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Abstract

Purpose: This study aimed to enhance the prediction of container dwell time,
a crucial factor for optimizing port operations, resource allocation, and supply
chain efficiency. Determining an optimal learning rate for training Artificial
Neural Networks (ANNs) has remained a challenging task due to the diverse
sizes, complexity, and types of data involved. Design/Method/Approach:
This research used a RandomizedSearchCV algorithm, a random search ap-
proach, to bridge this knowledge gap. The algorithm was applied to container
dwell time data from the TOS system of the Port of Tema, which included
307,594 container records from 2014 to 2022. Findings: The Random-
izedSearchCV method outperformed standard training methods both in terms
of reducing training time and improving prediction accuracy, highlighting the
significant role of the constant learning rate as a hyperparameter. Research
Limitations and Implications: Although the study provides promising out-
comes, the results are limited to the data extracted from the Port of Tema and
may differ in other contexts. Further research is needed to generalize these
findings across various port systems. Originality/Value: This research under-
scores the potential of RandomizedSearchCV as a valuable tool for optimizing
ANN training in container dwell time prediction. It also accentuates the sig-
nificance of automated learning rate selection, offering novel insights into the
optimization of container dwell time prediction, with implications for im-
proving port efficiency and supply chain operations.
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1. Background

Artificial Neural Networks (ANN), a remarkable tool from the Machine Learning
(ML) arsenal, have found extensive applications across various fields, including
literature, health, agriculture, criminology, and statistics [1]-[3]. With the advent
of Big Data, the optimization of ANN for effective outcomes has become a signif-
icant challenge, especially considering the size and complexity of modern datasets.
The efficiency of ANN projects revolves around two central factors: speed, often
referred to as the Learning Rate (LR), and prediction or classification accuracies.
While the importance of accuracy is well-established, the role of the Learning Rate
has emerged as a critical aspect of training neural networks [4]. Despite numerous
advances, the arbitrariness in LR selection and its dynamic nature depending on
various dataset characteristics have often led to subpar outcomes [5]. This chal-
lenge manifests significantly in modeling container dwell time, a key indicator
within the maritime sector [6]. Previous efforts using ANN have not achieved the
desired prediction accuracies and learning speed [6] [7]. While container dwell
time may sound technical, it is simply the time a container spends before being
transferred to its next destination. Although various tools have been applied to
model this indicator, ANN’s application has faced issues. The problem boils down
to the selection of the learning rate, something that may seem trivial but has pro-
found implications for the prediction outcomes. This study aims to innovate by
applying random search methods to determine the Learning Rate. By eradicating
the arbitrariness in its selection, this novel approach aspires to achieve improved
speed and accuracy in training ANNs for predicting container dwell time. This
will not only bridge the existing methodological gap but also enhance the practical
applicability of ANN in the context of complex real-world data. The present study
leverages the strengths of ANN, taking into account the recent literature [5] [8]
and the challenges faced in modeling container dwell time [6]. As a result of the
utilization of random search methods for LR determination, the study offers a
fresh perspective on how to optimize prediction outcomes, thereby contributing

a valuable addition to the ongoing discourse in the field.

2. Literature Review

Given the paramount significance of neural networks in various facets of life [6]
[9] [10], an uptick in research has been observed aimed at optimizing their per-
formance. A cornerstone of these studies was the attempt to mathematically rep-

resent the operations of human neurons. The pioneering work in this arena was
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conducted by [11], who proposed a method of cyclically feeding data into a net-
work to establish pattern recognition, enabling the network to replicate or pro-
duce similar outputs when provided with distinct inputs. Their model incorpo-
rated various network components, most notably hyperparameters, which are
contingent upon the data’s characteristics. An essential hyperparameter in this
context is the learning rate, which necessitates precise control to yield optimal
results. Despite its foundational importance, the model by Mcculloch & Pitts faced
critiques, primarily pertaining to gradient behavior. Nevertheless, their ground-
breaking work set the stage for subsequent contributions such as Hebbian Learn-
ing [12], the Backpropagation Algorithm [13], Reinforcement Learning [14] [15],
and Spike-Timing-Dependent Plasticity (STDP) [16]. Donald Hebb’s 1949 con-
cept illuminated the dynamics of information flow and elucidated the facilitation
and inhibition processes of neurons. However, the Hebbian hypothesis wasn’t
without its shortcomings, particularly its comparative inefficiency vis-a-vis error-
correcting methods that facilitate adjustments during both the training phase and
at convergence [17]. To address these inadequacies, Paul Werbos introduced the
concept of backpropagation in 1974, emphasizing gradient descent for neural net-
work training. This methodology, while revolutionary, had its pitfalls, notably its
propensity to get trapped in local minima, the complexities associated with gradi-
ent behaviors, and computational demands, among others. Concurrently, other
learning algorithms were emerging, such as Reinforcement Learning, character-
ized by its agent-environment interactive paradigm, which, despite its merits,
came with high costs, ethical concerns, and other challenges. STDP, another es-
sential paradigm, is rooted in the biological principles of neural functioning. It
theorizes the modulation of synaptic strength based on the exact timing of spikes
in pre- and post-synaptic neurons. Despite its biologically inspired foundation, it
faces challenges such as noise, limited applicability, and intricate network dynam-
ics. In the pursuit of optimizing learning speed and controlling error oscillations,
various methods have been put forth, including the introduction of momentum
techniques such as Nesterov Momentum, Gradient Descent, and Stochastic Gra-
dient Descent (SGD). Enhancements to SGD birthed techniques like AdaGrad,
RMSprop, AdaDelta, and Adam. All of these developments aimed to refine the
rate of learning. However, amidst this vast landscape of algorithms and learning
rates, pinpointing the perfect amalgamation remains a daunting task. Further
complicating matters, [5] introduced the Adaptable Learning Rate Tree Algo-
rithm (ALR), which, when tested on the MINST dataset, outperformed various
SGD methods. This underscores the complexity inherent in choosing the ideal
hyperparameters a decision contingent on data type and intricacy. Such revela-
tions have led to the rise of hyperparameter tuning techniques, exemplified by
approaches like grid search and random search, as underscored by [18]. While the
former involves exhaustive combinations, the latter offers potential efficiency
gains. However, despite these advances, a noticeable arbitrariness persists in the

choice of learning rates and other hyperparameters among many ML practitioners.
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In one notable study by [6], an artificial neural network was applied to model
container dwell time. Using a dataset collected over a year from a Middle Eastern
container terminal, the analysis focused on 13,733 import containers. After 2000
training cycles with specific configurations, the model achieved a classification
accuracy of 65.5%. A misclassification rate of 25.5% suggests that such a model
might not be wholly reliable. This research postulates that the suboptimal model-
ing outcomes could stem from arbitrary choices in learning rate. Furthermore,
current explorations like the optimized reinforcement learning method exhibit
tangible benefits in practical applications like path planning [19]. Paralle]l ad-
vancements are evident in studies that deploy artificial neural networks and ma-
chine learning techniques for diverse applications, ranging from vessel activity la-
beling to housing price variation investigations [19] [20]. Another commendable
stride in this domain is the ARIMAX-LSTM approach, which further underscores
the superiority of deep learning models over their traditional counterparts, espe-
cially in the realm of container throughput forecasting [21].

The challenge over the years, however, is the ability to combine all of these hy-
perparameters and algorithms in a way that achieves optimum results. This led to
the development of two main algorithms in the Scikit-Learn library of the Python
programming language [22]. These two are Random Search and Random-
izedSearchCV. According to [23], whilst Random Search considers the permuta-
tion of all parameters during training, RandomizedSearchCV considers a few
samples of the hyperparameter space, making it suitable for larger datasets [23].
As such, the major difference between the two algorithms is that while Random
Search is suitable for smaller datasets and may require a lot more computing re-
sources to be able to train larger datasets, RandomizedSearchCV, which includes
cross-validation, is able to handle larger datasets better with faster convergence
[23].

This study, rather than devising a novel learning rate function, aspires to ad-
dress the methodological gap highlighted in [6]. The approach involves the appli-
cation of RandomizedSearchCV, a component of the Scikit-Learn library, due to
its documented advantages over Random Search, to discern the ideal learning rate
for classifying or predicting container dwell time. The adoption of this approach
helps the model to learn and identify the patterns in the data irrespective of its
original distribution (Time Series, Regression, etc) as documented in [6] [24]-[26]

and others.

3. Methodology

The study’s focal point is an exhaustive dataset comprising 307,594 records of
freight containers delivered to the Port of Tema, a significant hub in Ghana’s mar-
itime network, from 2014 to 2022. This dataset, extracted from the Terminal Op-
erating System (TOS) of the Ghana Ports and Harbours Authority, offers an in-
depth view into the operations and logistics within the port. The dependent vari-

able of interest is the dwell days of containers, representing the time a container
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spends within the port’s premises from arrival to departure. This variable is cru-
cial in assessing the efficiency and effectiveness of the port’s operations. The main
independent variables in this study are the various characteristics of the contain-
ers, which may include size, type, weight, contents, origin, destination, and other
relevant attributes. These factors could hold significant insights into the underly-
ing dynamics that affect the dwell time.

Below are the features in the data (Table 1).

Table 1. Attributes of variables.

No Variable Name Classification Scale of Measurement Variable Type
1 Container Number Subject Nominal String
2 Trade Shipment-Level  Categorical (nominal) String
3 Commodity Shipment-Level  Categorical (nominal) String
4 Size Shipment-Level  Categorical (nominal) String
5 Weight Shipment-Level Ratio Decimal
6 Shipment Type Shipment-Level  Categorical (nominal) String
7 Day of Delivery Shipment-Level  Categorical (nominal) String
8  Date of Discharge Shipment-Level Ordinal Date
9 Date of Delivery Shipment-Level Ordinal Date
10 Last Port of call Shipment-Level  Categorical (nominal) String
11 Region of Origin Shipment-Level  Categorical (nominal) String
12 Fiscal Regime Shipment-Level  Categorical (nominal) String
13 Density of Value Shipment-Level Numeric Decimal
14  Shipping Agency = Non-Shipment-Level Categorical (nominal) String
15  Freight Forwarder ~Non-Shipment-Level Categorical (nominal) String
16 Carrier Non-Shipment-Level Categorical (nominal) String
17 Trucking Company Non-Shipment-Level Categorical (nominal) String
18 Risk Level Non-Shipment-Level Categorical (nominal) String
19 Post-Entry Non-Shipment-Level Categorical (nominal) Boolean

20 Scan Non-Shipment-Level Categorical (nominal) Boolean

21 Customs Inspection Non-Shipment-Level Categorical (nominal) Boolean

The method used for this study is adopted from [27] who, after reviewing about
97 Machine Learning (ML) research articles in ten different application areas rec-
ommended for the adoption of an appropriate life cycle in conducting ML pro-
jects. They recommended the consideration of Data Collection, Data Pre-pro-
cessing, Model Training, Model Testing and Model Evaluation as the main com-
ponents of the life cycle. This involved the extraction of Container Dwell Time
(CDT) data from the TOS system of Ghana Ports and Harbours Authority. This
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extraction was done to include the all the required features of the container after
which the dwell days were computed for each record. To be able to make the data
machine learning-ready, the following pre-processing steps were taken:

1) Outliers were detected and treated.

2) The data was divided into categorical and numeric features.

3) One-hot encoding was applied to the categorical features so they could as-
sume a standardized scale.

4) Standard Scaling was applied to the numeric features.

5) Principal Component Analysis was applied to drop non-informative nu-
meric features.

6) The dataset was then reorganized and divided into input and output features.

3.1. Model Training and Testing

The pre-processed data was split into Training, Test and Validation sets.

To achieve the desired benefits outlined in [27] without having to go through a
laborious, ineffective manual process of training, the study adopts a better python
algorithm named RandomizedSearchCV, a scikit-learn library in python. The
choice of RandomizedSearchCV over Random Search if influenced by the supe-
rior outcomes in network training speed and accuracy, as contained in [18].

Below is the set of default hyperparameter arguments required for the applica-
tion of this algorithm:

RandomizedSearchCV takes the default hyperparameter arguments, (estima-
tor, param_distributions, *, n_iter = 10, scoring = None, n_jobs = None, refit =
True, cv= None, verbose = 0, pre_dispatch = 2*n_jobs’, random_state = None,
error_score = nan, return_train_score = False) which are variable.

The data was then trained with sets of the set hyperparameters till convergence.

3.2. Model Evaluation

The Mean Squared Error (MSE) is the loss function used to evaluate the perfor-
mance of the model during training and testing. It measures the average of the
squared deviations between the predicted and the expected. Represented by:

1N N2
MSE =-2.(y~9)
i=1

N = Number of observations
Y = Actual observation
§ = Predicted value

4. Findings
4.1. Principal Component Analysis of Numeric Features

The findings from the Principal Component Analysis (PCA) conducted on the
three numeric features (BL Type, BL Version, and BOE Version) revealed sub-

stantial variations of 30%, 33%, and 37%, respectively. These variations are a
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strong indicator that these features capture significant information, warranting
their inclusion in the training data. Figure 1’s scree plot would provide visual in-
sights into how these components were derived, further validating the need for

retention.

Scree Plot
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Figure 1. Scree plot of principal components.

The choice to retain these features adds complexity to the model, but it also
potentially increases the model’s accuracy. Including features that explain signif-

icant variance within the data is a foundational concept in machine learning [28].

4.2. Network Training

The process of training a neural network involves selecting the architecture and
tuning hyperparameters that influence how the network learns from the data. In
the case presented, significant attention was paid to the learning rate, a crucial
hyperparameter. A constant learning rate maintains the same learning rate
throughout training. In this study, it took 25 hours to converge with an accuracy
of 79%. This can offer stable convergence, as the learning rate doesn’t change,
leading to consistent updates to the model’s weights. The adaptive learning rate
alters the learning rate based on the training process. Here, it converged in 24
hours with an accuracy of 59%. Although it converged faster, the lower accuracy
indicates that it might not have found the most optimal solution. This might be
due to the adjustments of the learning rate not being perfectly attuned to the prob-
lem at hand. Invscaling (inverse scaling) learning rate gradually reduces the learn-
ing rate. It converged in 26 hours with an accuracy of 71%. This method typically
slows down the updates to the weights as training progresses, possibly providing
a more refined convergence to the minimum of the loss function. The differences
in convergence time and accuracy between these learning rate strategies highlight
the delicate balance required in selecting a learning rate: Too large a learning rate
can cause the training to oscillate or even diverge and Too small a learning rate

might lead to slow convergence or getting stuck in a local minimum. Thus, the
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learning rate selection is both an art and a science, and it is a pivotal aspect of

training neural networks effectively [29]. (Table 2)

Table 2. Hyperparameter space for individual learning rates.

Hyperparameter Choices
Algorithm RandomizedSearchCV
Training Cross Validations 10
Estimator MLPRegressor
Number of Iterations 300
Activation Functions Identity
Number of Hidden Layers 30
Learning Rate [Constant, Adaptive, Invscaling]
Momentum SGD
Scoring Mean Squared Error

A manual comparison between these learning rates would have cumulatively
taken 75 hours cumulatively, highlighting the often labor- and time-intensive na-
ture of manual hyperparameter tuning. This extended time might be considered
prohibitive in many practical scenarios, and it underscores the need for more au-
tomated and efficient methods of hyperparameter optimization [18]. Random-
izedSearchCV represents a step towards addressing the time-intensiveness of hy-
perparameter tuning. By randomly sampling from a distribution of hyperparam-
eters and algorithms, this study reduced training time to 22 hours and improved
accuracy to 82%. This method often leads to better results in a shorter time com-
pared to an exhaustive grid search. The success emphasizes the growing im-
portance of automated hyperparameter tuning methods in contemporary ma-

chine learning practice, where both time and computational resources are valua-
ble [30]. (Table 3)

Table 3. Outcome of training based on standard hyperparameters.

Learning Rate Convergence Time (hrs) Accuracy (%)
Constant 25 79
Adaptive 24 59
Invscaling 26 71

The hyperbolic tangent (tanh) function was identified as the optimal activation
function in the given study. It’s a non-linear activation function that can capture
complex relationships in the data. Unlike the sigmoid function, tanh scales its out-
put to range between —1 and 1, which can provide certain advantages during train-
ing, such as mitigating the vanishing gradient problem. The selection of 3 hidden

layers indicates the balance the model has achieved between complexity and
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performance. Too many layers could lead to overfitting, where the network per-
forms well on the training data but poorly on unseen data. Too few layers might
not capture the complexity of the relationships within the data. This optimal num-
ber of layers shows the model’s ability to generalize well from the training data.
(Table 4)

As discussed earlier, the constant learning rate emerged as optimal, reinforcing
its robustness in this particular scenario. It offers stable learning and avoids some
pitfalls of adaptive methods that might oscillate or overshoot the optimal solution.
Stochastic Gradient Descent (SGD) with momentum accelerates the convergence
by adding a proportion of the previous weight update to the current update. It
helps overcome local minima or saddle points and stabilize the optimization pro-
cess. (Table 5 & Table 6)

Table 4. Hyperparameter Space using RandomizedSearchCV.

Hyperparameter Choices
Algorithm RandomizedSearchCV
Training Cross Validations 10
Estimator MLPRegressor
Number of Iterations 300

Activation Functions [Identity, logistic, tanh, relu]

Number of Hidden Layers [3, 5, 10, 15, 20, 25, 30]
Learning Rate [Constant, Adaptive, Invscaling]
Momentum [Adam, SGD, ibfgs]

Scoring Mean Squared Error

Table 5. Optimum hyperparameters.

Hyperparameter Best Value
Activation Functions tanh
Number of Hidden Layers 3
Learning Rate Constant
Momentum SGD

Table 6. Comparison of actual and predicted CDT.

SN CDT (Actual) CDT (Predicted)
0 13.97 14.43

1 12.53 13.39

2 12.00 11.85

3 12.53 10.81

4 12.53 11.99
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Continued

5 10.53 11.05
6 12.53 11.2
7 12.53 11.15
8 12.53 12.51
9 12.53 12.2
10 16.94 17.33
11 12.53 14

307,594 16.22 16.66

The selected hyperparameters’ synergy emphasizes that neural network perfor-
mance doesn’t depend on individual components but on their interactions. This
finding may guide similar studies, stressing the importance of considering hy-

perparameters in combination rather than isolation. (Table 7)

Table 7. Comparison of accuracy between RandomizedSearchCV and Nugroho et al
(2020) for different Datasets.

Accuracy (%)
SN Name of Dataset
Nugroho et al. (2020) RandomizedSearchCV
1 Iris 96.7 97.4
2 Ecoli 84.0 90.3
3 Wine 95.2 96.6

In Table 7, the effectiveness of RandomizedSearchCV comes to play; the pre-
diction and classification accuracy of the three standard datasets (Iris, Ecoli and
Wine) downloaded from Kaggle.com shows improvements after performing neu-

ral network training using the methodology presented above.

5. Discussions

The findings highlight significant variations of 30%, 33%, and 37% (Figure 1)
across three numeric features, suggesting that these features capture essential in-
formation. This validates their inclusion in the training data, consistent with the
concept of retaining features that explain significant variance within data, a fun-
damental idea in machine learning [28]. The use of PCA can be seen as an effective
technique in feature selection, and it has a broad history of applications in various
domains. The selection and behavior of the learning rate in training a neural net-
work appear central to this study. Three types of learning rates were explored:
constant, adaptive, and invscaling. The study found that the constant learning rate

provided better stability and accuracy, despite taking a similar time to converge
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as other learning rates. This observation is consistent with the understanding that
learning rate selection requires a delicate balance, as it can greatly impact con-
vergence and the quality of the solution [29]. Manual tuning of learning rates was
found to be labor-intensive, taking 75 hours cumulatively in this study (Table 2).
However, by employing RandomizedSearchCV, the study managed to reduce
training time to 22 hours and improve accuracy to 82% (Table 6). This aligns with
[30], who emphasized the efficiency of random search over exhaustive grid search
methods. Such techniques are becoming increasingly vital in contemporary ma-
chine learning, given the premium on time and computational resources [18]. The
study identified the hyperbolic tangent (tanh) function as an optimal activation
function and chose 3 hidden layers as the ideal number to balance complexity and
performance (Table 4). This reflects an understanding of the importance of non-
linear activation functions like tanh in capturing complex relationships in data, as
well as the careful consideration required in selecting the number of hidden layers
to prevent overfitting or underfitting. The methodology and insights from this
study are rooted in a rich history of neural network research and optimization,
dating back to the work of [11]. While the study did not propose a new learning
rate function, it addressed gaps identified in previous research, such as that by [6],
who pointed to potential inadequacies stemming from arbitrary learning rate
choices. The approach of employing RandomizedSearchCV is in line with current
trends towards automated hyperparameter tuning, reflecting the ongoing evolu-
tion of techniques for optimizing neural network training. Furthermore, the
study’s findings resonate with the broader landscape of neural network method-
ologies and learning rate adjustments, including innovations like Adaptable
Learning Rate Tree Algorithm (ALR) (Takase ef al, 2018), various enhancements
to SGD (Nesterov Momentum, AdaGrad, RMSprop, etc.), and optimization meth-
ods in practical applications like path planning and housing price variations [19]
[20].

6. Conclusions

The study conducted PCA on three numeric features (BL Type, BL Version, and
BOE Version), finding significant variations. The substantial variations indicate
the importance of these features in the model, leading to the conclusion that they
should be retained in the training data. This conclusion aligns with fundamental
principles in machine learning where features explaining significant variance are
crucial for model complexity and accuracy [28]. An in-depth analysis of different
learning rate strategies was conducted, revealing a nuanced balance between con-
vergence time and accuracy. The results indicate that the constant learning rate
emerged as optimal, offering stable learning and avoiding pitfalls. This echoes the
sentiment in the literature that learning rate selection is a delicate art and science
in training neural networks (Smith, 2018). The study highlighted the complexity
of manual hyperparameter tuning and introduced automated methods such as

RandomizedSearchCV to improve efficiency. This not only reduced training time

DOI: 10.4236/ica.2024.154007

119 Intelligent Control and Automation


https://doi.org/10.4236/ica.2024.154007

J. A. Akodia et al.

but also increased accuracy, reaffirming the importance of automated hyperpa-
rameter tuning in contemporary machine learning [18] [30]. The chosen activa-
tion function (tanh) and optimal number of hidden layers (3) demonstrate a care-
ful balance between complexity and performance. These choices reflect the ability
to capture complex relationships without overfitting or underfitting, highlighting
the importance of synergistic interactions between hyperparameters. The study
builds on foundational work by pioneers like [11] and various advancements in
learning rates and algorithms. By focusing on the application of Randomized
SearchCV for container dwell time, it addresses a method ological gap and situates

itself in an ongoing conversation about optimizing neural.

7. Recommendations

Further research may be needed to explore the complexities identified in the study,
possibly through different methodologies or additional datasets to validate the find-
ings. Integration with existing theories might also be recommended to create more
comprehensive models that better explain phenomena. These actions could enhance
the theoretical understanding of the subject and pave the way for more informed
scientific explorations. The study’s findings might lead to a recommendation for the
standardization or widespread adoption of certain empirical methods in other fields
where they may be applicable. Additionally, there may be encouragement for similar
empirical studies in other industries to gauge if the findings can be generalized more
broadly. Such recommendations could strengthen the empirical literature by
providing common ground and wider applicability. The study might recommend
wider adoption of specific methodologies and technologies proven effective across
industries facing similar challenges. This could lead to a more effective and efficient
way of handling particular tasks or problems. Additionally, the study may suggest
the need for specialized training or professional development in these areas to en-

sure that practitioners are equipped to leverage these tools effectively.

8. Implications for Theory, Policy and Practice

8.1. Implications for Theory

The study’s findings offer significant contributions to the theoretical framework
within the field. By focusing on the complex interactions between different hy-
perparameters and employing methods such as PCA and automated hyperparam-
eter tuning, a deeper understanding of neural network behaviors is achieved. This
not only enhances the current theoretical models but also paves the way for future
research to explore these complexities further, encouraging a more nuanced ap-

proach to Al and machine learning.

8.2. Implications for Empirical Literature

The research bridges gap in empirical literature, specifically concentrating on con-
tainer dwell time and the methodologies associated with it. This adds novelty to

the body of knowledge, making the study’s insights potentially generalizable to
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other domains. Furthermore, by employing advanced techniques like Random-
izedSearchCV, the research supports the growing empirical evidence related to
automated hyperparameter tuning. This methodological advancement could
serve as a precedent for further experimentation in the area, enriching the empir-

ical landscape.

8.3. Policy Relevance

The study has clear implications for policy, particularly in the shipping and logis-
tics industry. Accurate predictions of container dwell time can lead to more pre-
cise resource allocation, influencing industry-wide policies. Moreover, the in-
sights into AI methodologies may inform broader policies related to the adoption
of machine learning in various sectors. This relevance emphasizes the bridge be-
tween research and real-world application, encouraging more data driven and ev-

idence based policymaking.

8.4. Implications for Practice

From a practical standpoint, the study’s findings could dramatically affect the
shipping and logistics industry by enhancing operational efficiency in container
management. The reduction in container dwell time could lead to substantial cost
savings and waste reduction. Furthermore, the techniques and methodologies
used could be applied across different industries facing similar challenges, high-

lighting the study’s broad relevance in various practical domains.

8.5. Social Impact

The social implications of the study are multifaceted. Improved efficiency in con-
tainer management could have substantial environmental benefits by reducing
fuel consumption and emissions, aligning with societal sustainability goals. The
ripple effect on economic growth through enhanced productivity within the ship-
ping and logistics industry adds to the broader societal relevance of the research.
Moreover, the educational value of advancing understanding in neural network
behaviors supports academic and industry learning, underscoring the broader so-

cietal benefits that transcend the specific focus of the study.

9. Limitations and Future Research Direction

9.1. Limitations

The study’s limitations begin with the variation analysis, highlighting variations
of 30%, 33%, and 37% across three numeric features, validating their inclusion.
However, the study might be limited in whether other feature selections were
thoroughly explored and the effect of these variations on different types of models.
This may affect the generalizability of the findings to other contexts or datasets.
Additionally, while the study found that a constant learning rate provided stability
and accuracy, this exploration might be limited to specific types of learning rates,

possibly overlooking other state-of-the-art learning rate strategies. The specific
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focus on certain learning rates could have prevented a more comprehensive un-
derstanding of how various learning rate strategies interact with different neural
network configurations. In terms of manual tuning, the 75 hours spent is a signif-
icant time investment. Though the randomized search CV reduced the training
time, a limitation might exist regarding whether other optimization techniques
could have been more efficient. This raises questions about potential trade offs in
model robustness or interpretability that were not addressed in the study. Fur-
thermore, the study identified the tanh function and three hidden layers as opti-
mal but might be limited in the exploration of other activation functions or hidden
layer configurations. This choice could limit understanding of how different func-
tions and configurations interact with various types of data or problems. Addi-
tionally, the context specific nature of the findings might limit the broader ap-
plicability of the methodologies employed, restricting their transferability to dif-

ferent domains or problems.

9.2. Future Research Directions

Future research could broaden the scope by exploring different variations or com-
binations of features, thus deepening the understanding of feature importance in
neural network models. Investigating how these features affect performance
across diverse applications could unlock new avenues of model optimization. The
finding regarding constant learning rate efficiency opens the door to investigating
the application of other innovative learning rate strategies across various models.
This direction could lead to new insights into how different learning rates influ-
ence the convergence and quality of different neural network architectures. Effi-
ciency in hyperparameter tuning, as shown by RandomizedSearchCV, points to
future exploration of different optimization techniques. Research could delve into
methods such as Bayesian optimization or Genetic Algorithms to further improve
efficiency, balancing accuracy and computational resource demands. A study fo-
cusing on different activation functions and hidden layer configurations could be
a promising future direction. Understanding how they interact with different
types of data and problems can lead to more nuanced and effective model designs.
Lastly, transferring the methodologies and findings to different domains or prob-
lems would broaden the study’s impact. The specificity of the findings presents an
opportunity for future research to adapt and apply these insights to various fields,

potentially transforming practices across diverse areas of machine learning.
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