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ABSTRACT

Critical assets in nuclear power plants, such as reactor vessels, coolant systems, and containment
structures, must be inspected to ensure safe and reliable operations. However, these inspections
are often complicated by the harsh environments in which they are conducted, with high radiation
levels creating significant visual noise in inspection footage. Identifying defects, such as cracks
or surface anomalies, is vital for preventing failures, but manual review by engineers can be time-
consuming due to challenging visual conditions. To address these challenges, a novel, automated
defect detection algorithm has been developed, integrating image processing techniques with a
knowledge-driven framework. The approach uses frame differencing to detect temporal changes
in video frames, thresholding to isolate potential defects, and morphological operations to elimi-
nate noise. The main contribution of this work is a rule-based filtering process that incorporates
domain-specific knowledge, including factors such as anomaly size, persistence across multiple
frames, and proximity to critical surfaces. A key feature of this approach is the emphasis on ex-
plainability. Unlike black-box machine learning models, this method provides clear, rule-based
justifications for each detected anomaly. Such transparency is crucial in the highly regulated nu-
clear industry, where every decision must be traceable and defensible. To validate the approach,
it was applied to a case study involving Calandria Tubesheet Bore (CTSB) inspection videos, a
particularly challenging dataset due to the visual noise caused by radiation. The knowledge-based
rules tailored to this inspection process helped filter out irrelevant anomalies and generated de-
tailed reports with visualisations to assist engineers in their final assessments.
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1. INTRODUCTION

Visual inspection is a vital process in nuclear power, allowing for evaluating components, systems, and
structures within nuclear plants [1]. Several techniques, such as in-situ visual inspections, remote boro-
scopic methods [2], and robotic inspections [3], are utilised for these assessments. However, all these
approaches encounter a shared issue: radiation-induced noise affecting imaging systems. This noise makes
it challenging to detect and evaluate defects in critical components accurately [4]. As aresult, it often causes
false positives and reduces the efficiency of industrial operations. Obtaining precise and reliable visual data
in high-radiation settings is crucial for maintaining the safety, dependability, and performance of nuclear
facilities.
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Traditionally, these inspections are performed manually, relying on human expertise to identify and address
potential issues. However, manual methods are time-intensive and prone to subjectivity. Artificial Intel-
ligence (AI) offers significant potential to enhance visual inspections through automation and advanced
analysis. Al encompasses diverse methodologies, including data-driven approaches, symbolic reasoning,
and generative Al. Data-driven approaches, often called “’black box™ systems, excel at anomaly detection
but provide limited explainability. Symbolic approaches, while interpretable, have historically suffered from
brittleness and complexity in design. Recently, generative Al, including large language models (LLMs), has
shown promise in summarising, and searching large volumes of textual data. However, for anomaly detec-
tion in visual inspection, generative Al lacks suitability due to its textual focus and limited applicability to
image-based problems.

In most inspection applications, the collected visual data is analysed to detect defects in nuclear compo-
nents, assess their severity, and prioritise necessary maintenance or repair activities. These inspections play
a critical role in ensuring the safe and reliable operation of nuclear facilities by identifying potential issues
before they escalate into serious failures. Examining the interior of a nuclear reactor core presents unique
challenges due to the extreme radiological environment, which complicates the detection of defects. Arte-
facts, distortions, and brightness fluctuations in the footage can obscure critical features, making defect
identification more difficult. Additionally, prolonged radiation exposure can damage camera components,
further reducing the quality of the footage [S]. To overcome these obstacles, advanced defect detection algo-
rithms and robust analysis methodologies extract meaningful insights from the inspection footage, enabling
engineers to accurately identify and address anomalies while maintaining operational safety and efficiency

[6].

In this work, we present a novel automated defect detection algorithm designed to tackle the challenges
of radiation-induced noise in nuclear power plant inspections. By integrating advanced image processing
techniques with a knowledge-driven framework, our approach effectively identifies and isolates potential de-
fects, even in high-noise environments. The algorithm employs frame differencing, thresholding, and mor-
phological operations, combined with a rule-based filtering process that leverages domain-specific knowl-
edge to reduce false positives and enhance detection accuracy. Emphasising explainability, our method pro-
vides clear, rule-based justifications for each detected anomaly, to aid compliance with regulatory standards.
Validated through a case study involving Calandria Tubesheet Bore (CTSB) inspection videos, gathered by
Bruce Power during their Major Component Replacement (MCR) program, our approach significantly re-
duces inspection time while maintaining accuracy, demonstrating its potential to streamline and improve
the reliability of nuclear plant inspections.

2. BACKGROUND

Anomaly detection in visual inspection, particularly in high-radiation environments like nuclear power
plants, has been extensively studied [4]. Traditional methods often rely on manual inspection, which is
time-consuming and prone to human error, especially under challenging visual conditions. To address these
limitations, various automated techniques have been developed [7] [8].

One common approach is frame differencing, which detects temporal changes between consecutive video
frames. This technique has been widely used in surveillance and industrial inspection applications due to its
simplicity and effectiveness in highlighting regions of interest, i.e., regions that have changed significantly
or are showhing something unexpected. However, frame differencing alone is insufficient in high-noise
environments, as it can generate numerous false positives [9].

Domain expert knowledge plays a crucial role in enhancing the accuracy and reliability of automated defect
detection systems. In the context of nuclear power plant inspections, this knowledge is vital for developing
algorithms and processes to the unique challenges posed by high-radiation environments. Experts contribute
to defining key parameters, such as defect thresholds, anomaly size limits, and critical surface areas, which
are used to guide the detection process [10].

Knowledge graphs have emerged as powerful tools for representing and organising complex information
in a structured and interconnected manner [11]. In the context of defect detection, knowledge graphs can
enhance the explainability and traceability of the inspection process by providing a clear representation



of detected anomalies and their attributes. Knowledge graphs have been widely used in various domains,
including natural language processing, biomedical research, and industrial applications [12]. They enable
the integration of heterogeneous data sources and facilitate the extraction of meaningful insights through
their interconnected structure [13]. In visual inspection, knowledge graphs can represent relationships
between detected anomalies, their characteristics, and domain-specific knowledge, such as known defect
patterns and critical surface areas [12].

3. METHODOLOGY

The proposed automated defect detection algorithm integrates several image processing techniques within a
knowledge-driven framework to enhance the accuracy and efficiency of inspections in nuclear power plants
but also to imitate the human decision making process. The key components of the algorithm are as follows.

3.1. Anomaly Detection Algorithm

The anomaly detection process, shown in Figure 1, begins with frame differencing, a technique employed
to detect temporal changes between consecutive video frames. By comparing each frame with the average
of the ten previous frames, the algorithm identifies regions where significant changes occur, which may
indicate potential defects. This is because it is expected that there will be a consistent/homogenous surface
and any different should be highlighted as a potential defect. Once potential defect regions are identified
through this frame differencing, thresholding is applied to isolate these regions from the background. The
pixel intensity threshold is set based on an analysis of historical data, ensuring that the threshold accurately
distinguishes defects from surrounding noise.

Denoised Frame . Noise Removal Detected
CTSB Video Differencing Thresholding (Opening) Anomalies

Figure 1: Diagram of the video processing pipeline.

To further refine the detected anomalies and eliminate noise, morphological operations such as opening are
used. A morphological opening [14], which involves erosion followed by dilation, helps in removing small,
irrelevant artefacts and enhancing the shape of the detected defects. The parameters for these operations,
such as the kernel size, are also determined through historical analysis, ensuring that the morphological
operations are tailored to the specific characteristics of the inspection environment.

3.2. Rule-Based Filtering Process

A significant contribution of this work is the incorporation of a rule-based filtering process that leverages
domain-specific knowledge, shown in Figure 2. This process involves several steps to enhance the accuracy
and reliability of the anomaly detection. First, anomalies must exceed a minimum size threshold to be con-
sidered significant, as small anomalies are often noise or irrelevant artefacts. By setting a size threshold, the
algorithm focuses on defects that are more likely to impact the integrity of the inspected component. Simi-
larly, the algorithm checks that the width of the anomaly is greater than a specified pixel count. Anomalies
with dimensions smaller than this are also likely to be insignificant features rather than meaningful defects.
The next set of rules evaluates the contrast and variability of the anomaly compared to the surrounding area.
If the average difference in pixel values between the anomaly and the background is low, it suggests the
anomaly is not sufficiently distinct and may be indistinguishable from the asset surface, and therefore not a
defect. Likewise, if the maximum difference in pixel values is also low, it indicates the anomaly does not
have a significant contrast, which could lead to false positives.

Additionally, the algorithm checks the variance of pixel values within the anomaly region. If the variance
is low, it implies the anomaly does not have sufficient textural or intensity variations to be considered a
genuine defect. Finally, the approach verifies the location of the anomaly, ensuring that it is within the asset
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Figure 2: Diagram of the video processing pipeline.

surface. Anomalies positioned outside of this surface are more likely to be background features or irrelevant
artefacts rather than defects within the inspected component. An example of the rule base is shown in Figure
3.

IF Area < A THEN: Small Area = True,
IF Width < W THEN: Small Dimension = True,
IF Average Difference < D,y THEN: Low Average Difference = True,
IF Max Difference < Dy« THEN: Low Max Difference = True,
IF Variance < V THEN: Low Variance = True,
IF Anomaly Position ¢ Prrsg THEN: Background = True.

Figure 3: Rule based filtering approach

By applying these rule-based filters, the algorithm can effectively distinguish genuine, significant defects
from noise, small irrelevant features, and anomalies that are unlikely to have a meaningful impact on the
inspected component, thereby enhancing the accuracy and reliability of the anomaly detection process.

3.3. Knowledge Graphs for Traceability

After anomalies are highlighted and processed using the rule-based filtering process, all relevant information
is stored in a knowledge graph. This approach enhances the explainability of the defect detection algorithm
by providing a structured and interconnected representation of the detected anomalies and their attributes.
The knowledge graph is constructed by mapping each detected anomaly to a set of nodes and edges that
represent its characteristics and relationships. For instance, the schema incorporates nodes such as the
anomaly identifier, associated defect attributes (e.g., location, severity), timestamps, and relevant inspection
metadata. These nodes are interconnected through relationships that trace the origin, propagation, and
resolution of each anomaly.

Each detected anomaly is linked to the specific rules and domain knowledge that contributed to its iden-
tification, allowing engineers to understand and verify the decision-making process. For example, in the



schema shown in Figure 4, nodes representing defects are connected to inspection results, timestamps, and
contributing rules, forming a cohesive network of relationships. This rule-based justification ensures that
the decision-making process is transparent and understandable. Additionally, visualisations of the knowl-
edge graph, like the one shown (Figure 4), highlight the relationships between anomalies, inspection passes,
and associated metadata (e.g., defect categories, inspection dates). These visualisations aid engineers in in-
terpreting inspection results, and understanding defect context. Furthermore, the structured representation
of information in the knowledge graph ensures that all decisions are traceable and defensible, supporting
compliance with regulatory standards in the nuclear industry.
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Figure 4: Example of knowledge graph showing details of a specific defect in a specific frame.
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4. CASE STUDY
4.1. Calandria Tubesheet Bore (CTSB) Inspection Videos

This case study focused on a specific subset of data collected by Bruce Power (Ontario, Canada) during
their Major Component Replacement program, which involved the inspection of Calandria Tubesheet Bores
(CTSB) [15] [16]. The dataset included over 1,000 individual 360-degree scan videos, each capturing
detailed footage of the interior surface of the CTSB (Figure 5). These scans were conducted using Ahlberg
PTZ620 cameras, which are high-definition and specifically designed to withstand the harsh radiation levels
present in nuclear inspection environments [17].

4.2. Data Preprocessing

The preprocessing of the CTSB inspection videos involved several steps to prepare the data for anomaly
detection. First, the videos were converted into individual frames to facilitate frame-by-frame analysis.
The frames are captured at 24 frames per second (fps) and digitally upscaled to 60 fps at a resolution of
1920x1080 during the capture process. Due to the upscaling process, duplicate frames were present and
had to be removed to ensure the integrity and accuracy of the subsequent analysis. However, analysis
confirmed that the duplicate frames were identical, ensuring that the upscaling process did not introduce
any unintended artefacts to the data.

Each frame was then subjected to noise reduction techniques to mitigate the impact of high radiation levels
and other sources of noise. This included the application of the motion-based video denoising algorithm
discussed in [16]. The effectiveness of the noise reduction technique is being evaluated by domain experts.
While earlier concerns were raised about anomaly blurring, these were linked to non-standard rotation
speeds. No issues have been observed at expected speeds, and validation is planned to confirm that denois-
ing does not affect detection accuracy. The approach is under review for future MCR deployment.



Figure 5: Representative frame gathered from CTSB visual inspection with overlay text anonymised.

Next, the saturated regions identified on the left and right sides of the frames were masked to prevent them
from interfering with the anomaly detection process. Similarly to the denoising approach, the masking of
saturated regions was assessed by engineers, who verified that no relevant information was lost, ensuring
that the anomaly detection process remained unaffected.

4.3. Anomaly Detection

The anomaly detection process was applied to the preprocessed CTSB inspection videos, producing step-
by-step results that demonstrate the progression through each stage of the algorithm. Figures 6a to 6d show
the individual steps for one frame from an example inspection video. Initially, frame differencing was
applied to the preprocessed frames, this was performed on a grayscale version of the image because colour
was determined to not be an important feature for the defect detection. This highlights regions of significant
temporal change between consecutive video frames. This step effectively identified areas where potential
defects may exist by focusing on regions with high-intensity variation (Figure 6b). Next, thresholding was
applied to isolate these regions from the background (Figure 6¢). By setting a pixel intensity threshold, the
algorithm effectively separated anomalies from surrounding noise. This step produced binary masks where
potential anomalies were more clearly refined. To enhance the detection accuracy and remove irrelevant
artefacts, a morphological opening was performed, as shown in Figure 6d. This operation removed smaller,
disconnected noise regions while preserving the structural integrity of larger defect regions. At this stage,

(b) (c) (d)

Figure 6: (a) Original image, (b) Frame differencing, (c) Thresholding, (d) Noise removal (opening).
The red box in each image denotes the known location of a defect.



the anomalies were refined into distinct shapes that corresponded to potential physical defects on the CTSB
surface.

4.4. Defect Classification

Once anomalies were detected, they were classified based on characteristics such as size, shape, intensity,
and location. The classification process involved setting thresholds for each characteristic to determine
whether the detected anomaly was likely a significant defect. Since labelled ground truth data was unavail-
able, the thresholds were determined using expert knowledge and iterative feedback.

The classification of anomalies was based on several key characteristics: size, shape, intensity, and location.
The area and dimensions of an anomaly were considered, with experts identifying specific size ranges asso-
ciated with significant defects such as cracks, pitting, or other forms of damage. The width and height of the
anomalies were also examined, with domain experts providing insight into the typical shapes of critical de-
fects. Intensity differences between the anomaly and the surrounding surface were calculated, with experts
noting that significant defects often exhibited higher intensity contrasts compared to background features.
The thresholds for each variable were initially set based on typical defect sizes and intensities observed by
experts in previous inspections.

Since ground truth labels were unavailable, the validation of the thresholds relied on iterative feedback from
the domain experts. This process involved detecting anomalies, classifying them based on the established
thresholds, and then having the experts review the results. This iterative process helped to fine-tune the
classification thresholds, ensuring that only significant defects were flagged for further review. As a result,
the thresholds were gradually optimised without the need for ground truth data. In addition, inspection
reports were used to further define the thresholds, with all highlighted defects from these reports correctly
detected in the inspection video. However, this validation was conducted on a small sample size of 14
videos.

To ensure no defects were missed, the approach was deliberately conservative, prioritising recall over preci-
sion. This meant that while more anomalies were flagged for review, the focus was on capturing all potential
defects, even at the cost of some false positives. The goal was to ensure that any defects, which could affect
the CTSB surface, were not missed.

Figure 7 provides a detailed visual representation of this classification process for a specific frame from
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Figure 7: Example of defect classification for a specific frame in an inspection video.



the inspection video. The figure demonstrates how individual anomalies are segmented, colour-coded, and
labelled based on their severity and type. For instance, a red-outlined region indicates a defect with a larger
width than height, while blue regions represent anomalies with larger height than width, and finally green
regions have equal width and height. This colour-coding scheme highlights defects spanning across lands
and grooves, with these vertically-oriented (height > width) anomalies being more likely to have an impact

on the asset than the other two types.

4.5. Detection Traceability

All the information relating to anomalies, defects and noise was then stored in a knowledge graph, which
provided a structured and interconnected representation of the detected anomalies and their attributes. This
knowledge graph, see Figure 8, will facilitate the explainability and traceability of the defect detection
process, allowing engineers to understand and verify the decision-making process.

The construction of the knowledge graph involved defining entities representing key attributes of the in-
spection process, including defect identifiers, timestamps, inspection passes, and related metadata. Each
node in the graph corresponds to a specific aspect of the inspection, such as individual defect detections,
frame number, or anomaly attributes, while edges capture the relationships between these elements. This
structured approach enables engineers to trace detected anomalies back to their originating inspection data,
ensuring that each detection is explainable and verifiable. Additionally, the knowledge graph provides a
persistent record of detected anomalies, allowing for historical comparisons and aiding in long-term mon-
itoring of defect evolution. By utilising this structured representation, engineers can efficiently navigate
large datasets, validate detection outcomes, and enhance decision-making processes while maintaining full

traceability of each detection.

5. CONCLUSIONS

In this paper, a novel automated defect detection algorithm was presented to enhance the inspection pro-
cesses of critical assets in nuclear power plants. The algorithm integrates advanced image processing tech-
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Figure 8: Example of knowledge graph showing details of a specific defect in a specific frame. Defect
number (1) has a variety of properties, and is present in frame (253) which is within inspection video
(OPN 514 2ND PASS).



niques with a knowledge-driven framework, addressing the challenges posed by high radiation levels and
other sources of visual noise in inspection footage.

The methodology involved the use of frame differencing, thresholding, and morphological operations to
detect and refine potential defects. A rule-based filtering process, incorporating domain-specific knowledge,
was employed to further enhance detection accuracy by reducing false positives. This approach not only
improves the reliability of defect detection but also ensures that the process is transparent and explainable,
which is crucial in a highly regulated environment such as the nuclear industry.

A case study involving Calandria Tubesheet Bore (CTSB) inspection videos demonstrated the effectiveness
of the proposed algorithm. The knowledge-based rules tailored to the CTSB inspection process proved
effective in filtering out irrelevant anomalies and generating detailed reports with visualisations to assist
engineers in their final assessments.

The integration of a knowledge graph provided a structured and interconnected representation of the de-
tected defects and their attributes, enhancing the explainability and traceability of the defect detection pro-
cess. This transparency is essential for ensuring compliance with strict safety and regulatory standards in
the nuclear industry.

Future work will focus on addressing the limitations of the current study by incorporating a labelled dataset
to enable quantitative evaluation of the approaches performance. This will allow for a more comprehensive
comparison with existing methods and provide insights into its accuracy and reliability. Additionally, the
defect detection and classification algorithms will be refined to enhance their adaptability to different light
levels and defect types.
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