
     

 

© 2025 Mohammed El Karkraoui, and Hicham Attariuas.  

This open access article is distributed under a Creative Commons Attribution (CC-BY) 3.0 license. 
 

 Journal of Computer Science  
 

Research Paper 

  

Enhancing Fleet Management with GPS Data in Port 

Terminals: A Deep Learning Architecture for Truck Position 

Prediction 
 

Mohammed El Karkraoui, and Hicham Attariuas 

 
Department of Emerging Computer Technologies, The Faculty of Sciences, Tetouan, Morocco 
 
 
 

Article history 

Received: 4 March 2025 

Revised: 24 May 2025 

Accepted: 20 June 2025 

 

*Corresponding Author: 

Mohammed El Karkraoui, 

Department of Emerging 

Computer Technologies, The 

Faculty of Sciences, Tetouan, 

Morocco 

Email: 

mohamed.karkraoui@gmail.com 

Abstract: Effective truck fleet management in port terminals is crucial for 

improving operational efficiency and reducing delays. However, GPS-based 

positioning systems often face limitations in port environments due to signal 

obstructions and network issues. This study explores the utilization of 

advanced methods for deep learning, particularly Recurrent Neural Networks 

(RNNs) for predicting truck positions when GPS signals are unavailable or 

unreliable. The study utilizes GPS data from an operation terminal, 

transformed into local coordinate systems, to train and evaluate the models. 

We propose a novel approach that integrates convolutional layers (CNN) to 

extract temporal features such as speed and acceleration, followed by RNN-

based models to capture sequential dependencies, and finally, a Multi-layer 

Perceptron (MLP) layers to refine the position estimates. The model that is 

founded on Gated Recurrent Unit (GRU) performed the best with a minimum 

Mean Position Error (MPE) of 1.56 meters, outperforming LSTM (Long 

Short-Term Memory) and Simple RNN models in terms of both reliability and 

computational efficiency. The results highlight the model's capability to 

predict future truck positions, offering significant potential to improve 

operational efficiency in port terminals. 
 

Keywords: Recurrent Neural Networks; Deep Learning; Truck Position 

Prediction; GPS; Port Terminal Operations; Fleet Management; 

Convolutional Neural Networks 

 

Introduction  

This paper addresses a practical industrial challenge 

faced by the port authority of Eurogate Tangier, which 

manages a fleet of trucks operating within the quay zone. 

In the complex environment of port terminals, two 

physical phenomena (multipath propagation and non-line-

of-sight (NLOS) conditions) frequently deteriorate 

standard GPS positioning accuracy. These phenomena 

arise from the presence of numerous machines and 

structures that obstruct or reflect GPS signals (Fig. 1), 

leading to significant positioning errors. 

To overcome these limitations, the fleet's positioning 
is maintained using a sophisticated system based on 
Differential GPS (DGPS). DGPS is a high-accuracy 

positioning solution commonly used in airports, port 
terminals, and other critical industrial applications. The 
system employs two or more GPS receivers, one of which 
is fixed at a known location with precisely determined 
coordinates. By calculating the difference between this 
known true position and the measured position of the 
fixed receiver, the DGPS system estimates the error 
affecting the GPS signals. This error estimate is then used 
to correct the measurements of other GPS devices within 
the quay zone, ensuring improved accuracy in the position 
information provided to the port authority. 

Each truck in the fleet is equipped with an embedded 
GPS device running on Windows CE. Under normal 
operating conditions, these devices transmit real-time 
positioning data via a cellular network (UMTS) every 
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second, typically achieving an accuracy of approximately 
1 meter. This level of precision supports effective fleet 
management and seamless synchronization with other 
equipment in the quay area. However, due to occasional 
network disruptions or software issues, the system 
sometimes fails to deliver timely or accurate position data. 
This results in scenarios where trucks may temporarily 
disappear from the tracking screen or appear in illogical 
positions (e.g., a truck seemingly located at sea or inside 
a container), which disrupts the real-time management of 
the fleet. 

 A previous team developed a web-based visualization 

application for tracking trucks within the quay zone using 

the DGPS system as its foundational layer. When DGPS 

encounters an issue, the application displays the raw GPS 

position. To address the limitations of this system, 

particularly when it relies solely on GPS data, we propose 

a machine learning framework to predict the true next 

position based on previous positions. By forecasting the 

subsequent location, the visualization system can display 

the predicted position when the raw data appears illogical 

or is missing entirely, thereby smoothing the tracking 

process and enhancing operational reliability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Examples of Constructions within Port Terminals,  

(a): Gantry Crane; (b): Straddle Carriers  

This study was conducted using data collected from 

the truck fleet of the EuroGate container terminal at 

Tanger Med Port. The EuroGate terminal, a key hub in the 

Mediterranean, presents unique challenges for vehicle 

positioning due to its dense infrastructure and high 

volume of container traffic. These conditions often cause 

significant signal obstructions that impact the accuracy of 

traditional GPS-based positioning systems. The data 

collected from this environment provides a robust testbed 

for evaluating the utility of advanced machine learning 

models in real-world industrial settings. 

We propose a novel hybrid algorithm that combines 

Recurrent Neural Networks (RNNs), Convolutional 

Neural Networks (CNNs), and Multi-Layer Perceptrons 

(MLPs) for truck position prediction. The algorithm 

begins with data acquisition, where GPS positional data is 

collected from the truck fleet operating within the port 

terminal. This raw data reflects the real-world conditions 

of truck movements in a dense and dynamic environment. 

The collected GPS data is then transformed from the 

WGS-84 global reference system into a local reference 

frame aligned with the terminal's operational layout. This 

transformation process involves converting geodetic 

coordinates into Cartesian coordinates using the Earth-

Centered Earth-Fixed (ECEF) system and subsequently 

projecting them into the local frame. 

Once transformed, the data is segmented into temporal 

sequences representing the historical movements of 

trucks. These sequences are processed through three 

stages: CNNs extract spatial-temporal features such as 

velocity and acceleration, RNNs model temporal 

dependencies across time steps, and MLPs refine the final 

position predictions. This work provides a comparative 

analysis of three RNN-based architectures: Gated 

Recurrent Unit (GRU), Simple RNN, and Long Short-

Term Memory (LSTM). Our objective is to identify the 

most efficient model by evaluating both predictive 

accuracy and computational efficiency. 

This manuscript is ordered like this: in Materials and 

Methods we describe how GPS data was collected and 

transformed into a local reference frame, the model 

architecture along with the steps taken to train the models. 

We will compare the performance of the proposed models 

and discussing their strengths and weaknesses in Results 

and Discussion. Eventually, the concluding section 

provides the conclusion and outlines directions for 

coming research. 

Literature Review 

Researchers have long valued the ability of ML 

(machine learning) and DL (deep learning) to increase 

productivity in port terminals. Burger et al. (2022) and 

Carvalho et al. (2019), for example, showed how ML 

methods with the application of tools like Support Vector 
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Machines and neural networks can analyse port 

machinery utilizing sensor data to anticipate failures in 

advance then effectively minimizing downtime. 

Work by Izquierdo et al. (2017) and Xiao et al. (2018) 

has shown that by examining historical data, ML models 

such as SVMs and ANNs can accurately forecast future 

positions even in challenging conditions like urban areas 

or indoors. Similarly, when it comes to forecasting 

trajectories, early studies by Liu and Shoji (2020) and Liu 

et al. (2016) revealed that recurrent neural networks 

(RNNs) excel at capturing temporal patterns despite 

issues like vanishing gradients. Building on this, later 

research by Violos et al. (2020), Tian et al. (2019), and 

Yang et al. (2019), Altché and de La Fortelle (2017) has 

confirmed that LSTMs, with their ability to remember 

long-term dependencies, are especially well-suited for 

predicting complex, long-term trajectories. 

Deep learning also plays a key role in optimizing 

operations within port terminals. According to Ferretti et 

al. (2022), container movement forecasting can be 

enhanced by models that combine CNNs and LSTMs, 

stacking strategies, and even crane scheduling. At the 

same time, Noh et al. (2020) and Bouktif et al. (2020) 

have integrated DL into supply chain management, 

leading to better planning and inventory control. 

Traffic management is another area where ML is 

effective. Studies by Kim and Lee (2018) and Li et al. 

(2023) used time series analysis and clustering to forecast 

traffic patterns and optimize flow, which in turn helps 

allocate resources more efficiently and reduce congestion. 

More recent work has introduced GRUs as a simpler, 

faster alternative to LSTMs. Wang et al. (2020), Han et al. 

(2019), and Suo et al. (2020) suggests that GRUs, that 

merge certain gating mechanisms, can achieve similar 

results in real-time trajectory forecasting, such as in 

autonomous driving or maritime navigation. 

In addition, several groups have explored hybrid 

models that join RNNs (including LSTMs and GRUs) 

with CNNs to catch both spatial and temporal 

dependencies. For example, Jiang et al. (2019), Ma and 

Tian (2020), Xie et al. (2020), Wang et al. (2024), and Lu 

et al. (2021) developed such models to improve 

performance in video prediction and multi-step 

forecasting tasks. 

Attention mechanisms have become popular because 

it helps models center on the most important parts of an 

input sequence. Lin et al. (2022), Yan et al. (2020), 

Casabianca et al. (2021), Yu et al. (2021), and Nawaz et 

al. (2007) have all shown that this approach can lead to 

better predictions for complex tasks like forecasting 

aircraft paths or pedestrian movements. 

Transfer learning, has been applied successfully, with 

Akabane and Kato (2021) and Šerić et al. (2021) 

demonstrating that pre-trained models can improve 

performance when data is rare in fields like robotic 

navigation and sports analytics. Finally, reinforcement 

learning has been used to optimize trajectory forecasting 

over time, as evidenced by the job of Huang et al. (2022) 

and Yang et al. (2024). 

Materials and Methods 

One Dimension Convolutional Neural Networks 

CNNs (Convolutional Neural Networks) belong to a 

class of DL models largely employed for analyzing 

structured grid-like data like images. In image processing, 

by applying convolutional filters to particular regions on 

the image, CNNs are able to automatically learn 

hierarchical features, capturing spatial patterns such as 

edges, textures, and object parts. Traditionally, CNNs 

operate in two dimensions (2D) to handle data like 

images, where both height and width are spatial 

dimensions. However, CNNs can also be adapted for 1D 

problems, where the data is sequential, such as time series 

or position data.  

In our case, the 1D CNN is applied to sequential input 

data of truck positions (x, y) at different time steps (“Fig. 

2”), to predict the future positions xn+1 and yn+1. The input 

consists of a time series sequence {(x0,y0) , (x1,y1) , … , 

(xn,yn)}, where each position corresponds to the truck’s 

coordinates at a specific time step. The CNN processes 

each dimension x and y separately through two or more 

convolutional layers to capture temporal dependencies 

and spatial patterns.  

   

Fig. 2. 1D Convolutional Neural Network Architecture 

For the x-dimension, the first convolutional layer 

applies a kernel of size K1 and stride d1 to the sequence 

{x0 , x1 , … , xn}, and the convolution operation is 

described as: 

𝑧𝑡
𝑥 = ∑ 𝜔𝑘

𝑥. 𝑥𝑡−𝑘.𝑑1
𝐾1

𝑘=0
   (1) 
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where zt
x is the result of the first convolutional layer for 

the x-dimension at once time step (t), xt−k.d1 stand for the 

x-coordinate at the foregoing time step, and ωk
x  are filter 

weights of the first convolutional kernel. The result is then 

passed through a RELU (Rectified Linear Unit) activation 

function: 

𝑎𝑡
𝑥 =  𝑅𝑒𝐿𝑈(𝑧𝑡

𝑥)    (2) 

Similarly, for the y-dimension, the first convolutional 

layer applies the same operation to the sequence {y0, y1,  

…,yn}: 

𝑧𝑡
𝑦 = ∑ 𝜔𝑘

𝑦. 𝑦𝑡−𝑘.𝑑1
𝐾1

𝑘=0
   (3) 

After this convolution, the output for the y-dimension 

is passed through a ReLU activation function: 

𝑎𝑡
𝑦 =  𝑅𝑒𝐿𝑈(𝑧𝑡

𝑦)    (4) 

The second convolutional layer for each dimension 

applies another kernel with size K2 and stride d2. For the 

x-dimension, the second layer operates on the output of 

the first layer, at
x , as follows: 

𝑧𝑡
𝑥(2)

= ∑ 𝜔𝑘
𝑥(2)

. 𝑎𝑡−𝑘.𝑑2
𝑥

𝐾2

𝑘=0
  (5) 

Similarly, for the y-dimension, the second layer 

applies: 

𝑧𝑡
𝑦(2)

= ∑ 𝜔𝑘
𝑦(2)

. 𝑎𝑡−𝑘.𝑑2
𝑦

𝐾2

𝑘=0
  (6) 

After the second convolution for both x- and y-
dimensions, the results are passed through another ReLU 

activation function: 

𝑎𝑡
𝑥(2)

=  𝑅𝑒𝐿𝑈(𝑧𝑡
𝑥(2)

)   (7) 

𝑎𝑡
𝑦(2)

=  𝑅𝑒𝐿𝑈(𝑧𝑡
𝑦(2)

)   (8) 

At this point, the output from both dimensions, 

at
x(2)

and at
y(2)

, represents the learned features from the 

truck’s positions over time. These features are then fed 

into the other predictive model to forecast the future 

positions xn+1 and yn+1. 

Recurrent Neural Networks 

An RNN is made to deal with sequential data, such 

time-series or text, by incorporating memory of previous 

inputs into their computations. Unlike traditional 

feedforward networks, RNNs process input sequences 

step by step, with each step influenced by prior 

information, enabling them to model temporal 

dependencies effectively. This enables RNNs well-suited 

for prediction functions where understanding the 

progression of past data is critical, such as forecasting 

future values in time-series datasets or predicting 

trajectories in dynamic environments. LSTM and GRU 

are two versions of RNN that are more sophisticated, 

designed to improve the prediction capabilities of RNNs 

in both short-term and long-term contexts, which is 

essential in our case of trajectory prediction. 

Data Acquisition 

     The study utilizes National Marine Electronics 

Association (NMEA) files collected from a fleet of 31 

trucks operating within a port terminal. The NMEA 

standard makes it easier to obtain positioning and 

navigational data and is mostly utilized in marine contexts 
from various electronic devices. In this application, each 

truck is equipped with a GPS receiver transmitting data in 

NMEA format. This data comprises essential navigational 

sentences, such as Global Positioning System Fix Data 

(GGA), which provides latitude, longitude, and altitude, 

and The Recommended Minimum Specific GNSS Data 

(RMC) message adds data like timestamp, position, speed 

over ground, and course over ground, both crucial for the 

subsequent geospatial transformations. Fig. 3 illustrates 

the processing pipeline designed to transform GPS data 

into local coordinate systems. 

 

Fig. 3. Data Transformation from GPS to Local Coordinate 

Systems 

The GPS system of our maritime operator adopts a 

custom NMEA file format (Fig. 4) to track the positions 

and movements of trucks. This custom format includes 

fields such as “ip”,” Latitude”, “Longitude”, “Altitude”, 

“PDOP”, “VDOP”, “HDOP”, “SatCount”, “Speed”, 

“datetimeCE”, and “datetimebdd”, The data fields in this 

custom NMEA format are designed to provide 
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comprehensive geospatial and satellite quality 

information, essential for accurate tracking and analysis. 

While the format is custom, the system still relies on 

standard NMEA sentences for processing GPS data, 

specifically the GGA and RMC messages.  

             

      

Fig. 4. Example of Costume NMEA File from the Dataset 

Below are the fields included in the custom NMEA file: 

Ip: Represents the unique truck identifier. 

Latitude: The geographical coordinate that defines the 

north-south position on the Earth's surface, measured in 

degrees. Ranges from -90° to +90°. 

Longitude: The geographical coordinate that indicates 

the east-west position on the Earth's surface, measured in 

degrees. Ranges from -180° to +180°. 

Altitude: The height above a reference point, typically 

above sea level, measured in meters. 

(PDOP) Position Dilution of Precision: A metric of 

precision of GPS position in 3D (latitude, longitude, and 

altitude). Lower PDOP value indicates higher accuracy. 

(VDOP) Vertical Dilution of Precision: A indicator of 

the precision of the GPS position specifically in the 

vertical (altitude) direction. Like PDOP, a lower value 

indicates better accuracy. 

(HDOP) Horizontal Dilution of Precision: A measure 

of the precision of the GPS position in the horizontal 

(latitude and longitude) directions. Again, a lower value 

indicates better accuracy. 

SatCount: The number of satellites being used by the 

GPS device to calculate the position. More satellites 

generally lead to higher accuracy. 

Speed: The rate at which an object is shifting, generally 

stated in meters per second (m/s) or kilometers per hour 

(km/h) in our case. 

datetimeCE (date-time Current Epoch): Time is given 

in UTC (Universal Time Coordinated), typically as 

“hhmmss” (hours, minutes, seconds). This represents the 

time when the GPS data was captured. 

datetimebdd: A timestamp representing the local time 

and date at the moment the GPS data was captured. 

Data Transformation 

Once the geodetic WGS-84 coordinates are extracted 

from the NMEA files, they are converted to Earth-

Centered, ECEF (Earth-Fixed) coordinates (X, Y, Z) (Fig. 

5) with the following formulas: 

𝑋 =  (𝑁(𝜙) +  ℎ) . 𝑐𝑜𝑠(𝜙) . 𝑐𝑜𝑠(𝜆)  (9) 

𝑌 =  (𝑁(𝜙) +  ℎ). 𝑐𝑜𝑠(𝜙). 𝑠𝑖𝑛(𝜆)  (10) 

𝑍 = (
𝑎2

𝑏2 𝑁(𝜙)  +  ℎ). 𝑠𝑖𝑛(𝜙) (11) 

where N(ϕ) is the prime vertical radius of curvature, 

calculated as: 

N(ϕ) =
a2

√a2 .cos2(ϕ)+b2.sin2(ϕ)
 (12)

  

and a = 6378137.0 m and b = 6356752.3142 m represent 

the WGS-84 ellipsoid constants. 

 

Fig. 5. Geodetic (WGS-84) and ECEF Referentials 

To localize the ECEF coordinates to the specific 

context of the port terminal, a transformation matrix T is 

utilized at the predefined local origin (ϕ0, λ0), expressed 

as: 

T =  [

−sin(λ0) cos(λ0) 0

−sin(ϕ0). cos(λ0)

cos(ϕ0). cos(λ0)

−sin(ϕ0)sin(λ0) cos(ϕ0)

cos(ϕ0). sin(λ0) sin(ϕ0)
] (13) 

     Applying this matrix to the global ECEF 
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coordinates relative to the local origin yields the East, 

North, Up (ENU) coordinates: 

       [
𝐸
𝑁
𝑈

] = 𝑇. [
𝑋 − 𝑋0
𝑌 − 𝑌0
𝑍 − 𝑍0

] (14) 

       Transform the ENU coordinates to the locale 

referential XYZ which is rotated by an angle α = -46.23 

degree, this referential is normal to the port terminal 

structure (“Fig. 6”), by using rotation equation: 

          {
𝑋 =  𝐸 𝑐𝑜𝑠 𝛼 −  𝑁 𝑠𝑖𝑛 𝛼 
𝑌 =  𝐸 𝑠𝑖𝑛 𝛼 +  𝑁 𝑐𝑜𝑠 𝛼

𝑍 =  𝐸
                (15) 

 

Fig. 6. Shema of Local Referential Within the port Terminal 

Considering that the value of α has an error margin 

smaller than 0.01 degree and given that E and N are both 

smaller than 1000 m, the resulting error in the X and Y 

coordinates is less than 0.175 m. This level of error is 

insignificant in our context.  

For compose a dataset ready to training for the RNN 

based Models we added some features for each data point 

as following (“Table 1”):  

Time: Timestamp in seconds. 

Truck ID: Unique identifier for each truck. 

Position (X, Y): Represents the truck's location within 

the terminal in meters relative to the local reference frame, 

the Z coordinate is not included for this data because is a 

fixed value. 

Table 1. Example from the time series form. 

Time (s) Truck ID X (m) Y (m) 

17146 

17146 

17146 

10.60.4.79 

10.60.4.112 

10.60.4.108 

459.013811 

439.975594 

97.3924317 

156.642092 

42.728514 

91.656369 

17147 

17147 

17147 

10.60.4.15 

10.60.4.58 

10.60.4.42 

97.356268 

441.059455 

451.328317 

91.514155 

43.558941 

156.845233 

Data Size: The dataset comprised a total of 56,760 

observations. 

Sequence Creation: We created sequences of historical 

positions for each truck. Each sequence contained the 

latest 10 positions data points (among others the present 

position), serving as the input for the prediction model. 

It is important to note that the dataset used in this study 

spans approximately one hour of fleet activity within the 

EuroGate terminal. Over such a limited period, the port 

infrastructure is reasonably assumed to be partially 

stationary, which aligns with typical operations in 

container terminals. Therefore, our model is designed for 

scenarios where the layout remains mostly unchanged 

during operation. Nonetheless, the model may still 

accommodate small or localized changes in the port 

environment. A more generalizable solution would 

require a larger dataset ideally covering several days or 

weeks which was not available at the time of this research. 

We identify this as a promising direction for future 

extensions. 

Model Architecture and Training 

Model Architecture 

The aim of the proposed model is to predict the next 

position (Xt+10, Yt+10) of a moving truck based on a 

sequence of past positions (Xt+i, Yt+i)0 ≤i <10. To achieve 

this, we propose three different architectures based on 

Simple RNN (SRNN), Long Short-Term Memory 

(LSTM), and Gated Recurrent Unit (GRU) (Fig. 7). Each 

architecture integrates feature extraction, sequential 

modeling, and fully connected layers to capture both 

temporal dependencies and spatial relationships in the 

data. The key components of the architectures are as 

follows: 

Input Layer: The input to the model is a series of 2D 

positional coordinates (x, y), provided as a time-series 

tensor with shape (10, 2), representing 10 consecutive 

position measurements. 

Convolutional Layers (Feature Extraction): Two 1D 

convolutional layers are employed to extract temporal 

features such as velocity (differences between 

consecutive positions), acceleration (rate of change of 

velocity), and other spatial-temporal dynamics from the 

sequential positional data. 

• The first convolutional layer contains 10 filters with a 

kernel size of 3 and operates without a nonlinear 
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activation function to preserve the numerical 

relationships in the position data.  

• The second convolutional layer contains 10 filters with 

a kernel size of 2 and uses the ReLU (Rectified Linear 

Unit) activation function to introduce nonlinearity. 

The extracted features are then passed to the subsequent 

layers for temporal modeling. 

Temporal Modeling Layers: Three variants of recurrent 

layers are proposed to model sequential dependencies in 

the data: 

• LSTM-based Model: An LSTM layer with 128 units 

captures long-term dependencies in the sequence. The 

ReLU activation function is used to improve gradient 

flow and accelerate convergence. 

• GRU-based Model: A GRU layer with 128 units 

provides lightweight temporal modeling with 

computational efficiency. The ReLU activation 

function is applied. 

• Simple RNN-based Model: A Simple RNN layer with 

128 units performs basic sequential modeling. The 

ReLU activation function is employed. 

Regularization Layer: A dropout layer with a rate of 0.2 

is applied after each recurrent layer to reduce overfitting 

by randomly deactivating 20% of the neurons during 

training. 

Multi-Layer Perceptron (MLP): After the temporal 

layers, two fully connected layers with 128 units each are 

added to integrate the learned features. A final dense layer 

with 2 output units provides the predicted 2D coordinates 

(Xt+10, Yt+10). 

The complete architecture follows a pipeline structure: 

Input → 1D CNN (feature extraction) → RNN variant 

(temporal modeling) → Dropout (regularization) → MLP 

(prediction refinement) → Output (predicted 

coordinates). This hybrid approach leverages the 

strengths of convolutional layers for local feature 

extraction and recurrent layers for capturing temporal 

dependencies, resulting in robust position prediction for 

truck trajectories in the port environment. 

 

Fig. 7. Adopted Deep Learning Architecture 
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Model Training  

Data Split: In order to train and assess the model, we 

separated the dataset into 80% training and 20% 

validation sets. 

We trained all models using the following parameters: 

Optimizer: The Adamax (Kingma et Ba, 2017)  

optimizer, for its stability in handling sparse gradients, 

and varying feature scales. Its adaptive learning rate 

ensures smooth convergence and improved 

generalization.  

Loss Function: Euclidean Error (EE) 

Metrics: Mean Position Error (MPE) 

The training process was executed in 300 epochs with 

a batch size of 1000, ensuring that the model had ample 

opportunity to learn from the data. In addition, we used 

random search to systematically explore various 

hyperparameter settings including adjustments in learning 

rate, batch size, and network architecture to identify the 

configuration which produced the best results on the 

validation set. This approach allowed us to optimize 

convergence behavior and enhance overall model 

performance. 

Results and Discussion 

Evaluation metrics 

The following metrics were used to evaluate models 

on the validation dataset: 

Euclidean Error (EE): The Euclidean Error calculates 

the cumulative Euclidean distance error among predicted 

and true coordinates: 

𝐸𝐸 = ∑ √(𝑋𝑖_𝑝𝑟𝑒𝑑 −  𝑋𝑖_)2 + (𝑌𝑖_𝑝𝑟𝑒𝑑 −  𝑌𝑖_)2  
𝑛

𝑖=1
 (16) 

Mean Position Error (MPE): Represents the mean 

Euclidean distance among predicted and actual positions: 

𝑀𝑃𝐸 =
∑ √(𝑋𝑖_𝑝𝑟𝑒𝑑 − 𝑋𝑖_)2+(𝑌𝑖_𝑝𝑟𝑒𝑑 − 𝑌𝑖_)2  

𝑛

𝑖=1

𝑛
 (17) 

where: 

n: Total number of data points in the dataset 

Xi_pred : Predicted x-coordinate at sequence i 

Yi_pred: Predicted y-coordinate at sequence i 

Xi_: True x-coordinate at sequence i 

Yi_: True y-coordinate at sequence i 

Results 

This section presents the predictive capability analysis 

of three proposed architectures: Conv-LSTM, Conv-

RNN, and Conv-GRU. 

Fig. 8 presents the results for the LSTM-based model, 

which demonstrates good generalization with consistent 

training and validation Mean Position Error (MPE). The 

minimum validation MPE of 1.79 m indicates a high level 

of accuracy, though it is slightly outperformed by the 

GRU and RNN models in this case. The LSTM's 

robustness to fluctuations and smooth convergence 

suggest that it effectively handles long-term dependencies 

in the positional data. 

The LSTM model is especially useful for jobs with 

complex temporal relationships. However, in this specific 

dataset, the additional computational complexity of the 

LSTM architecture may not provide a significant 

advantage over simpler models like GRUs or RNNs as 

demonstrated in the following sections. 

 

Fig. 8.  MPE and Loss curve for the Conv-LSTM model.  

 

Fig. 9 presents the results for the RNN-based model, 

which achieves a minimum MPE of 1.68 m, which is 

better than the LSTM model but not as low as the GRU 

model. The training and validation curves show more 

fluctuations compared to the LSTM and GRU models, 

indicating less stability during training. 

While the RNN captures temporal dependencies 

adequately for this dataset, it may struggle with stability 

and handling long-term dependencies. The slightly better 

MPE compared to the LSTM could be due to its 

simplicity, which avoids overfitting in this particular task. 

 

Fig. 9. MPE and Loss curve for the Conv-RNN model.  
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Fig. 10 presents the results for the GRU-based model, 

which achieves the lowest minimum MPE of 1.56 m, 

outperforming both the LSTM and RNN models. The 

GRU's training and validation curves are smooth and 

aligned, showing good generalization and stability. 

The GRU's capacity to model temporal relationships 

and computing efficiency are balanced making it the best-

performing model for this dataset. Its architecture appears 

well-suited for the task, efficiently capturing both short-

term and medium-term dependencies. 

 

Fig. 10. MPE and Loss curve for the Conv-GRU model.  

 

In summary, the Conv-GRU model achieves the best 

performance with a minimum MPE of 1.56 m, 

outperforming both the Conv-LSTM and Conv-RNN 

models. “Table 2” summarizes the accuracy metrics of the 

proposed RNN-based models, comparing their accuracy, 

convergence speed, stability, overfitting tendencies, and 

generalization capabilities. 

Table 2. Comparison of Performance of RNN-Based Models. 

Discussion 

     This study compared three CNN-RNN based 

architectures: Conv-RNN, Conv-LSTM, and Conv-GRU 

for predicting trucks localization within port terminal 

operations. The complex environment of the EuroGate 

terminal at Tanger Med Port, characterized by dense 

infrastructure and frequent signal obstructions, presented 

a challenging testbed for evaluating the effectiveness of 

machine learning models in this task. 

The experimental results indicate that Conv-GRU 

model achieved the lowest MPE of 1.56 m, outperforming 

both the Conv-LSTM and Conv-RNN models. Conv-

GRU model demonstrated a balance between 

computational efficiency and capturing both short-term 

and medium-term relationship. Its lower complexity 

compared to Conv-LSTM allowed for faster training 

while maintaining predictive accuracy. Conv-LSTM 

model, although effective at capturing long-term 

dependencies, did not provide a significant improvement 

in accuracy for this dataset, likely due to the added 

computational overhead. The Simple Conv-RNN model 

showed moderate performance, but its lack of specialized 

mechanisms for handling long-term dependencies limited 

its accuracy compared to the Conv-GRU and Conv-

LSTM. 

The inclusion of a convolutional layer as the first layer 

carries an important role in extracting temporal features 

like velocity and acceleration from the position data. This 

preprocessing enhances the performance of all three 

models by simplifying the temporal patterns they need to 

learn. The results of this investigation highlight the 

significance of selecting appropriate machine learning 

architectures based on the operational context. In 

environments with frequent disruptions and a need for 

efficient real-time processing, Conv-GRU models provide 

a compelling solution. 

Conclusion 

In the present study, we present a full process for 

enhancing the GPS positioning system used in a truck 

fleet of a terminal port. The process begins by pre-

processing NMEA files to obtain geodetic data, which is 

further transformed into a local coordinate system that is 

more effective for subsequent analytics and 

visualizations. We introduce a novel deep learning model 

that fuses convolutional neural networks (CNN) to extract 

spatial features with three types of recurrent neural 

networks (RNN) simple RNN, GRU, and LSTM to 

predict truck position. 

All three models demonstrate promising performance, 

with the GRU-based model showing particularly superior 

accuracy and computational efficiency. The Process 

results demonstrate that the proposed Conv-GRU model 

has the highest predictive accuracy, with a minimum 

Mean Position Error of 1.56 m, outperforming both the 

Conv-LSTM (1.79 m) and Conv-RNN (1.68m) models.  

While the current model is trained to predict the 

immediate next position, it can be used recursively for 

short-term multi-step forecasting. However, the 

performance may degrade over longer horizons due to 

error accumulation. Future work will involve training 

sequence-to-sequence models capable of directly 

predicting multiple future positions in a single forward 

pass, which would improve robustness for real-time fleet 

tracking. 

Model 
Based 

MPE 
(m) 

Convergence 
Speed 

Stability Generalization 

LSTM 1.79 Moderate Low Good 

RNN 1.68 Fast Moderate Good 

GRU 1.56 Fast Good Good 
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Additional future directions include the integration of 

attention mechanisms to better capture salient patterns in 

sequential data, as well as the real-time deployment of the 

system in live operational environments. If a larger dataset 

becomes available, we also aim to train a more powerful 

model capable of adapting to dynamic port 

infrastructures. Furthermore, fusing GPS data with other 

sensor data, like inertial or visual inputs, represents a 

promising approach for enhancing positioning accuracy in 

complex and signal-challenged environments. 
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