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ABSTRACT

Maritime shipping underpins global trade, handling more than 90% of global goods movement and links
markets across continents. Ports sit at the core of this system and their effectiveness greatly impacts the
smooth functioning of worldwide supply chains. Even though larger ships have boosted efficiency per call,
they require more docking time. This strain on terminal infrastructure makes Vessel Turnaround Time (VTT)
a crucial metric for container terminals (TCs). Existing research predicting VIT often suffers from limited
timeframes and a lack of comprehensive variables. This research creates and contrasts eight machine learning
regression models to predict VIT at the second TC in Tanger Med Port, representing one of the initial studies
to forecast VTT at this specific location using 12 years of Terminal Operating System data. Following a
detailed preprocessing phase and feature selection using RFECV, seven significant predictive variables were
isolated from an initial set of 114, concentrating on cargo handling volume, crane productivity and operational
delays within the terminal. Hyperparameters for each model underwent tuning with a grid search
incorporating 5-Fold cross-validation. The best-performing model was BPNN (R2=0.9741, RMSE =2.40 h,
MAE = 1.61 h). These findings illustrate that a streamlined, data-driven feature set markedly enhances VT T
prediction accuracy, offering terminal operators a dependable decision-support tool for operational planning.

Keywords: Vessel Turnaround Time, Machine Learning, Data-Driven Prediction, Feature Selection, Tanger

Med Port.
1. INTRODUCTION

Maritime transport is at the heart of world trade.
For ages it has powered the forces of globalization.
It plays the role as an artery of commerce across the
world and ships goods across the oceans to provide
an efficient and cost-effective way to move them.
90% of trade by volume across the world is handled
by the shipping industry [1]. Shipping is one of the
key players for world trade carrying out mass
movement of goods to promote global trade, linking
economies and markets to a global network.

Ports assume a crucial and prominent role as they
are important nodes in the global supply chain,
facilitating trade between countries and affecting
global supply chains performance, driving trade and
stimulating economic growth. Hence the fortunes of
ports have long been tied to their ability to provide

services and handle the ever-increasing number of
ships and amount of cargo that passes through them.

Container terminals (CT), part of ports, sort and
organise large quantities of goods that have travelled
on several different vessels enabling logistics and
trade flows to flow. Vessels have increased in size
because greater carrying capacity improves economy
but this means they remain in port for longer with
greater strain placed on port infrastructure
resources[2].

The time a vessel stays in port—its Vessel
Turnaround Time (VTT), calculated from its arrival
in an anchorage until the time of departure —is taken
as one of the clearest indicators of performance and
productivity of a container terminal [1] . Efficient
ports are adept at quickly turning ships around, even
when handling high volumes, which highlights the
superiority of their operational capabilities [3].
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The Port of Tanger-Mediterranean is located at the
crossroads of the busiest trade routes in the world,
situated directly on the Strait of Gibraltar; this port
holds significance as one of the largest ports in the
Mediterranean and Africa, playing a twin role as a
competitive node within global supply chains and as
an engine for Moroccan logistical and industrial
competitiveness. This importance is not matched,
however, by the research attention the port has
received: no prior study has examined VTT at
Tanger Med specifically, apart from our earlier
contribution [4], in which VTT is addressed only as
a secondary concern.

Although the importance of port efficiency is
increasingly recognized, research on VTT—an
indicator that remains nonetheless central to terminal
performance—continues to lag on several fronts.
Compared to other industry applications, VTT
problems have not yet received adequate attention
from data-driven ML models. Existing studies often
rely on datasets that are insufficiently detailed and
weakly operational, partly because terminal
operators are reluctant to share such data for reasons
of confidentiality and operational security; these
datasets also tend to cover restricted time periods
with a limited number of variables, while studies
conducted in specific port contexts exhibit uncertain
transferability to other environments. Weather
conditions likewise remain insufficiently integrated
into existing models [5]. Furthermore, whether
relying on classical statistical methods or on machine
learning, studies rarely compare a sufficient number
of competing models, limiting the systematic
evaluation of their relative performance. Finally, the
literature tends to focus more on identifying the
factors influencing VTT than on developing a
complete predictive framework [6].

In current practice, turnaround-time estimates rely
largely on operator experience, historical averages
and deterministic scheduling rules, or on estimates
reported by terminal systems; on our dataset, the
terminal's own estimates reach an R? of 0.92, which
sets the reference that the models developed here
must improve upon. This study therefore takes the
maritime traffic data captured by the terminal
operating system (TOS) and builds a complete
regression framework for VTT  prediction,
combining systematic  preprocessing, feature
selection and a comparison of several model
families. Eight machine-learning models were used
to build the regression models, each configured
through grid search and cross-validation, and the
analysis additionally examines feature importances
and their correlations. The best model reaches an R?

0f 0.97, against 0.92 for the terminal's own estimates.
It is this systematic comparison that allows the best-
performing model to be justified rather than merely
reported, and hence to be proposed as a predictive
tool reliable enough to inform terminal operations.

The remaining parts of this article are organised as
follows. Section 2 reviews the literature on vessel
turnaround time prediction and on modelling port
performance. Section 3 introduces the Port of Tanger
Med and the background of the case study. Section 4
sets out the data, covering the research flow, the data
source and the preprocessing pipeline. Section 5
presents the exploratory data analysis, the feature
selection and the machine learning models for
regression tasks, together with their hyperparameter
optimisation and assessment metrics. Section 6
reports the prediction results and discusses them, and
Section 7 concludes with the main outcomes of the
study, its limitations and directions for future
research.

2. LITERATURE REVIEW

VTT is closely tied to the berth allocation
problem, in which the central objective is to allocate
a specific berthing time and position to each vessel,
while minimizing handling time, subject to
constraints of space and time [7], [8]. Effective
management of VTT reflects well-organized vessel
scheduling that enables the swift handling of vessel
operations, minimizes delays, and ensures optimal
resource utilization. As such, VTT directly affects a
port's operational efficiency, its competitiveness and
economic viability. Achieving this level of
efficiency requires ports to continuously strengthen
their planning and operational capabilities through
the deployment of innovative equipment and state-
of-the-art technology aimed at optimizing terminal
logistics processes.

Significant research studies have examined the
sources of uncertainty in vessel operation timing. In
[5], the authors developed a VTT prediction
approach based on the XGBoost algorithm,
achieving a 23% reduction in MAE and a 24%
reduction in RMSE, while also deriving policy
recommendations on how port efficiency and green
shipping operations can be improved. Yoon et al. [9]
presents a comparative study predicting vessel dwell
times at Busan New Port using several machine
learning models, while Kourounioti et al. [10]
proposes a data-mining-based framework to forecast
ship arrivals and dwell time at Yining container
terminal.
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The ground for this research was set earlierin [11],
where regression models were used to measure VI T
at Klang Port, finding high and significant
correlations between VTT and crane allocation and
container volume. A related study [12] focuses
specifically on petroleum terminal operations,
looking for controllable operational factors to reduce
the level of VTIT, whereas Jayaprakash et al. [13]
develop non-linear regression models assuming that
service time is a better measure of overall port
performance than VTT.

Beyond these foundational contributions,
numerous studies have investigated the specific
factors driving VTT. In [14], the association between
VTT andtotal moves and discharge/load is
emphasized. Smith [15] uses AIS data to investigate
the determinants of dwell time at major U.S.
container ports, emphasizing that anticipated cargo
volume and schedule adherence are major factors. In
[16], classification models are developed to predict
ship stay time in Brazilian ports, with random forest
achieving accuracy and F1 scores above 73% and
revealing location and cargo as the main factors. The
authors in [17] conduct a spatial-network
investigation of the determinants behind VTT at
2,300 ports worldwide, finding that efficiency
increases with connectivity and GDP per capita, and
declines with delays and larger vessel size. In [18] ,
port revenue is linked to cargo throughput and VTT,
demonstrating their combined significance at Lagos
Port Complex.

More broadly, efficient ports are consistently
characterized by faster VTT, shaped jointly by port
facilities and vessel characteristics. Reference [19]
analyzes data from New Mangalore Port to identify
operational factors affecting turnaround time,
emphasizing the need to optimize both operations
and infrastructure. In [20], a tree-based machine
learning system is developed for predicting VIT at
the Port of Bordeaux using port call records and
generic vessel features, achieving error rates below
10%. Kokila et al. [21] examine VTT at Cochin Port,
highlighting inefficiencies such as pre-berthing
detention and resource-related delays, while Moon et
al. [22] emphasize that reducing port time improves
efficiency by lowering costs, CO- emissions, and
other externalities.

The stacking regression method in [6] combines
tree-based learners to predict vessel service time,
achieving a reduction in MAE of 29.7% and in
RMSE of 31.9% relative to existing Estimated
Departure Time (EDT) benchmarks. Tanker
terminals have received relatively less attention; in
[23], a dynamic approach considering cargo-level

operations, supported by AIS data, is presented to
predict berth duration at the Port of Singapore,
achieving prediction accuracy of up to 98.81%. More
recently, Park et al. [24] proposed a VTT forecasting
framework based on operation indicators derived
from multi-class queuing at Busan Port, yielding up
to 28% lower MAPE than existing approaches.

The body of work reviewed above evidently
depicts a methodological shift—from classical
statistical methods and early regression models
toward tree-based and ensemble machine learning
approaches—alongside growing evidence of the
impact of vessel characteristics, cargo, handling
resources, and planning and scheduling practices on
VTT [25]. Despite this progress, the literature
examined above exhibits several notable limitations.
First, many studies rely on datasets that are
insufficiently detailed and weakly operational, often
covering restricted time periods with a limited
number of explanatory variables.

Second, the use of ML models remains typically
confined to a small number of competing models,
with a significant portion of the literature relying on
classification approaches that represent VIT as
discrete categories rather than as the continuous
variable it inherently is. Third, environmental
factors—particularly =~ weather-related  delays—
remain largely unexplored, even though they may
plausibly affect vessel operations. Fourth, the focus
tends to fall more on identifying the factors
influencing VTT than on developing a complete
predictive framework. Finally, no prior study has
addressed VTT at Tanger Med specifically, with the
exception of one study that touches on the topic only
as a secondary aspect.

3. TANGER MED PORT COMPLEX

Positioned on the Strait of Gibraltar, a heavily
trafficked sea route, Tanger Med Port Complex
connects with 180 ports across more than 70
destinations around the world, offering direct access
to the main shipping routes with minimal route
deviation. This maritime traffic flow positions the
port as a worldwide transshipment hub, ranking it as
the leading container port in the Mediterranean /
African regions. Operational since 2007, it has
leveraged its strategic location, state-of-the-art port
infrastructure and fully digitized management
system to grow into a world-class center for
container transshipment. Ranked 19th in the world
[26] and 6th in the 2025 CPPI [27], Tanger Med saw
its throughput reach 10.24 million TEUs [28]. These
figures reflect its excellence and continuous
technological advancement due to digitalization.
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The port complex houses a container terminal,
Rail freight terminal, Hydrocarbon terminal, General
cargo terminal, vehicle terminal, Passenger and Ro-
Ro terminal and a Logistics Zone. Upgraded
infrastructure, state-of-the-art handling equipment
and optimized maritime operations reduce the vessel
waiting and maneuvering time and strengthen the
port’s competitiveness in world shipping trade.

That said, non-productive time which occurs
during a ship's call —the idle periods that arise while
cargo is being processed— poses a huge challenge
for shipping companies, which incur higher terminal
costs when such delays occur, in addition to
disturbing the natural downstream flow of the supply
chain. This underscores the need for accurate
turnaround time prediction as a means of minimizing
avoidable delays. Thus, ports must increasingly turn
to advanced data-driven approaches to reduce idle
time and optimize overall terminal operations.

Our study focuses specifically on the second
container terminal (TC2) of the port. Based on
historical port-call data stretching over 12 years, the
aim is to create approaches to improve the prediction
accuracy of VTT, thereby helping to improve the
operational efficiency of the terminal. After all,
efficient ports are those that can turn ships around
more quickly even under high cargo volumes [3],
and improving VTT prediction can bring actual
improvements to the operational competitiveness of
Tanger Med port as perceived by its customers, as
well as help the port better position itself in the
ongoing competition among ports.

4. DATASET AND PREPROCESSING

This section describes the dataset and its
preparation: the research flow, the operational
records extracted from the terminal's operating
system, the target variable, and the preprocessing
pipeline applied to these records.

4.1. Research Flow

The flowchart in Figure 1 illustrates the process
followed to develop the VTT prediction ML models,
starting with input data from the TOS of TC2.
Preprocessing techniques (data integration, cleaning,
transformation, and encoding) were then executed to
ensure high data quality. Next, feature extraction and
selection were carried out to identify suitable
features for the ML model's VTT prediction.

A range of eight distinct types of ML models was
considered for our regression models -covering tree
based, ensemble, kernel-based, non-parametric,
neural network, and meta-ensemble approaches. By

e
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tuning different hyperparameters through grid
search, each model was optimized to achieve the best
possible results. The best-performing model was
then evaluated in detail against the actual dataset
drawn from terminal operations.

Preprocessing
Cleaning, imputation,
outliers, encoding...

*

From port TOS

Raw data
RFECYV, correlation

Feature selection ‘

'
| lterative refinement loop

metrics
R?, RMSE, MAE

Operational integration

Model deploy
LightGBM, SVR, MLP...

ML models
| | CART, RF, XGBoost,

—

Grid search tuning

Figure 1. Research Flow For VIT Prediction.
4.2. Input Data

The dataset used in this study is both sufficiently
detailed and directly linked to the terminal's
operational processes, capturing the full range of
aspects that characterise container terminal activity.
Obtaining such detailed information from port
authorities is, however, notoriously difficult:
terminal operators are often reluctant to share
operational data, citing concerns over confidentiality
and operational security [29]. Against this backdrop,
the dataset mobilised here stands out from those
typically found in the literature, spanning an
extended time period and encompassing a
sufficiently rich set of variables to comprehensively
capture terminal activity.

The data used in this study come from the TOS of
TC2, obtained with the authorisation of the terminal
management and under a confidentiality agreement.
They consist of operational records of vessel calls,
providing a comprehensive view of vessel
movements at the terminal over a 12-year period.
The dataset comprises 13,796 rows and 114
attributes, organised into five categories of features:
vessel and voyage information, container and cargo
operations, terminal operations and scheduling, user
and system information, and miscellaneous
attributes. Crucial attributes include loaded and
unloaded cargo volumes, actual arrival and departure
times (ATA-ATD), and estimated time of arrival,
with each row representing a single call of a vessel
to the terminal.

Weather data were also integrated into the dataset
to examine its potential influence on analysis and
prediction. Weather may plausibly affect vessel
operations at the port, such as strong winds which
can sometimes cause cranes to cease working for an
extended period of time and rain during the
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loading/unloading of dry cargo. Accordingly, there
was reason to test whether including weather data
could bring added explanatory power to the models
used below. This hypothesis is examined in the
experiment section. The first step was a
comprehensive preprocessing phase, aimed at
refining and structuring the dataset, checking its
quality, and ensuring that the training data supplied
to the models were reliable, thereby laying the
groundwork for a robust process to predict VIT.

4.3. Data Preprocessing

Data preprocessing is a critical step and the most
fundamental one of a data-driven or ML application,
since the quality of the initial data used directly
determines the precision and reliability of the
resulting predictions. It encompasses a set of
techniques used to improve the quality of raw data
and adapt it into data of a more manageable and
analytically useful format.

The preprocessing workflow was adapted and
applied step by step, as described previously in [4].
The steps followed in the present analysis are
summarized below:

= Data Integration: The data had been merged and
synchronised; Three redundant attributes were
removed and the duplicate tuples had already been
handled.

= Data Cleaning: All irrelevant features, like free-
text fields, mostly null or almost empty columns,
features that have near-zero variance, and

categorical features with high cardinality, were

removed, so that only usable features remained.

Figure 2 shows the number of non-null values for
the columns containing null values.

» Missing Data Handling: Features with greater
than 90% missing values were discarded.
Remaining missing values were imputed
according to feature type, for categorical columns,
using new-category imputation and most frequent
category imputation; and through K-NN Imputer,
for numerical columns.

= Qutlier Detection: IQR, Z-score, One-Class SVM
(OCSVM), and DBSCAN methods have been
evaluated. DBSCAN was selected as the most
reliable and effective method for identifying and
removing outliers, owing to its efficiency, and
suitability for large-scale datasets. This method
removed 1,329 outliers, reducing the dataset from
13,796 to 12,467 vessel calls.

= Data Normalization: Numerical features were
rescaled through z-score normalization, yielding
features with zero mean and standard deviation of
one, thereby giving features a unified metric scale,
but preserving all other distributional properties
of our data.

= Categorical Data Encoding: One-hot encoding
was applied to categorical variables, using N-1
binary indicators for each feature. Sparse
representations were used to reduce memory
overhead.

After preprocessing, the dataset consisted of 40
features and 12,467 instances. With the data
prepared and cleaned, the next step involves
exploring which features are the most relevant
through exploratory data analysis, in order to train
the ML comparative models using these features.
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Figure 3. Distribution Of VIT Values

5. MACHINE LEARNING
REGRESSION TASKS

MODELS FOR

5.1. Feature Engineering

The process of feature engineering involves
creating, selecting, or transforming input variables in
order to improve the predictive outcomes of a model.
Categorical feature encoding was already carried out
in the preceding stage, while other features are
assessed according to the magnitude of their impact
on VTT. To identify the key aspects of the prediction
issue, VIT —the ground truth of the regression task
—was calculated as the difference between Actual
Departure Time (ADT) and Actual Arrival Time
(ATA). Descriptive statistics for this target variable
are presented in Table 1.

Table 1. Descriptive Statistics For The Target Variable

Count [Mean|MedianMaximum|Minimum| S.td'.
Deviation
12,467|21.55| 18.29 | 88.67 0.17 14.86

The distributions of the VTT values are shown in
Figure 3 . Most of the turnaround times lay in the
range of 5 to 52 hours. Values that fall outside this
range occur less common. The distribution is close
to Gaussian with little positive skewness with a high
density around 18 hours when observed closely. It is
also consistent to the statistical information provided
in Table 1 above.

There are several different methods to find
features that are relevant to affecting VTT and those
that are not. In this study, relevant features were
selected through a correlation-based screening step
(along with the previously discussed simple
low/zero-variance filter that we include in the
preprocessing) as well as RFECV (Recursive
Feature Elimination with Cross-Validation).

A correlation matrix heatmap of all continuous
features was plotted in Figure 5. to show the
relationships between these features. The correlation
coefficient ranges between -1 and 1, indicating how
two variables are linearly related; in the case of a
perfect positive relationship, the correlation is 1, and
it is 0 when there is no relationship; -1 indicates a
perfect negative relationship. Features with a
correlation above approximately 0.90 (indicating
that they are strongly linearly correlated and convey
redundant information) were examined for potential
information leakage and removed, along with any
feature showing an implausibly strong correlation
with the target variable itself, which would suggest
data leakage rather than a genuine predictor.

RFECV - Feature Selection

0.96

0 10 20 30 40 50 60

Nombre de features

Figure 4. Number Of Features Selected

RFECV was applied to the original preprocessed
dataset, using 5-fold CV and an Extra Trees
Regressor (ETR) as the base estimator. The
relationship between the number of features and
model performance is illustrated in Figure 4; in this
case the 7 most important predictors performed the
best and adding further features did not result in any
additional gain. The relative importance values of
these features ranged between 0.08 and 0.25 (Figure
6) with VPNMOV, QTPARK, VPNCMO,
VPGCOT, QTTMNL, QTCOVE and NbCrane being
the most important ones.
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Figure 5. Feature Correlation Matrix.

5.2. Predictive Models

Machine learning for regression tasks typically
comprises three main stages: data preprocessing,
algorithmic modeling, and model refinement [25].
After the preprocessing and feature engineering
discussed above, a clean set of relevant features for
predicting VTT at Tanger Med Port was successfully
established. The next step consisted of choosing
suitable ML algorithms to construct regression
models and evaluate their comparative performance,
with hyperparameter optimization to fine-tune each
model and achieve optimal results.

num__VPNMOV

num__QTPARK

num_VPNCMO

num__VPGCOT

num__QTTMNL

num__QTCOVE

num__NbCrane

0.00 0.10 0.15

Feature Importance

Figure 6. Importance Of The Selected Features

Models built on decision trees, such as XGBoost
and Random Forest (RF), are widely used in
predictive analytics [30] and can outperform neural
networks when working with tabular datasets
specifically [31]. However, in order to conduct a
thorough comparative analysis and avoid limiting
the study to a single family of algorithms, this study
applies a broader range of regression techniques
spanning tree-based, ensemble, kernel-based, non-
parametric, neural network, and meta-ensemble
approaches. Below are the models used along with a
brief explanation of each (Table 2).

All models were implemented in Python 3.10.12
(scikit-learn 1.3.2, XGBoost 2.0.3, LightGBM
4.1.0), and experiments were run on a single
workstation (Windows 11 Pro, Intel Core i7-
12700H, 32 GB RAM). The random seed was fixed
at 42 for every stochastic component and applied
identically across all models, so that the comparison
rests on identical data partitions. The data were split
80/20 using that same seed. The training set was used
for hyperparameter tuning by grid search with 5-fold
cross-validation, and the test set was used once for
the final evaluation. The Stacking model combines
RF, XGBoost, LightGBM and SVR as base learners
with a Ridge meta-model trained on out-of-fold
predictions.
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5.3 Hyperparameter Optimization

Using a combined technique of Grid Search and
K-fold CV, the models were enhanced for more
accurate future outcome prediction and data
generalizability. The Grid Search technique entails
defining a range of hyperparameters to
systematically investigate across, until the optimal
combination  for each  model  emerges.
Complementary to this is K-Fold Cross-Validation,
which partitions the dataset into K subsets. One of
these subsets serves as the validation set, while the
remaining K-1 are used for training. The results are
then averaged across all folds to ensure reliability
[32]. This procedure prevents models from
overfitting to specific parts of the data, providing a
robust evaluation of model performance.

In this study, 5-Fold CV was used during model
training. As each algorithm involves different
hyperparameters, specific ranges and intervals were
defined individually for tuning.

5.4 Model Assessment Metrics

Three standard metrics were used to evaluate
regression performance in predicting VTT: R? (the
coefficient of determination), and MAE (Mean
Absolute Error), RMSE (Root Mean Squared Error).
A Dbetter model has a greater R? value (more close to
1), whereas smaller RMSE and MAE values indicate
more accurate estimation. Of these metrics, R? is
considered the most important for evaluating the
overall quality of a prediction model.

6. RESULTS AND DISCUSSION

Before presenting the comparison results, it is
useful to review the operational meaning of the seven
predictors selected in the RFECV process. Namely,
there are three functional groups of variables:
container volume and planned cargo movements
(VPNMOV, VPNCMO, and QTCOVE); crane
productivity and operation time (NbCrane and
VPGCOT); and waiting time and delays attributable
to the terminal (QTPARK and QTTMNL). Overall,
all the selected predictors correspond to the
operational workload and delay dynamics created by
each vessel call, and not the static scheduling
metadata, which plausibly explains the predictive
power of such predictors for VIT

A weather-related predictor was also considered
among the candidate variables, but its inclusion did
not improve predictive accuracy. This is consistent
with the results of Stepec et al., who experimented
with weather data, in particular wind and
precipitation, combined with historical port call
records at the Port of Bordeaux, and found that
presenting these features to the predictive model did
not result in an increased accuracy [20]. In the
context of Tanger Med, this may be explained by the
predominance of cargo-handling workload and
terminal scheduling  over  weather-related
disturbances in accounting for VTT. The
contribution of weather to explaining VTT in this
dataset may therefore be smaller than that of other
predictors, and may vary across cargo and
operational contexts.

Table 2. Overview Of The Machine Learning Models Used For VIT Prediction.

Model Family Key Principle
CART Decision tree Dlyldes the input space step by .step into uniform regions, splitting on the
variable that most reduces prediction error at each node.
Ensemble  [Aggregates predictions from a large number of decision trees, each grown from
R F RF . . ’ .
andom Forest (RF) (bagging)  |abootstrap sample and a randomly restricted set of features, to reduce variance.
Ensemble  [Adds trees in sequence, each one trained to patch the errors accumulated by
XGBoost . . . o L .
(boosting) |earlier trees, using regularization to limit overfitting.
. Ensemble  |Refines gradient boosting through histogram-based splitting and leaf-wise tree|
LightGBM . - . o
(boosting)  |growth, improving training speed on large datasets.
SVR (Support Vector Fits a function that stays within a set margin of the observed targets, relying on
. Kernel-based . .
Regression) kernel functions to capture non-linear patterns.
k-Nearest Neighbors Non-parametric Predicts a target value as the average outcome of the k most similar
(k-NN) P observations in the feature space, without assuming a fixed functional form.
Backpropagation A feedforward network with one or more hidden layers, trained via
Neural Network Neural network [backpropagation to iteratively adjust weights and capture non-linear feature
(BPNN) interactions.
. . Pools predictions across multiple diverse base learners, feeding them into a
Stacking Regression | Meta-ensemble second layer that figures out the optimal way to blend them
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Figure 7. Comparative Model Performance For VTT Prediction.

Table 3 contains a comparative analysis of the
eight regression models estimated on the hold-out
test set, using seven selected features. The models
are ranked based on the R? score, accompanied by
RMSE and MAE. Figure 7 illustrates these results
graphicallyFigure 1.

Table 3. Comparative Performance Of The Eight
Regression Models For VIT Prediction.

Vodd | we | ROISE[MAE [ Training
BPNN | 09741 | 2396 | 1.608 | 2.84
Rset;rceksls?(%n 0.9734 | 2430 | 1.630 | 1433
LightGBM | 0.9728 | 2.456 | 1.649 | 029
XGBoost | 0.9728 | 2460 | 1.659 | 0.51
legfe‘;‘t“ 0.9713 | 2.524 | 1.679 0.77
K-NN 09647 | 2.799 | 1.888 |  0.03
SVR 09627 | 2.878 | 1.792 | 2.09
CART | 09499 | 3336 |2.190 | 0.04

All eight models achieve an R? greater than 0.94,
which means that the selected feature set through the
preprocessing and RFECV has enough predictive
power for the VIT. In addition, this result was
obtained with the use of only seven predictors:
VPNMOV, VPGCOT, QTPARK, QTTMNL,
VPNCMO, QTCOVE, and NbCrane, out of 114 raw
attributes included in the TOS extract. This
represents a significant improvement over the
prediction of the VTT made by the terminal itself,
and is in line with the improvements reported in the
literature on VTT prediction using ML
algorithms[5]. The fact that a parsimonious seven-
feature model outperforms the terminal's own
estimation process underscores the value of a
systematic, data-driven feature selection procedure
over the heuristic or experience-based reasoning
typically underlying terminal-reported estimates.

Beyond the gain in predictive accuracy, this result is
also practically meaningful in terms of prediction
speed, since the reduced feature set makes the model
considerably cheaper to maintain and deploy
operationally.

The BPNN achieves the best overall performance,
marginally outperforming Stacking Regression and
the two gradient-boosting models, LightGBM and
XGBoost. Its superior performance underscores its
efficacy in capturing the complex, non-linear
relationships inherent in terminal operations,
justifying the additional computational cost relative
to faster alternatives like LightGBM. This finding
contrasts with the general observation that tree-based
models often outperform neural networks on tabular
data [31], although the differences here are small:
0.0007 in R? between the BPNN and Stacking
Regression, and 0.0013 between the BPNN and
LightGBM. However, the comparison should be
interpreted cautiously unless the studies' data, target
definitions, and evaluation procedures are
sufficiently aligned. Thus, the contribution lies not in
claiming that neural networks are generally superior
for this task, but in demonstrating the predictive
value of a carefully preprocessed, feature-selected,
and data-driven feature set.

The stacking Regression ranks second (R? =
0.9734) but takes 5-28 times longer to train than the
top models, with a negligible accuracy gain which
makes the model rather impractical for operation.
LightGBM and XGBoost take the third and fourth
places respectively (R? = 0.9728 each) and train in
under a second, making them the most preferable
models when accuracy should be balanced with
speed and deployability.

The Random Forest shows a rather good result (R?
= 0.9713) although it uses considerably simpler
ensembling approach than the top models, yet still
trains significantly slower than LightGBM or
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XGBoost without any accuracy gain. On the other
hand, the k-NN and SVR rank further down the list,
probably due to the weaker capability to capture the
underlying structure of the dataset for the seven
numeric predictors. Finally, CART produces the
weakest result (R*> = 0.9499), which proves the
advantages of the ensemble and boosting approaches
over a single decision tree.

Table 4. Optimal Hyperparameters Adopted For BPNN.

Optimal
Hyperparameter Search space value
) ) (64, 32); (128, 64);
Hidden layer sizes (128, 128): (256, 128) (128, 64)
Alpha 0.00001; 0.0001; 0.001; 0.0001
(L2 regularization) 0.01 ’
Leaming rate | 4001. 0.001; 0.01;0.1|  0.01
(initial)

The grid search was performed for all eight
models with their particular sets of candidate
hyperparameters. As the best performing model
turned out to be BPNN, the configuration of this
particular model alone is described here, to avoid
unnecessary repetition. Using the 5-Fold CV, the
best configuration that has been selected, as
presented in Table 4, is a two-hidden-layer
architecture, with light regularization strength and a
moderate initial learning rate. This relatively deep
architecture, paired with light regularization and
moderate learning rate, shows that the interaction
between the selected predictors and VTT benefits
from a network with sufficient capacity to model
non-linear interactions, whereas the low alpha value
implies a low overfitting risk.

Three limitations bound these results. The first is
scope: the models were built on calls at a single
terminal, TC2, so the accuracy reported here has yet
to be tested on another terminal. Models developed
on one container terminal are specific to it [9] : ports
are not homogeneous in their layout, operational
details and available data, so models must be
calibrated to each port [25] . The second concerns the
information used. The seven retained variables
exclude the season and congestion indicators.
Weather was tested through a single delay variable
reported by the TOS and brought no gain, although
its effect may depend on equipment and cargo type
[33]. AIS records, which describe the approach
trajectory, were not used. The third is data access.
Terminal operators own their operational records,
which are by nature not shared and confidential [23].
Many ports withhold detailed operational data to

protect their competitive position, and obtaining
such data remains the main hurdle in applying
machine learning to port studies [25]. The pipeline
therefore cannot be re-run by third parties, and
confidentiality prevents external replication.

Future research should focus on three directions.
First, applying the pipeline to other container
terminals at Tanger Med and to ports elsewhere
would show whether the seven-predictor structure is
transferable or whether terminal-specific variable
sets are needed. Second, incorporating seasonal and
congestion indicators—such as the number of
vessels in port at the time of arrival [5] —could
improve predictions, provided these data are
available when the prediction is made. Third,
integrating the predictions into berth-allocation and
yard-planning models, and extending the approach
across terminals, could make call-duration estimates
more comparable.

7. CONCLUSION

This study set out to determine whether vessel
turnaround time at a container terminal can be
predicted accurately from the operational records the
terminal already produces, and which of eight
machine learning models does so best. Using twelve
years of terminal operating system data from TC2 at
Tanger Med, preprocessing and RFECV-based
feature selection reduced 114 raw attributes to seven
predictors, and the BPNN reached R? = 0.9741,
RMSE = 2.396 h and MAE = 1.608 h on the hold-
out test set. Because the differences between the
models are small, the more consequential result is
that a seven-variable model matches the accuracy of
considerably more expensive alternatives.

The broader significance of this finding lies in
what it displaces: inefficient port operations generate
costs for shipping companies and unproductive days
for vessels, whereas shorter and more predictable
turnaround times reduce vessel idling, costs and
emissions and strengthen port competitiveness [22].
The ability to anticipate the duration of a call before
it completes changes the information available to
berth and crane planning, and allows arrival and
departure estimates to be updated as a call
progresses. At the level of a single terminal, that
means better allocation of quay cranes and berths;
beyond it, it contributes to the competitiveness of the
port complex and to the reliability of the schedules
that carriers publish to shippers. For a hub handling
over 11 million TEU a year [34] , even modest gains
in planning accuracy accumulate across thousands of
calls. Because the study draws on a twelve-year span
covering periods of growth in vessel size and call
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volumes, the framework also offers a template for
terminals that hold comparable historical records but
lack the analytical capacity to exploit them.

Several applications extend beyond this study.
The same pipeline could be applied to the other
container terminals of Tanger Med and to other
ports, testing whether the seven-predictor structure
transfers or whether terminal-specific variable sets
are required. Coupling the approach to berth
allocation and yard planning models would let
predicted call durations replace the fixed handling-
time assumptions currently used, and applying it
across terminals would put call-duration estimates
on a comparable basis, enabling benchmarking.

Realising that potential depends on access to data.
The obstacle is the confidentiality constraints under
which terminal operating data are held. Progress in
this field therefore requires two things: terminals and
port authorities willing to share data with researchers
under confidentiality terms that protect commercial
interests, and researchers who report their studies in
enough detail for the results to be tested. Extending
the approach to additional terminals for multi-port
validation, and piloting it inside terminal operating
systems, would be the natural next step.
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