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Abstract 
The purpose of this study was to address the challenges in predicting and clas-
sifying accuracy in modeling Container Dwell Time (CDT) using Artificial 
Neural Networks (ANN). This objective was driven by the suboptimal out-
comes reported in previous studies and sought to apply an innovative ap-
proach to improve these results. To achieve this, the study applied the Fusion 
of Activation Functions (FAFs) to a substantial dataset. This dataset included 
307,594 container records from the Port of Tema from 2014 to 2022, encom-
passing both import and transit containers. The RandomizedSearchCV algo-
rithm from Python’s Scikit-learn library was utilized in the methodological 
approach to yield the optimal activation function for prediction accuracy. The 
results indicated that “ajaLT”, a fusion of the Logistic and Hyperbolic Tangent 
Activation Functions, provided the best prediction accuracy, reaching a high 
of 82%. Despite these encouraging findings, it’s crucial to recognize the study’s 
limitations. While Fusion of Activation Functions is a promising method, fur-
ther evaluation is necessary across different container types and port opera-
tions to ascertain the broader applicability and generalizability of these find-
ings. The original value of this study lies in its innovative application of FAFs 
to CDT. Unlike previous studies, this research evaluates the method based on 
prediction accuracy rather than training time. It opens new avenues for ma-
chine learning engineers and researchers in applying FAFs to enhance predic-
tion accuracy in CDT modeling, contributing to a previously underexplored 
area.  
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1. Introduction 

As the quest to extract the richest possible insights from data proliferates, a vast 
arsenal of statistical tools has been deployed, ranging from the conventional to the 
profoundly innovative. Traditional forms of regression and time series analysis, 
bounded by their inherent parametric or non-parametric assumptions, have been 
fundamental in our data modeling approaches [1]. However, the advent of Artifi-
cial Neural Networks (ANN), inspired by the intricate workings of human neu-
rons, provides a radical departure from statistical dogma, fostering a broad spec-
trum of applications including natural language processing, medical diagnoses, 
agriculture, criminology, statistics, among others ([2]-[4]). Other areas of appli-
cation include sediment load prediction [5] and emission prediction [6] At the 
heart of ANN lies the paramount process of learning, governed by two main types 
of parameters - parameters and hyperparameters. While the former is updated by 
the network, the latter is under the researcher’s control, creating a crucial gateway 
for modulating ANN performance [7]. Consequently, the meticulous selection of 
hyperparameters has resulted an array of studies, each endeavoring to optimize 
prediction or classification outcomes [8] [9]. Among these hyperparameters, Ac-
tivation Functions (AFs) merit particular attention. Defined as the transfer func-
tion enabling signal transmission from one neuron to another, AFs have a pro-
found impact on network training [1] [10]-[13]. While numerous AFs have been 
developed, each carrying unique strengths and weaknesses, their efficacy is some-
times compromised by the complexity of the data being modeled or their inherent 
limitations, as in the case of the constant AF [1]. This has stimulated the concept 
of Fusion of Activation Functions (FAF), which amalgamates different AFs with 
an aim to create more robust functions for improved signal transfer [14]. How-
ever, these attempts have sometimes been met with suboptimal results, as discre-
tionary choices lead to less-than-optimal training and prediction outcomes. 
Therefore, this research presents an exploration into the depths of FAFs, with a 
specific focus on the prediction of Container Dwell Time—The length of time 
freight containers occupie a space from reception to delivery or transfer to the 
next transport mode. By delving into a more comprehensive suite of FAFs, this 
study strives to pioneer a path towards improved performance in such predictive 
tasks, ultimately enriching the potential of ANNs in data modeling and prediction. 

2. Literature Review 

The scholarly research dissected underscores the indispensable role and multifac-
eted nature of Activation Functions (AFs) within Artificial Neural Networks 
(ANNs). These functions serve as the communication mechanism between neu-
rons, aiding the propagation of signals through the network [1]. Over time, several 
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distinctive types of AFs have been introduced, each with unique strengths and 
weaknesses. For instance, the step function, sigmoid function, hyperbolic tangent, 
Rectified Linear Unit (ReLU), Leaky ReLU (LReLU), Parametric ReLU (PReLU), 
Exponential Linear Unit (ELU), Gaussian Error Linear Unit (GELU), and Swish 
are among the well-documented Afs [15]-[21]. However, the application of sin-
gular AFs across diverse problems and datasets has presented challenges, primar-
ily due to their limitations in different scenarios. The phenomenon of the vanish-
ing gradient syndrome is one such challenge observed in complex datasets when 
using sigmoid AFs [13]. This predicament led to the exploration of a more versa-
tile approach: The Fusion of Activation Functions (FAFs) [14]. FAFs, essentially 
the combination of multiple AFs, have been found to improve performance, par-
ticularly with larger and more complex datasets, and promote faster network con-
vergence [21]-[25]. However, a significant portion of the extant literature focuses 
mainly on classification tasks, neglecting regression problems. Furthermore, 
many studies have prioritized network training speed, overlooking the paramount 
importance of prediction accuracy in various applications. Whilst training speed 
focuses on the amount of time required for convergence (completion of training), 
prediction or classification accuracy focuses on the size of the deviation between 
the desired outcome and the predicted outcome (usually measured in percentage) 
[26] [27]. Obviously. This significant gap in the literature serves as the impetus 
for the current investigation, aiming to enhance the application of FAFs for im-
proving the prediction accuracy of ANNs in modeling Container Dwell Time 
(CDT). The focus on prediction accuracy is due to two things, first, due to the 
limited literature and two, its importance in terms of value. CDT is a crucial pa-
rameter in the administration and management of container terminals. In addi-
tion to the research on AFs and FAFs, other studies indirectly support the broader 
potential of ANNs in dealing with intricate tasks. These works, including those by 
[28], underscore the potential of leveraging strategies like FAFs to enhance ANN 
performance and accuracy. Although these studies do not directly delve into 
FAFs, their findings nevertheless offer corroborative evidence of the potential ap-
plicability and value of enhanced predictive models in various contexts. While the 
literature has seen extensive research into the discovery and fusion of new AFs, it 
has notably fallen short in their application to regression problems and assessing 
their impact on prediction accuracy. This critical review of the literature presents 
an opportunity for future research to bridge this gap. It provides a promising pro-
spect for the exploration of FAFs in these areas, potentially paving a new path 
towards enhancing prediction accuracy in ANNs. 

3. Methodology 

The study considers 307,594 container records from 2014 to 2022 at the Port of 
Tema made up of import and transit containers delivered within the period under 
review. The main dataset is main of 307,594 container records extracted from the 
TOS system of Ghana Ports and Harbours Authority. The data is made up of the 

https://doi.org/10.4236/wjet.2024.124051


J. A. Akodia et al. 
 

 

DOI: 10.4236/wjet.2024.124051 839 World Journal of Engineering and Technology 
 

dwell days of containers as the dependent variable as well as their characteristics 
as the main independent variables. From [29] [30], it is believed that these features 
influence the dwell time of the container. 

Below are the characteristics of the container under consideration (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 [31] who, after reviewing about 

97 Machine Learning (ML) research articles in 10 different application areas rec-
ommended for the adoption of the following life cycle in conducting ML projects. 
Data Collection, Data Pre-processing, Model Training, Model Testing and Model 
Evaluation. This involved the extraction of Container Dwell Time (CDT) data 
from the TOS system of Ghana Ports and Harbours Authority. This extraction 
was done to include 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 learn-
ing-ready, the following pre-processing steps were taken: 
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1) Outliers were detected and replaced with the mean CDT.  
2) The data was grouped under categorical and numeric features. 
3) To achieve standardization, one-hot encoding was applied to the categorical 

features. 
4) Standard Scaling was applied to the numeric features. 
5) Principal Component Analysis was used to drop non-informative numeric 

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

sets. 
Model Training and Testing 
The pre-processed data was split into Training, Test and Validation sets. 
The main library used was the Random Search CV from the scikit-learn library 

of Python. 
Random Search CV takes the default hyperparameter arguments, (estimator, 

param_distributions, *, n_iter = 10, scoring = None, n_jobs = None, refit = True, 
cv = None, verbose = 0, pre_dispatch = ‘2*n_jobs’, random_state = None, er-
ror_score = nan, return_train_score = False) which are variable. 

The data was then trained with sets of the set hyperparameters in Table 2 till 
convergence. 
 
Table 2. Hyperparameter space using randomized search CV. 

Hyperparameter Choices 

Algorithm RandomizedSearchCV 

Training Cross Validations 10 

Estimator MLPRegressor 

Number of Iterations 200 

Activation Functions 
[Logistics, Relu, identity, Tanh, ajaILR, ajaIL, ajaIT, 

ajaIR, ajaLT, ajaLR, ajaTR] 

Number of Hidden Layers [3, 5, 10, 15, 20, 25, 30] 

Learning Rate [Constant, Adaptive, Invscaling] 

Momentum [Adam, SGD, ibfgs] 

Scoring MSE 

 
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: 
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4. Results  

The Principal Component Analysis (PCA), a statistical procedure used to identify 
the principal components that best capture the variability in a dataset, conducted 
on three numerical features (BL Type, BL Version, and BOE Version), showed 
variance levels of 30%, 33%, and 37% respectively (see Figure 1). This significant 
variation suggests that these features hold valuable information and should not be 
eliminated during data preprocessing. Instead, they should be included in the fea-
ture set for training the ANN. This underscores the importance of feature selec-
tion and the value of PCA in identifying influential variables in a dataset. 
 

 

Figure 1. Scree plot of principal components. 
 

The application of the RandomizedSearchCV function from the scikit-learn li-
brary in Python was employed to identify the optimal hyperparameters for the 
ANN model. This function uses a randomized search on hyperparameters (see 
Table 3), which is both time-efficient and effective, particularly when the dimen-
sionality of the parameter space is high. The search converged on three hidden 
layers, a constant learning rate, the ajaLT activation function, and stochastic gra-
dient descent (SGD) momentum. This optimal configuration suggests a potential 
direction for the construction of ANNs for similar problems. 
 
Table 3. Optimum hyperparameters after convergence. 

Hyperparameter Name Best Value 

Activation Functions ajaLT 

Number of Hidden Layers 3 

Learning Rate Constant 

Momentum SGD 
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In Table 4, the comparison between the actual CDT and predicted CDT shows 
a high degree of accuracy, reinforcing the effectiveness of the chosen hyperparam-
eters and the ANN model itself. The activation function, ajaLT, which is a fusion 
of different activation functions, appears to contribute significantly to the model’s 
performance, suggesting that this approach could be more widely applied in fu-
ture ANNs (Figure 2). The high degree of similarity between actual and predicted 
CDT values confirms the validity of the approach used, both in terms of the ANN 
structure and the choice of hyperparameters. 
 
Table 4. Comparison of actual and predicted CDT for ajaLT. 

SN CDT (Actual) CDT (Predicted) 

0 13.97 13.2 

1 12.53 12.89 

2 12.00 12.2 

3 12.53 11.23 

4 12.53 14 

5 10.53 10.52 

6 12.53 12.4 

7 12.53 12.51 

8 12.53 13 

9 12.53 12.58 

10 16.94 17 

11 12.53 12.8 

. . . 

. . . 

307,594 16.22 16.66 

 

 

Figure 2. A comparison of the different activation functions. 
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A comparison of the fusion of activation functions (FAFs) with standard mono 
activation functions was also carried out (see Figure 2). This comparison showed 
that the ajaLT FAF (a fusion of the logistic function and the hyperbolic tangent 
function) outperformed other FAFs and mono activation functions, with an ac-
curacy level of 82%. This provides strong evidence for the superiority of FAFs in 
this context, reaffirming previous findings [32] and advocating for their broader 
adoption in ANNs. 

The results suggest that the use of FAFs in ANNs can lead to improved model-
ing outcomes when predicting CDT. In particular, the ajaLT FAF, which is a fu-
sion of the logistic function and the hyperbolic tangent function, demonstrated 
superior performance in terms of prediction accuracy. Furthermore, the use of 
PCA helped to identify important features to include in the model, while the Ran-
domizedSearchCV function provided an efficient means to determine the optimal 
hyperparameters for the ANN.  

5. Discussions 

Building upon a wealth of empirical literature that emphasizes the crucial role of 
Activation Functions (AFs) within Artificial Neural Networks (ANNs), the find-
ings of our study demonstrate the application and performance of AFs within a 
real-world context [1] [15]-[21]. Our research reaffirms the mounting agreement 
within the scientific community that the fusion of various AFs, referred to as Fu-
sion of Activation Functions (FAFs), can significantly improve network perfor-
mance and promote quicker convergence, especially when working with larger or 
more complex datasets [14] [21]-[25]. The existing literature reveals a significant 
challenge when applying sigmoid AFs to complex datasets: the issue of vanishing 
gradients [13]. To address this prevalent problem, our study proposes a novel so-
lution—applying FAFs, specifically the ajaLT function, which represents a fusion 
of the logistic function and the hyperbolic tangent function. This combination 
demonstrated a superior performance when compared to other singular AFs, con-
tributing substantially to the high prediction accuracy observed in our results. 
Such an approach not only offers a fresh perspective on dealing with the vanishing 
gradient problem, but it also introduces a potentially game-changing methodol-
ogy for future ANN applications. Another important contribution of our study 
lies in addressing the knowledge gap in the existing literature. The majority of 
previous research has primarily focused on the application of AFs and FAFs to 
classification tasks, largely overlooking regression problems. We tackled this un-
derrepresented area by applying FAFs to model the Container Dwell Time (CDT), 
a key regression problem in the realm of container terminal administration and 
management [33]-[36]. Through this application, our study adds valuable 
knowledge to the yet under-explored area of FAFs application in regression tasks, 
thereby broadening the scope and usability of FAFs in various domains. Further-
more, our study takes a distinctive approach in comparison to the bulk of existing 
research. Many studies have prioritized network training speed, often neglecting 
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the equally important aspect of prediction accuracy [37]. In contrast, we empha-
sized the fundamental aspect of prediction accuracy in our research, showcasing 
the impressive accuracy level achieved (82%) through the use of FAFs. This ob-
servation underscores the potential of FAFs in significantly enhancing prediction 
accuracy, thereby extending the applications of ANNs across a multitude of fields. 
Our findings not only echo but also significantly contribute to the ongoing dis-
course in the empirical literature regarding the role and advantages of FAFs in 
enhancing the performance of ANNs. We advance the discussion by demonstrat-
ing that FAFs, specifically the ajaLT function, can be effectively used in regression 
problems, such as predicting CDT, with high prediction accuracy. These insights 
add substantial value to the existing body of knowledge by emphasizing the po-
tential of FAFs in ANNs, which in turn illuminates new research avenues. 

The extensive exploration into the use of FAFs in ANNs reaffirms the potential 
of these functions in addressing complex problems within diverse domains. As a 
pivotal addition to the scientific literature, this study highlights the versatility of 
FAFs, especially in improving prediction accuracy, setting a promising trajectory 
for further research and applications in this dynamic and rapidly evolving field. 

6. Conclusions  

The conclusions of this study are multi-faceted and significantly contribute to the 
evolving body of knowledge on the application and performance of Activation 
Functions (AFs) in Artificial Neural Networks (ANNs). Our study aligns with and 
extends upon the extensive empirical literature that underscores the indispensable 
role of AFs in ANNs. First, our research confirmed the effectiveness of Fusion of 
Activation Functions (FAFs), a burgeoning concept in the field. We demonstrated 
that the ajaLT function, a fusion of the logistic function and the hyperbolic tan-
gent function, showed superior performance compared to singular AFs. This fu-
sion strategy effectively countered the common issue of vanishing gradients, typ-
ically associated with the use of sigmoid AFs in complex datasets. Therefore, our 
study provides a promising approach to tackle the vanishing gradient problem, 
offering a significant contribution to the ANNs field. Second, we addressed a gap 
in the current literature by demonstrating the application of FAFs in regression 
problems. Specifically, we applied FAFs to model the Container Dwell Time (CDT), 
an essential parameter in the administration and management of container termi-
nals. By extending the application of FAFs to regression problems, our research 
diversifies the utility of ANNs and FAFs, broadening their scope and potential 
impact in various contexts. Third, our study highlighted the importance of pre-
diction accuracy over network training speed, a priority often overlooked in the 
current literature. We achieved a high prediction accuracy (82%) through the use 
of FAFs, emphasizing their potential in enhancing the prediction accuracy of 
ANNs. Our research has reinforced the significance of FAFs in improving the per-
formance of ANNs, particularly in complex datasets and regression problems. We 
demonstrated the versatility and efficacy of the ajaLT function and emphasized 
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the importance of prediction accuracy. Our findings offer valuable insights and 
provide a robust foundation for future research, paving the way for more effective 
and accurate prediction models within the domain of ANNs. The potential appli-
cations of these findings extend across a myriad of fields, opening up new avenues 
for research and real-world applications. 

7. Implications for Theory, Policy Relevance, Practice and  
Social Impact 

Theory Implications 
The results of this study provide valuable insights into the theoretical under-

standing of Artificial Neural Networks (ANNs) and the use of Activation Func-
tions (AFs). The effectiveness of the Fusion of Activation Functions (FAFs), par-
ticularly the ajaLT function, contributes to the understanding of complex data 
modeling in ANNs. The research further extends the applicability of FAFs beyond 
classification tasks to regression problems. This broadens the scope of existing 
ANN theory, providing a richer understanding of how to tackle the common issue 
of vanishing gradients and improve prediction accuracy. 

Policy Relevance 
The successful application of FAFs to model Container Dwell Time (CDT) has 

policy implications, particularly for container terminal management and admin-
istration. Given that CDT is a crucial factor in the efficient functioning of these 
facilities, the ability to accurately predict it can inform strategic decision-making 
and policy development. Policies that improve logistical efficiency, reduce bottle-
necks, and enhance overall terminal operations can be better informed by the pre-
dictive capabilities of ANNs leveraging FAFs. 

Practice Implications 
In practical terms, this study demonstrates the potential of FAFs to enhance the 

accuracy of ANNs in various applications. For professionals working with ANNs, 
particularly in data-heavy environments, the use of FAFs may lead to improved 
performance, more accurate predictions, and faster network convergence. Addi-
tionally, this research paves the way for further exploration and utilization of FAFs 
in different contexts, expanding the toolbox for data scientists, machine learning 
engineers, and other practitioners in the field. 

Social Impact 
From a social perspective, the study’s findings could have wide-ranging im-

pacts. Improved prediction accuracy in ANNs could enhance various sectors, in-
cluding healthcare, logistics, and finance, among others. For instance, more accu-
rate predictions of CDT could lead to more efficient container terminal opera-
tions, potentially reducing costs, minimizing delays, and enhancing overall 
productivity. These improvements could contribute to economic growth, job cre-
ation, and overall societal well-being. Further, the study could inspire future re-
searchers and practitioners to innovate and expand upon the potential applica-
tions of FAFs, driving advancements in technology that benefit society at large. 
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8. Recommendations 

Building on the successful application of Fusion of Activation Functions (FAFs) 
in the prediction of Container Dwell Time (CDT) observed in this study, it is cru-
cial for future research to consider exploring the applicability of FAFs in a wider 
spectrum of regression problems. This could serve to provide a more comprehen-
sive understanding of the potential use cases for FAFs, thus, illuminating novel 
avenues for predictive modeling. In addition, although the ajaLT function, a fu-
sion of the logistic function and the hyperbolic tangent function, has demon-
strated superior performance in this study, numerous other combinations of acti-
vation functions remain unexplored. Consequently, future studies are encouraged 
to delve into these combinations to assess their performance and potentially dis-
cover new effective FAFs that could contribute significantly to the field of predic-
tive modeling. Given the priority of prediction accuracy over network training 
speed in this study, further research would benefit from a detailed investigation 
into the trade-offs between these two critical factors. Such understanding could 
provide valuable insights that would inform the practical decision-making process 
when it comes to choosing an appropriate AF or FAF for a specific problem or 
dataset. On a policy level, it is recommended that policymakers, especially those 
in the domain of container terminal management and administration, take into 
account the potential benefits of utilizing predictive models like the one presented 
in this study for strategic decision-making. The ability to accurately predict Con-
tainer Dwell Time (CDT) could considerably enhance operational efficiency and, 
as such, policies should be established to encourage the utilization of such ad-
vanced predictive tools in practice. To maximize the potential of FAFs in improv-
ing prediction accuracy and network performance, it is necessary to offer training 
to practitioners in the field of data science and machine learning. Educational in-
stitutions, organizations, and learning platforms should strive to incorporate 
modules on FAFs in their training programs. This would foster capacity building 
and ensure the broad adoption of FAFs in the field. Beyond the scope of FAFs, 
there are numerous hyperparameters in neural networks that could influence the 
performance of the model. It is recommended for future research to explore these 
hyperparameters in the context of FAFs to further enhance the predictive power 
of these networks. Lastly, there is an urgent need to raise societal awareness about 
the potential benefits that can be derived from accurate predictive models, such 
as those empowered by FAFs. By informing the wider public of these benefits, 
support for further research and application of this technology could be enhanced, 
which in turn, would contribute to the advancement of predictive modeling. 

9. Limitations and Future Research Direction 

While this study offers significant insights into the application of Fusion of Acti-
vation Functions (FAFs) for predicting Container Dwell Time (CDT), it is not 
without its limitations, which serve to highlight future research directions. Firstly, 
the study was largely centered on the ajaLT activation function, a fusion of the 
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logistic function and the hyperbolic tangent function, which outperformed the 
standard mono activation functions in the prediction of CDT. However, it is cru-
cial to note that the performance of activation functions, whether singular or 
fused, can vary depending on the nature of the dataset and the problem at hand. 
Therefore, the superior performance of ajaLT in this study does not necessarily 
guarantee similar results across all use cases. Secondly, although the study 
achieved a relatively high prediction accuracy of 82%, there is still room for im-
provement. The use of other machine learning techniques, beyond the scope of 
this study, could potentially result in higher prediction accuracy. Additionally, 
this study’s focus was primarily on prediction accuracy, rather than network train-
ing speed. While accuracy is indeed paramount in many applications, the trade-
off between accuracy and training speed is an important factor to consider, par-
ticularly in use cases where real-time predictions are required. This study, how-
ever, did not delve into these trade-offs, which leaves room for future research. 
Lastly, the study was conducted using a specific dataset related to container dwell 
time. Although it demonstrated the potential of FAFs in the field of container ter-
minal management, the application of these findings to other datasets and fields 
may not yield the same results. In light of these limitations, future research should 
explore the applicability of various FAFs across a broad range of datasets and 
problem types. There is also a need for comprehensive studies to understand the 
trade-offs between prediction accuracy and network training speed when applying 
FAFs. Additionally, further investigations into the influence of other hyperparam-
eters on the performance of ANNs when using FAFs would be beneficial. Overall, 
this study paves the way for more extensive research on the application and opti-
mization of FAFs in predictive modeling.  
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