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ABSTRACT 
In this paper, we present a new framework for triaging nuclear waste classification inside a nuclear cell as 
part of the decommissioning process of nuclear facilities. The process of decommissioning includes a 
large amount of human involvement for decision making, physical inspections and even lifting and 
relocating radioactive waste items. The current process accounts for risks like close human contact with 
radioactive material for extended periods of time, and errors based on operator knowledge rather than 
automated detection systems. Effective, optimized waste management solutions are essential for the safe 
and secure decommissioning of nuclear power plants and in this paper, we introduce an approach for 
integrating knowledge-based systems (KBS) with nuclear decommissioning activities, bringing benefits 
of efficiency and responsiveness to activities performed on daily basis by operators at nuclear facilities. 
We propose a framework using the CommonKADS methodology, a well-established approach for 
knowledge management systems, to identify the main decisions in the process for decommissioning a 
nuclear cell in a nuclear facility. We capture the sources of knowledge required to support and justify 
decisions made, and the resulting models are reviewed to assess where decisions can be automated, or 
supported using AI tools, to ensure of robust, reliable, and rapid decisions. The aims of this framework 
are to provide the first step, and help to support innovation, towards a system able to produce tangible 
benefits for enhancing safety, economy and reliability of nuclear cell waste classification and 
decommissioning management. We illustrate the use of the framework with a case study application 
which demonstrates how a semi-automated decision support system could be built based on the 
framework. 

INTRODUCTION 
Decommissioning of nuclear facilities and related waste management issues represents a significant 
challenge around the world as they continue to age, with a requirement to address dismantling the nuclear 
power plant and radioactive waste management amongst other related issues [1]. A particular problem 
facing the UK is the decommissioning of reprocessing cells containing pipes, vessels, and steelwork. In 
this situation, a key concern is understanding the volumes, spatial distributions and types of waste 
radionuclides present in the nuclear cell, as establishing this determines which strategies and approaches 
can be employed in decommissioning plans. The nuclear industry in the UK relies heavily on experts in 
key areas within decommissioning processes to manually make decisions which is time consuming, 
expensive, and may introduce human factors associated with subjectivity. Thus, knowledge elicitation 
from domain experts and operating history, then utilizing this to develop knowledge-based systems could 
help alleviate pressure on experts and make the decommissioning process more reliable. Performing a 
triage before dismantling would speed up the sort and segregation process by creating an inventory of 
expected waste items, their location within the cell and expected classification. This data can then be 
transferred to robots to dismantle the cell automatically. Since in-cell decommissioning is still in its 
relative infancy, it presents itself as an area where a direct application of more advanced AI methods is 
still difficult. The primary focus of current AI research and technology is based on “black box” 
techniques and can typically be impossible to interpret. Explicability is crucial for any decision-making 
tools regarding nuclear activities in the interest of safety and meeting regulation requirements, so for this 
reason reinforcing the results of the new AI methods with more conventional approaches is necessitated 
to provide a quantitative and qualitative reasoning [3].  
We propose a formal framework for capturing and representing the key decisions in classification of 
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waste in nuclear cells for informing the decommissioning strategy. This framework uses the 
CommonKADS methodology [4] to clearly identify the main decisions in the process, but also captures 
the sources of knowledge required to support and justify the decisions, an essential element to support a 
transparent decision-making process.  By formally capturing this decision-making expertise, the resulting 
models can be reviewed to assess where decisions can be either automated or supported by the use of AI 
tools. This will ensure robust, reliable, and rapid decisions are made in a systematic manner. This paper 
will illustrate the use of the framework with a case study application which demonstrates how a semi-
automated decision support system could be built, highlighting tasks and decisions which could be 
automated and providing examples of some of these activities. We present a proof-of-concept system that 
simulates the infrastructure in a nuclear cell using a case study drawn from a UK nuclear facility. For this 
work we focus on the decisions directly involved with interpreting the data, and while a similar approach 
could be applied to specifying how and what data is captured, we take the existence of the data as a pre-
requisite to this stage of the work. This case study data is a digital representation of the real-world 
environment comprised of a 3D LiDAR scan of a mock-up nuclear cell, which is mainly made up of pipes 
entering/exiting a vessel, with radiometric overlay and spectroscopic information included. This 
demonstrates the designs feasibility while satisfying real-world environments (highly contaminated and 
heavily shielded). The main success factor of the framework is whether the waste item or part of the 
waste item can be classified into categories ILW (Intermediate Level Waste) or LLW (Low Level Waste) 
and can be done so with little or no human intervention. 
The paper is broken down as follows: First we provide short summary of the CommonKADS 
methodology outlining the main models. The following sections then provide the Organization model and 
high-level Task model for classifying nuclear waste, in accordance with the CommonKADS 
methodology. This is followed by a section describing the approach for reviewing manual processes and 
decision making, then evaluating the opportunities for introducing automation or augmentation to 
improve the speed and reduce the subjectivity of these expert judgments, while providing a transparent 
path for explanations of the resulting decisions. Finally, we examine how this approach might be 
expanded on and implemented more fully 
 
COMMONKADS METHODOLOGY 
Knowledge-based systems can be used in the nuclear facility management to solve complex problems 
involving a number of tasks, including fault diagnosis and accident management amongst other issues [5]. 
Knowledge and reasoning surrounding tasks associated with nuclear waste classification, and indeed the 
nuclear industry generally, plays a pivotal role and CommonKADS is an effective methodology for 
knowledge engineering. It can be used to support the identification of problems and opportunities, 
localizing solutions and feasibility and improving tasks with the inclusion of knowledge, providing a 
better understanding of why certain decisions are made and with what knowledge [4].The CommonKADS 
methodology is a well-established approach for knowledge management systems, separating knowledge 
systems into 3 levels, comprising of 6 models shown in Figure 1. The model suite essentially defines 3 
types of questions, the “why”, “what” and “how”. Together, the organization, task, and agent models 
examine the “why” question and analyzes the organizational context for a for a knowledge system. The 
knowledge and communication models examine the “what” question, yielding the nature and structure of 
knowledge and communication, and conceptual descriptions of problem-solving functions of this 
knowledge. The design model asks the “how” question, analyzing the technical specifications necessary 
for computer implementation. The construction of all these models, however, is not mandatory and 
largely depends on the goals of the application. The CommonKADS methodology, in this instance, is 
used to structure and model the knowledge required to build an expert system which prioritizes triaging 
the classification of nuclear waste inside a cell with an automated approach and, as a result, also support 
decision-making for decommissioning plans. It provides a useful framework for evaluating what 
supporting knowledge and data exists explicitly to support digitization and automation of decision 
making. This work is primarily centered around describing the task and knowledge models, and the agent 
model as we review these tasks and knowledge for automation capabilities. We also describe the 
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organizational model. We have revised the CommonKADS methodology slightly to apply in the context 
of the goals of this project by creating only the first organization model to support the general context of 
the project from a technical perspective and not the business perspective that the CommonKADS 
methodology provides structure for. We also do not analyse the communication and design models in this 
paper but will be included in future work. The following is the structure of our analysis:  
 

1. Creation of an Organization model. 
2. Creation of a UML Task model. 
3. Creation of Inference models. 
4. Creation of Agent models. 
5. Communication and design models not developed as they are out of the scope of this project. 

 

 
Fig. 1. CommonKADS model suite 

ORGANIZATION MODEL 
Our case concerns the decommissioning of a nuclear cell in a nuclear power plant, and the organizational 
model serves the purpose of listing problems and solutions in a concise manner, essentially covering the 
overall visioning of the study. It involves carrying out a feasibility study consisting of identifying 
problems and opportunities and determining solutions based on features of the wider organizational 
perspective and mission. Currently, nuclear waste within a nuclear cell is classified manually and requires 
significant man-power and various steps. Protective equipment for each operator is needed for the sort 
and segregation process and there can only be a few hours of productivity due to the nature of the 
working conditions. Once dismantled, a mixture of waste objects is placed into a container for transit to 
the waste treatment cell, and it may not necessarily be known exactly what is in each container. There are 
tools and robots to lift it from the container while avoiding damage to surrounding areas, and then trained 
operators with many years’ experience are required for a knowledge-based approach to classify waste 
using radioactivity and physical characteristics. Once this process has been carried out, decisions are 
made to sort and segregate the waste into their grade classes, which requires moving the waste to the 
correct containers for disposal, while making the best use of space in each container. A representative site 
typically sorts 2-6 drums per day, where the latter end of scale is achieved when the radioactivity is 
homogenous throughout and the objects are similar, and the lower output when the waste was very mixed 
[6][7]. Therefore, we define the overarching problem and potential solution, in line with the general 
context, as “Manual classification of nuclear waste is expensive, time consuming and relies heavily on 
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operator knowledge and expertise” and “Produce a formal framework to capture and represent the key 
decisions and knowledge for classifying waste in nuclear cells, and review resulting models to assess 
where decisions can be automated” respectively. 
 

TABLE I. Organization Model  

Organisation Model - 1 Problems and Opportunities Worksheet OM-1 

Problems and 
opportunities 

Manual classification of nuclear waste is expensive, time consuming and 
relies heavily on operator knowledge and expertise. 

General Context (mission, 
strategy…) 

The need for safer, faster, and more cost-efficient operations than 
conventional methods. Innovate to deliver nuclear services safer, faster 
and at lower cost. 

Potential Solutions Produce a formal framework to capture and represent the key decisions 
and knowledge for classifying waste in nuclear cells, and review resulting 
models to assess where decisions can be automated. 

 

TASK MODEL 
The task model considers important tasks of the process, and a UML diagram was constructed to 
represent this, shown in Fig. 2. To begin with we collected visual and radiological data. In this instance, 
for proof of concept, we use a case study of a mock-up vessel and radioactive source located within the 
scene. A point cloud is generated using a FARO Focus device with 2D radiometric source overlay, 
generated by RadScan 3D gamma imaging system [8]. The focal point of this project is not how to gather 
data but to structure the processes and knowledge required to automate performing a triage of the 
classification of nuclear waste inside a nuclear cell, and therefore this paper addresses the tasks of 
characterizing the internals of active nuclear cells, broken down into 2 subtasks: evaluating visual data 
and evaluating radiation data, and then classifying waste.  This model can then be specified in more detail 
and broken down into inferences models, and we expand on this in the following sections, separating the 
project into categories of Visual, Radiation, and Classification. 
 

 
 

Fig. 2. Task Model 

VISUAL 
Visual – Inference Models 
The first step of the new framework to triage waste inside a nuclear cell involves determining the waste’s 
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physical/visual characteristics and establishing which objects are in the cell. Inference models are created 
for each task within the task model. Inference models provide the link between the task, methods (in our 
case, agents) and domain knowledge, and describes the lowest level sub-tasks, linked with domain 
knowledge to derive new information in the output. Domain knowledge describes the main information 
and knowledge in the application domain used to make the inference, known here as the static role, and 
the agents are the executers of each task.  
For this paper, we present the in-depth assessment of the inference model for the 4th task associated with 
evaluating visual information, “Detect primitives and dimensions”, but a similar approach is adopted 
when the other tasks have been assessed. Fig. 3 displays this using graphical notations consistent with 
CommonKADS, with 2 inputs, “Point cloud with walls removed” and “List of primitives to detect 
(cylinders)” derived from the output of 2 earlier inference models, also shown in Fig. 4.  
 

 
Fig. 3. Inference Model for “Detect primitives and dimensions”, with graphical notations key. 
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Fig. 4. Inference Models showing derivations of inputs for the inference model to “Detect primitives and 
dimensions” 

The “remove walls” inference model provides a data input to the “Detect primitives and dimensions” 
inference model and is the first task associated with evaluating visual information from Fig.2. It has point 
cloud data input, and some domain knowledge identifying the walls in a point cloud are characteristically 
planes at the edges of the point cloud (Fig.4, top), and therefore the task gets broken down further to 
become the task of detecting and removing planes. The output from the inference model for the third task 
associated with evaluating visual information (Fig.4, bottom) is to characterize objects in a nuclear cell as 
primitives to allow for object detection of these objects within the point cloud. To make this judgement 
call, this task needed 2 inputs - having a list of likely objects found within a cell (the output from the 
“Determine likely objects” inference model, not shown here), and some knowledge, equating objects to 
primitives. This provides a transparent path for resulting inputs to “detecting primitives and dimensions”.  
We also present an analysis and inference model for the last task for evaluating visual information. This is 
matching primitives detected in the point cloud to an inventory of waste objects commonly found in a 
nuclear cell. The input here is the output derived from the inference model in Fig. 3, and some domain 
knowledge of an inventory of waste objects. This inventory could be in the form of CAD models or 
otherwise and may include industry standards or information form past investigations of the cell. The 
output would then provide a list of known objects in the cell. 
 
 

 
 

Fig. 5. Inference Models for matching objects detected in the point cloud to an inventory of objects. 

Visual – Review for Automation 
Every task in Fig. 2 has its own inference model, and the approach for reviewing the manual processes 
and decision making in this way supports the evaluation of opportunities to introduce automation or 
supporting technologies to improve the speed and cost. Machines, in theory, could perform all functions 
required for each task, however technical feasibility is a necessary precondition for automation amongst 
other things, and automation may not be liable to happen.  For example, determining likely objects found 
in a nuclear cell and characterizing these objects as primitives could be automated if we had CAD models, 
or otherwise, of these objects. Then, geometric interpretations of the CAD models using supervised deep 
learning tools could be built. However, understanding commonly known objects in a nuclear cell is not 
currently perceived by machines, and there is no database of commonly found objects yet. Under these 
circumstances and considering if a task is worth automating based on difficulty and time savings, 
determining likely objects, and deciding which primitives they closely match to, may be better completed 
by humans for now.  
Meanwhile, the tasks of removing walls and detecting primitives within a point cloud may be more 
susceptible to automation from a technical perspective. Currently, visual nuclear waste classification is in 
its infancy. It is performed manually and without the inclusion of radiometric data, however some novel 
solutions have been proposed in recent years to automate this process for visualizing nuclear waste 
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objects. In [9],  a vision system that automatically classified waste objects using their 2D shape 
representation from a single monocular camera using a ‘random forests’ learning classifier was proposed 
and showed promising results. [10] performed RGBD-based detection and categorization of waste objects 
for nuclear decommissioning using a weakly-supervised deep learning approach on videos with 
effectiveness. In [6] the authors demonstrated the use of a reconfigurable rational agent-based robotic 
system using a time-of-flight camera, and high-level rational agent-based decision making and control 
framework. They identified cylindrical objects within the scene and estimated their parameters using 
Random Sample Consensus (RANSAC). Alternatively, some studies have shown success in 3D scanning 
data including creating a VR model [11], building a 3D CAD model [12] and using laser rangefinders and 
conventional cameras [13]. The task to match primitives found in the point cloud to an inventory of waste 
objects may also be liable to be automated.  
To demonstrate the automation of the tasks to remove walls from the point cloud and detect primitives, 
we created an agent model, shown in Fig. 6, and give an example of automating these tasks.  
 

 

Fig. 6. Agent Model 

A Faro Focus Laser Scanner was used to create a point cloud of inside the mock-up cell, and initially we 
use the M-estimator SAmple Consensus (MSAC) algorithm, which is a generalization of the RANSAC 
estimator [14], to find the walls of the cell and extract them. This is to segment the objects within the cell 
from the walls containing them, shown in Fig. 7. The algorithm chooses points at random and makes the 
assumption that these points lie on a plane. Then it decides if it really is a plane or not by inspecting the 
surrounding points, since there will be a lot of other points that lie close to that plane. It accepts the 
largest consensus set and those points are allocated to the first plane in the scene [15]. Then, after 
removing the points allocated to plane 1, the algorithm searches for the next largest consensus set, and, 
iteratively, finds all the planes in the point cloud. Certain thresholds are set and only points that lie within 
this threshold are used for planes. We applied the distance to model threshold where only points within 
this is a planar fit, and similarly we applied a threshold based on angular deviation between the normal 
and inlier points of the plane. Setting a region of interest also minimizes wrong planar fits. 
For this project, object detection focused initially on cylindrical objects, since pipework is significant in 
nuclear cells and indeed any industrial site, and predictions were made on the geometric parameters. We 
used the MSAC algorithm again to define and estimate a model for 3D cylinder segmentation, using 
additional orientation constraints specified by a 1-by-3 orientation vector, and distance to model 
threshold, to do so. Again, setting a region of interest also minimized wrong cylinder fits. The detected 
vessel and its estimated parameters are given from the model cylinder as shown in Fig.8. Then, we extract 
the first cylinder from the remaining point cloud and repeat the process to find the next cylinder in the 
point cloud. We choose MSAC for its simplicity and convenience, and it is considered more efficient than 
other methods of planar segmentation, like Hough transform [16], and this method works as a proof of 
concept for the framework. 
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We match the parameters taken from the cylinder models from above to parameters given in reference 
drawings of the objects in the mock-up cell. We created a simple algorithm in MATLAB to compare 
parameters, radius and length of the cylinders detected in the point cloud, to the parameters of the vessel 
and pipework in the cell and decide upon a match. Parameters were manually retrieved from reference 
drawings as, although it is a laborious and time-consuming task, the cost of developing and deploying 
software to interpret this data was beyond the scope of the project. However, there exists a limited number 
of solutions to extract relevant information from engineering drawings. In [17], the authors present a novel 
pipeline for information extraction from piping and instrumentation diagram sheets using a combination of 

Fig. 7. Original point cloud (left) and remaining point cloud (right) with walls of cell extracted revealing 
the mock-up vessel and pipes.  

Fig. 8. Detected cylinder from remaining point cloud (left) and model cylinder (right). 
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state-of-the-art deep learning techniques for text and symbol identification, and  low level image processing 
techniques for the extraction of different components. Authors in [18] generated a system to extract 
information from scanned copies of engineering drawings. Their system, File2Learn, is built to extract file 
system level information using Aperture software, perform content-based analysis of 2D engineering 
drawings by optical character recognition (OCR) techniques and of 3D CAD models by string matching, 
and to discover and establish relationships among files by using a semi-automated exploratory framework.  

 
RADIATION 
Radiation – Inference Model 
As with evaluating visual tasks, the evaluation of radiation tasks and decisions was done in the same way. 
We take a deeper dive into the second task of evaluating radiation information from Fig. 2, “Assign 
radiation to objects detected in point cloud”, shown in Fig. 9. Inputs include the point cloud with objects 
detected within and with radiation overlay. In an effort to assign radiation to objects, we need some 
domain knowledge, where we must consider that radiation will likely be constrained to an object, and not 
be floating in mid-air, and on this account, if radiation is projected to non-object points in the point cloud, 
then we would seek to project it to the nearest object instead. We should also be aware of past 
investigations and take into consideration system engineer predictions of the likelihood of radiation being 
present in that object. For example, there may be two objects close to each other and based on distance 
alone it may be difficult to assign radiation to one object over another, and so expert knowledge may be 
required to make this judgement call.  
 

 
 

 
 
Radiation – Review for Automation 
Next, we review these tasks for automation and assess some solutions in the research area, discussing 
their applicability. Lawrence Berkeley National Laboratory coined the “Scene-Data-Fusion” concept 
which is a framework enabling the mapping of gamma-ray emissions and dose rates from a freely moving 
platform, tried a tested on a hand-pushed cart and aerial and ground robots [19].  They used a Microsoft 
Kinect RBG-D camera and LiDAR combined with Simultaneous Localization and Mapping (SLAM) 
algorithms, GPS and inertial measurement units (IMU) to build a more robust 3D contextual model of the 
scene.   Their framework resulted in faster and more accurate measurements of 3D environments with 
real-time observations and almost instantaneous feedback. They used the Compton imaging concept to 
construct a gamma-ray image, and the image was projected onto voxels occupied by points in the point 

Fig. 9. Inference model for the task “Assign radiation to objects detected in point cloud”.  
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cloud, assuming that gamma-rays originate from inside or on the surface of objects in the point cloud. 
Their method could be directly applicable for our framework where, instead of projecting directly onto 
the unorganized point cloud, it would be projected onto a point cloud that also has objects detected 
within. Access to their reconstruction software can be coordinated through the LBNL Intellectual 
Property Office [20]. In [21] the authors similarly describe an approach to localize a radiation  source in 
3D, where an algorithm was developed and implemented in MATLAB to predict the source position 
using measurements from different detector positions. This simple and fast approach could be 
implemented here if the data was gathered from multiple viewpoints. Taking data from multiple 
viewpoints reduces ambiguity and improves precision concerning where the radiation source is located in 
3D space. However, often in nuclear cells, pipework is directly attached to the walls of the cell, so 
gathering visual and radiation data in a CT scan-like manner is not achievable.  
 
CLASSIFICATION 
Classification – Inference Models 
Following the evaluation of visual and radiation data, we provide the inference models for the two tasks 
attributed to classifying waste in Fig. 2. In Fig. 10 we seek to combine activity of object with the mass of 
the same object, to determine the objects specific activity, the unit in which we classify waste in 
accordance with the World Nuclear Association [22]. The Inference model in Fig. 10 has 3 inputs: 1) an 
output derived Fig. 9, so that we know which objects we are interested in, 2) the activity of the cell, and 
3) the output from Fig. 5, providing information about the object’s parameters, specifically the mass of 
that object. The output is then carried over to become the input in the next inference model to classify 
waste, in Fig. 11. To classify waste, we also need the thresholds for Low Level Waste (LLW) (<12GBq/t) 
and Intermediate Level Waste (ILW) (>12GBq/t), where GBq/t is giga becquerels per ton. 
 
 

 

 

 
 
 

 

Fig. 10. Inference model for the task “Combine object mass and activity to derive specific activities of objects”.  

 

Fig. 11. Inference model for the task “Classify waste”.  
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Classification – Review for Automation 
To automate the classification of waste, we look to combine the activity, and the mass of the object. Since 
our objective is to triage nuclear waste classification in a nuclear cell before dismantling, there are 
multiple radiation sources from items within the cell to assay. The situation of multiple hotspots is 
challenging, particularly if the isotopic composition is heterogeneous (i.e. different isotopes in different 
locations), and it is something that we always need to take into consideration when determining the assay 
approach. Since we know the waste originates from the same cell/process, it should be similar in terms of 
radionuclide contents, we can simply assume that the spectrum we acquire for the cell is representative of 
all the items in the cell. However, we generally only make this assumption if we are reasonably confident 
that the isotopic composition is homogenous. If this can be supported by other data such as sampling or 
surveys, confidence levels would be increased. We might make this assumption but increase the 
measurement uncertainty to account for potential bias if we have less confidence that it is correct. For this 
project, we assume homogeneity and assigning different activities to different items in the cell is not 
necessary. We may also try to isolate each hotspot and assay it separately using a collimated detector (or 
perhaps just with distance). This is a bit more involved because a gamma imaging survey would need to 
be achieved to identify whether there are multiple discrete hotspots and specify their locations. We would 
therefore only do this if the first approach is not appropriate, i.e., we cannot assume homogeneity with 
respect to isotopes. However, building in some data quality checks within the analysis may substantiate 
this assumption. The first will be to compare the spectra measured from the top and bottom of the item – 
if these spectra show big differences in isotopic ratios, then there may be a problem (note this will only 
work for quite dense items, such as metals, where the material on the reverse side is shielded to some 
extent). The second check is when we use the measured spectra to identify the waste fingerprint (required 
to calculate total activity). If we cannot get a match to a fingerprint in the library, then this could be 
caused by multiple hotspots with heterogeneous isotopes and could be flagged for further offline 
investigation. Once we know the activity of the items, we can use the data output from a previous 
inference model to check which objects the radiation is constrained to and can verify the mass of that 
object using list of objects that were matched from the output in Fig. 5. 
We then seek to compare the specific activities of the objects within then nuclear cell to classification 
thresholds, and then label objects as LLW/ILW. The activity will also need to be extracted from a 
spectrum, and there are a number of studies on automated isotope identification from spectrums, reviewed 
in [23], where the authors review the results, processes, and limitations of automated isotope 
identification, and give a more transparent and human-centered approach for the identification of isotopes 
using domain knowledge, imperative in a highly regulated industry such as the nuclear industry. A 
notable paper cited in this review, directly applicable to automating the tasks for inference model in Fig. 
10, is [24]. The authors use a HPGe detector to obtain spectrums which are then fed into a set of 
pretrained neural networks, with the aim to generate specific activity. The method they used is outlined as 
follows: Spectrums were generated using a calibrated system, the background radiation was subtracted 
from the spectrum, the most prominent photopeak’s were identified, each peaks net count was acquired 
and divided by the measurement time to calculate counts per second (or Bq), and the result divided by the 
sample mass to finally obtain the specific activity in Bg/kg. This is a method that could be applied to our 
project, with the results handed over to a simple MATLAB script to classify the waste items. 
 
CONCLUSION AND FUTURE WORK 
This work describes a CommonKADS approach that can be used to automate nuclear waste classification 
from within a cell before dismantling, highlighting some of the processes involved, reviewing these for 
automation and identifying some solutions. Moreover, we have shown a proof-of-concept example of one 
of the first features of this framework, which is detecting the main primitive in a mock-up nuclear cell. 
We have estimated the location and radii of cylinders in the point cloud, using point cloud data of a 
mockup cell and implementing RANSAC based methods to conduct planar segmentation to separate 
indoor walls from waste objects for processing, and to detect the vessel and pipes via cylinder fitting. 
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For future works, we will continue to review tasks for automation and develop agent models in 
preparation for constructing the global overview of the Communication model as part of the 
CommonKADS methodology. The Communication model specifies information and knowledge transfer 
and requires inputs from the task model, inference model and agent model. As with any automated 
process, consideration of data formats and conversions is vital for information exchange between agents 
in carrying out tasks and when designing the automation architecture. For example, the list of known 
objects in the cell will need to be digitized along with the parameters of the objects in a format so that a 
simple script could grab the relevant information and match to estimated parameters from the point cloud.  
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