchor-free detection head, a Cross Stage Partial Darknet (CSPDarknet) backbone, and a 

Path Aggregation Network FPN (PAN FPN) neck for multi-scale feature fusion, enabling 

robust detection of small, densely packed objects [48]. These design choices reflect a de-

liberate shift towards speed and scalability, positioning YOLOv8 as a practical solution 

for environments where inspection must keep pace with high-volume production. To 

adapt it for PCB defect detection, the classification head is fine-tuned to reflect binary or 

multi-class defect categories in the datasets. This adaptation ensures that YOLOv8 can 

distinguish genuine defects from pseudo-defects and acceptable assemblies from solder-

related anomalies. To estimate uncertainty, MCD was integrated into the model. Dropout 

layers were inserted into the backbone and neck at locations where feature activations are 

most sensitive to noise, with a dropout probability of 0.2. During stochastic inference, 

these dropout layers were kept active to generate multiple forward passes. Batch Normal-

isation layers were kept in evaluation mode to prevent updates to the running statistics, 

ensuring stable behaviour across passes. Thirty stochastic passes were performed for each 

image. These implementation details are included to ensure that the uncertainty estima-

tion procedure can be reproduced reliably. 

YOLO models are known to exhibit overconfidence under noisy or distribution-

shifted inputs [35], and uncertainty quantification provides a mechanism to expose and 

mitigate these reliability issues. The relevance of YOLOv8 to this study lies in its effi-

ciency-oriented design. While Faster R-CNN offers precision through staged processing, 

YOLOv8 embodies the trade-off between speed and confidence calibration. Its inclusion, 

therefore, provides a methodologically meaningful contrast to Faster R-CNN. YOLOv8 

represents the high-throughput, industry-oriented detection paradigm, allowing this 

study to examine how uncertainty behaves across fundamentally different architectural 

philosophies rather than conducting a detailed architectural performance comparison. 



 

This aligns with the primary aim of the work, which is to analyse uncertainty behaviour 

rather than to optimise detector design. 

Figure 1 outlines the overall workflow used to apply, evaluate, and compare Faster 

R-CNN and YOLOv8. The aim is not only to measure accuracy but to examine how each 

model behaves when uncertainty is introduced through stochastic inference. This helps 

reveal whether a model’s speed or architectural simplicity comes at the cost of reliability, 

which is a practical concern in automated PCB inspection. The framework also provides 

an early indication of whether calibration or uncertainty-aware strategies could make 

these detectors more dependable in real inspection settings. 

 

Figure 1. Overview of the proposed methodology for PCB defect detection and uncertainty evalua-

tion. 

Although the study focuses on comparing these two detection approaches, the clas-

sification experiments on the Jiafuwen dataset follow the same design logic. Because the 

dataset does not include bounding-box annotations, the detection models cannot be used 

directly. Instead, their classification counterparts were selected: ResNet-50, which shares 

the residual-learning foundations of the Faster R-CNN backbone, and YOLOv8-Cls, 

which adapts the YOLOv8 feature extractor for image-level prediction. These models do 

not introduce new architectural categories. They simply extend the same two design phi-

losophies into a classification setting, allowing uncertainty to be examined consistently 

across both detection and classification tasks. 

3.2. Uncertainty Metrics 



 

3.2.1. Predictive Entropy 

In this study, we use predictive entropy, a measure of the total uncertainty in the 

output distribution that quantifies the average information content of predictions across 

multiple stochastic forward passes. We define the number of these passes as explained in 

the experimental setup subsection in Section 3.4. In line with current understanding, high 

entropy indicates that the model is not certain about its predictions, whereas low entropy 

suggests the opposite. This metric is particularly relevant in PCB defect detection, where 

noisy imaging conditions and rare defect types can lead to unstable detector outputs. Pre-

vious studies in DL have shown that this metric can be used as a reliable indicator of 

overall uncertainty in classification tasks [14]. In industrial inspection, this metric has been 

routinely used to flag critical cases that need human reinspection to reduce the risk of false 

negatives [16]. 

3.2.2. Mutual Information 

To capture epistemic uncertainty by comparing predictive entropy with the expected 

entropy of individual stochastic passes, we used the mutual information metric. Com-

pared with predictive entropy, this metric, MI, isolates the uncertainty attributable to the 

model’s parameters. This distinction is important in PCB defect detection, where epis-

temic uncertainty often arises from limited and/or imbalanced defect samples. Studies [35] 

have shown that this metric is effective at identifying regions where the model lacks ade-

quate learned representation. This makes it a valuable tool for highlighting defect catego-

ries underrepresented in the training data. In industrial inspection contexts, this metric 

has been applied to distinguish between systematic model errors and random data varia-

bility, guiding retraining strategies [37]. 

3.2.3. Softmax Variance 

We also included the softmax variance, which quantifies dispersion in class proba-

bilities across pre-defined multiple stochastic passes [13]. In line with current understand-

ing, a high-variance metric value indicates instability in the predicted class distribution. 

This may suggest that the model is sensitive to changes in the dataset or inputs, as well as 

parameter uncertainty. This metric is particularly relevant to the current investigation, as 

it can identify where subtle visual differences between genuine defects and pseudo-de-

fects can lead to fluctuating predictions. A study highlighted that modern DL-based clas-

sifiers often produce poorly calibrated probabilities, and variance analysis provides a 

complementary perspective to calibration metrics [13]. In industrial inspection, this metric 

has been used to flag predictions that appear confident but are inconsistent across multi-

ple passes [49]. 

3.2.4. Bounding Box Variability 

We used bounding-box variability to assess inconsistency in spatial orientation or 

object localisation across stochastic forward passes [50]. In PCB defect detection, this var-

iability in bounding boxes can directly reflect uncertainty in defect positioning. In line 

with current understanding, high variability indicates that the detector is unsure of the 

defect’s exact location, leading to costly false negatives and unnecessary reinspection. Pre-

vious work in industrial vision has shown that this metric can be used as a key indicator 

of localisation reliability [50]. By including this metric, our work extends uncertainty anal-

ysis beyond classification confidence to spatial precision, offering a more holistic perspec-

tive on the reliability of DL-based models in PCB AOI. Bounding-box variability was com-

puted directly from the raw detector outputs across stochastic passes, without normalis-

ing for box size or image resolution, to preserve each architecture’s native localisation 

behaviour. 



 

For each image, detections from all stochastic passes were aligned using an IoU-

based matching strategy. A reference set of boxes was created from the first deterministic 

forward pass, and boxes from each stochastic pass were matched to these references using 

an IoU threshold of 0.5. When multiple boxes overlapped the same reference, the box with 

the highest IoU was selected, and passes without a matching box were treated as missing 

detections. Only boxes that appeared in at least half of the stochastic passes were retained 

for uncertainty computation. For each retained detection, class probability vectors across 

passes were used to compute predictive entropy and mutual information, while bound-

ing-box variability was computed from the variance of the matched coordinates. The ag-

gregated mean box, mode label, and mean confidence were then used for mAP and F1 

evaluation. 

3.3. Dataset and Defect Taxonomy 

The two open-source datasets employed in this study provide complementary per-

spectives on PCB defect detection and are central to evaluating uncertainty-aware models. 

The SolDef_AI dataset [51] contains 1150 multi-view images of soldered Surface Mount 

Technology (SMT) components, with each sample captured from three different perspec-

tives to reveal both placement accuracy and solder joint characteristics. It includes six clas-

ses: background, exc_solder, good, no_good, poor_solder and spike. For YOLOv8 training, the 

background label was excluded because YOLO does not treat the background as an ex-

plicit detection category. The remaining five foreground classes (exc_solder, good, 

no_good, poor_solder, spike) were used as the detection targets. This detailed labelling 

scheme differentiates acceptable assemblies from several types of solder-related defects. 

Although these labels reflect realistic manufacturing conditions, the dataset’s limited size 

and class imbalance may pose challenges for generalisation, especially with deeper mod-

els. As a result, SolDef_AI serves as a valuable yet constrained benchmark for PCB defect 

research, emphasising the importance of careful evaluation protocols and the potential 

benefits of data augmentation or transfer learning. The second dataset, the Jiafuwen PCB 

defect dataset [52], comprises four unified inspection data specifications under a common 

label space. Each dataset is structured as a binary classification task that distinguishes be-

tween real defects and pseudo-defects encountered during PCB reinspection. This stream-

lined labelling scheme reflects practical industrial scenarios where separating genuine 

manufacturing faults from false positives is critical to maintaining inspection efficiency. 

While these datasets provide valuable resources for benchmarking defect detection algo-

rithms, the binary nature of the labels may limit the granularity of diagnostic insights 

compared to multi-class schemes. 

The choice of datasets plays a critical role in evaluating uncertainty-aware PCB defect 

detection, as they complement one another and offer distinct perspectives for this study. 

The SolDef_AI dataset provides a multi-class, multi-view benchmark that captures realis-

tic solder joint variations, making it well-suited for testing how architectures handle fine-

grained defect categorisation under limited and imbalanced data conditions. The Jia-

fuwen PCB dataset, by contrast, reflects practical industrial re-inspection scenarios in 

which distinguishing real defects from pseudo-defects is essential. Their combined use 

strengthens the validity of this work, ensuring that the uncertainty analyses are grounded 

in both detailed academic benchmarks and practical industrial contexts. 

3.4. Experimental Setup 

We conducted all experiments in PyTorch 2.0 with GPU acceleration, and we fixed 

the random seeds to ensure reproducibility. This subsection presents the experimental 

setup and hyperparameter configurations, organised by dataset to provide a clear and 

coherent description of the training and inference procedures. 



 

3.4.1. SolDef_AI Dataset: Multi-Class Object Detection 

For the SolDef_AI dataset, a custom dataset class was implemented to load images, 

convert polygon annotations into bounding boxes, and map labels to numerical IDs. The 

dataset was split into 80% for training and 20% for validation for both models. 

For the Faster R-CNN model, we adopted a ResNet-50 backbone with a Feature Pyr-

amid Network (FPN), a configuration widely used for object detection due to its strong 

multi-scale feature representation [46]. The model was initialised with COCO-pretrained 

weights, and dropout layers (0.3) were added to the classification and regression heads to 

enable MCD during inference. We trained the model for 100 epochs using stochastic gra-

dient descent with a learning rate of 0.005, momentum of 0.9, weight decay of 0.0005, and 

a StepLR scheduler. During inference, dropout was activated for stochastic forward 

passes, and all Batch Normalisation layers were kept strictly in evaluation mode with 

fixed running statistics, ensuring that uncertainty estimates reflected dropout-induced ep-

istemic variability rather than batch-normalisation noise. Each validation image was pro-

cessed with 30 stochastic forward passes. Predictions were aggregated using an IoU 

threshold of 0.5 and a score threshold of 0.05, and uncertainty metrics were computed as 

described in Section 3.2. Performance was evaluated using mAP@0.5 and F1-score, with a 

confidence threshold of 0.5. 

For YOLOv8, a pretrained YOLOv8n model was used. Annotations were converted 

into YOLO-formatted .txt files with 0-indexed class IDs. Training was performed for 100 

epochs using the native YOLOv8 training API with a batch size of 8. During inference, 

internal dropout layers were explicitly activated to enable stochastic passes, while Batch 

Normalisation layers remained in evaluation mode. Each validation image was processed 

with 30 stochastic forward passes, and detections were aggregated using an IoU threshold 

of 0.5 and a score threshold of 0.05. The IoU threshold aligned with the standard mAP@0.5 

evaluation metric, while the lower score threshold allowed low-confidence detections to 

contribute to the uncertainty analysis. 

The configuration described above for Faster R-CNN was selected to balance meth-

odological clarity with established best practices in object detection. The use of a ResNet-

50-FPN backbone reflects its widely reported effectiveness in capturing multi-scale fea-

tures, where the combination of deep residual representations and a FPN provides strong 

localisation and classification performance across varied object sizes [46]. Initialising the 

model with COCO-pretrained weights leverages broad visual priors, which are particu-

larly beneficial for relatively small PCB datasets commonly encountered in industrial in-

spection. The integration of MCD builds on prior work demonstrating that stochastic for-

ward passes provide a practical means of estimating epistemic uncertainty without re-

quiring full Bayesian neural networks [14]. This approach has been shown to produce 

reliable uncertainty estimates in computer-vision tasks [37]. Finally, the use of IoU@0.5 as 

the detection threshold aligns with standard evaluation protocols in object-detection 

benchmarks, ensuring comparability with established studies such as PASCAL VOC [53] 

3.4.2. Jiafuwen Dataset: Binary Image-Level Classification 

The Jiafuwen PCB dataset lacks bounding-box annotations, so the task was formu-

lated as a binary classification problem. The dataset was split into 70% for training, 15% 

for validation, and 15% for testing, providing a consistent, reproducible evaluation proto-

col for both classification models. 

For the ResNet-50 classifier, ImageNet-pretrained weights were used. The final fully 

connected layer was replaced with a binary classification head, and a dropout layer (0.5) 

was integrated to enable MCD during inference. Training was performed for 100 epochs 

using the Adam optimiser and cross-entropy loss. During inference, dropout was acti-

vated for 50 stochastic forward passes per test image, and all Batch Normalisation layers 



 

were explicitly kept in evaluation mode, ensuring that stochasticity originated solely from 

dropout rather than training-time behaviour. Uncertainty metrics were computed from 

the resulting softmax distributions. Classification performance was reported with empha-

sis on the real_defects class, given its operational importance. 

For YOLOv8, the classification variant (YOLOv8n-Cls) was used. The pretrained clas-

sification model was configured with a dropout probability of 0.5, and dropout was acti-

vated during inference to enable stochastic passes. Training was conducted for 100 epochs 

with checkpoints, and 50 stochastic forward passes were executed per test image. Uncer-

tainty metrics were computed from the resulting softmax probability distributions, and 

performance was evaluated using the same metrics as for the ResNet-50 classifier. 

4. Results 

The results presented in this section critically examine the performance of Faster R-

CNN, YOLOv8, ResNet-50, and YOLOv8-Cls under uncertainty-aware PCB defect detec-

tion across both the SolDef_AI and Jiafuwen datasets. Following the experimental proto-

cols described in Section 3.4, each model was evaluated using both conventional accuracy 

metrics and the uncertainty measures defined in Section 3.2. The corresponding results 

are summarised in Tables 1–4. 

Table 1. Uncertainty Metrics on the SolDef_AI dataset. 

Model 
Predictive En-

tropy 

Mutual Infor-

mation 

Softmax Score Vari-

ance 

Bounding Box Vari-

ance 

Faster R-CNN 0.0959 ± 0.1145 0.0079 ± 0.0182 0.0012 ± 0.0085 304.6492 ± 1381.5215 

YOLOv8 0.2718 ± 0.1145 0.0007 ± 0.0082 0.0001 ± 0.0038 23.1839 ± 450.3332 

Table 2. Performance Metrics on the SolDef_AI dataset. 

Model 

Mean Aver-

age Preci-

sion (mAP) 

mAP_50 mAP_75 F1-Score Precision Recall 

Faster R-CNN 0.7607 0.9612 0.8507 0.9304 0.9071 0.9549 

YOLOv8 0.2369 0.2772 0.2708 0.3130 0.3711 0.2707 

Table 3. Uncertainty Metrics on the Jiafuwen PCB dataset. 

Model Predictive Entropy 
Mutual Infor-

mation 
Softmax Score Variance 

ResNet-50 0.4611 ± 0.1132 0.1335 ± 0.0713 0.0712 ± 0.0341 

YOLOv8-Cls 0.4205 ± 0.2072 0.0121± 0.0072 0.0087 ± 0.0077 

Table 4. Performance Metrics on the Jiafuwen PCB dataset. 

Model F1-Score Precision Recall 

ResNet-50 0.4904 0.4685 0.5144 

YOLOv8-Cls 0.6493 0.5156 0.8766 

5. Discussion 

As shown in Tables 1 and 2, Faster R-CNN and YOLOv8 clearly differ on the Sol-

Def_AI dataset. Faster R-CNN demonstrated strong detection performance, achieving an 

mAP of 0.7607, an F1-score of 0.9304, a precision of 0.9071, and a recall of 0.9549. These 

results indicate robust localisation and classification, suggesting that the two-stage detec-

tor effectively balances sensitivity and specificity and produces reliable detections across 

defect categories. In contrast, YOLOv8 showed substantially reduced performance, with 

mAP = 0.2369, F1-score = 0.3130, precision = 0.3711, and recall = 0.2707. This performance 



 

gap highlights the limitations of single-stage detectors in multi-class PCB defect detection 

when the dataset is small and class distributions are imbalanced. The relative weakness 

of YOLOv8 aligns with previous findings that region-proposal architectures often outper-

form single-stage models on complex detection tasks requiring fine-grained localisation 

[23,39]. The uncertainty metrics in Table 1 further reinforce this interpretation. Faster R-

CNN maintained low predictive entropy (0.0959 ± 0.1145) and modest mutual information 

(0.0079 ± 0.0182), reflecting stable confidence calibration across stochastic passes. Alt-

hough Faster R-CNN exhibited a higher mean bounding-box variance (304.6492 ± 

1381.5215), most predictions clustered near the lower end of the distribution, indicating 

generally stable localisation with occasional outliers. YOLOv8, by comparison, produced 

higher predictive entropy (0.2718 ± 0.1145) and lower mean bounding-box variance 

(23.1839 ± 450.3332), but with a disproportionately large spread relative to its mean. This 

pattern suggests that while YOLOv8’s average localisation shifts were smaller, its locali-

sation behaviour was less consistent across stochastic passes, reflecting instability in both 

confidence and spatial predictions. These findings imply that YOLOv8 not only struggled 

to achieve high detection accuracy but also produced less reliable confidence estimates. 

Literature on Bayesian deep learning emphasises that predictive entropy and mutual 

information are critical for distinguishing epistemic uncertainty from aleatoric noise [14]. 

The higher predictive entropy observed in YOLOv8 indicates that its predictions are less 

trustworthy, particularly in environments where false positives or false negatives incur 

operational costs. The broader implication is that models with poorly calibrated confi-

dence not only reduce detection reliability but also undermine the safe integration of au-

tomated inspection systems into industrial workflows, where uncertainty must function 

as a safeguard against costly or hazardous decision-making. 

Figure 2a,b provide visual reinforcement of the findings reported in Tables 1 and 2. 

Panel (a) illustrates the performance metrics side by side, making the superiority of Faster 

R-CNN immediately apparent across mAP, F1-score, precision, and recall. Panel (b) com-

plements this by showing uncertainty values with error bars, where Faster R-CNN’s 

tighter distributions contrast sharply with YOLOv8’s wider spread and instability. 

 

Figure 2. Performance and Uncertainty Metrics on SolDef_AI. (a) Performance comparison of 

Faster R-CNN and YOLOv8 across standard detection metrics. (b) Uncertainty comparison show-

ing entropy-based measures and bounding-box variance 

Jointly, these visuals confirm the numerical results and make the implications tangi-

ble. Faster R-CNN not only achieves stronger detection accuracy but also maintains more 

stable confidence calibration. YOLOv8, by contrast, shows both weaker performance and 

greater variability in its uncertainty behaviour. The size and diversity of the SolDef_AI 

dataset also play a decisive role in shaping these outcomes. With relatively few samples 

distributed across multiple defect classes, the dataset amplifies the challenges of multi-



 

class detection and makes confidence calibration particularly difficult for single-stage de-

tectors such as YOLOv8. Two-stage architectures like Faster R-CNN are better equipped 

to compensate for data scarcity through region-proposal mechanisms, which explains 

their more stable performance. In practice, these findings highlight the importance of un-

certainty-aware evaluation: DL-based models must be judged not only by their accuracy 

metrics but also by how reliably they express confidence, especially when datasets are 

small. Poorly calibrated uncertainty in small, multi-class datasets can negatively impact 

defect detection in industrial manufacturing. 

Similarly, the results in Tables 3 and 4 highlight the performance differences between 

the ResNet-50 classifier and YOLOv8-Cls on the binary Jiafuwen PCB dataset. ResNet-50 

achieved an F1-score of 0.4904, precision of 0.4685, and recall of 0.5144, indicating bal-

anced but modest performance. YOLOv8-Cls, however, demonstrated stronger classifica-

tion capability, with an F1-score of 0.6493, precision of 0.5156, and recall of 0.8766. The 

high recall achieved by YOLOv8-Cls suggests that it is more effective at identifying true 

defects, which is an essential requirement in industrial inspection contexts where missing 

a defect carries significant operational risk. These findings are consistent with previous 

studies, which have noted that lightweight single-stage architectures often perform well 

on binary classification tasks due to their efficiency and direct optimisation of confidence 

scores [29]. The uncertainty metrics in Table 3 provide further insight into these outcomes. 

ResNet-50 exhibited higher predictive entropy (0.4611 ± 0.1132) and mutual information 

(0.1335 ± 0.0713) compared with YOLOv8-Cls, reflecting greater sensitivity to epistemic 

uncertainty. This suggests that ResNet-50 flags cases where predictions depend strongly 

on stochastic sampling more readily, which is valuable for risk-sensitive deployment but 

also indicates difficulty in confidently separating defect from non-defect classes. YOLOv8-

Cls, by contrast, showed lower mutual information (0.0121 ± 0.0072) and softmax variance 

(0.0087 ± 0.0077), indicating more consistent predictions across stochastic passes. Com-

bined with its higher recall, this makes YOLOv8-Cls more suitable for binary PCB inspec-

tion tasks where sensitivity to defect detection is paramount, even if its uncertainty cali-

bration is less expressive. 

When considered jointly, the results in Tables 3 and 4 show that dataset structure 

strongly influences the trade-off between model performance and uncertainty behaviour. 

In this binary classification task, YOLOv8-Cls achieved high recall and consistent confi-

dence, whereas ResNet-50’s greater epistemic sensitivity reflects a more cautious but less 

operationally efficient approach. These findings reinforce the importance of evaluating 

both accuracy and uncertainty. While YOLOv8-Cls may be preferable in contexts where 

defect-detection sensitivity is critical, ResNet-50’s richer uncertainty signals may be ad-

vantageous in scenarios where risk management requires explicit identification of uncer-

tain predictions. Figure 3a,b present visual representations of these results on the Jiafuwen 

dataset. 

 



 

Figure 3. Performance and Uncertainty Metrics on Jiafuwen Dataset. (a) Performance comparison 

of ResNet-50 and YOLOv8-CIS (b) Uncertainty comparison across entropy-based measures. 

Figure 3a,b provide visual reinforcement of the results reported in Tables 3 and 4 for 

the Jiafuwen dataset. Panel (a) illustrates the performance metrics side by side, clearly 

showing YOLOv8-Cls’s superiority in recall and overall F1-score compared to the ResNet-

50 classifier. Panel (b) complements this by showing the uncertainty values with error 

bars, where ResNet-50’s higher predictive entropy and mutual information contrast with 

YOLOv8-Cls’s lower values, highlighting the different ways each architecture expresses 

confidence and uncertainty in binary classification tasks. 

The implications of these visuals are significant. In binary classification tasks, 

YOLOv8’s stability and high recall make it operationally attractive, ensuring that fewer 

defects are missed. However, its lower epistemic sensitivity means that it provides less 

information about when predictions are uncertain, which could limit its usefulness in risk-

sensitive contexts where uncertainty awareness is critical for decision-making. ResNet-50, 

by contrast, offers richer uncertainty signals that could be leveraged to flag ambiguous 

cases for human review, even if its overall classification performance is weaker. These 

visuals also reinforce the observation that dataset structure strongly influences model be-

haviour: binary tasks simplify the decision boundary, allowing lightweight architectures 

like YOLOv8-Cls to perform better, while deeper classifiers such as ResNet-50 tend to be 

more uncertainty-aware but less operationally efficient. 

We provide additional visual representations of the uncertainty metrics for models 

on SolDef_AI in Figure 4 below: 

 

Figure 4. Boxplots of predictive entropy for Faster R-CNN and YOLOv8 on the SolDef_AI dataset. 

To support Figure 4, the bounding box variance is shown below Figure 5. Figure 5 

shows that Faster R-CNN and YOLOv8 differ in spatial consistency, with Faster R-CNN 

showing broader but steadier localisation behaviour, while YOLOv8 exhibited more un-

stable variance patterns. 

 



 

Figure 5. Boxplots of bounding box variance for Faster R-CNN and YOLOv8 on the SolDef_AI da-

taset. 

Overall, Overall, the results across both datasets show that architectural choices and 

dataset structure jointly shape the balance between detection performance and uncer-

tainty estimates. These findings provide a transparent benchmark for understanding how 

performance and uncertainty interact in PCB defect detection and offer a practical foun-

dation for risk-sensitive deployment strategies in DL-based inspection systems. In this 

study, uncertainty thresholds were not fixed in advance. Instead, they were determined 

empirically by analysing the distribution of entropy and mutual information values on 

the validation set and identifying where higher uncertainty aligned with misclassifica-

tions or unstable localisation. This approach reflects how thresholds would be selected in 

practice, since uncertainty values do not generalise across datasets or architectures. Across 

the uncertainty metrics, predictive entropy and mutual information were more sensitive 

to dataset size, with higher and more variable values observed in the smaller multiclass 

dataset. In contrast, softmax variance and bounding-box variability were less affected by 

sample quantity and appeared to reflect architectural behaviour more than dataset size. 

This distinction suggests that some uncertainty measures respond strongly to data scar-

city, while others primarily capture model-specific characteristics. 

Study Limitations & Constraints 

Despite the insights gained, several limitations must be acknowledged. The evalua-

tion was restricted to two detection architectures, Faster R-CNN and YOLOv8, and two 

classification models, ResNet-50 and YOLOv8-Cls. This limits the scope of the investiga-

tion, since other architectures (such as SSD or transformer-based detectors) may produce 

different uncertainty behaviours. The datasets used, although complementary, remain rel-

atively small and imbalanced, restricting the generalisability of the findings to broader 

industrial settings. Uncertainty quantification was performed using MCD with a fixed 

number of stochastic passes, which may not capture the full range of epistemic uncer-

tainty compared with alternative approximation methods. A further limitation is the ab-

sence of additional uncertainty-aware baselines such as deep ensembles, Test-Time Aug-

mentation uncertainty, or calibration-based methods. Implementing these approaches 

was not feasible within the scope of this unfunded study due to limited computational 

resources and time constraints, as these methods require training multiple independent 

models, thereby significantly increasing computational costs. Future work can extend this 

analysis by incorporating a broader set of uncertainty estimation. Similarly, only the 

YOLOv8n variant was evaluated in this study. Larger variants were not included because 

of their substantially higher computational and memory requirements, which, combined 

with the repeated stochastic inference required for MCD, would exceed the available re-

sources. As a result, YOLOv8n was selected as a lightweight baseline that allowed all un-

certainty experiments to be conducted consistently within the practical constraints of the 

study. Future work can explore larger YOLOv8 variants to assess how model capacity 

interacts with uncertainty behaviour. The study also did not include training-strategy ab-

lations, such as varying fine-tuning depth, alternative learning-rate schedules, or ex-

tended training runs, because these experiments would have required substantially more 

computational time and resources than were available. These choices may influence both 

performance and uncertainty estimates, and a more exhaustive exploration of training 

dynamics remains an important direction for future work. In addition, uncertainty was 

not evaluated in a decision-making context, such as selective prediction or risk–coverage 

analysis. These techniques require additional modelling stages and larger validation sets 

to reliably estimate coverage–risk trade-offs, which were beyond the scope of this study. 



 

Statistical hypothesis testing was not performed, as the aim of the study was to character-

ise uncertainty behaviour rather than to make inferential claims about statistically signif-

icant differences between models. The experiments were conducted under controlled con-

ditions, and distribution shifts or noise injections were not explored. To ensure the results 

remained valid despite these constraints, random seeds were fixed, hyperparameters 

were documented, and multiple stochastic passes were applied consistently to reduce var-

iance in the uncertainty estimates. Performance metrics were reported alongside uncer-

tainty measures to provide a balanced view of model behaviour. Another notable limita-

tion concerns the scale dependence of the bounding-box variability metric. Because vari-

ability was computed directly from raw detector outputs without normalising for object 

size or image resolution, the resulting values reflect architecture-specific localisation sta-

bility rather than a scale-invariant measure. This choice preserves native detector behav-

iour but limits comparability across objects of different sizes or across detectors with dif-

fering receptive-field characteristics. Future work could incorporate size-normalised or 

resolution-normalised variants to enable fairer cross-architecture comparison. Bounding-

box variability also did not correlate with false negatives. In the detection task, false neg-

atives occurred when the model failed to produce a bounding box for a defect, which 

prevented variability from being computed. In the binary classification task, no bounding 

boxes are generated, so the variability metric is not applicable. As a result, bounding-box 

variability reflects localisation stability only for successful detections and cannot be used 

to explain false-negative behaviour in either setting. Even with these limitations, the study 

contributes a transparent benchmark that integrates conventional performance metrics 

with uncertainty analysis. It establishes a baseline for future work that can be extended 

with larger datasets, a broader range of architectures, and more realistic deployment con-

ditions where experimental factors can be varied systematically. 

6. Conclusions 

This study has experimentally demonstrated that Monte Carlo Dropout can be used 

to investigate epistemic uncertainty in PCB defect detection, and the results reveal a clear 

relationship between model architecture and uncertainty behaviour. On the multi-class 

SolDef_AI dataset, Faster R CNN achieved substantially stronger detection performance 

(mAP = 0.7607, F1 = 0.9304) while maintaining lower predictive entropy and generally 

stable localisation. These characteristics resulted in more reliable uncertainty estimates. In 

contrast, YOLOv8 produced markedly lower multi-class performance (mAP = 0.2369, F1 

= 0.3130) and exhibited higher predictive entropy and less consistent localisation across 

stochastic passes. These outcomes reflect the challenges single-stage detectors face when 

trained on small, imbalanced multi-class datasets. On the binary Jiafuwen dataset, 

YOLOv8-Cls achieved stronger classification capability (F1 = 0.6493, recall = 0.8766) com-

pared with the ResNet-50 classifier (F1 = 0.4904). The high recall achieved by YOLOv8-Cls 

indicates greater sensitivity to true defects, which is critical in industrial inspection sce-

narios where missed defects carry significant operational risk. ResNet-50, by comparison, 

exhibited higher predictive entropy and mutual information. This pattern signals greater 

epistemic sensitivity but also greater difficulty in confidently separating defect from non-

defect classes in this binary setting. Across both datasets, predictive entropy and mutual 

information were more sensitive to dataset size and showed larger fluctuations in the 

smaller multi-class dataset. Softmax variance and bounding box variability appeared 

more dependent on architectural behaviour than on sample quantity. These findings high-

light that accuracy alone is not sufficient for evaluating inspection systems. Uncertainty 

awareness is essential for risk-sensitive deployment. 

Future work will extend beyond epistemic uncertainty to hybrid approaches that also 

capture aleatoric effects. This will provide a fuller picture of both model-driven and data-



 

driven risks. Additional directions include formal statistical hypothesis testing to assess 

the significance of differences in uncertainty across architectures, as well as robustness 

evaluations under controlled distribution shifts and noise injection scenarios. Such anal-

yses will clarify how uncertainty behaves when imaging conditions degrade or deviate 

from the training distribution. While recent studies show that region-based CNNs can be 

adapted for PCB defect detection [54], this study’s results emphasise that accuracy alone 

is not sufficient. In safety-critical settings, including PCB inspection, healthcare, and au-

tonomous systems, uncertainty must be integrated into both model design and result in-

terpretation to ensure that AI systems are not only high-performing but also trustworthy 

and operationally reliable. 
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