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Abstract Efficient real-time water body segmentation is crucial for applications such as flood detection,
but balancing accuracy and inference efficiency remains challenging. In this paper, we propose
MoTUNet (MobileNetV2-Transformer U-Net), designed to optimize both accuracy and inference speed
for water body segmentation. Its performance is evaluated against several popular segmentation models
such as U-Net, DeepLabV3+, PSPNet, PAN, and LinkNet. All models use MobileNetV2 as an encoder to
reduce computational complexity while preserving feature extraction, and the Kaggle RIWA dataset is
used for training and evaluation. The key metrics include Intersection over Union (IoU), precision,
recall, Fl-score, frames per second (FPS), and the average inference latency. Our results show that
U-Net and DeepLabV3+ achieve the highest accuracy, while PSPNet is the most efficient in terms of
FPS. MoTUNet provides an optimal balance by being 97.20% and 64.49% faster than U-Net and
DeepLabV3+ at a 512x512 input size, and 81.71% and 58.18% faster at a 256x256 input size, while
maintaining competitive segmentation accuracy.

Key Words : Water body segmentation, Flood monitoring, Deep learning, Convolutional neural network,
Transformer-based decoder.
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1. INTRODUCTION

Deep Learning (DL) [1] has revolutionized computer
vision by enabling models to learn complex patterns
from data, leading to significant advancements in
image classification, object detection, and
segmentation. DL-based segmentation models
have  demonstrated remarkable  progress,
particularly in applications requiring precise
boundary detection and real-time inference.

Convolutional neural networks (CNNs) [2] serve as
the backbone for many semantic segmentation
models [3,4], allowing hierarchical feature extraction
to improve spatial and contextual understanding.
The choice of CNN encoder varies based on the
specific application, as different architectures
offer trade-offs between computational efficiency
and representational power. One efficient
backbone is MobileNetV2 [5], which reduces
computational complexity while maintaining
strong feature extraction capabilities.

Popular segmentation models such as U-Net
[6,7] and DeepLabV3+ [8,9] achieve high segmentation
accuracy by capturing intricate details of input
images. However, their computational cost makes
them less suitable for real-time applications. In
contrast, Pyramid Scene Parsing Network (PSPNet)
[10,11], Pyramid Attention Network (PAN) [12],
and LinkNet [13] offer faster inference but often
compromise segmentation accuracy.

To address this challenge, we propose MoTUNet, a
U-Net variant that integrates MobileNetV2 as the
encoder and a Transformer-based decoder [14]
to balance accuracy and computational efficiency.
To ensure a fair comparison, we configured all
baseline models using the same encoder while
preserving their conventional decoder.

The main contribution of this study is to
evaluate and demonstrate MoTUNet's performance
and robustness in water segmentation tasks,
which are crucial for real-time environmental

monitoring and disaster detection.

2. Background

This section presents the required knowledge
to understand the paper, including an overview

of CNNs and the segmentation model.

Input Convolution Pooling FC

Feature Extraction

[Fig. 1] Architecture of convolutional neural
networks, adopted from [2].

2.1 Convolutional Neural Network

CNNs [2] are unique neural networks for grid-like
data, such as images. CNNs excel in image
classification, object detection, and semantic
segmentation by learning spatial hierarchies of
features through convolutional layers.

As shown in Figure 1, a CNN consists of key
components. Convolutional layers apply filters to
input images, extracting features like edges and
textures, allowing the network to learn spatial
hierarchies. A non-linear activation function,
such as the Rectified Linear Unit (ReLU), follows
each convolution to introduce non-linearity and
enhance pattern recognition. Pooling layers,
such as max or average pooling, and
downsample feature maps reduce computational
complexity and provide translational invariance.

Fully connected layers map extracted features
to outputs, such as classification labels or
segmentation masks. The output layer in segmentation
tasks generates pixel-wise predictions, producing
a segmentation mask where each pixel is

assigned a class label.

2.2 Semantic Segmentation

Semantic segmentation [3] is a fundamental
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task in computer vision that aims to assign a
class label to each pixel in an image, enabling a
more detailed understanding of scene structure
compared to image classification, which assigns
a single label to the entire image. By learning
spatial and contextual relationships, segmentation
models generate pixel-wise prediction maps that
help distinguish different objects or regions
within an image. This capability is instrumental
in medical autonomous

imaging, driving,

environmental monitoring, and flood detection.

Convolutional Encoder-Decoder

Pooling Indices
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Input
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[ | Upsampling
[Fig. 2] Overview of the segmentation model
architecture, adopted from [4].

Modern segmentation models are primarily
built on CNNs and employ an encoder-decoder
architecture to extract hierarchical features and
reconstruct fine-grained segmentation masks.
The encoder is responsible for feature extraction
through convolution and pooling layers, often
utilizing pre-trained backbones such as ResNet
or MobileNet to enhance feature representation.
The decoder then reconstructs the segmentation
mask by progressively upsampling feature maps,
employing techniques like bilinear upsampling,
global attention, or transformer-based decoders
to refine the segmentation boundaries. Figure 2
illustrates the overall structure of a typical
highlighting its

segmentation model,

encoder-decoder framework.

3. Related Works

This section reviews widely used deep learning
models for semantic segmentation, focusing on
their architecture, strengths, and limitations in
terms of accuracy and inference speed. All
baseline models in this study adopt MobileNetV2
as their encoder for computational efficiency,

while preserving their conventional decoders.

3.1 MobileNetV2

MobileNetV2 [5], is a lightweight architecture
that extends the original MobileNet by introducing
Inverted Residual Blocks (IRBs) with a linear
bottleneck. Each IRB expands the features to a
higher-dimensional space before projecting them
back to a lower-dimensional representation without
non-linear activation, effectively preserving
essential spatial information while minimizing
parameters and computational cost.

As illustrated in Figure 3, MobileNetV2 is
composed of an initial stem convolutional layer,
followed by a series of IRBs, and concludes with
a final convolutional layer.

The lightweight and

MobileNetV2 has been widely applied in various

efficient design of

computer vision tasks, such as image classification,

object detection, and particularly semantic
segmentation, where it serves as an effective

encoder.
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[Fig. 3] Architecture of MobileNetV2 model,
adopted from [5].
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3.2 U-Net

U-Net, introduced by Ronneberger et al. [6], is
a CNN-based segmentation model specifically
designed for biomedical tasks. It adopts a
symmetric encoder-decoder structure, commonly
known as a “U-shape” architecture. The encoder

(contracting path) captures high-level contextual

features through repeated convolution and
downsampling operations. Meanwhile, the
decoder (expanding path) restores spatial

resolution by upsampling and combines it with

corresponding  encoder features via skip
connections, allowing precise localization. This
architecture enables dense pixel-wise prediction
for segmentation tasks.

The key advantage of U-Net lies in its ability
to achieve high segmentation accuracy with very
few annotated images, supported by strong data
augmentation techniques such as elastic deformation.
Furthermore, the model can process images of
arbitrary sizes through an overlap-tile strategy,
making it efficient for segmenting large
biomedical images.

As illustrated in Figure 4, Bag et al. [7] conducted
a study utilizing the U-Net architecture with a
MobileNetV2 encoder to address the limitations
of the original U-Net in terms of computational
cost. While the original U-Net provides high

segmentation accuracy, its relatively large number of

Encoder Decoder
|| Pretrained | i
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Input

Qutput

D Convolution +

Batchnorm + D Convolution + Softmax
ReLU
H Upsampling ﬂ Concatenate  — Output
Layer

[Fig. 4] Architecture of MobileNetV2-based U-Net
model, adopted from [7].

parameters results in high computational complexity,
making it less suitable for resource-constrained

environments.

3.3 DeeplLabV3+
DeepLabV3+, introduced by Chen et al. [8], is

an advanced semantic segmentation model designed
to address two main challenges, including capturing
multi-scale contextual information and preserving
object boundary details. Building on DeepLabV3,
which introduced Atrous Spatial Pyramid Pooling
(ASPP)

parallel

multi-scale features using
DeepLabV3+

enhances this approach by adding a decoder

to extract
atrous  convolutions,
module. This decoder progressively upsamples
encoder features and then fuses them with
low-level features, improving the segmentation
accuracy, especially along object boundaries.

To reduce computational cost while maintaining
high accuracy, DeepLabV3+ adopts depthwise
separable convolutions within both ASPP and
decoder modules, making it highly suitable for
applications requiring efficient inference.

Figure 5 illustrates the architecture of the
MobileNetV2-based DeepLabV3+ model, adapted
from recent work by Zhao et al. [9], which uses
MobileNetV2 as the backbone to develop a

real-time semantic visual-inertial SLAM system
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[Fig. 5] Architecture of MobileNetV2-based
DeepLabV3+ model, adopted from [9].
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for a dynamic environment, leveraging the pixel-wise
of DeepLabV3+ to

identify and exclude dynamic objects, improving

segmentation capability

localization robustness in challenging scenes.

3.4 PSPNet

PSPNet, introduced by Zhao et al. [10], is a semantic
segmentation model designed to improve multi-scale
feature representation through the use of a
Pyramid Pooling Module (PPM), which is a key
component that aggregates contextual information
from multiple spatial scales by applying pooling
operations with different receptive field sizes.
These pooled features are then upsampled and
concatenated with the original feature map,
allowing the capturing of both fine-grained local
details and global contextual information.

Figure 6 illustrates the architecture of
MobileNetV2-based PSPNet, adapted from the
recent study by Ji et al. [11], which introduced a
clover dry matter prediction framework
leveraging a lightweight semantic segmentation
feature extraction in

model for efficient

agricultural analysis.

Pyramid Attention Module

[ o]
Mllfi'f:fq“;f/z | Pooling |- D -D
B

sQ-

Input Output

[Fig. 6] Architecture of MobileNetV2-based PSPNet
model, adopted from [11].

3.5 PAN

Pyramid Attention Network (PAN), introduced
by Li et al. [12], is a semantic segmentation
model designed to enhance pixel-level prediction
by utilizing global contextual information.
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[Fig. 7] Architecture of MobileNetV2-based PAN
model, adopted from [12].

The architecture of PAN consists of two key
modules, including Feature Pyramid Pooling (FPA)
and Global Attention Upsample (GAU). The FPA
module strengthens multi-scale feature representation
through a spatial pyramid attention structure,
effectively increasing the receptive field while
preserving fine-grained details. Meanwhile, the
GAU module utilizes global context information
from high-level features to guide low-level features
during upsampling, ensuring accurate localization
without adding computational complexity. Additionally,
its lightweight decoder design ensures faster inference
compared to complex multi-stage decoders.

Figure 7 illustrates the architecture of the
MobileNetV2-based PAN model used in this
study, where MobileNetV2 serves as an efficient

encoder.

3.6 LinkNet

LinkNet, introduced by Chaurasia et al. [13], is
a semantic segmentation model designed for
efficient pixel-level classification while minimizing
computational cost. It adopts an encoder-
decoder architecture where ResNetl8 is used for
lightweight yet practical feature extraction. The
key characteristic of LinkNet lies in its bypass
connections, directly linking the output of each
encoder block to its corresponding decoder
block. This design preserves spatial information
lost during downsampling, ensuring accurate

segmentation without relying on complex
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upsampling techniques or additional parameters.

Figure 8 illustrates the architecture of the
MobileNetV2-based LinkNet model used in this
study, where MobileNetV2 serves as an efficient

encoder.
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[Fig. 8] Architecture of MobileNetV2-based LinkNet
model, adopted from [13].

4. PROPOSED METHOD

Figure 9 illustrates the overall architecture of
the proposed MoTUNet, a U-Net variant that
integrates a lightweight MobileNetV2 encoder
with a Transformer-based decoder to balance
segmentation accuracy and computational efficiency.
The model is specifically designed to address the
challenge of real-time water segmentation,
where precise boundary detection and fast
inference are essential for environmental
monitoring and disaster detection systems.

MoTUNet

architecture, where the encoder is responsible

adopts the  encoder-decoder
for extracting hierarchical features from the
input image. In this study, MobileNetV2 serves as
the encoder due to its computational efficiency
and strong feature extraction capability,
achieved through the use of depthwise separable

convolutions and inverted residual blocks. The

encoder produces a 320-channel feature map,
which is further reduced to 256 channels using a
1x1 convolution bottleneck layer to minimize
computational cost before passing the features to
the decoder.
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[Fig. 9] Architecture of MoTUNet model.

The decoder of MoTUNet is designed based on

the Transformer architecture, originally
introduced by Vaswani et al. [14], which replaces
recurrent operations with a self-attention
mechanism, enabling parallel computation and
capturing long-range dependencies. The core
component of the Transformer is the Multi-Head
(MHSA) which

calculates the attention score between query (Q),

Self-Attention mechanism,
key (K), and value (V) matrices using a scaled
dot-product function defined in equation (1).
QKT]
d)
where d denotes the dimension of the key vectors.
MHSA enables the model to attend to different

Eg(Q.K, V) —( ®

parts of the input feature map simultaneously by
splitting the input into multiple attention heads,
thereby enhancing its ability to capture complex
spatial relationships.

Since the Transformer lacks inherent positional

awareness, positional encodings are added to the
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input embeddings to retain spatial information.
These positional encodings are generated using
sinusoidal functions, allowing the model to
distinguish the relative and absolute positions of
tokens within the sequence. This mechanism
enables the Transformer decoder to model both
local and global contexts effectively.

In the MoTUNet decoder, the extracted feature
maps from the encoder are projected into a
sequence format suitable for Transformer
processing. The sequence passes through two
Transformer decoder blocks, where each block
consists of an MHSA layer with four attention
heads and a Feed-Forward Network (FFN) with
512 hidden dimensions. These blocks refine the
spatial relationships of the feature representation
and enhance contextual awareness, particularly
around object boundaries. After processing, the
output sequence is reshaped back to the spatial
domain and passed through a final 1x1
convolutional layer to generate the segmentation
logits. Finally, the decoder output is upsampled

by a factor of 2 to restore the original input

resolution, producing the final segmentation
mask.

The proposed MoTUNet offers several
advantages over conventional segmentation

models. The integration of MobileNetV2 ensures
efficient feature extraction with a significantly
reduced number of parameters, making the
model suitable for real-time applications on
resource-constrained devices. Meanwhile, the

Transformer-based decoder enhances the
model's ability to capture global contextual
information and refine boundary details, which
are essential for accurate water segmentation in
MoTUNet

achieves a desirable trade-off between accuracy

complex natural scenes. Overall,
and inference speed, making it a promising
solution for practical deployment in real-time
environmental monitoring and flood detection

systems.

5. Performance Evaluation

In this section, we present the experimental

setup and evaluation result.

(Table 1) Number of train, validation, and test

samples.
No Dataset Train Validation Test
1 Kaggle RIWA 1142 166 323

(Table 2) Number of parameters and size of each
segmentation model.

No Model Parameters (M) Size (MB)
1 U-Net 6.6 26.516
2 DeeplabV3+ 44 17.514
3 PSPNet 2.3 9.053
4 PAN 2.4 9.666
5 LinkNet 43 17.279
6 MoTUNet 3.0 12.057
5.1 Dataset
In this study, we utilized an established

benchmark dataset called RIWA [15] from Kaggle
for a comprehensive experiment and analysis of
baseline DL models and our custom model. This
dataset is publicly available on Kaggle and
contains water-related images for segmentation
tasks. Table 1 presents the number of training,
validation, and testing samples based on its
original split.

5.2 Training Configuration

Two training configurations were used in our
experiments to evaluate the model’s performance
and learning behavior. In Configuration 1, the
model was trained using the Adam optimizer
with a fixed learning rate of le-5, a batch size of
32, and 50 training epochs. No learning rate
scheduler was applied in this setting.

In Configuration 2, the Adam optimizer was

also used, but with an initial learning rate of
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le-3 and a weight decay of le-4. The batch size
and number of epochs were kept the same at 32
and 50, respectively. Additionally, a
ReduceLROnPlateau scheduler was

with a reduction factor of 0.5, a patience of 5

employed

epochs, and a minimum learning rate of le-6.
Both configurations were trained on an
NVIDIA GeForce RTX 4090 with 24GB of RAM.
The second configuration was introduced to
address the limitations observed in Configuration
1, improving model’s learning performance and

prediction accuracy.

5.3 Model Configuration
All the baseline models and MoTUNet are

configured to use MobileNetV2 as an encoder to
ensure computational efficiency. The original
decoder of each baseline model is preserved,
while MoTUNet

decoder for improved performance.

adopts a transformer-based

The number of parameters and model size
illustrated in Table 2 are obtained from our
experimental implementation using the PyTorch
These

computed during the

Lightning  framework. values were

automatically model
summary, reflecting the practical configuration

used in our experiments.

5.4 Evaluation Criteria

The evaluation is conducted using segmentation
metrics, including IoU, Precision, Recall, and
Fl-score, along with inference metrics such as
FPS and average latency per frame.

IoU measures the overlap between the

predicted and ground truth as defined in
equation (2).
_ TP
U= b FPY PN @

Precision is the ratio of correctly predicted
positive pixels to the total predicted positives, as
defined in equation (3).

Precision = _re 3)
TP+ FP

Recall is the ratio of correctly predicted

positive pixels to the total of actual positives

defined in equation (4).

7P
Recall = TPt FNV )

Fl-score is the harmonic mean of Precision
and Recall as defined in equation (5).
2 X Precision X Recall

F1=score = Precision + Recall )

5.5 Performance Results

The performance of the segmentation models
was evaluated based on accuracy and inference
efficiency for two different input sizes and
training configurations. Figure 10 and Table 3
illustrate the loss curves and performance results
under Configuration 1, which uses a fixed
learning rate and reflects the raw performance of
each model. Meanwhile, Figure 11 and Table 4
present the results of Configuration 2, where a
learning rate scheduler was applied to enable
models to learn and converge optimally while
reducing overfitting.

Based on the results, MoTUNet demonstrates
comparable segmentation accuracy to other popular
models, particularly U-Net, DeepLabV3+, PAN,
and LinkNet, while achieving faster inference
speed. Although PSPNet remains the fastest
model in terms of inference, MoTUNet surpasses
PSPNet in segmentation accuracy, making it a
more balanced and effective model for real-time
applications where both accuracy and efficiency
are essential. Table 5 illustrates the average
inference speed improvement and reduction of
MoTUNet

other segmentation models.

under both configurations against
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[Fig. 10] Training and validation loss curves under Configuration 1.
{Table 3) Performance comparison of segmentation models under Configuration 1.
. loU Precision Recall F1 Avg. Latency
N Model | FP.
o odel nput Size (%) %) %) (%) e S
] U 256x256 89.59 95.33 93.82 94.57 16.79 59.55
-Net
512x512 92.27 96.10 95.93 96.01 64.40 15.52
256x256 88.87 93.90 94.55 94.22 14.55 68.68
2 DeeplabV3+
512x512 92.06 96.06 95.73 95.90 53.83 18.57
256%256 84.47 89.07 94.25 91.59 8.10 123.3
3 PSPNet
512x512 83.93 88.78 93.91 91.27 28.29 35.33
4 PAN 256x256 89.08 93.28 95.05 94.16 11.76 84.9
512x512 89.52 93.49 95.55 94.50 42.31 23.63
256x256 76.10 80.19 94.02 86.56 12.70 78.6
5 LinkNet
512x512 83.48 86.80 95.66 91.02 46.33 21.58
256x256 88.61 93.99 93.91 93.95 9.24 108.2
6 MoTUNet
512x512 90.91 94.73 95.78 95.25 32.75 30.53
8 MoTUNet 0.8 8 MoTUNet
0.6 - @ DeeplabV3+ @ DeeplabV3+
@ Linknet @ Linknet
\ PAN
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\ =
304" 3
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[Fig. 11] Training and validation loss curves under Configuration 2.
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{Table 4> Performance comparison of segmentation models under Configuration 2.

. loU Precision Recall F1 Avg. Latency
No Model Input Size %) %) %) %) (ms) FPS
! UN 256%256 92.27 96.43 96.35 96.39 16.72 59.80
—-Net
512x512 93.50 96.71 96.59 96.65 63.70 15.69
256x%256 93.10 96.46 96.30 96.38 14.62 68.36
2 DeeplabV3+
512x512 93.87 97.31 96.59 96.86 53.03 18.85
256%256 90.27 94.25 95.64 94.94 7.93 123.03
3 PSPNet
512x512 90.82 95.45 94.95 95.20 27.68 36.11
. BAN 256x%256 93.27 96.40 96.51 96.45 13.27 75.38
512x512 93.83 97.10 96.56 96.83 44.00 22.72
256%256 92.05 95.62 96.27 95.94 14.94 66.93
5 LinkNet
512x512 93.61 96.35 97.06 96.70 45.80 21.83
256x%256 91.83 95.73 95.62 95.67 9.20 108.66
6 MoTUNet
512x512 93.16 96.77 96.18 96.47 32.21 31.04

(Table 5) Average inference speed improvement (%) of MoTUNet compared to other segmentation models.

No Model Input Size U-Net DeeplLabV3+ PSPNet PAN LinkNet
256x256 81.71 58.18 -15.04 36.75 49.91
1 U-Net
512x512 97.20 64.49 -16.06 18.44 41.82

Figure 12 illustrates the original and predicted
masks generated by each segmentation model on
10 the
demonstrating the segmentation capability of

sample images from test dataset,

MoTUNet in comparison with other models.

6. CONCLUSION

The study analyzes multiple segmentation models,
including U-Net, DeepLabV3+, PSPNet, PAN,
LinkNet, and the proposed Transformer-based
MoTUNet with MobileNetV2 as the backbone.
The results demonstrate that MoTUNet effectively
balances segmentation accuracy and inference
speed, making it well-suited for practical
applications. While its segmentation performance is
comparable to U-Net, DeepLabV3+, PAN, and
LinkNet, it significantly reduces the inference
latency.

The findings reinforce the importance of

efficient segmentation architectures in water

segmentation and flood detection. Integrating a
Transformer-based decoder improves the model's
ability to capture long-range dependencies,
enhancing segmentation consistency.

While MoTUNet illustrates comparable segmentation
to UNet, DeepLabV3+, PAN,

LinkNet, further studies and experiments on

accuracy and

sophisticated augmentation will improve the
performance of MoTUNet while maintaining its
fast inference speed.

Future work can focus on evaluating MoTUNet's
adaptability to different segmentation tasks
beyond water detection. Further optimization
through improved pre- and post-processing
techniques or architectural refinements could
enhance accuracy while maintaining inference
efficiency. Testing the model on diverse datasets
and real-world scenarios will also be essential for

broader applicability.
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[Fig. 12] Original and predicted masks of 512x512 and 256256 images,
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