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Abstract— Detecting the generic land structure in satellite images is typically done manually,
requiring significant time and effort. Thus, the project proposes an approach to reduce human
efforts, reducing the cost and time for identifying the land structure. In this project, a deep
learning-based approach was developed to automate the process of classifying geographical
land structures. The study compared the performance of three architectures, namely CNN,
ResNet-50, and Inception-v3. The performance of the proposed model, CNN has achieved an
accuracy of 94.8%. The results highlight the potential of deep learning models in scene
understanding and their significance in efficiently identifying and categorizing land structures
from satellite imagery.

1. BACKGROUND STUDY AND AIM

Deep learning algorithms have brought a revolution to the computer vision domain [1] by introducing effective
solution such as classification of an image. Detecting and classifying geographical land structures from satellite
images is an important task in various fields such as environmental monitoring, urban planning, and land
management.

Traditionally, this process has relied on manual analysis, which is time-consuming and subject to human error.
With the advancements in deep learning and computer vision, there is an opportunity to automate and improve
the accuracy of land structure classification. The aim of this project is to develop a deep learning-based model
that can accurately classify different geographical land structures in Malaysia using satellite images. By
leveraging state-of-the-art architectures such as CNN, ResNet-50, and Inception-v3, the project aims to explore
the performance of these models and identify the most effective approach for land structure classification. The
ultimate goal is to provide a reliable and efficient solution for automated scene understanding, which can have
significant applications in various domains such as land use planning, environmental conservation, and disaster
management.

II. RELATED WORK

Deep learning-based approaches have gained widespread popularity in digital image analysis, finding
applications in various domain such as human detection [2], vehicle detections [3], crops detections [4], medical
image and even in the detection of diseases such as Covid-19 [5]. These techniques have revolutionized the field
by leveraging the power of neural networks to automatically learn and extract meaningful features from images,
enabling accurate and efficient analysis.

Grenze ID: 01.GIJET.11.1.371
© Grenze Scientific Society, 2025



Yang et al. [6] proposed a sparsity model called Dictionary Learning CNN or DL-CNN, where the CNN
incorporates dictionary learning layers instead of fully connected layers, as illustrated in Fig. 1. This
modification helps reduce the number of parameters in the CNN model while obtaining enhanced sparse
features. The DL-CNN model has two nodes in the output layer: the first node represents the discrete probability
distribution across different categories, and the second node represents the corresponding discriminant sparse
representation. The proposed model achieved a validation accuracy of 96.03% when evaluated on the 15 Scenes
dataset.
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Fig. 1 - Illustration of the DL-CNN architecture [6]
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Fig. 2 - Illustration of the CFA architecture [7]

Sun et al. [8] introduced a scene identification model called Contextual Features in Appearance (CFA). In this
model, the output of the convolutional layers serves as the input for the Long Short-Term Memory (LSTM)
layers, which are organized into four directed sequences in a cyclic manner. The illustration of the CFA
architecture has been shown in Fig. 2.
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Fig. 3 - Illustration of the MFAFVNet architecture

Li et al. [9] proposed a method for classifying scene images using MFAFVNet, a transfer learning Convolutional
Neural Network based on the theory of Mixture of Factor Analyzer (MFA) and Fisher Vector (FV). The MFAFV
layers will be added after standard convolutional neural network and then as shown in Fig. 3. The authors added
an MFAFYV layer to VGG16 and AlexNet to enable comparison. The model was trained on the ImageNet dataset.
This approach achieved an accuracy of 80.47% when using AlexNet as the base model and 87.97% when using
VGGle.

Damir et al. [10] proposed a method for classifying natural landscape images using transfer learning based on the
Inception V3 Convolutional Neural Network
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TABLE 1 - OVERVIEW OF RELATED WORKS

Paper Model Best Accuracy

[6] DL-CNN 96.03%

[8] CFA 78.93%

[9] AlexNet + MFAFVNet 80.47%
VGG16 + MFAFVNet 87.97%

[10] Transfer Learning with Inception V3 CNN  92.9%

Table 1 provides an overview of the related works where researchers have proposed various state-of-the-art
methods for scenery detection. Methodology
A. Dataset Description

The team utilized a satellite image dataset obtained from MLRSNet, a multi-label high spatial resolution remote
sensing dataset designed for semantic scene understanding [11]. MLRSNet offers diverse perspectives of the
world captured by satellites, providing high-resolution imagery.
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Fig. 4 - Image counts based on label

As previously mentioned, the team utilized a dataset with four distinct labels, each containing approximately
2600 images which the results can be visualized in Fig. 4.
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Fig. 5 - Examples of images from the dataset

Fig. 5 shows few examples from the datasets based on desert, farmland, meadow and terrace. This figure also
shows the size of the images is at 224x224 pixels. This is because to ensure uniformity and compatibility, all
images were resized to a resolution of 224x224 pixels. This resizing process ensures that all images have the
same dimensions, facilitating consistent processing and analysis. By standardizing the image size, the team can
effectively apply machine learning algorithms and techniques to extract meaningful features and patterns from
the dataset.

To expand the dataset further, the team employed image augmentation techniques. Image augmentation is a
widely used approach to enhance the generalization performance of models by introducing variations to the data
[12]. Fig. 6 provides an illustration of various image augmentation transformations, such as rotation, flipping,
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shearing, and more which done by one of the “terrace” image. In the context of categorical variables, label
encoding, also known as ordinal encoding, assigns a unique integer value to each category within the dataset
[13].

Random sampling is a widely used technique for creating a representative subset of a dataset [14]. It is
particularly useful for dividing the data into training and testing sets. Another related method is stratified
sampling, which is a probability sampling approach that takes into account the distinct groups or categories
within the dataset [15]

Original Image o Augmented Image 1 o Augmented Image 2
= 7

50 100 150 200 50 100 150 200 50 100 150 200

Augmented Image 3 Augmented Image 4 - Augmented Image 5

100 150 200 50 100 150 200 100 150 200
Fig. 6 - Example of image augmentation

B. Convolutional Neural Network (CNN)
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Fig. 7 - Typical architecture of CNN [16]

A Convolutional Neural Network, also known as a CNN, is a type of artificial neural network characterized by
its deep feed-forward architecture [17]. CNNs are specifically designed for processing and analyzing visual data,
such as images. A CNN typically comprises convolutional layers, which apply sets of learnable filters to the
input image, allowing the network to extract relevant features and patterns.

For instance, in an RGB image, the depth would be three, representing the red, green, and blue channels. The
convolutional filters in the CNN perform local operations, calculating the dot product between the input and the
filter weights. These operations allow the network to capture spatial information and learn meaningful features
from the input image [18].

After the convolutional layers, the feature maps are typically down sampled using pooling layers. Pooling layers
reduce the spatial dimensionality of the feature maps, which accelerates the training process and helps prevent
overfitting by summarizing the most important information in the feature maps [19].

C. Proposed CNN Architecture
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Fig. 8 - Architecture of proposed CNN
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The team has proposed a CNN model to classify the geographical land structure, as shown in Fig. 8. The CNN
architecture takes input images with dimensions of 224x224x3, representing the height, width, and depth of the
images.

Furthermore, the Glorot uniform initialization, also known as the Xavier uniform initialization, is utilized as the
kernel initialization method [20]. This initialization method contributes to the overall stability and effectiveness
of the learning process in the CNN, enabling the model to learn and extract meaningful features from the input
data.

f(x) = max (0,x)

Equation 1 - ReLU activation function

The ReLU activation function operates by returning the input value directly if it is positive, and outputting zero
if the input is negative as shown in Equation 1.

D. Transfer Learning
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Fig. 9 - Illustration of Transfer Learning

Transfer learning is a technique that involves leveraging the knowledge and insights gained from solving one
task and applying it to solve related tasks [21]. It is commonly applied when the domains of the tasks are similar
to have a greater positive impact [22]. In the context of artificial neural networks as illustrated in Fig. 9, transfer
learning involves utilizing a pretrained model as a starting point. The pretrained model, with its existing layers
and weights, serves as a foundation for the custom model.

Residual Network or ResNet, proposed by Kaiming et al. [23], plays a significant role in enhancing the training
process of neural networks by formulating the layers as learning residual functions with reference to the previous
layer. The concept of residual stems from the difference between the actual observed value and the estimated
value [24]. One prominent variant of ResNet is ResNet-50, which is a 50-layer convolutional neural network
comprising 48 convolutional layers, one max pooling layer, and one average pooling layer. In the context of
classifying scenes, ResNet-50 has been effectively employed. However, for this task, the original output layer of
ResNet-50 has been replaced with a dense layer consisting of four nodes, employing the softmax activation
function to predict the four categories of the labels.
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Fig. 10 - Architecture of Inception-v3
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In 2014, Szegedy et al. introduced the Inception model, a deep CNN architecture that was developed as part of
the GoogleNet during the Large-Scale ImageNet Visual Identification Challenge 2014 [25]. The goal of
Inception-v3 was to strike a balance between computational efficiency and low parameter count, making it
suitable for practical applications [26]. This CNN architecture, which consists of 48 layers, was trained on the
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ImageNet dataset, which comprises over 1 million images. Fig. 10 provides an illustration of the architecture of
the Inception-v3 model. In this model, the initial convolutional layer receives input data with dimensions of
299x299x3 and produces an output tensor of size 8x8x2048. Inception-v3 model has also been used to identify
the scenes or landscape.

III. EXPERIMENT AND RESULT

In order to fine-tune and validate the model, the team has chosen several optimizers and learning rates. These
optimizers include the Adam optimizer, Stochastic Gradient Descent (SGD) optimizer, and RMSprop optimizer.
The learning rates selected for training are 0.001 and 0.0001. To train the model, each combination of optimizer
and learning rate is used. The training process is conducted for a fixed number of epochs, specifically 100
epochs, with a batch size of 64. These models will be trained, tested and validated on same sample of dataset
which the training set consists of 8,400 images (60%), the testing set contains 4,200 images (30%), and the
validation set comprises 1,400 images (10%).
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Fig. 11- Training history of CNN with RMSProp and 0.0001 learning rate

Fig. 11 illustrates the training history of a CNN model utilizing the RMSProp optimizer with a learning rate of
0.0001. The plot showcases the progression of training and validation accuracy throughout the epochs. Initially,
both training and validation accuracy steadily improve, indicating the model's ability to learn and generalize
from the training data. However, as the training progresses, the rate of improvement in training accuracy begins
to slow down, reaching a plateau around the 50-epoch mark.

TABLE II - TRAINING RESULTS FOR CNN

MODEL  OPTIMIZER LEARNING ACCURACY LOSS

RATE
ADAM 0.001 92.1% 0.2331
0.0001 93.7% 0.2079
CNN SGD 0.001 61.3% 1.0444
0.0001 74.9% 0.6328
RMSProp 0.001 92.1% 0.2530
0.0001 94.8% 0.1727

Table II presents the training results of the CNN model using different combinations of optimizers and learning
rates. The findings indicate that CNN performs better with a lower learning rate of 0.0001, regardless of the
optimizer used. Among the models trained with various parameters, the CNN model trained with RMSProp
optimizer stands out with a test accuracy of 94.8% and a test loss of 0.1727. On the other hand, the CNN model
trained with SGD optimizer did not perform well in this case, exhibiting the lowest results with a test accuracy of
61.3% and a test loss of 1.0444 when the learning rate was set to 0.001. These observations suggest that a lower
learning rate facilitates better performance for the CNN model in this scenario, and the choice of optimizer also
plays a significant role in achieving optimal results.

Next, Table IIT shows the performance of ResNet-50 trained with different parameters. In contrast to the CNN
model, the impact of a low learning rate on the ResNet-50 model's performance is not as significant. However, it

4641



is worth noting that using a low learning rate in combination with the RMSProp optimizer may result in poorer
performance.

TABLE III - TRAINING RESULTS FOR RESNET-50

MODEL  OPTIMIZER LEARNING ACCURACY LOSS

RATE
ADAM 0.001 76.5% 0.6137
0.0001 77.3% 0.6219
SGD 0.001 45.3% 1.1683
RESSNOET‘ 0.0001 50.3% 1.3311
RMSProp 0.001 75.0% 0.6712
0.0001 65.2% 0.8243

TABLE II - TRAINING RESULTS FOR INCEPTION-V3

MODEL OPTIMIZER LEARNING ACCURACY LOSS

RATE
ADAM 0.001 93.5% 0.1958
0.0001 93.7% 0.1867
SGD 0.001 91.9% 0.2350
INCES 3T10N' 0.0001 85.7% 0.4225
RMSProp 0.001 93.2% 0.2048
0.0001 93.8% 0.1849

Table IV shows the training performance of Inception-v3 under different parameter configurations. Interestingly,
the performance of the three optimizers is quite similar in this case.

The Inception-v3 model trained with the RMSProp optimizer and a learning rate of 0.0001 achieved the best
results, with a test accuracy of 93.8% and a test loss of 0.1849. Close behind, the model trained with the Adam
optimizer and a learning rate of 0.0001 achieved a test accuracy of 93.7% and a test loss of 0.1867. Although
slightly lower, it is a competitive performance. Furthermore, the performance gap between the SGD optimizer
and the other optimizers has narrowed. The SGD model trained with a learning rate of 0.0001 achieved an 85.7%
test accuracy and a test loss of 0.4225. While still not performing as well as the other optimizers, this
demonstrates a relatively improved performance for the SGD optimizer with Inception-v3.
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Fig. 12 - Comparison between different model

To summarize the previous results, Fig. 12 presents a bar chart comparing the performance of the best model
from each of the different algorithms. The chart clearly demonstrates that the CNN model utilizing the RMSProp
optimizer and a learning rate of 0.0001 perform better the ResNet-50 and Inception-v3 models.

After identifying the best model, which is the CNN trained with RMSProp optimizer and a learning rate of
0.0001, further analysis has been conducted. Fig. 13 presents the classification report of the best model. The
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reports shows that the model trained performed very well, achieving high precision, recall and F1-scores across
all classes. The precision scores for all classes are notably high, ranging from 0.92 to 0.98.

precision recall fl1-score support

desert .98 0.98 .98 1050
farmland .92 0.94 .93 1050
meadow .95 0.92 .93 1050
terrace .95 0.95 .95 1050

accuracy .95 4200
macro avg - - -95 4200
weighted avg - - .95 4200

Fig. 13 - Classification report for the best model
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Fig. 14 - Confusion Matrix for the best model

Fig. 14 displays the confusion matrix, providing a visual representation of the model's predictions. The confusion
matrix reveals the model's performance in correctly predicting the classes or labels of the images. Upon
examining the matrix, it is evident that the model performs exceptionally well, with a high number of images
correctly predicted across all classes.

Predictions from CNN_RMSprop_0p0001

Actual: desert Actual: terrace Actual: desert Actual: farmland Actual: desert
Predicted: desert Predicted: terrace Predicted: desert  Predicted: farmland  Predicted: desert

Actual: meadow Actual: terrace Actual: meadow Actual: meadow Actual: desert
Predicted: meadow Predicted: terrace  Predicted: meadow Predicted: meadow  Predicted: desert

Fig. 15 - Predictions done by the best model

Fig. 15 presents the predictions made by the CNN model on a selection of samples from the testing set. For this
particular analysis, 10 samples have been chosen to evaluate the model's performance. Remarkably, the model
excels by correctly predicting all the classes or labels assigned to the images. This outcome demonstrates the
high accuracy and effectiveness of the proposed CNN model in accurately detecting and classifying the scenes or
geographical land.

4643



IV. CONCLUSION

In conclusion, this project aimed to develop a deep learning model for the classification of geographical land
structures with three different architectures, namely CNN, ResNet-50, and Inception-v3 to identify the most
suitable model for this task. The experimental results revealed that the CNN model trained with RMSProp
optimizer and a learning rate of 0.0001 achieved the best performance with the lowest test loss (0.17) and the
highest test accuracy (95%) among all the tested models. Furthermore, in-depth analysis of the CNN model
showcased its excellent precision, recall, and F1-scores across all classes, indicating its robustness and reliability
in accurately identifying different land structures. Consequently, it can be concluded that the proposed CNN
model outperformed ResNet-50 and Inception-v3 for the specific task of scene detection. This project
demonstrates the efficacy of deep learning models in scene understanding and showcases the potential for their
application in various real-world scenarios related to land structure identification and classification.
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