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1. INTRODUCTION

The rapid evolution of artificial intelligence has had a significant impact on the evolution of intelligent systems that can
carry out perception and decision-making processes (Ye and Zhang, 2023). A significant field of application is the
autonomous navigation where the machines are trained to analyze the data of the environment and decide upon
movement. In this regard, deep learning models have become critical supports of allowing intelligent behavior in
systems, which traditionally relied on rule-based control (Rithika Grace et al., 2024; Wang et al., 2023).

Traditional robotic navigation solutions usually rely on sensor-based reasoning like infrared line scanning and ultrasonic
object scanning. Although these techniques are useful in simple or less dynamic environments, they do not have the
flexibility to adapt in complex or more dynamic settings (Xu et al., 2019). They are not as reliable in real-life situations
due to their limited ability to handle variations in lighting conditions, irregular paths, or visually ambiguous obstacles
(Qin et al., 2020; Vu et al., 2022).

Convolutional Neural Networks (CNNs) have been used extensively to perform visual classification tasks in real-time
(Radosavovic et al., 2020). MobileNet is an efficient model and can be used in embedded and resource-constrained
applications (Redmon et al., 2016). The model can be trained to identify the navigation-related states, including forward
movement, turning directions, and obstacle conditions, based on the visual input, by leveraging the transfer learning
(Redmon and Farhadi, 2018). This method is consistent with contemporary object detection and perception models that
prioritize computation efficiency and accuracy (Ren and Wang, 2022; Rose et al., 2022; Sandler et al., 2018).
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This research is dedicated to the design and training of a deep learning model based on MobileNet to classify obstacle-
aware navigation decision. The aim is to come up with a light and efficient model that will be able to interpret the images
of the environment accurately and create the right movement commands. The result of this work can be used as a basis of
intelligent navigation systems and then implemented into physical robotic platforms to be used in the real world (Sudre et
al., 2017; Tan and Le, 2019; Teichmann et al., 2018;).

2. METHODOLOGY

The proposed study will use the experimental approach to the design and training of a MobileNetVV2 model to classify
navigation decisions. The method is based on the use of a labelled image dataset that represents four navigation states:
forward movement, left turn, right turn, and stop (obstacle presence). The dataset comes as a result of simulated
environments and / or real life image capture and is augmented with data augmentation techniques that include rotation,
flipping, scaling and changes in brightness to enhance model generalization and minimize overfitting. MobileNet\V2
architecture is chosen because it has lightweight structure and can be used in real-time applications, and transfer learning
is performed using pre-trained weights in ImageNet. The model is trained based on the supervised learning model where
the loss function is categorical cross-entropy and the parameter updating algorithm is the Adam optimizer. The dataset is
divided into training and validation sets to keep track of the performance and to ensure the generalization, and the
evaluation is performed in terms of the accuracy, precision, recall, and F1-score to measure the quality of classification.
In Figure 1, the block diagram of the methodology followed in the study is shown.

Data Preprocessing
and Augmentation

Figure 1: Block Diagram of the Proposed Methodology

2.1 Data Collection

The data employed in this study is the structured robot navigation dataset that comprises of 15,000 simulated robot
navigation states, which were filtered and balanced to have 8,000 high-quality samples used to train and test the model.
Each record is a discrete set of navigation scenarios randomly instantiated on the obstacle grid environment (5 x 5 grid
with obstacles) with the robot being required to learn the best movement decisions in the face of a defined goal position.
The dataset is formulated to supervised learning tasks like classification and action prediction in discrete path-planning
environments. The data items have spatial and directional details, which give the position of the robot in relation to its
surroundings and destination. These are the initial positions (start_x, start_y), goal positions (goalx, goaly) and the
current position of the robot (robotx, roboty). Based on these values, derived values such as delta_x and delta_y (relative
displacement), euclidean_dist (straight-line distance to the goal), and angle to the goal (directional angle toward the goal)
are calculated to capture spatial relationships that are important in deciding on navigation.

The dataset contains information about the environmental obstacles besides positional features with the obs_dist_up,
obs_dist_down, obs_dist-left, and obs-dist-right representing the number of cells in each direction which do not contain
obstacles. It also includes a 5x5 binary grid representation (obs_grid_flat-0 to obs_grid-flat-24), to encode local obstacle
distribution. The attributes make the model structured environmental awareness needed to study safe and effective
policies governing navigation. The data set has decision and performance related variables such as selected action
(movement class label: up, down, left, right), path length so far, reward value and a converged flag to indicate successful
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goal achievement. Other identifiers like episodeid and time step enable consecutive tracking of navigation episodes.
Furthermore, the contextual robotic extension features of joint 1 and joint 2 are also included, but are not directly used in
primary navigation classification. In general, this dataset offers a holistic representation of the state-action pairs of a
robot that can be used to train a deep learning model that can make intelligent decisions in terms of navigation.

2.2 Data Preprocessing

Data preprocessing was performed to convert the raw robot navigation data into an appropriate format to train the deep
learning model based on MabileNet. The initial step was to address irrelevant or non-essential features like state id,
episode_id, time step, joint angle 1 and joint angle 2 which were not included into the final feature set to minimize noise
and enhance the efficiency of the model. The other spatial, directional, and obstacle-related features have been retained as
they contain useful information to make decisions on navigation. The data was then verified on missing data and
discrepancy. As the dataset itself was synthetically generated and well-organized, no considerable missing data was
found. Validation checks were however done to ensure that all the numerical values were within the expected ranges
especially the variables of obstacle distance, angle to goal and euclidean distance. This measure helped to guarantee the
integrity of data prior to model training.

To normalize the numerical values and make all features equally contribute to training, feature scaling was used. The
Min-Max normalization techniques were employed to scale values (between 0 and 1) especially when using distance-
based and grid-based features. The step will be significant in enhancing the convergence velocity and stabilization of the
learning process of the neural network. The target variable (selected action) was finally encoded into categorical form
using one-hot encoding to allow it to be compatible with the MobileNet classification output layer. This dataset was
subsequently divided into training and validation sets to help in model evaluation and overfitting. The postprocessing
made the set of values completely ready to the deep learning model training with the optimized feature representation and
the structured input-output mapping.

2.3 The Proposed Model

The mobile model proposed in the paper is informed by the MobileNetV2 architecture that was selected because it has a
lightweight structure, is computationally efficient, and is suitable to a task of real-time image classification. The design of
MobileNetV2 includes depthwise separable convolutions, inverted residual blocks, which significantly reduce the
number of parameters with high feature extraction ability. This renders it very useful in embedded and resource
constrained intelligent systems.

Transfer learning is used to increase learning efficiency and decrease training time, with pre-trained ImageNet weights
used as transfer learning weights. This enables the model to utilize the low and high level visual features previously
learned such as edges, textures and shapes which can be transferred to the task of navigation decision making. The
Navigation dataset is used to fine-tune the pre-trained base model to the specific classification problem.
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Figure 2: Architecture of the Proposed Model
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The upper layers of MobileNetV2 will be substituted with a personalized classification head that will be used in this
study. This has layers that transform extracted features into navigation decisions like forward, left, right, and stop. The
proposed model is summarized in terms of architecture as illustrated in the Tabel 1.

Tablel: Architecture of the Proposed MobileNetV2 Model

Layer Type Description Output Shape

Input Layer Input image (224 x 224 x 3) 224 x 224 x 3

MobileNetV2 Base Model Pre-trained on ImageNet (feature extractor) 7 x 7 x 1280 (approx.)
Global Average Pooling Reduces spatial dimensions 1280

Dense Layer (ReLU) Fully connected layer for feature learning 128

Dropout Layer Regularization (prevents overfitting) 128

Output Dense Layer Softmax classification (4 classes) 4 (Forward, Left, Right, Stop)

This architecture offers a tradeoff between computational speed and classification accuracy, and is therefore applicable in
real-time navigation decision-making systems.

2.4 Model Training

The proposed MobileNetVV2 model was trained on Google Colab, which offered a cloud-based GPU environment to
facilitate the efficient computation and to reduce training time. It was implemented using Python programming language,
deep learning packages, including TensorFlow and Keras and data manipulation and preprocessing were performed using
NumPy and Pandas. Transfer learning was used by loading the model with ImageNet weights that are pre-trained and
fine-tuning the top classification layers using the ready-to-use navigation data only. The Adam optimizer was used to
train the model with a categorical cross-entropy loss function, and the performance was optimized using methods such as
batch training, learning rate tuning and data augmentation to enhance generalization. To track the progress of learning,
the dataset was divided into training and validation sets, and the learning was performed in several epochs until
convergence was achieved with respect to the accuracy of validation and the stabilization loss.

2.5 Model Integration

The trained MobileNetVV2 model can be integrated into a functional mapping system, which transforms input navigation
states into discrete movement decisions. The model is then saved as an HDF5 file and loaded into a Python based
inference environment using TensorFlow/Keras on Google Colab or any other compatible runtime. At integration, all
input samples are pre-processed to fit the training setup (resized to 224 x 224 x 3 and normalized) and then fed through
the model to make a prediction. The probability distribution over the defined action classes (forward, left, right, stop) is
then produced by the model and the class with the largest probability is chosen as the final decision on the navigation
control.

Mathematically, the integrated model can be modeled as a function approximation system whereby the MobileNetV2
network learns a mapping between the input state space to the action space. Let the input navigation state (image or
feature representation) be denoted as X € R?24%2243 The trained model learns a function using Equation 1:

fo(X) = P(Y1X) )
Wheref, represents the MobileNetVV2 model parameterized by weights 6, and P(Y | X) is the probability distribution
over the action classes Y = {0,1,2,3} corresponding to forward, left, right, and stop. The final predicted action is obtained
using the argmax function in Equation 2:

y=arg max P(Y =i\X) 2)

In practical integration, this output is interpreted as a control command vector that can be mapped directly to navigation
actions in a robotic or simulated environment. The SoftMax function in the final layer ensures that the outputs form a
valid probability distribution using Equation 3.

PO =00 = 5 ®)

where z; represents the raw output (logits) of the network for class i, and n is the total number of navigation classes. This
mathematical formulation ensures that the integration process is both probabilistically interpretable and suitable for real-
time decision-making applications.

2.6 System Implementation

The proposed MobileNetV2 based navigation decision model was implemented using MATLAB and Simulink to provide
a simulation based environment to test and validate the functionality of the proposed model. The trained model, which
was originally written in Python using TensorFlow/Keras, was exported and converted into a compatible format to be
integrated into MATLAB using the Deep Learning Toolbox. This enabled the model to be imported as a trained net and
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run in Simulink to simulate in real-time the process of decision-making in navigation. Within the context of Simulink, a
modular design was created to reflect the entire inference pipeline. Input subsystem models the data of the navigation
state, which can include image-based input or structured feature vectors of robot position, obstacle distribution, and goal
orientation.

This input is then passed through a preprocessing block which makes sure that the input is resized and normalized
appropriately before being fed into the imported MobileNetV2 block of the model to be classified. The deep learning
block output is a probabilistic vector of the probability of each action class (forward, left, right, stop) of navigation. The
decision making subsystem is implemented using a MATLAB Function block, which applies the decision rule of argmax
to choose the most likely action. This result is in turn mapped to a simulated control signal that can be used in visualizing
the navigation behaviour in different scenarios.

3. RESULTS AND DISCUSSION

This section gives the experimental findings of the proposed MobileNetV2-based navigation decision model. It was
divided into training (70%), validation (15%), and testing (15%) sets which comprised of 5,600 training samples, 1,200
validation samples, and 1,200 test samples. The training was done on 50 epochs, with a batch size of 32, using Adam
optimizer (learning rate = 0.001). A patience of 10 epochs was used on validation loss to avoid overfitting. All the
experiments were implemented on Google Colab.

3.1 Training Performance

Figure 3 presents the training and validation accuracy curves with over 50 epochs. The accuracy of the training rose
quickly to 62.3, and then to 94.8 in the first 20 epochs, which gradually increased to 97.2 in the last 50 epochs. Validation
accuracy was much close to the training curve and the convergence was 95.6 percent, which is very low overfitting. The
loss curves (Figure 4) corresponding to the training process and validation indicate that categorical cross-entropy loss
decreased steadily, to 0.09 and 1.18 respectively, during training and validation respectively.
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Figure 3: Training and Validation Accuracy Curves Figure 4: Training and Validation Loss Curves

3.2 Classification Performance on Test Set

Table 2 shows the overall performance of the proposed model on the held-out test set (1,200 samples). The model has a
macro-average of 95.6, with precision, recall and F1-score all above 0.95, which indicates high levels of balanced
performance on all four actions of navigation.

Table 2: Overall Model Performance Metrics

Metric Value (%)
Accuracy 95.6
Macro-average Precision 95.2
Macro-average Recall 95.0
Macro-average F1-score 95.1
Kappa Coefficient 0.941
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3.3 Per-Class Performance Analysis

Table 3 shows a comprehensive break down of accuracy, recall and F1-score in each of the four classes of navigation:
Forward, Left, Right, and Stop (obstacle presence). The model had an outstanding performance in the Stop class where
the model achieves 98.2% precision and 97.5% recall, which is probably due to the distinct obstacle proximity features
that make a very strong distinction between this state and movement commands. There were also good results in forward
movement classification (F1 = 96.0%). Left and Right actions also demonstrated a little weaker but still strong
performance, with Fl-scores of 93.8% and 93.5, respectively. The slightly worse performance on turns might be
explained by the fact that there are certain ambiguities of symmetry in the environment where the patterns of left and
right obstacles are similar.

Table 3: Per-Class Performance Metrics

Navigation Class Precision (%) Recall (%) F1-Score (%) Support (samples)
Forward 96.2 95.8 96.0 310
Left 93.5 94.1 93.8 295
Right 92.8 94.2 93.5 288
Stop (Obstacle) 98.2 97.5 97.8 307

3.4 Confusion Matrix Analysis

Figure 5 shows the normalisation of the confusion matrix of the test set predictions. The diagonal values are between
0.93 and 0.98 and this indicates that the correct classification rates are high. The most common misclassifications were
between Left and Right classes with a 3.2% error rate (Left predicted as Right) and 2.9% (Right predicted as Left). This
symmetric confusion should occur in grid-based navigation environment where the orientation of a robot with respect to
the goal can cause almost the same feature vectors of antagonous turns. There were few misclassifications between
Forward and Stop (<1.5%), which means that the model is a reliable way to distinguish between movement and stop
caused by obstacles.
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Figure 5: Normalized Confusion Matrix
3.5 System Validation using MATLAB
To confirm the practical applicability of the proposed MobileNetV2 navigation model to the real-life scenario, a
simulation-based validation was done by using MATLAB and Simulink. The trained model (exported out of
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TensorFlow/Keras and imported via the Deep Learning Toolbox) was designed into a Simulink environment that mimics
a robot traversing through an obstacle aware corrldor The output of the implementation is presented from Figures 6-11.
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Figure 10: Robot changes path toward another direction Figure 11: robot in a new free propagation path

The findings strongly prove the suggested MobileNetV2 model as a most effective tool to use in obstacle-aware
navigation decision classification. The fact that the model was able to reach such high accuracy (95.6 percent) on a four-
class problem with a relatively small dataset (8,000 samples) points to the power of transfer learning in cases when the
domain-specific data is small.

The slightly decreased performance on turn classifications (Left: 93.8% F1, Right: 93.5% F1) is worth further analysis.
Analysis of misclassified samples showed that the majority of errors happened in the situation when the robot was in
equal distance to the goal both to the right and to the left (goal is in the direction directly ahead, but the path is blocked
symmetrically in both directions). The best course of action, in such a case, is ambiguous even to a human observer. Such
ambiguities could be overcome with temporal information (recurrent layers or history buffers) included in the future
work.

The baseline comparison proves that the lightweight convolutional architecture is more effective than both the traditional
machine learning and the simplified dense networks on navigation functions with spatial reasoning. It is noteworthy that
the model achieved this performance with an inference time of 0.93ms per sample, which is equivalent to around 1,075
predictions per second to be able to perform real-time robotic control at typical loop frequencies (10-100 Hz).

The possible limitation of this study is that the grid-based obstacle representations are simulated with raw camera images
but not with them. Although the current feature set is able to capture the necessary spatial relationships, it would be
necessary to deploy it on real-world robots by providing a vision front-end that converts camera input into the desired
grid format or, as an alternative, fine-tuning the model on actual images. The core of the decision-making presented
herein can be considered a proof-of-concept of the decision-making core, which could be implemented in future
workplaces, together with an upstream perception core.

The MATLAB/Simulink validation solidifies the practical deployability of the proposed MobileNetV2 model,
demonstrating that it can operate accurately and efficiently within a widely used robotics simulation ecosystem. This step
directly supports the eventual transition of the model to physical robotic platforms (using MATLAB Coder for standalone
deployment).

4. CONCLUSION

This study presented the development, training, and evaluation of a MobileNetV2-based deep learning model for
navigation decision classification in a discrete robot path-planning environment. The model was trained using a balanced
dataset of 8,000 samples containing spatial, directional, and obstacle-related features derived from a 5x5 grid
environment. Transfer learning was applied using pre-trained ImageNet weights to improve feature extraction efficiency
and reduce training time. The implementation was carried out using Google Colab with TensorFlow and Keras, enabling
efficient model development in a cloud-based GPU environment.

The experimental results demonstrated that the proposed model achieved a high overall classification accuracy of 95.6%,
indicating strong learning capability and effective generalization to unseen navigation states. The precision, recall, and
F1-score values across all classes remained consistently above 0.93, showing that the model maintained balanced
performance rather than being biased toward any particular class. The best-performing class was the “Stop” (obstacle)
category, which recorded the highest Fl-score, reflecting the model’s strong ability to correctly identify unsafe or
blocked navigation states using spatial and obstacle distribution features. The “Forward” class also showed stable
performance, indicating reliable recognition of clear path conditions. However, slight performance degradation was
observed in the “Left” and “Right” classes, where minor misclassifications occurred due to the inherent similarity in
spatial patterns within symmetric grid configurations. These errors suggest that directional ambiguity remains a challenge
in discrete navigation environments, where left-right decision boundaries can overlap under certain obstacle
arrangements.

In conclusion, the study confirms that MobileNetV2, when enhanced with transfer learning, is an effective and
computationally efficient architecture for navigation decision-making tasks. Its lightweight nature and strong
classification capability make it suitable for real-time intelligent systems operating in resource-constrained environments.
The results demonstrate the potential of deep learning-based approaches to significantly improve autonomous navigation
decision accuracy, while maintaining scalability and efficiency for future intelligent robotics applications.
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