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Electronic waste management faces critical challenges due to the complexity and variability of printed circuit
board assemblies (PCBAs), which contain both high-value recoverable materials and hazardous components.
Current inspection and recovery processes are predominantly manual and static, resulting in inefficiencies and
limited scalability. This paper proposes a novel framework that integrates Graph Neural Networks (GNNs) with
Reinforcement Learning (RL) to enable adaptive, real-time inspection sequencing and recovery decision-making
for PCBAs. By modelling each board as a graph of interconnected components, the GNN encodes structural and
defect-related information, providing a dynamic state representation for the RL agent. The agent then chooses a
sequence of inspections or recovery strategies, such as reuse, repair or recycle, balancing the cost of diagnostics
against the potential value of recovery. A case study on an industrial I/O device demonstrates the approach’s
effectiveness with simulations showing that the system learns profitable inspection and recovery policies under
uncertainty while reducing unnecessary tests. A comparative analysis of state-of-the-art graph architectures
reveals that Graph Attention Networks (GAT) outperform standard Graph Convolutional Networks (GCN). Re-
sults confirm the potential of GNN-RL integration to improve economic viability and sustainability in PCBA

inspection for e-waste management.

1. Introduction

The global surge in electronic waste (e-waste) poses a multifaceted
challenge at the intersection of environmental policy, materials science,
and industrial engineering. The Global E-Waste Monitor 2024 reports
that more than 60 million metric tons of e-waste are generated per year,
with only approximately 17% formally documented as having been
collected and recycled in a proper manner [1]. This phenomenon is
driven by a combination of factors, including the rapid obsolescence of
electronic products, and the increasing complexity of these systems.
Printed circuit board assemblies (PCBAs) are of particular significance in
this regard, given their presence in virtually all electronic devices.

Improper handling of PCBAs leads to the irreversible loss of critical
raw materials such as gold, palladium, and rare earth elements [2], as
well as the release of toxic substances that pose serious environmental
and health risks [3]. Consequently, PCBAs contribute disproportionately
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to the economic and environmental burdens associated with electronic
waste [4]. In response to these challenges, regulatory and economic
pressures are driving industries to adopt circular economy models that
prioritise reuse, remanufacturing, and recycling [5]. The efficacy of
these strategies hinges on the capacity to reliably determine the
appropriate R-strategy (e.g. reuse, repair, or recycling) for each board
[6], a process guided by inspection results. The inspection process is
particularly challenging in the case of PCBAs due to the heterogeneity of
their components and failure modes, which renders them highly com-
plex systems. In particular, a generic inspection approach is often
inadequate, as certain boards may only necessitate minimal testing and
cleaning, while others may conceal multiple faults that require in-depth
diagnostics prior to decision-making [7,8]. At present, the inspection
process is predominantly manual and labour-intensive, resulting in a
bottleneck in the recovery chain [6]. Addressing this gap necessitates
the development of intelligent, adaptive inspection methods capable of
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operating under uncertainty and variability, and of supporting
real-time, data-informed decision-making [7,9,10].

Traditionally, the industry has relied on rigid inspection sequences
or simple decision trees, governed by preset guidelines that cannot adapt
to the variability of end-of-life boards [11]. Exhaustive testing of every
component is prohibitively costly and time-consuming, while insuffi-
cient testing risks overlooking opportunities to recover high-value parts.
In addition, the low intrinsic value of many components (e.g., resistors,
capacitors) relative to the labour required for inspection undermines the
economic viability of detailed manual approaches [12,13].

These challenges highlight the need for intelligent, adaptive in-
spection methods capable of adjusting actions in real time. For example,
if a critical component proves functional, the board may be suited for
refurbishment, whereas its failure may justify immediate recycling or
selective part recovery [14]. Today's remanufacturing systems largely
lack the ability to make real-time decisions, essentially treating PCBA
inspection and recovery as a linear, static sequence rather than a
continuous, feedback-driven process.

This paper proposes a novel solution for the optimisation of PCB e-
waste recovery by combining Graph Neural Networks (GNNs) and
Reinforcement Learning (RL) to create an intelligent inspection
controller that dynamically guides the process [15]. Within this frame-
work, each PCBA is modelled as a graph that encodes the system-level
structure of the board. This enables the decision agent to discern how
the functionality of a given component may influence the usefulness of
others. An RL agent, having undergone training to operate on this
graph-based state representation, is responsible for determining which
inspection to perform next and ultimately deciding on the most appro-
priate R-strategy for the board [8,16].

By leveraging a graph-based representation, the RL agent can handle
a variety of PCBA designs and sizes seamlessly [17]. Its objective is to
maximise the net recovered value of each board while minimising in-
spection costs and process time, in contrast to inflexible static plans,
which cannot adjust to actual board conditions. This adaptive inspection
sequencing strategy refines its decisions continuously as new informa-
tion becomes available at each inspection step. This avoids low-value
tests and identifies when to shift to the most appropriate reuse, repair
or recycle action promptly. Furthermore, by employing data-driven
learning (the integration of RL and GNNs), the decision policy im-
proves continuously through experience across numerous cases [18],
effectively managing the uncertainty inherent in PCBA failures.

2. Literature review

Research in end-of-life electronics management and remanufactur-
ing has addressed various aspects of the problem of recovering PCBA,
including disassembly planning, inspection techniques, and decision-
making frameworks. This section provides a comprehensive review of
the state of the art in these domains, with a focus on key contributions
and their limitations in the context of developing an adaptive PCBA
recovery system.

Early studies of disassembly planning typically approached the
problem as an offline optimisation task, using methods such as mathe-
matical programming, genetic algorithms and ant colony optimisation
to pre-calculate near-optimal sequences for specific products [12]. For
example, Gong et al. [18] formulated remanufacturing planning as a
mathematical optimisation problem. While these methods can produce
efficient plans in theory, they lack the ability to adapt in real time.
Therefore, if unexpected conditions arise during disassembly, static
plans will yield suboptimal results. To address this rigidity,
knowledge-based frameworks have been proposed. He et al. [12]
developed an ontology-driven model to capture expert knowledge and
formalise process planning. Although this approach improves decision
support, it still struggles to adapt to the heterogeneity of used electronics
and the unpredictability of component failures [19]. As a result, tradi-
tional disassembly planning remains mostly static, assuming prior
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knowledge of product conditions, which is rarely the case in e-waste
recovery.

Recent research efforts have begun to integrate Al-based reasoning
and uncertainty modelling into the inspection and decision-making
process [20]. However, substantial gaps persist in the pursuit of full
adaptivity. Ahsan et al. [21], introduced computational intelligence
techniques to product testing, using machine learning (ML) to predict
reliability outcomes. Although this approach improves test efficiency by
identifying potential failures at an early stage, it still relies to a pre-
determined sequence of tests and does not adapt to intermediate results.
On the other hand, Bao et al. [22] proposed an integrated decision
framework using conditional evidence theory to deal with uncertainty in
remanufacturing. By converting component inspection data (e.g., wear
measurements) into evidence and integrating it with prior knowledge,
they improved decision accuracy. While the system is demonstrably
effective, it produces a single static decision post-inspection, without
supporting iterative reassessment throughout a multi-stage inspection
process. As a result, it lacks the adaptability needed for dynamic,
real-time planning. To address these limitations, recent research has
introduced more flexible and adaptive strategies that integrate advanced
diagnostics with probabilistic decision logic [23-25]. These approaches
are designed to facilitate sequential and real-time decision-making
processes, wherein the outcomes of each inspection serve as the basis for
determining subsequent actions. Despite the advances represented by
these methods, challenges persist in the full operationalisation of dy-
namic re-evaluation across inspection stages, particularly in complex or
uncertain environments.

In parallel with advances in process planning, there have been sig-
nificant advances in PCBA inspection technologies. Today's industrial
systems can use multiple sensors and imaging modalities to detect de-
fects and assess component health without disassembling the entire
board. Common techniques include X-ray radiography for hidden solder
joint defects, infrared thermography for identifying overheated com-
ponents, and optical cameras for detecting surface defects [14]. These
techniques are often combined to improve diagnostic accuracy, as
shown by Li et al. [26] who combined optical and infrared imaging to
improve defect detection. Similarly, previous research by Wright [27]
investigated a multi-resolution sensor fusion approach to fault isolation
on PCBAs, integrating signals at different scales to identify component
failures [26,27]. Despite their technical sophistication, multi-sensor
inspection systems typically operate in a static mode, following a pre-
defined inspection sequence regardless of the initial findings. Accord-
ingly, while the combination of multi-sensor data theoretically increases
defect coverage, the lack of adaptive control prevents these systems
from realising their full potential in reducing the time and cost of in-
spection processes [21].

In order to support truly adaptive sequences of operations, adaptive
decision frameworks such as Markov Decision Processes (MDPs) and RL
have been explored to support dynamic inspection sequencing in general
[28]. MDPs model sequential decision problems where states represent
current knowledge about a product and actions represent possible in-
spection steps [29]. An optimal policy aims to maximise rewards, such
as recovered value, while minimising inspection costs [30-32]. Recent
applications of RL in manufacturing demonstrate the technique's ability
to learn adaptive strategies from data [33]. For example, Stricker et al.
[29] used RL to optimise adaptive job scheduling to respond in real time
to line variability. Another example is given by Stamer et al. [32] who
applied RL to dynamically generate a pricing based on the production
system usage and requested delivery time. Applying RL to PCBA rema-
nufacturing would involve training an agent to determine which in-
spection to perform next based on current findings, rather than adhering
to a static plan. However, challenges remain especially in defining an
appropriate state representation that captures the complex structure and
strongly varying composition of PCBAs [34]. To date, the extant liter-
ature has not provided a dedicated framework that integrates an RL or
MDP-based decision engine with real-time inspection data specific to
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PCBAs.

The concept of graph-based machine learning as proposed in this
work can assist in this regard: by representing the PCBA as a graph of
components, one can use GNNs to help the decision agent generalise its
policy across different board designs and conditions — an approach that,
to the best of our knowledge, has not been explored in prior works on
electronics recycling or remanufacturing [14,35]. In this context,
different GNN architecture are available. Foundational models like
Graph Convolutional Networks (GCN) [36] effectively aggregate
neighbourhood information using fixed weights, while treating all
connections as equally significant. Conversely, architectures such as
Graph Attention Networks (GAT) [37] employ self-attention mecha-
nisms to dynamically weigh the importance of adjacent nodes. This
ability to discern which connections are most relevant is particularly
interesting for PCBAs, where the functional impact of a component
failure depends heavily on its specific interdependencies This capability
has recently been demonstrated to be effective in complex
manufacturing process selection tasks [37] making it particularly
promising for PCBAs where component interdependencies vary
significantly.

A final point to consider in the existing research is the selection of R-
strategies in parallel with the inspection process. Most existing studies
consider decisions as a result of a fully completed inspection phase,
rather than dynamically integrating them with the inspection itself
[30-32]. For example, Bao et al. [22] consider recovery paths after data
collection, without optimising the sequence of inspections to minimise
cost while maximising component recovery. However, an integration of
inspection and recovery decisions is necessary to balance the cost of
additional testing with the potential salvage value. Current static stra-
tegies fail to adapt to specific cases, potentially leading to wasted in-
spection effort on defective, low-value boards or insufficient inspection
of functioning, potentially valuable boards

In summary, recent approaches to PCBA inspection and recovery
typically rely on static inspection plans, rule-based decision trees, or
knowledge-driven systems. While effective in constrained scenarios,
these methods inherently lack the ability to adapt dynamically to vari-
able board conditions, integrate complex product structures, or
sequentially update decisions based on partial diagnostic information.
While Markov Decision Processes (MDPs) provide a formal structure for
sequential decision-making, solving them via classic stochastic optimi-
zation in large state spaces is often rendered unfeasible. Reinforcement
Learning (RL) has emerged as a promising alternative. However, tradi-
tional RL methods assume fixed-length inputs, making them unsuitable
for variable PCBA layouts.

To bridge these gaps, this research presents a framework that in-
tegrates RL with Graph Neural Networks (GNNs). By encoding the
board's relational structure, this approach enables a holistic, real-time
decision engine that links inspection actions directly to ultimate rema-
nufacturing outcomes. Specifically, by evaluating both GCN and GAT
architectures, this work aims to identify the optimal state encoding for
guiding PCBAs through inspection and recovery trajectories that are
adaptive, structurally aware, and efficient under uncertainty.

3. Problem statement and methodology

Building upon the challenges discussed in the previous section, this
part of the paper focuses on the formalisation of the decision problem
and the description of the proposed solution framework. Whilst the
prevailing PCBA inspection and recovery strategies are frequently
predicated on fixed or heuristic rules, such approaches are inadequate in
their inability to adapt to varying board configurations, defect patterns
and economic constraints [38]. In this context, a more principled and
adaptive strategy is required — one capable of guiding sequential in-
spection decisions under uncertainty, while optimising trade-offs be-
tween diagnostic cost, information gain, and potential recovery value
[39].
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The following subsections first present a formal problem definition,
framing the decision-making challenge as a sequential, information-
driven process. Secondly, a novel methodology integrating RL and
GNNs is proposed. As will be discussed further, this integration enables
the system to update its inspection policy dynamically based on
component-level observations and the evolving state of the board. This
algorithmic design is particularly well suited to the problem at hand for
three reasons: it facilitates decision-making in uncertain situations; it
captures the structural relationships between PCBA components; and it
adapts the level of inspection in real time based on trade-offs between
diagnostic cost and potential recovery value. These properties closely
align with the core challenges of PCBA inspection, including heteroge-
neous layouts, variable defect patterns, and economic constraints. The
methodological framework provides a robust foundation for identifying
optimal inspection sequences and selecting the most appropriate re-
covery strategy for each board.

3.1. Problem statement

The central research problem addressed in this work is how to
dynamically determine the most appropriate next step to support
effective decision making across the full range of R-strategies. This
decision-making process must take into account the current state of
available information, the probabilistic outcomes of possible in-
spections, and the costs and benefits associated with alternative recov-
ery actions. To address this challenge, the proposed methodology
implicitly evaluates a number of potential sequences of inspection ac-
tions, estimating the likely information gain and economic impact of
each one. Each decision is thus informed by both the history of past
inspections, as well as the expected value of future inspections. This
sequential approach allows the system to adapt dynamically as new data
becomes available, balancing inspection costs against potential revenue
from component recovery.

For example, consider a PCBA containing several critical components
such as microcontrollers, capacitors and sensors. An initial inspection
can target the component most likely to be faulty. If the result shows it to
be functional, the system might recommend the inspection of a second
component whose failure would significantly affect the recoverability of
the board. Conversely, if the first inspection confirms a defect, the sys-
tem may decide to stop further inspections and recommend a recycling
strategy. In this way, the sequence of inspection steps supports an effi-
cient and cost-effective selection among the available R-strategies.
Furthermore, since electronic components can exhibit multiple failure
modes with different probabilities, the ability to interpret inspection
results probabilistically and adjust the course of action accordingly has a
critical impact on both efficiency and profitability [29]. The optimisa-
tion framework therefore continuously assesses whether the expected
value of the information gained from further inspections justifies the
additional cost. Achieving this balance is essential for the development
of sustainable, economically viable e-waste management strategies that
balance environmental objectives with industrial practice [40].

3.2. Proposed methodology

The challenges outlined in the problem statement — particularly the
need for dynamic, information-driven inspection under uncertainty —
motivate the adoption of a learning-based approach. Consequently, the
decision-making process is formulated as an MDP, which offers a
rigorous framework for sequential decisions with probabilistic outcomes
[41]. This formulation facilitates the development of an adaptive agent
that perpetually refines its strategy as novel inspection data becomes
available. The proposed data-driven architecture (Fig. 1) integrates RL
with GNNs to address the structural and informational complexity of the
problem. Within this framework, each state encodes the current
knowledge about the PCB's components, including their observed con-
dition and estimated failure probabilities [42]. Actions, in turn,
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Fig. 1. Overview of the proposed data-driven decision framework for sequen-
tial PCBA inspection and recovery.

correspond to specific inspection steps or the selection of an R-strategy.
State transitions reflect the stochastic outcomes of these actions, thereby
capturing both the uncertainty in defect detection and the potential
effectiveness of recovery strategies. The architecture is well-suited to the
dynamic nature of the task, as it updates decisions in real time in
response to evolving inspection outcomes [41].

As represented in Fig. 1, the sequential decision framework for PCBA
inspection and recovery is comprised of a series of interconnected steps.
The decision-making process starts at Stage 0 with a starting point (state
s1), which is based on past data about the PCB's condition. This initial
belief shown as p(s|o) is a way of working out the chances of defects
based on past failures. At the same time, the expected economic value of
using each R-strategy is estimated using the income function I,(s), based
on the current belief state.

In the first stage, the RL agent looks at the possible actions. These can
be specific inspections (a;, az, for example, X-ray inspection) or
choosing the best R-strategy to use at the end (4, r2, for example, repair
or recycle). If an inspection action is selected, such as a;, carrying it out
leads to an observation (0; or o0y) that gives a new probabilistic infor-
mation (p(01]s1,a1) about the true state of the board. Then, the agent
updates its belief state, improving the probability distribution p(s|o;),
because there is less uncertainty after the observation. If an R-strategy is
chosen directly (e.g. r1), the process ends immediately and the associ-
ated income I, (s1) (e.g. 10€) is realised without further inspections. The
selection of an R-strategy always marks the end of the process.

Accordingly, a key aspect of designing an RL agent is to define the
action space, the state space, and the reward mechanism [32]. In this
study, the action space is straightforward, consisting of a fixed set of
possible inspection processes and a predefined collection of R-strategies
(reuse, repair, recycle). In contrast, the state space is much more com-
plex. To accurately represent the state space, each component of a PCBA
- including transistors, resistors, capacitors and other elements — must
be considered along with its respective state. The combination of all
components and their interconnections fully characterise a PCBA.
Effective modelling of the PCBA involves its representation as a graph,
where each component corresponds to a node and the connections be-
tween components are represented as edges. Furthermore, the state of
each component is defined by a set of defects selected from a predefined
list of possible defect types, as shown in Fig. 2.

From a mathematical point of view, the resulting graph can be
expressed as:

G = (C,E) (&)
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Fig. 2. Mathematical representation of a PCBA.

where C represents the PCBA as nodes (such as capacitors, resistors, and
other electronic elements), and E represents the physical/electrical
connections between these components. The connections (E) between
components are not just passive links; they are essential because each
interconnect can vary in nature (e.g. solder joints, wire connections, bus
interfaces) and significantly influence the final structure and behaviour
of the PCBA. Accurate tracking of these interconnects is critical because
variations in their properties can lead to different failure modes or
propagation of defects throughout the board. In this model, each node c;
in C is associated with a probability distribution:

P(c;) = {pupi:---.Pin} 2)
where pj; is the probability that component c; exhibits defect d;. In other
terms, this probability describes the probability distribution of potential
defects D = {d;, da, ..., dp}. Additionally, each component has an
observed state o, which represents the current belief (probability dis-
tribution) of the real state (defect) of a component.

It’s important to note that PCBA can vary greatly in terms of
component count and defects. Traditional RL agents often use neural
networks that require input vectors of fixed length, which is a challenge
when dealing with the variable sizes found in PCBA [41,43]. GNNs
provide a solution by efficiently processing graph-structured data to
account for the variability in PCBA structures [17]. GNNs work by
capturing the relationships between nodes and aggregating information
from a node’s neighbours to generate node embeddings. This results in a
comprehensive graph representation that allows GNNs to dynamically
adapt to varying numbers of components and defects, which is essential
for optimising PCBA inspection and repair processes [35].

In this context, the state S of the model is defined by an instance of
the graph G which includes all components of the board in both their
real state and their observed state. The GNN processes the graph G —
representing the state S — to produce node embeddings h,:

h, = GNN(S) 3

To evaluate the impact of the state encoding mechanism on decision
quality, this work implements two distinct architectures for the GNN(-)
function:

1. GCN: This approach aggregates information from a node’s neigh-
bours using fixed spectral rules. It assumes that the structural
importance of a connection is determined solely by the degree of the
connected nodes.

. GAT: This architecture employs a self-attention mechanism to
compute learnable coefficients (attention weights) for every edge.
This allows the agent to dynamically value the information from
specific neighbours, prioritising the state of a critical processor over
a passive resistor, for example, regardless of the node degree.

The resulting embeddings h, provide a compact and informative
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representation for each component. By using h, the policy 7 determines
the probability of selecting each action based on the optimized policy
learned by the RL agent:

a, = n(hy) @
where q, is the action chosen at time t. The actions that can be performed
are either measurements such as X-ray, flying probe, etc., or the choice
of an R-strategy for the board. More specifically, x is a function that
maps the states of a system S to the probabilities of choosing each
possible action a in that state. In practice, 7 determines which action is
most likely to produce the best outcome given the current state of the
system. This decision process is based on prior learning and optimising
the expected reward.

After executing a;, the system observes new data and transforms it
into the next state S'. To quantify the quality of this action in a given
state, the Q-function, a core component of RL updates, is use [41,44].
This Q-function is defined as:

Q(hy,a,)« Q(hy,a,) +afr, + ymax,Q(K,, a;) — Q(hy, a;)] (5)

where Q(hy, a;) is the Q —value for taking action a; when in state rep-
resented by embedding h,, a is the learning rate, which determines the
extent to which the newly acquired information will override the old
information, r, is the reward received after action a;, y is the discount
factor which quantifies how much importance is given to future rewards
and max,Q(Hy,a,) is the maximum predicted reward achievable from
the next state k', for any possible action a;.

The architecture provides a principled framework for real-time de-
cision-making under uncertainty in PCBA inspection and recovery.
Integrating GNN-based state encoding with RL allows the system to
adapt to structural variability and defect distributions across different
types of board. The Q-learning mechanism enables the continuous
refinement of inspection strategies based on observed outcomes,
allowing the agent to prioritise actions that maximise economic return.
Performance is influenced by key components including the reward
design, graph-based state encoding and exploration strategy. The
reward function balances short-term inspection costs against potential
recovery value, applying scaled penalties for unnecessary actions and
bonuses for the early identification of valuable modules. The GNN-based
representation captures component attributes and interdependencies,
enabling the model to generalise across different board designs and
focus on structurally critical areas. These components guide the agent
towards efficient, high-value inspection-recovery trajectories. However,
for such an intelligent controller to be viable in a high-throughput
remanufacturing line, the decision-making process must not only be
economically optimal but also computationally tractable.

3.3. Computational complexity analysis

To verify the system's suitability for real-time deployment, we
analyse the asymptotic complexity of the underlying network opera-
tions. Let n = |C| denote the number of components and m = |E| denote
the number of interconnections of a PCBA. Let K be the number of
available actions, which includes inspection technologies plus R-stra-
tegies. The Q-network used in this work consists of an L -layer GNN with
embedding dimension d, followed by a global pooling layer and a
multilayer perceptron (MLP) that maps the aggregated graph repre-
sentation to K Q-values (Fig. 4).

For a single decision step, the dominant cost arises from message
passing and node updates in the GNN. Each layer requires O(md) oper-
ations, and O(nd?) operations to update node embeddings. Accordingly,
the time complexity for one forward pass of the GNN is:
Tenn(n,m) = O(L(md +nd*)) 6)

In the case of the GAT architecture, the complexity remains
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asymptotically linear with respect to the number of nodes and edges.
While this introduces a constant computational overhead compared to
GCN, it does not alter the fundamental scalability of the approach.
The subsequent MLP layers operate on a fixed-size pooled embed-
ding and contribute O(d?) (assuming hidden layers of width d), which is
negligible compared to the GNN component. Thus, the overall per-step

complexity of the policy evaluation is O(L (m d+nd2>), and the mem-

ory requirement for activations is O(L(nd +md) ).

During training, each episode comprises at most H decision steps. At
each step, a forward and a backward pass through the network are
executed, with backpropagation having the same asymptotic complexity
as the forward computation. The time complexity per episode is there-
fore:

Ttrain‘episode (Tl, m, H) = O(H L (md + ndZ)) (7)

For N episodes, the total training effort is O(N H L(md +nd?)). In the
present case study, n and m are bounded by the small subsystems (3-10
components) considered for the I/0 device, such that training time
scales primarily with N and H, not with the PCBA size.

In deployment, only forward passes are required. The complexity of

the online decision-making process is thus O (L (md +nd2) ) per decision

step. Given the limited number of components per board, this
complexity is effectively linear in the number of nodes and edges,
indicating that the proposed approach is computationally tractable for
real-time application in various PCBA remanufacturing environments.

3.4. Exemplary runtime schedule and execution-time analysis

To complement the analysis of computational complexity, we
generated an exemplary runtime schedule by instrumenting the full
GCN-RL implementation. The profiling measured the time consumed by
each major stage of the algorithm: Inference (action selection), Training
(backpropagation and optimisation), and Belief Update (state refine-
ment). Measurements were collected over 1000 episodes to capture
meaningful variability in decision-sequence length, action frequency
and state-transition patterns occurring during learning and execution. In
this analysis, one episode corresponds to a complete decision sequence
for a single PCBA, starting from the initial uncertain state and ending
with the final strategic choice (reuse, repair, or recycle). Table 1 sum-
marises the recorded mean execution times, total accumulated times and
number of calls for each stage.

The results show a clear separation of computational effort across the
stages. Training dominates the runtime with an average of 46.15 ms per
optimisation step. This behaviour is expected, as deep RL involves
repeated forward and backward passes through the network. Impor-
tantly, this cost is incurred only during the offline learning phase.

For deployment, the relevant quantity is the inference time required
to select the next inspection or recovery action. The profiling shows that
inference is highly efficient, requiring on average only 0.17 ms per de-
cision. Combined with the negligible computation required for the belief
update (< 0.01 ms), the overall per-decision runtime during operation
remains well below 1 ms. This ensures that the controller can be inte-
grated into high-throughput PCBA inspection processes without
violating cycle-time constraints.

Overall, the runtime schedule confirms that the computationally
intensive training phase can be executed offline or in parallel, while the

Table 1

Overview of runtime schedule.
Stage Mean Time (ms) Total Time (s) Count
Inference 0.17 0.35 2010
Training 46.15 86.90 1883
Belief Update <0.01 0.02 6462
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online decision-making phase operates at sub-millisecond latency. This
demonstrates that the proposed GNN-RL framework is suitable for real-
time use in industrial inspection and remanufacturing environments.

4. Case study

The feasibility and effectiveness of the approach were validated
using an industrial use case involving a commonly used input/output (I/
O) device, which had previously been studied by Stamer et al. [14]. Its
ultrasonically welded plastic case design makes it suitable for R-strate-
gies of typical PCB-based industrial products [45]. Fig. 3 shows an
example of the I/0 device without the plastic case. For these products,
PCBA subsystems containing three to ten critical components were
analysed, focusing on the most common defects identified within the use
case: burnt components caused by e.g. short circuits, cold solder joints,
and broken parts such as bent or detached legs of integrated circuits (IC)
[46]. While qualitative data about the product (e.g. via interviews) are
available for publication, quantitative data like resell price or defect
probability distribution are not. Therefore, in order to facilitate a
simulation and economic evaluation, it was hypothesised that a func-
tional PCBA could be resold for 100 units. A simulation system was
developed to generate 100 PCBA of the IO Link per episode based on
defined statistics, each with different components and defects distribu-
tions. The prior belief regarding defect type, such as burnt components,
cold solder joints, and broken parts, was initialised at 50% probability.
By collecting inspection data over an extended period, these initial
probabilities can be progressively updated to approximate the true
distribution of defects. Although simplified in this study, the assump-
tions made allow for consistent benchmarking and controlled variability
in agent training.

The inspection system uses three primary measurement technologies
to detect defects and guide decision making: X-ray, visual inspection and
flying probe. All of them are widely used. These technologies differ in
terms of defect detection probabilities, inspection times and associated
costs. X-ray (assumed cost of 10 units) and visual inspection (assumed
cost of 1 unit) offer fixed costs and shorter inspection times, making
them suitable for quick initial assessments [47]. In contrast, flying probe
offers high accuracy for all defect types, but has higher costs that scale
with the number of components on the board, making it more expensive
for larger boards (assumed cost of 3 units per component) [48].

In operation, each inspection technology is modelled as a discrete,
controllable resource with defined processing capacity. The latter is
defined as the number of inspections that can be performed by the
resource simultaneously. When multiple units of the same technology
are available (e.g. multiple X-ray machines or visual inspection sta-
tions), they enable true parallel processing by distributing inspection
tasks concurrently across these units. The scheduling system dynami-
cally assigns boards to available inspection units based on current queue
lengths and expected diagnostic value. After each inspection, the defect
probabilities for the corresponding PCBA are updated using the
technology-specific detection results, which refine the system’s belief
about the presence of specific defects. This Bayesian-like updating
mechanism shifts the probability distribution to reflect the latest
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evidence. The combination of complementary measurement technolo-
gies, i.e. from low-cost, low-accuracy methods to high-fidelity, high-cost
diagnostics, allows the system to strategically select inspections that
balance diagnostic accuracy and operational costs. This flexible archi-
tecture enables the system to adjust inspection strategies in real time,
optimising both economic performance and diagnostic accuracy
throughout the process.

The RL algorithm has been implemented based on a GNN architec-
ture. Fig. 4 shows the processing of node embeddings from a PCBA graph
through a neural network, with the purpose of informing action selec-
tion (e.g. X-ray inspection or component reuse). This architecture serves
as the common framework for both the GCN and GAT implementations
evaluated in this study. The structured input on the left represents the
graph-based state representation of a PCBA, where each node (for
example, an IC, resistor, etc.) is encoded into an embedding vector
reflecting its attributes and connections. The node embeddings, when
considered collectively, function as the input to a deep neural network
comprising multiple layers (illustrated as layers 1 through 4). This
network employs a process of progressive integration and abstraction,
whereby information is extracted from the entirety of the graph. The
final output layer generates scores (Q-values) corresponding to the
possible actions that an agent can take. These include conducting an X-
ray diagnostic or opting to salvage and reuse a particular component. In
this manner, the model translates the rich state information from the
PCBA's graph-structured data into actionable decisions, selecting the
operation that maximises the expected benefit based on the learned Q-
values.

A key challenge encountered during initial training was the agent's
overall tendency to reduce the number of inspection steps before
deciding on a R-strategy in the course of the training. This behaviour
stemmed from the negative immediate rewards associated with in-
spection costs and the conditional profitability of reuse and repair
strategies. To address this, a dynamic reward mechanism was intro-
duced using a two-segment linear function. This mechanism initially
provided higher rewards for both inspection and R-strategy actions,
gradually decreasing the rewards over time to align with actual costs
and benefits.

For GCN as well as for GAT the training setup involved 100 episodes
per training run, with each episode comprising the simulation of 100
individual PCBAs. To ensure the agents reached their maximum poten-
tial, an automated hyperparameter tuning process was conducted over
40 distinct optimization runs, automatically adjusting critical variables
such as network dimensions (e.g., number of neurons) and the dynamic
reward signal scaling. This process was critical to identify the optimal
configuration for each architecture, thereby facilitating successful
learning and adaptation. By applying this standardized protocol, any
observed performance differences can be attributed solely to the supe-
rior state encoding capability of the respective GNN architectures rather
than training disparities. A comprehensive summary of all simulation,
agent, and domain-specific parameters is provided in Appendix A and
results are discussed in Section 5.1. To ensure the proposed solution is
not only performant but also robust for industrial application, a sys-
tematic parameter sensitivity analysis was integrated into the validation

Fig. 3. 10 Link Master from Balluff.
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Fig. 4. Q-network architecture with interchangeable GNN-based state encoder (GCN/GAT) and action selection.

methodology (Section 5.2). This analysis was conducted using the
baseline GCN configuration to isolate the fundamental dependencies
between economic parameters (e.g., inspection costs) and the agent's
decision logic. Finally, a performance comparison between GCN and
GAT was conducted (Section 5.3).

5. Results and discussion

This section presents the results of the proposed GNN-RL framework
and discusses its performance from three complementary perspectives.
First, the learning behaviour and decision-making characteristics of the
agent are analysed under the baseline parameter configuration derived
from the industrial case study. This includes an evaluation of reward
convergence, inspection sequence length, strategy selection, and ach-
ieved profit.

Second, a dedicated sensitivity analysis is conducted to assess the
robustness of the learned policy with respect to key economic and
probabilistic parameters. By systematically varying inspection costs,
recovery-related parameters, and defect probabilities, this analysis
evaluates how sensitive the system’s performance is to modelling as-
sumptions and input uncertainties, thereby improving reproducibility
and practical interpretability of the results.

Third, a comparative analysis is performed to evaluate the impact of
the underlying neural network architecture on overall system efficiency.
By benchmarking the baseline Graph Convolutional Network (GCN)
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against a Graph Attention Network (GAT), this section quantifies the
operational gains achieved through advanced state encoding. Focusing
on cumulative profit over a validation sequence, the comparison as-
sesses how different graph aggregation mechanisms affect the agent’s
ability to distinguish high-value recovery opportunities, ultimately
determining the framework's potential to transition from a theoretical
proof-of-concept to an economically viable industrial solution.

5.1. Learning behaviour and baseline performance

This subsection analyses the learning dynamics and performance of
the baseline GCN agent in the use case defined in Section 4. Each
training run corresponds to a distinct hyperparameter configuration,
and the resulting learning curves are compared to assess stability and
convergence behaviour. The main goal is to find an agent configuration
which can handle the task well. The graphs shown use distinct coloured
curves to represent individual training runs from the optimization (cf.
Section 4), allowing visual comparison of different training runs. As the
achieved reward is a basic metric commonly used for initial performance
evaluation [41], Fig. 5 illustrates the progression of reward accumulated
over time.

The figure shows in around 50% a downward trend in rewards, a
predictable outcome of the dynamic rewarding (cf. Section 4) as the
scaling adapts over time. Results show that approximately 50% of
configurations end up with a net positive reward. In other words,

50 60 70 80 20 100

Episodes

Fig. 5. Achieved reward over time (moving average of 10 episodes).
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considering the dynamic reward increasing negative values for applied
tests a constant or even slightly positive course is reflecting a successful
learning.

Extending the strategic decision-making, Fig. 6 illustrates the reward
progression for repair actions throughout the training process. Initially,
repair rewards are high, driven by the dynamic reward mechanism,
which incentivises the agent to prioritise repair actions regardless of
their immediate profitability. Over time, the rewards associated with
repair actions gradually decrease, reflecting the agent's growing
awareness of their long-term value. By the end of the training period,
some configurations lead to a consistent selection of repair strategies
that maximise net positive rewards, demonstrating the general ability to
identify and implement profitable repair actions based on insights
gained from inspection data. This evolution from broad initial strategies
to refined, targeted tactics underscores the adaptive nature of the
learning process and the agent's increasing ability to handle complex
decision scenarios.

Further analysis reveals the strategic dynamics of sequence optimi-
sation and its relationship to economic outcomes. The overall profit-
ability of a sequence - consisting of the combination of measurements
and the final R-strategy - correlates with the length of the sequence.
Longer sequences require more measurements before selecting an R-
strategy, thereby reducing uncertainty. However, excessive measure-
ments lead to diminishing returns due to escalating inspection costs (see
Fig. 7).

Fig. 8 shows that some agents consistently increase their sequence
lengths, leading to unprofitable outcomes due to high inspection costs.

In contrast, other agent configurations learn to balance their
sequence lengths over the last 20 episodes, achieving greater profit-
ability by minimising unnecessary measurements. In addition, a subset
of agents converges to a sequence length of approximately one, opting
primarily for recycling. While recycling is a relatively low-risk option, it
tends to be less profitable than performing targeted measurements fol-
lowed by repairs. In total, the fan-shaped curves suggest the optimal
solution to be unstable and challenging to find.

Finally, the profit achieved is evaluated as the primary performance
indicator. The profit for a PCBA is calculated by subtracting the cost of
previous measurements and repair costs from the revenue generated by
a successful R-strategy. Fig. 9 shows that approximately 60% of the
agent configurations achieve significant profits by the end of the
training process. This result demonstrates that, within the cost and
revenue assumptions of the use case, the system effectively learns to

50
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Fig. 7. Comparison of test sequence length and achieved profit.

optimise inspections and make profitable decisions. These results
highlight the model's ability to balance measurement costs with recov-
ery revenues, ensuring that the chosen R-strategies are viable.

After this examination, the most effective working model of the pool
of optimisation runs was selected and implemented across 2000 boards.
As shown in Fig. 10, the application of this agent has been shown to yield
a profitable outcome in the specified use case. Overall, a profit of 2435
units was achieved. The variation of the profit can be explained by the
random collection of PCBAs in different states. Lower profit might
indicate a more “difficult” PCBA where less profit is achievable even in
the best possible case.

These results confirm that the proposed RL-based inspection system
can effectively learn recovery policies that balance cost and value across
a wide range of scenarios. Despite the stochasticity of the board condi-
tions and defect patterns, the agent displays a high degree of robustness
in identifying profitable strategies. The variability observed across
training runs highlights the importance of proper reward design and
tuning, which remain key factors for successful deployment in real-
world applications.

5.2. Parameter sensitivity analysis
To assess robustness and improve reproducibility, a parameter

sensitivity analysis was conducted using the trained baseline (GCN)
policy. While the absolute profit values are different for the GAT agent,
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Fig. 6. Achieved reward over time for action “repair”.
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Fig. 8. Sequence length over episodes.
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Fig. 10. Profit per episode for the selected agent.

the relative trends and economic trade-offs identified in this analysis are
driven by the environment's structure and are therefore representative

272

of the general system dynamics. Key economic and probabilistic pa-
rameters were varied individually one by one to representative low and
high values around the baseline configuration, as summarised in Table.
All other parameters were kept constant to isolate the influence of each
factor. Each scenario was evaluated over a long simulation horizon to
obtain stable average profit estimates. Table 2

Fig. 11 summarises the impact of low, baseline, and high parameter

Table 2

overview of parameter variations for sensitivity analysis.
Parameter Low Baseline High
Defect probability per component 60% 75% 90%
X-ray inspection cost 5 10 20
Visual inspection cost 0.5 1 2
Flying-probe cost (per component) 1.5 3 6
Reuse income 80 100 120
Repair cost (fixed) 2.5 5 10
Recycle income 5 10 15
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Fig. 11. Sensitivity Analysis: Impact of Parameters on Total Profit.

settings on the average profit per PCBA. The results indicate that the
learned policy is most sensitive to defect probability. Increasing the
overall defect rate leads to a substantial reduction in profit and, in
extreme cases, to negative values. This behaviour reflects earlier
termination decisions and a shift towards conservative recovery strate-
gies, such as recycling, when the expected benefit of further inspections
diminishes.

Inspection-related costs show differentiated effects. In particular,
higher costs for the flying-probe inspection significantly reduce profit-
ability, as this technology is typically selected at later stages of the in-
spection sequence and incurs costs proportional to board complexity. In
contrast, variations in visual and X-ray inspection costs have a
comparatively moderate impact on overall profit. The learned policy
relies primarily on low-cost inspections for early information gain and
uses higher-cost inspections selectively and iteratively.

Recovery-related parameters exhibit a similarly intuitive influence.
Increasing repair costs leads to a noticeable decline in profit, reflecting

the reduced attractiveness of repair-oriented strategies. Overall, the
sensitivity analysis confirms that the learned inspection and recovery
policy behaves consistently with economic intuition and remains stable
across a broad range of parameter variations. At the same time, it is
apparent that the policy needs to be retrained if parameters change
significantly. The results demonstrate that the proposed framework is
not overly tuned to a specific parameter set and can be transferred to
different industrial settings with varying cost structures and defect
characteristics, thereby supporting reproducibility and practical
applicability.

5.3. Comparative analysis: GCN vs. GAT

To quantify the benefit of advanced state encoding, we compared the
cumulative profit of the Baseline GCN agent against GAT agent over a
validation sequence of 750 boards. As illustrated in Fig. 12, the GAT
architecture significantly outperforms the GCN baseline, demonstrating
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Fig. 12. Comparative performance analysis: Cumulative profit of Baseline GCN vs. GAT agents.
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a superior ability to identify profitable recovery trajectories.

A linear regression analysis of the cumulative profit curves reveals a
contrast in operational efficiency. The GAT agent achieves a robust
growth rate (slope) of approximately 5.45 units of profit per PCBA. In
comparison, the GCN baseline yields a modest growth rate of 1.14 units
per PCBA. This corresponds to a nearly 5-fold increase in profitability
per processed board. While the GCN agent maintains a positive margin,
its flatter trajectory indicates a struggle to consistently distinguish high-
value recovery opportunities from low-margin or break-even cases.
Consequently, these findings suggest that the framework is not merely a
theoretical proof-of-concept; the system possesses the necessary scal-
ability and economic potential.

6. Conclusions and future works

This paper presents a methodology for optimising PCBA inspection
sequences and selecting appropriate recovery strategies - reuse, repair
and recycle - aimed at increasing value recovery in the context of e-
waste management. The approach integrates real-time inspection data
with reinforcement learning, relying on a GNN architectures to
dynamically adjust decisions based on diagnostic feedback. The model
weighs the cost of inspections against the expected revenue from re-
covery activities and improves overall inspection efficiency by learning
to prioritise high-value measurement steps. This is particularly relevant
in manufacturing environments where resources are limited, and in-
spection actions must be applied selectively.

Simulation results demonstrated that the system could learn in-
spection and recovery policies that adapt to board configurations and
failure probabilities, even under imperfect information and evolving
internal states. Crucially, the comparative analysis reveals that the
choice of graph architecture significantly impacts economic perfor-
mance. The GAT agent outperformed the GCN baseline. The increase in
efficiency confirms that the ability to dynamically weigh component
interdependencies via attention mechanisms is essential for identifying
high-value recovery trajectories in complex electronics. Furthermore,
this substantial performance gain illustrates the framework's optimiza-
tion potential, proving that the approach can transcend initial feasibility
demonstrations to achieve the high economic viability required for

Appendix A. comprehensive parameter settings
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industrial implementation.

Future work will address current limitations by increasing the
number and variety of inspection technologies as well as PCBAs. Espe-
cially, methods such as thermal analysis and functional testing can be
added. Additional recovery strategies will also be introduced to reflect
industrial practices, such as component cannibalisation, second-life use
or resale through aftermarket channels. Additionally, while the
demonstrated policies are profitable, the solution space can be explored
even more. Future research should facilitate more extensive training
regimes, as prolonged learning phases are likely to uncover even more
refined and efficient inspection strategies. In addition, it is necessary to
collect a real defect database to parametrize the initial belief probabil-
ities of defects of a PCBA correctly. This might improve the performance
as this context knowledge helps the agent find overall dominant
strategies.
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To ensure reproducibility of the experiments, all simulation, agent, and domain-specific parameters used in this study are summarised below. The

values are taken from the best run (cf. Section 5).

Table Al
Simulation Setup
Parameter Value Description
PCBAs per Episode 100 Number of boards generated in each simulation episode
Max Actions 50 Maximum allowed inspection/recovery decisions per episode
Component Count Uniform 3-10 Number of components sampled per PCBA
Smoothing Factor 0.1 Applied to reward curves for visualisation
Table A2
RL Agent Configuration
Parameter Value Description
Learning Rate () le* Adam optimiser
Discount Factor (y) 0.99 Weighting of future rewards
Batch Size 128 Samples per optimisation step
Replay Buffer Size 1000 Maximum stored transitions
Warmup Steps 100 Steps before training begins

Training Frequency
Target Update

Every step
Every 10 episodes

Optimisation executed after each action
Synchronisation of policy and target network
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Exploration (e-greedy)

€ = €end + (gstart - Send)‘e

—steps/1

Where: ggare = 1.0, €eng = 0.01, A = 15,000 steps.
Table A3

GCN Architecture

Journal of Manufacturing Systems 86 (2026) 264-276

(A1)

Component

Setting

Hidden Dimension
Activation
Pooling

Output

64 (GCN) / 67 (GAT)
ReLU

Global Mean Pooling
Q-values for all actions

Table A4
Defect Generation Model

Parameter

Value

Defect Types
Initial Probabilities
Defect Assignment
Component Count

Solder, Leg, Burned, NoDefect

Random uniform, normalised

Single defect per component (exclusive states)
Sampled uniformly from 3 to 10

Table A5

Detection Rate per Defect, Cost and Time per Inspection Technology

Tech Solder Leg Burned Cost Time
X-Ray 0.99 0.99 0.50 10 5
Visual 0.10 0.90 0.60 1 3
Flying Probe 0.99 0.99 0.99 3 per component 7
Table A6
Recovery Strategies
Strategy Income Cost
Reuse 100 0
Repair 100 Repair cost 10
Recycle 10 0
Reward shaping

Dynamic bonuses follow linear decay across episode progress.
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