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Abstract
The Dynamic Berth Allocation Problem is a port
scheduling problem where vessels arrive dynami-
cally over time and must be assigned to a berth.
A pre-trained Graph Neural Network (GNN) based
reinforcement learning approach solves the prob-
lem efficiently but is dependent on estimated times
of arrival [11]. However, vessels predominantly ar-
rive later than estimated. this introduces unwanted
uncertainty. We evaluate a pre-trained GNN agent
under controlled ETA perturbations to create an in-
formation gap between the estimated and actual ar-
rival times, using the original full information set-
ting as a reference. The agent is evaluated us-
ing a factorial experimental setup over different
deviation levels and instances to evaluate robust-
ness under ETA uncertainty. The results show that
the agent is robust to optimistic ETA deviations,
with only limited performance degradation even at
larger introduced deviations. The robustness ap-
pears to mainly stem from the reactive nature of the
agent and its associated scheduling process, which
limits the influence of ETA deviations on the deci-
sion making process.

1 Introduction
The schedule of a port depends vessel departure and arrival
times, which are uncertain and can be difficult to predict [8].
The efficient allocation of berths is essential for reducing ves-
sel waiting times and operational costs associated with port
operations. When vessels are not able to be assigned to a
berth immediately upon arrival they might have to wait at an-
chorage or in virtual queues, which may lead to delays prop-
agating throughout port operations. Since international trade
depends on maritime transport for over 80% of global trade
volume [13], reducing these delays and improving overall ef-
ficiency and robustness of port scheduling is still an immense
operational challenge.

A well known optimization problem in port logistics is the
Berth Allocation Problem (BAP) [2]. The BAP consists of
assigning vessels to berths, whilst taking constraints such as
berth availability and berth capacity into account. Addition-
ally, berth-dependent handling times and vessel priorities are
integrated into the objective function to evaluate the quality of
a schedule. The Dynamic Berth Allocation Problem (DBAP)
is an extension of the BAP where vessels arrive over time in-
stead of all being available at the start of the problem [2]. The

dynamic nature of DBAP makes the setting more challenging,
since decisions are made sequentially whilst still taking into
account future arrivals and berth availability.

Recent work by Moya et al. [11] has proposed a Graph
Neural Network (GNN) based reinforcement learning agent
for solving the DBAP. We evaluate the same pre-trained agent
without training or further optimization. This approach al-
lows the agent to learn by interacting with simulated problem
instances using a graph-based approach, capturing the rela-
tionships between the vessels and the berths. However, the
performance of this agent is dependent on the information
that is available to it at the time of solving. In particular, the
agent relies on estimated times of arrival. These estimated
times are reported to a port some time in advance and often
differ from the actual arrival times [4]. In practice, the re-
ported times are optimistic as nearly 40% of vessels arrive at
least a day later than reported [14]. These inaccuracies may
occur due to weather conditions, congestion, operational de-
lays or other disruptions [4].

This potentially creates an information gap between the es-
timated arrival times known to the agent and the actual ar-
rival times observed in the simulated instances. A policy that
performs well under perfect conditions might not necessarily
perform well when estimated time of arrival deviations are
introduced, especially in highly congested situations where
small timing differences can affect future decision making.

In this work, we investigate how the performance of the
trained GNN agent for the DBAP is influenced when intro-
ducing ETA deviations. To do so, controlled perturbations of
the actual arrival times are introduced to create the estimated
arrival times. We then evaluate the agent under different con-
gestion levels to assess the robustness under varying opera-
tional conditions. We find that the GNN agent is mostly in-
sensitive to small ETA deviations, where larger perturbations
introduce small bounded degradations in performance. The
effect of the perturbations is non-linear and varies slightly
based on the deviation levels and perturbation types used.

The main contributions of this work are as follows:

1. We propose a perturbation framework for introducing
optimistic ETA uncertainty into the DBAP, enabling sys-
tematic robustness analysis.

2. We evaluate the robustness of a pre-trained GNN agent
under different perturbation types, deviation magnitudes
and congestion levels.

3. We show that the evaluated GNN agent remains largely
robust to optimistic ETA deviations, with only small and
bounded performance degredation.

The rest of the paper is structured as follows: Section 2 in-
troduces the background and formal problem description of
dynamic the berth allocation problem. Section 3 presents the
methodology and experimental setup, with the ETA pertur-
bation framework. Section 4 presents the results of the ex-
periments, which are then discussed in Section 5. Section 6
discusses responsible research considerations and limitations
of the paper. Finally, Section 7 concludes the paper and out-
lines future work.



2 Background and Problem Description
This section introduces the Dynamic Berth Allocation Prob-
lem and the graph-based reinforcement learning approach we
use. First, the DBAP is formulated as a sequential decision-
making problem. Its objective, constraints, reward and state
representation are explained. Next, a GNN based approach
for solving this problem is introduced. Finally, the informa-
tion gap that is created between the estimated and actual ar-
rival times when ETA deviations arise is explained.

2.1 Dynamic Berth Allocation Problem
The DBAP is a problem that involves the assignment of ar-
riving vessels to available berths [6]. Unlike the berth alloca-
tion problem, where all vessels are present at the start of the
evaluation process, vessels in the DBAP arrive dynamically
throughout the evaluation process [2]. As a result of this dis-
tinction, the assignment process changes from a static to a
sequential process where both current and future arrivals are
considered [6].

Let V = {v1, v2, . . . , vn} be the set of vessels and B =
{b1, b2, . . . , bm} the set of berths. Each vessel vi is then as-
sociated with an arrival time ti, a priority value pi and a list
of berth-specific handling times hij which represents the time
needed to service vessel vi at berth bj . Finally, let b(i) ∈ B
denote the berth assigned to vessel vi.

The objective of the DBAP is to minimise operational costs
whilst satisfying a set of feasibility constraints. A full mixed
integer programming formulation of the DBAP, including se-
quencing and non-overlap constraints is given in [11]. These
constraints ensure that (i) each vessel is assigned to exactly
one berth, (ii) no two vessels occupy the same berth at the
same time, (iii) the servicing of a vessel cannot start before
the arrival time of a vessel.

The objective is to minimise the total priority-weighted
cost, which consists of a waiting time and a handling time
given as:

Ctotal = Cwaiting + Chandling (1)

Cwaiting =

|V |∑
i=1

pi · wi (2)

Chandling =

|V |∑
i=1

pi · hi,b(i) (3)

Since there could be significant differences in the number
of vessels and berths in the instances, another important met-
ric is the normalized objective cost, defined as:

Cnorm =
Ctotal

|V |
(4)

The normalization makes sure that the performance metrics
stay meaningful across differently sized instances. Without
this normalization, the larger instances would produce larger
objective values independent of the scheduling quality of the
agent.

The DBAP is formulated as a sequential decision-making
problem on a dynamic bipartite graph between vessels and

berths [10]. At each decision step t, the state of the environ-
ment st consists of a set of arrived vessels Varr and a set of
future vessels Vfut and berth availability Bt.
The action space consists of two actions:

• Assignment actions at = (v, b), which allocates vessel
v ∈ Varr to an available berth in b ∈ Bt. It is important
to note that once a vessel has been assigned, it cannot be
reassigned.

• Skip action, which advances the simulation in time until
either a new vessel arrives or a berth is available again.

The reward is defined as the negative change in the objec-
tive value which is normalized by a theoretical lower bound.
This converts the cost minimization problem into a reward
maximization problem [1]. This ensures that the agent tries
to maximize its reward which corresponds to finding the most
efficient schedule.

2.2 GNN Reinforcement Learning Approach
We evaluate the robustness of an existing GNN-based rein-
forcement learning policy proposed for the DBAP [3, 11].
The core architecture of the GNN agent from the original
work is left intact. However, the surrounding simulation and
arrival-time handling are extended to support experiments re-
garding ETA uncertainty.

The GNN represents the scheduling environment as a
graph with vessel nodes and berth nodes. Nodes encode oper-
ational information such as vessel priorities, berth availabil-
ity, handling times and time-dependent information. Edges
represent the relationships between the vessels and berths and
capture the assignment dependencies in the scheduling envi-
ronment.

An important distinction is that future vessels are also in-
cluded in the graph representation before they physically ar-
rive at the port. As a result the agent can base its decision not
only on the currently available vessels but also on estimated
future arrivals. This allows the agent to anticipate future con-
gestion and berth utilization, which enables the model to ex-
ploit structured representations of future problem elements
[10]. However, relying on estimated future arrival times in-
troduces sensitivity to inaccuracies in these estimations.

This approach is different from classical heuristic ap-
proaches, like First Come First Served (FCFS), since the
heuristic approaches react only to vessels that have already
physically arrived [12]. Consequently these heuristics do not
use the estimated times of arrival of future vessels, unlike the
GNN agent which encodes this information into the state rep-
resentation.

2.3 Information Gap and ETA Uncertainty
In real life port scheduling, estimated times of arrival may
differ from the actual arrival times due to several factors:
weather conditions, congestion, operational disruption or
routing changes [4]. We consider only optimistic ETA de-
viations, where actual arrivals are assumed to be later than
the estimated arrivals. We study the effect of such ETA inac-
curacies on the behaviour of the trained GNN agent.

To evaluate robustness under ETA uncertainty a distinc-
tion is made between actual and estimated arrival times [7].



The actual arrival times are used for the physical simulation
whereas the estimated arrival times are observed by the GNN
for future vessels.

The main experiment introduces optimistic ETA perturba-
tions such that the estimated arrival time is prior to the actual
arrival time. Let tactual

i be the physical arrival time of vessel
vi generated by the problem instance. We then model the op-
timistic ETA uncertainty by sampling a non-negative random
variable ϵi, where ϵi ∼ E and E represents an ETA deviation
distribution:

testimated
i = tactual

i − ϵi, ϵi ≥ 0 (5)

An alternative formulation that would still ensure opti-
mistic estimated arrival times would be where the actual ar-
rival time is a perturbation of the estimated arrival time:

tactual
i = testimated

i + ϵi, ϵi ≥ 0 (6)

In this case the randomness changes the physical arrival
time of the vessels, meaning that tactual

i is no longer fixed in
the problem but rather sampled. This would change the un-
derlying congestion pattern of the scheduling problem. By
delaying the physical arrival times, vessels may be spread
over a wider horizon, reduce queue overlap and lower waiting
costs. Therefore changes in performance can no longer solely
be attributed to the ETA deviations. For that reason, Equation
(5) is used.

Under that formulation vessels are expected to arrive ear-
lier than they physically arrive in the simulation. As a result
the future arrivals appear in the graph representation before
a berth can actually be assigned. This creates an information
gap between the arrivals observed by the simulation and the
expectations of the GNN agent, introducing a form of partial
observability [7].

testimated
i tactual

i

i 0

Figure 1: Optimistic ETA formulation showing testimated
i = tactual

i −
ϵi, ϵi ≥ 0, creating the information gap between simulation and
reality

3 Methodology and Experimental Setup
This section explains the experimental setup used to evaluate
the robustness of the pre-trained GNN agent for the DBAP
under ETA uncertainty. The goal of the experiment is not to
train but rather to evaluate how robust the pre-trained agent
is. First, the trained GNN agent and the heuristic agents are
addressed. Second, the changes made to the simulation en-
vironment are discussed, which allow the separation of the
estimated and actual arrival times such that the agent can be
tested under the information gap. Following is the structured

process taken to generate the instances on which the experi-
ment is run. Finally, the perturbation framework which de-
fines the type of perturbations used to create the estimated
arrival times is introduced.

3.1 Baseline Model
In this paper we evaluate a pre-trained Graph Neural Network
reinforcement learning agent as proposed by Moya et al. [11]
for the DBAP. The model design is left untouched and no
retraining is performed. This agent is evaluated in a fixed
setting such that we can isolate the effects of ETA uncertainty
on the performance of the model.

To fully evaluate the effect of ETA uncertainty we consider
two different evaluation settings applied to the same trained
agent. In the full information setting, the agent is evaluated
in the originally proposed environment, where the agent is
able to see the true arrival times. In the partial information
setting, the agent is subjected to the information gap. Impor-
tantly, queue updates and vessel activation are always based
on the actual arrival times in both regimes. Now the agent no
longer sees the actual arrival times, but is only subjected to
the estimated arrival times while the actual arrival times stay
unchanged. The same underlying instances and conditions
are used across both settings to ensure that differences in per-
formances can be based on the structural differences between
the information settings.

In addition to the learned GNN agent the classical heuristic
agents mentioned in Moya et al. [11] are considered as refer-
ence. These heuristics remain unaffected by the ETA pertur-
bations. Unlike the GNN agent, the heuristics do not rely
on the estimated times of arrival of the future vessels. They
make decisions solely based on the vessels that have already
physically arrived at the port, which is exclusively determined
by the actual arrival times. As a result, the perturbations ap-
plied to create an information gap and the estimated arrival
times have no influence on the decision process of the heuris-
tic agents. These agents consequently operate on identical
observable states no matter the perturbation type, deviation
magnitude or random seed used.

Therefore, heuristic results should strictly be interpreted
as a deterministic baseline reference. They provide a stable
point of comparison across all perturbation settings, but the
heuristics cannot be used themselves as indicators of robust-
ness under uncertainty as their behaviour is fundamentally
unaffected by the created information gap.

3.2 Simulation Environment Changes
The simulation environment has been extended by adding an
extra attribute to each vessel. Through this addition the envi-
ronment now maintains both the actual and estimated arrival
time of each vessel. This enables the separation of simulation
and GNN belief. The simulation logic, including vessel ac-
tivation, queue updates and scheduling progression is depen-
dent solely on the actual arrival times of all vessels. However,
for construction of the state graph the estimated times of ar-
rivals are used, but only for vessels that have not yet arrived.
For vessels that have already arrived the nodes are constructed
using the actual arrival times, this is due to the fact that ar-
rived ships are known with certainty and represent the current



physical state of the port. This separation does not affect the
underlying DBAP mechanics, the action space, reward com-
putation or berth assignment rules. The only change that is
made is in regard to the information exposed to the agent.

3.3 Instance Generation
Dynamic berth allocation instances were generated artifi-
cially using a controlled stochastic process implemented by
Moya et al. [11]. The test set configuration was used to guar-
antee a controlled and reproducible set of problems. Each
problem instance consists of a set of vessels and berths, where
vessels’ inter-arrivals follow an exponential distribution and
are controlled via a congestion parameter C. This parameter
controls the density of the actual vessel arrival times, where
a lower value represents a higher congested port. Handling
times and priorities are sampled from uniform distributions
as per Moya et al. [11].

The test set used for this experiment uses the parameters
laid out in Table 1. For all combinations of these parameters,
216 instances (see Table 2) are generated using fixed random
seeds, resulting in stochastically different but reproducible
variants of the same instance. Each seed produces a com-
plete problem instance with independently sampled handling
times, priorities and arrival patterns. By evaluating the agent
over both structural variation via different problem sizes and
stochastic variation via different random patterns we get re-
producible yet meaningful performance metrics.

Table 1: Instance size and structural parameters.

Number of vessels {80, 100, 120}
Number of berths {5, 10, 15}
Congestion level C {0.5, 1, 2}

Table 2: Stochastic generation settings and total instance count.

Seeds per configuration {42, . . . , 49} (8 seeds)
Total configurations 3 · 3 · 3 = 27
Total instances 27 · 8 = 216

3.4 Estimated Time of Arrival Perturbation
Framework

To be able to evaluate robustness under ETA deviations we
must add controlled perturbations at instance level to the es-
timated arrival times and thus keeping the arrival times fixed
for creating the information gap. The main objective of this
perturbation framework is adding systematic and stochastic
perturbations in the arrival time information while still keep-
ing the underlying generated problems the same.

As can be seen in Table 1, the generated instances signif-
icantly differ in size. To ensure that the perturbations are
meaningful compared to the size of the instance the magni-
tude of the perturbations is normalised to the instance level
mean handling time h̄ (See Equation (7)). For N vessels and
M berths, hij represents the handling time of vessel i at berth
j.

We express h̄ as follows:

h̄ =
1

N ·M

N∑
i=1

M∑
j=1

hij (7)

In the experiment we consider four types of ETA pertur-
bations, where all magnitudes are expressed as multiples of
h̄. Each of the perturbation types represents a different struc-
tural form of ETA uncertainty. The perturbations are denoted
as the ETA-noise ϵi defined in Equation (5).

The first perturbation type is a systematic shift, this repre-
sents the most simple possible perturbation model where all
vessels have a constant delay β that is applied to all vessels.
This is defined as:

ϵi = β, β ≥ 0

This perturbation type models systematic bias in the esti-
mated times of arrival or port-wide disruptions that shift the
full schedule of the port. While this type of perturbation is
structurally simple, it isolates the global temporal misalign-
ment between perceived and actual system dynamics.

The second type of perturbation considered is positive-
mean Gaussian noise to model vessel specific uncertainty, a
common assumption in stochastic and forecasting error mod-
els. [5] [9]:

ϵi ∼ N (µ, σ2),

which is then truncated to ensure optimistic errors, so ϵi ←
max(0, ϵi). This perturbation type captures the stochastic de-
viations from the optimistic ETA reports. The positive mean
makes sure that the model aligns with the assumption that the
estimated times of arrival are generally optimistic.

To reflect asymmetric delay distributions commonly ob-
served in maritime logistics we introduce exponential de-
lay, a standard modelling choice for non-negative assymetric
stochastic processes [9]:

ϵi ∼ Exponential(λ)

The non-negative nature of the Exponential distribution con-
forms with our underlying assumption of optimistic errors.
Since the distribution introduces right-skewed variability this
allows us to model the scenario where most of the vessels
have a small delay whereas a smaller subset is heavily de-
layed.

Finally, we consider correlated uncertainty which is a com-
bined structure of global and vessel-specific uncertainty:

ϵi = ηglobal + ηi

where ηglobal represents port-wide disruption and ηi repre-
sents the uncertainty for specific vessel vi. This type is meant
to model realistic port conditions where both local and global
disruptions intertwine to create larger delays.

As previously mentioned, the magnitude of uncertainty is
relative to h̄. We define a set of scalars D, expressed as mul-
tiples of h̄, to represent the deviation levels:

D = {α·h̄ | α ∈ {0, 0.0625, 0.125, 0.25, 0.5, 0.75, 1, 1.5, 2}}
Here, D defines the absolute scale of perturbation applied to
any vessel in a specific instance. The case when α = 0 rep-
resents the case where there is no perturbation, so where es-
timated and actual arrival times are the same. Thus, in this



setting both the information regimes receive identical state
information. This serves as a consistency check between the
full and partial information agents, ensuring that the pertur-
bation framework reproduces the original environment and
that the evaluation across both information regimes is being
executed on the same underlying instances.

3.5 Experiment Procedure
The evaluation of the experiment is performed in a controlled
factorial design where both information regimes are evaluated
over identical problem instances with systematically vary-
ing ETA perturbations. By ensuring both regimes see the
same problem instance we can attribute the performance dif-
ferences solely to the asymmetry of information instead of
structural differences in the problem instance.

For each generated instance, the mean handling time h̄
is computed to determine the scale of the instance. Sub-
sequently a perturbed variant of the originally generated
instance is generated based on the selected perturbation
type, deviation level d ∈ D, and a random seed s ∈
{42, . . . , 47}. This perturbed instance is then independently
evaluated across all different agents where each information
regime receives an identical copy of the perturbed instance.
For the stochastic perturbation types (Gaussian, Exponential
and correlated noise) multiple seeds are used to take random
variability in the sampling process into account. For the deter-
ministic perturbation types, namely systematic shift and the
case α = 0 we evaluate using a single seed, since no random-
ness needs to be accounted for.

After each evaluation run we store performance metrics
such as waiting time, handling cost and total cost are com-
puted alongside some behavioural metrics deduced from the
action logs created by the agents.

3.6 Statistical Reporting
The primary goal of the evaluation is to evaluate how the
GNN-agent performs under ETA uncertainty. To systemati-
cally study this effect, the deviation magnitude set D intro-
duced in Section 3.4 is used to control the strength of per-
turbations applied to the actual arrival times. Each element
α ∈ D is a distinct perturbation strength expressed as a mul-
tiple of h̄

Results are therefore displayed as functions of α, which al-
lows direct comparison of robustness and performance across
different uncertainty levels. This gives a consistent scale
across instances of different sizes, making sure that all effects
can be attributed to the perturbations.

All the data points across the D-axis are computed over all
problem instances, perturbation types and random seeds. This
gives results based on repeated stochastic evaluations per con-
figuration, allowing results to be interpreted as population-
level data instead of single outcomes. By doing this we can
systematically compare the results between the perturbation
types whilst keeping the interpretation centred on the perfor-
mance over the D-axis

4 Results
This section discusses the results of the performed ETA per-
turbation experiments over different levels of α and over dif-

ferent structural types of deviations. First, the section illus-
trates the overall robustness of the agent to uncertainty of
estimated arrival times. Second, the impact of the different
structural types of deviation is shown. Finally, instance char-
acteristics such as operational load and structural capacity are
studied for their effects on the robustness of the agent.

All results, except those in Figure 4, are reported as
changes relative to a baseline set by the full information
regime. This ensures that all the changes can be attributed
to the ETA information gap observed by the partial informa-
tion regime, rather than structural differences in the instances
or model configurations. Therefore the results focus on how
increasing levels of uncertainty α affect the robustness of the
partial information regime.

4.1 Overall Robustness to Estimated Time of
Arrival Uncertainty
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Figure 2: The mean percentage point in the normalised cost com-
pared to the full information regime as a function of the deviation
level α. The shaded region indicates the 95% confidence interval of
the mean across the instances.

Figure 2 displays the mean percentage point change in per-
formance for all the perturbation types as a function of the
deviation level α. Across all the perturbation types, the per-
formance of the GNN agent displays consistent non-linear be-
haviour as an effect of increasing the ETA uncertainty. At
smaller α (α ≤ 0.125), the performance is relatively indistin-
guishable from the baseline with only minor fluctuations ob-
servable. This indicates near-complete robustness in regard
to small optimistic errors in the estimated times of arrival.

A sharp increase of the normalised cost is between α =
0.125 and α = 0.25 where the mean percentage point nearly
triples, this suggests that there is some kind of transition point
in which the model becomes increasingly sensitive to ETA
perturbations. Beyond α = 0.25, the robustness solidifies
with the mean percentage change stabilising as it fluctuates
in a narrow band. Important to note is that after α = 0.5 the
function is no longer monotonic as the increasing deviation
levels no longer lead to an increased normalised cost leading
to a plateau.

The standard error of the mean (SEM) does increase grad-
ually with the magnitude of the added uncertainty, indicat-
ing higher variability for the instances that were strongly per-
turbed. However, this increase is very small and seems to be



bounded, suggesting that the perturbations do not dominate
the decision making of the agent.

The performance of the heuristics does not change by de-
sign, as mentioned in Section 3.1. Their performance is
merely a fixed reference point as all observed performance
changes in Figure 2 solely reflect the changes in the GNN
agent. Consequently, any changes in the relative performance
gap between the GNN and the heuristics can be directly seen
as the loss of performance of the GNN as displayed in Fig-
ure 2

4.2 Effect of Perturbation Type on Robustness
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Figure 3: The mean percentage point in the normalised cost com-
pared to the full information regime as a function of the deviation
level α. Each curve corresponds to a different perturbation type in-
dicated by the legend
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Figure 4: The uncertainty in performance across the perturbation
types displayed as 95% confidence intervals.

Figure 2 captures the overall sensitivity to ETA perturba-
tions; however, it does not show the differences between the
types of perturbations introduced in Section 3.4. Thus, we
analyse how the different structural forms of perturbations
influence the performance robustness under increasing lev-
els of deviation α. Figure 3 shows the mean percentage point
change per perturbation type across the deviation levels. Fig-
ure 4 complements this by displaying the associated uncer-
tainty of each perturbation type, reported as 95% confidence
intervals. The different perturbation types follow the general
trend established in section 4.1, however the profiles of the
response stability are different.

Systematic shift shows the most uncertain response pattern.
The performance changes are sensitive to the deviation mag-
nitude α, but do not follow a smooth or consistently mono-
tonic pattern. Instead the response is characterised by higher
fluctuations over the deviation levels α as can be seen in Fig-
ure 4. This suggests that global temporal misalignment in-
troduces effects that cascade throughout scheduling process,
where early errors in decision making propagate through the
system in a non-linear way.

In contrast, the stochastic processes such as the positive
mean Gaussian and the exponential distributions produce
more regular response curves. The Gaussian despite minor
fluctuations has a mostly consistent increase in performance
degradation over greater magnitude deviations. The expo-
nential distribution follows much of the same pattern, al-
though it does generally have a more contained response to
the perturbations. This suggests that asymmetric but inde-
pendent perturbations have a more predictable overall effect.
For both distributions the uncertainty remains at a relatively
lower level, indicating that vessel specific noise is partially
absorbed by the scheduling policy.

The correlated perturbation type has the most stable per-
formance in terms of the mean percentage point changes in
Figure 3. Compared with the other perturbation types it has
smaller fluctuations indicating that the agent acts more pre-
dictably when the perturbations contain both global and ves-
sel specific components. While the performance curve is
more stable, we do not see this translate into a lower uncer-
tainty in the results of Figure 4. The confidence intervals as-
sociated with the correlated perturbations are very similar to
the ones introduced by the stochastic models. Consequently,
correlated uncertainty does not necessarily make the outcome
less variable but instead has a more consistent deterioration in
performance as deviation level α grows.

4.3 Impact of Instance Characteristics on
Robustness
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Figure 5: The impact of the amount of vessels per berth on the
relative change in normalised cost compared to the full informa-
tion regime. Each point represents the mean performance across
instances that share the same amount of vessels per berth.

To analyse whether the structural properties of the gen-
erated instances influence the robustness of the agent, two
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Figure 6: Sensitivity of the relative change in normalised cost com-
pared to the full information regime to ETA deviations under differ-
ent levels of congestion. Each curve represents a congestion level
on which an instance was generated and points represent the mean
outcomes across these instances.

instance-level variables are analysed: the berth-vessel ratio
and the congestion parameter c ∈ C. These two variables
capture two aspects of instance difficulty, static capacity and
operational load.

Figure 5 displays the relationship between the ratio of ves-
sels per berth and the mean percentage point change in the
normalised cost. No monotonic relationship can be found
between the ratio and the degradation of performance, in-
stead the effect of the berth vessel ratio is highly non-linear
as across the deviation levels alternating positive and negative
deviations can be found.

In particular, the lower ratios do not outperform the higher
ratios, and no consistent ordering can be established over the
tested values. This suggests that the structural capacity of
a port is not a strong predictor of the robustness of the GNN
agent. A good thing to notice is that although differences exist
across the ratios the magnitude of the relative change of mean
normalised cost is relatively low, indicating that although dif-
ferences exist they do not dominate the performance.

Figure 6 displays the impact of the congestion parameter as
defined in Section 3.3. In contrast to the berth-vessel ratio a
stronger pattern emerges in this parameter. For the two more
congested levels (C = {0.5, 1}) performance differences be-
tween the levels are minimal and do not have a consistent
natural ordering, with congestion level 0.5 not outperforming
congestion level 1 consistently by having a lower increase in
the change in normalised cost. However, when looking at
congestion level 2, we can see there exists a separation be-
tween the lower and higher levels. In particular, the lowest
congestion level consistently leads to significantly larger per-
formance deviations.

Since the relationship is not strictly monotonic over the
congestion levels, the congestion levels seem to act more
like a threshold factor. Once significant enough levels of
congestion are reached it no longer becomes a pronounced
factor in the robustness of the agent. This indicates that
the congestion parameter does not independently determine
the performance but rather modulates the impact of ETA
deviations.

Overall, the results indicate that the GNN agent exhibits
generally stable but non-uniform sensitivity to ETA uncer-
tainty. Performance stays close to the baseline for smaller
perturbations, for larger perturbations the performance has
small but bounded degradation which stabilises at higher
uncertainty levels. The differences between the perturbation
types indicates that the type of noise introduced has an
influence on the form of degradation, with systematic shift
and stochastic errors affecting the performance in separate
but comparative ways. Additionally, instance-level proper-
ties like the congestion parameter have a more pronounced
effect, indicating that operational load plays a stronger role
in affecting the performance under ETA uncertainty than
structural capacity does.

5 Discussion
The results indicate that ETA perturbations have little influ-
ence on the performance of the GNN agent, even under rel-
atively large deviations. Whilst Section 4 assesses this effect
empirically, this section interprets the observed robustness in
terms of the underlying structure of the GNN agent and simu-
lation environment. In particular, we analyse why uncertainty
in estimated arrival times has little to no impact on the deci-
sion making and what this tells us about the use of anticipa-
tory reasoning by the agent.

An important factor in the robustness we observe is the fact
that the agent has no way to make a commitment to a future
vessel by reserving a berth for a vessel. The assignment de-
cisions are made solely based on the set of vessels that have
already physically arrived and assigning a vessel to a berth
does not require or assume future capacity reservations. This
means that the information of future vessels does not put a
constraint on the current decision making in a strict sense, it
only provides contextual information about what may arrive
later on.

Because of this the errors introduced in the estimated ar-
rival times do not provide a meaningful enough distortion on
the agent’s decision process. Hence, even when there is a
shift in the estimated arrival times, the relative attractiveness
of all the feasible actions the agent can execute is mostly un-
changed, since the ETA perturbations do not actually alter the
set of feasible actions. In other words, the policy executes a
regime which is mostly local in time and does not depend on
long term allocation of the future vessels.

The lack of such a long term allocation system plays a cru-
cial part in the robustness to ETA uncertainty. In systems
where making a commitment to future vessels is possible, the
ETA errors can propagate throughout the system and make
the system sensitive to uncertainty. However, the evaluated
GNN agent only assigns vessels to berths when those vessels
are physically present, preventing the forecasting errors from
locking into suboptimal future decisions.

As a result, the perturbations have a very limited way to
exert influence on the performance of the agent. The agent
is presented with distorted information about the estimated
times of arrival, but this does not translate to irreversible
scheduling decisions or structural constraints placed on fu-
ture decisions. This explains why even the relatively large



deviations in the estimated arrival times lead to only minor
changes in performance.

Overall, the results of the experiment suggest that the ro-
bustness to ETA deviations is not because of sophisticated
anticipation of the future arrivals, but rather an effect of the
inherently reactive nature of the underlying scheduling pro-
cess. However, the variation observed between the different
congestion levels indicates that the robustness is not uniform
and can be modulated by instance-level characteristics.

6 Responsible Research
The experiment of this paper is done entirely within a simu-
lated environment of the DBAP and does not involve any hu-
man participants, personal data or operational port systems.
Therefore, no privacy-sensitive or ethically restricted data is
used. The objective is purely analytically based, focussing on
the performance of algorithms under perturbations instead of
real-world decision processes.

From an experimental design standpoint, fair and unbiased
comparisons are ensured throughout the evaluation process.
All agents are exposed to the identical perturbed instances
ensuring that all performance deviations can be attributed to
the perturbations. Furthermore, the GNN-agent is used in in-
ference mode, ensuring no form of implicit tuning happened
during evaluation.

The evaluation framework and results are reproducible. All
the problem instances are generated using reported strategies
and reported fixed random seeds, the perturbation levels are
specified through set D and the predefined probability distri-
butions. Stochastic effects are accounted for through repeated
evaluation using different random seeds, making variability
explicit rather than hidden.

While the experiment is designed to reflect real world un-
certainty in estimated arrival times, the perturbation types
used remain a simplification of the real-world conditions.
Therefore the results should be interpreted as evidence of ro-
bustness under controlled uncertainty rather than exact oper-
ational performance in real life ports

7 Conclusions and Future Work
In this paper, we evaluated the robustness of a pre-trained
Graph Neural Network reinforcement learning agent de-
signed for the Dynamic Berth Allocation Problem under un-
certainty of the Estimated Times of Arrival. To find the im-
pact of ETA uncertainty, an information gap was introduced
between the estimated times of arrival known to the agent and
the actual arrival times used for the physical simulation of the
instance. By keeping the underlying instances identical and
perturbing only the information known to the agent, we can
attribute the effects on the performance of the agent solely to
the introduced perturbations.

The results show that the agent is robust to the intro-
duced optimistic ETA deviations. Across all the perturba-
tion types and deviation magnitudes, only a very limited per-
formance degradation is observed. Additionally, the struc-
ture of the introduced perturbations proved to have limited
influence. A systematic shift of the estimated times of arrival
showed to have the most variable response patterns, whereas

the stochastic and correlated perturbations had more consis-
tent results. The instance level characteristics showed to have
minor influence as well, with congestion having a stronger
influence on the degradation than the vessel to berth ratio.

These findings suggest that the robustness is not primar-
ily the result of sophisticated reasoning of future arrivals, but
rather due to the structural design of the decision making pro-
cess of the agent. Vessels can only be assigned to a berth once
they physically arrive at the port and the agent is unable to
make a commitment to a future arriving vessel by reserving a
berth for it. As a result, the ETA information from future ar-
riving vessels is mainly used as contextual information rather
than a basis for long-term planning. Consequently, the intro-
duced ETA deviations can only work a limited influence on
the set of feasible actions and do not significantly alter the rel-
ative attractiveness of the feasible actions. This anticipatory
reasoning approach thus naturally limits the impact of ETA
uncertainty on the performance of the agent.

Future work could investigate a scheduling policy that does
include mechanisms that allow for explicit berth reservations
for future vessels or different future commitment mecha-
nisms. These mechanisms allow the agent to widen its plan-
ning horizon by reserving berths for future vessels. If ETA
predictions are sufficiently accurate, this additional anticipa-
tory capability could improve berth utilisation, reduce waiting
times and lead to overall lower cost associated with the cre-
ated schedules. However, these same mechanisms are likely
to increase the sensitivity to ETA deviations, as inaccurate
predictions now lead to inaccurate reservations. Studying the
trade-off between the use of anticipatory planning and over-
all robustness to ETA uncertainty would provide insight into
what extent future arrival information can be used in berth
allocation problems.

Generative AI Disclosure
ChatGPT 5.3 was used exclusively for language editing, clar-
ification of technical writing and LATEX-formatting in this pa-
per. An AI-based coding assistent with autocomplete from
IntilliJ IDEA was used as a programming help for code com-
pletion, writing comments/documentation and developmental
support. All research design, implementation, analysis and
validation were carried out by the author, who assumes full
responsibility for the work.
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