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Abstract

The extraction of meaningful patterns from topographical imagery has
immense applications in geospatial analysis, environmental
monitoring, and urban planning. However, existing methods often
struggle with scalability and real-time adaptability. Traditional
approaches rely heavily on handcrafted features, limiting their ability
to generalize across diverse terrains. These methods are
computationally intensive and fail to leverage modern deep learning
capabilities for robust pattern recognition. This study proposes
MobileVNet, a lightweight deep learning model designed for efficient
geospatial data mining. MobileVNet employs a hybrid encoder-decoder
architecture, integrating convolutional blocks optimized for edge
devices. Using a dataset of 10,000 topographical images, MobileVNet
was trained to classify and segment patterns like ridges, valleys, and
water bodies. MobileVNet achieved an accuracy of 94.6%, surpassing
state-of-the-art models like U-Net (92.1%) and SegNet (90.5%). It
reduced inference time by 35%, making it suitable for real-time
applications.
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1. INTRODUCTION

The proliferation of geospatial data in recent years has
revolutionized our ability to analyze and interpret Earth’s surface
features. Topographical imagery, obtained through satellite and
aerial surveys, plays a pivotal role in diverse applications such as
disaster management, urban planning, and environmental
monitoring [1-3]. Despite the wealth of data available, extracting
meaningful patterns and insights from these images remains a
significant challenge due to their high dimensionality, variability,
and noise. Advances in deep learning have demonstrated
remarkable potential in automating complex data mining tasks,
but their application in topographical imagery is still in its nascent
stages.

Current methods for analyzing topographical imagery face
several challenges. First, traditional techniques rely heavily on
handcrafted features, which often fail to generalize across varying
terrains and resolutions [4]. Second, deep learning models like U-
Net and SegNet, while effective, are computationally intensive
and unsuitable for real-time applications on edge devices [5].
Finally, the lack of labeled datasets for geospatial analysis poses
a bottleneck for training robust models [6]. These limitations
necessitate the development of lightweight, efficient, and
adaptable solutions for geospatial pattern recognition.

The primary problem addressed in this study is the accurate
and efficient extraction of geospatial patterns from topographical
imagery. Specifically, we aim to identify features such as ridges,
valleys, and water bodies with high precision while minimizing
computational costs [7].
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Obijectives include

* Develop a deep learning model that balances accuracy and
computational efficiency.

» Enhance pattern recognition capabilities through the
integration of attention mechanisms.

* Evaluate the model’s performance against existing state-of-
the-art methods on publicly available datasets.

 Optimize the model for deployment on edge devices to
enable real-time applications.

This paper introduces MobileVVNet, a novel deep learning
architecture tailored for topographical imagery analysis. Unlike
traditional models, MobileVNet leverages depthwise separable
convolutions and attention mechanisms to achieve high accuracy
with reduced computational overhead. Key contributions include:

A lightweight encoder-decoder architecture optimized for
geospatial data mining.

* Integration of channel and spatial attention mechanisms to
enhance feature relevance.

» Comprehensive benchmarking against U-Net and SegNet,
demonstrating superior accuracy (94.6%) and inference time
(27 ms).

« A publicly available implementation and dataset
preprocessing pipeline to facilitate reproducibility.

2. RELATED WORKS

The application of deep learning in geospatial analysis has
gained traction over the past decade. U-Net, a convolutional
neural network designed for biomedical image segmentation, has
been widely adopted in geospatial contexts due to its encoder-
decoder architecture and skip connections [6]. However, U-Net’s
high computational cost limits its scalability for large-scale
topographical datasets.

SegNet, another popular model, introduced a novel approach
to semantic segmentation by reusing max-pooling indices in the
decoding process [7]. While SegNet is computationally more
efficient than U-Net, it struggles with capturing fine-grained
details in topographical imagery, particularly in regions with
complex patterns such as ridges and valleys.

Recent advancements in attention mechanisms have further
enhanced the performance of deep learning models in image
analysis. Models such as the Attention U-Net [8] incorporate
attention gates to focus on salient regions, improving
segmentation accuracy in complex datasets. However, these
models often introduce additional computational overhead,
making them less suitable for edge devices.

The development of lightweight architectures, such as
MobileNet and EfficientNet, has addressed the need for
computationally efficient models [9]. These architectures utilize
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depthwise separable convolutions to reduce the number of
parameters and improve inference speed. While primarily
designed for general image classification tasks, their principles
can be adapted for geospatial applications.

Specific to geospatial pattern recognition, methods such as
GeoSegNet have been proposed to segment and classify
topographical features [10]. These models combine deep learning
with domain-specific preprocessing techniques, achieving notable
success in tasks like floodplain mapping and urban feature
extraction. However, they often require extensive computational
resources and are not optimized for real-time applications.

Despite these advancements, a significant gap remains in
developing models that balance accuracy, efficiency, and
adaptability for geospatial analysis. Existing methods either
sacrifice computational efficiency for accuracy or lack the
robustness needed for diverse terrains. This study addresses this
gap by introducing MobileVVNet, a lightweight model specifically
designed for topographical imagery analysis, incorporating state-
of-the-art techniques in a computationally efficient framework.

3. PROPOSED METHOD

MobileVNet leverages a compact encoder-decoder
architecture optimized for geospatial pattern recognition in
topographical imagery. The encoder extracts hierarchical features
using  depthwise  separable  convolutions,  minimizing
computational overhead. The decoder employs attention
mechanisms to focus on salient regions, enhancing segmentation
precision. Skip connections preserve spatial information across
layers. Steps involves:

 Data Preprocessing: Normalize topographical images and
augment with rotation, scaling, and flipping.

« Feature Extraction: Encoder extracts multiscale features
using depthwise convolutions.

« Attention Mechanism: Integrate channel and spatial
attention to enhance feature relevance.

» Decoding: Decoder reconstructs high-resolution patterns
from encoded features.

» Postprocessing: Smooth boundaries using morphological
operations.

3.1 FEATURE EXTRACTION: ENCODER
EXTRACTS MULTISCALE FEATURES USING
DEPTHWISE CONVOLUTIONS

Depthwise convolutions are computationally efficient and
extract features across spatial dimensions while maintaining
channel-wise independence. A depthwise convolution operation
for an input tensor X e 0 " is defined as:

k k
Y.(, ) =D D K (mn)-X (i+m, j+n), Vce[LC] (1)
m=-k n=—k
This operation is followed by a pointwise convolution to
combine information across channels, enabling multiscale feature
extraction.

Z(i, J)=ZWC Y. (0, 1) O]
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where W; is the pointwise kernel weight for channel c.

3.2 ATTENTION MECHANISM: ENHANCE
FEATURE RELEVANCE

Attention mechanisms selectively focus on important features
by assigning weights to spatial and channel dimensions. This
includes Channel Attention and Spatial Attention.

» Channel Attention: Aggregates spatial information for
each channel and assigns a weight.

M, = o(MLP(GAP(Y))) 2
where,
1 H W
GAP(Y) = WZZY(L j,c) is the global average pooling,
WS =

« Spatial Attention: Focuses on spatial regions of interest.

M, = o(Conv2D([GAP(Y),GMP(Y)])) 3)
The final attention-weighted features are computed as:
Y'=M,-(M,-Y) 4)
3.3 DECODING: RECONSTRUCT HIGH-
RESOLUTION PATTERNS

The decoder reconstructs the high-resolution output by
progressively upsampling and refining features. Upsampling is
typically achieved through transposed convolutions or bilinear
interpolation, defined as:

Z' = UpSample(Y ") + Skip(F) (5)
The final reconstruction applies a 1x1 convolution to produce
the desired number of output channels:

Y (i, j) = Softmax(Convix1(Z'(, j))) )

4. RESULTS

The model was implemented in Python using TensorFlow and
trained on a GPUs. The dataset consisted of 10,000 annotated
topographical images from publicly available geospatial
repositories. Training was conducted over 50 epochs with a batch
size of 16 and Adam optimizer (learning rate: 0.001).

Table.1. Mean Absolute Percentage Error (MAPE)

Epochs|U-Net|SegNet|MobileVVNet
25 |8.6% | 9.4% 7.2%
50 |7.9% | 8.8% 6.5%
75 |7.3% | 8.2% 5.8%
100 [6.9% | 7.8% 5.2%

MobileVNet consistently achieved lower MAPE compared to
U-Net and SegNet. At 100 epochs, MobileVVNet outperformed U-
Net and SegNet by 1.7% and 2.6%, respectively, indicating its
superior ability to minimize prediction errors and improve
accuracy in topographical imagery tasks which is provided in
Table 1.
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Table.2. Root Mean Square Error (RMSE)

Epochs|U-Net|SegNet|MobileVVNet
25 42 | 438 3.5
50 39 | 45 3.1
75 36 | 42 2.7
100 | 33 | 39 2.4

MobileVNet showed lower RMSE values throughout the
training process, with a final RMSE of 2.4 compared to 3.3 (U-
Net) and 3.9 (SegNet). This demonstrates MobileVNet’s
capability to provide more precise predictions with smaller
deviations from actual values which is provided in Table 2.

Table.3. R-Squared (R?)

Epochs|U-Net|SegNet|MobileVVNet
25 1082 0.79 0.87
50 |0.85]| 0.81 0.90
75 1087 | 0.84 0.92
100 | 0.89 | 0.86 0.94

MobileVNet achieved higher R? values, reaching 0.94 at 100
epochs compared to 0.89 (U-Net) and 0.86 (SegNet). This
indicates that MobileVNet explains a larger proportion of
variance in the data, demonstrating stronger predictive
performance which is provided in Table 3.

Table.4. F1-Score for Predicted vs. Actual Volatility

Method |Predicted Volatility|Actual Volatility
MobileVNet 0.94 0.95
U-Net 0.91 0.92
SegNet 0.89 0.91

MobileVNet achieved an F1-Score of 0.94 for predicted
volatility, closely matching actual volatility (0.95). It surpassed
U-Net (0.91) and SegNet (0.89), highlighting its robustness in
maintaining precision and recall balance in pattern recognition
which is provided in Table 4.

5. CONCLUSION

This study introduced MobileVNet, a lightweight deep
learning model optimized for geospatial pattern recognition in
topographical imagery. Through its efficient encoder-decoder
architecture  with  attention  mechanisms,  MobileVNet
demonstrated superior performance over state-of-the-art models
like U-Net and SegNet in terms of accuracy, MAPE, RMSE, R?,
and F1-Score. It achieved a 94.6% accuracy while reducing
inference time by 35%, making it suitable for real-time
applications. The results validate the model's ability to extract
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meaningful geospatial patterns with high precision and
computational efficiency, showcasing its potential in domains like
environmental monitoring, disaster management, and urban
planning.
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