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Abstract

Rapid and reliable flood maps are essential for emergency response and disaster management. However, many
deep learning models for flood segmentation are computationally demanding, limiting real-time use and
deployment on modest hardware. This paper presents PFALNet, a reduced-parameter segmentation network
that integrates dual-polarization synthetic aperture radar image backscatter and a polarization-ratio channel.
The model employs concurrent spatial and channel squeeze-and-excitation attention to enhance multi-scale
feature fusion for flood delineation. Experiments on a public Sentinel-1 flood-mapping benchmark show that

PFALNet achieves strong performance on the Florence test region (F1 = 90.53%, IoU = 82.70%, k = 88.80%)
while remaining lightweight (0.31M parameters, 5.88 GFLOPs) and enabling real-time inference (6.23 ms
per 256 x 256 tile, ~ 160 tiles/s) on a single GPU. These results indicate that carefully designed lightweight
synthetic aperture radar (SAR) segmentation models can deliver competitive performance with substantially
reduced computational cost.
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1. Introduction Satellite remote sensing is a key part of these systems
because it can regularly observe large areas of the

Floods are some of the most common and damaging  Earth [1, 4, 5]. In particular, synthetic aperture radar

natural disasters in the world [1-3]. They can cause
loss of life, destroy roads, bridges, and buildings,
disrupt daily activities, and create long-term economic
problems. Recent major floods in South Asia, Europe,
and North America have shown that even when
accurate weather forecasts and early warning systems
exist, their effectiveness can be limited. This highlights
the need for fast and reliable flood maps. These maps
help to plan evacuations, organize emergency services,
and prioritize damage assessment. As a result, there
is a strong need for automated flood-mapping systems
that can work over large regions and provide near-real-
time information for civil protection and humanitarian
agencies.

(SAR) sensors such as Sentinel-1 are well-suited for
flood monitoring because they operate independently
of solar illumination and are largely insensitive to
cloud cover and moderate precipitation. Sentinel-1 C-
band SAR acquired in interferometric wide swath (IW)
mode provides dual-polarization backscatter in vertical
transmit vertical receive (VV) and vertical transmit
horizontal receive (VH) with frequent revisit times,
enabling monitoring of rapidly evolving flood events.
At C-band, the backscatter response over water and
land is governed by surface, volume, and double-
bounce scattering mechanisms [2]. Permanent open
water surfaces tend to appear dark due to specular
reflection away from the sensor, while rough water
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and flooded vegetation can produce enhanced volume
or double-bounce returns, and urban areas exhibit
complex scattering from buildings and infrastructure.
Combining VV, VH, and a polarization-ratio feature
computed directly from these two channels can
therefore improve separability between permanent
water, flooded vegetation, bare soil, and built-up areas.

Traditional SAR flood mapping often relied on
thresholding and change detection, but performance
can vary substantially across land-cover types and
acquisition conditions [4, 5]. Recent work has therefore
shifted toward data-driven segmentation using fully
convolutional encoder-decoder architectures, where
UNet-style designs are commonly adopted for dense
prediction in remote sensing [6, 7]. Despite strong
reported accuracy, many state-of-the-art flood segmen-
tation models rely on heavy backbones with tens of mil-
lions of parameters and multi-giga floating-point oper-
ations (GFLOPs) inference cost, which can limit practi-
cal deployment in time-critical or resource-constrained
settings.

A particularly influential benchmark for wide-area
flood detection is the NASA Sentinel-1 flood detection
dataset, originally released for the IEEE GRSS Emerging
Techniques in Computational Intelligence (ETCI) 2021
Flood Detection Challenge. It comprises tiled Sentinel-
1 IW scenes over four major flood events (Bangladesh,
Nebraska, North Alabama, and Florence) with dual
polarization and corresponding flood masks. Prior
studies on this benchmark highlight that using all
three inputs—VV, VH, and a polarization-ratio feature
derived from VV and VH—can improve robustness
across regions [2, 8].

Motivated by the need for efficient large-area
mapping, this paper investigates whether a single
lightweight UNet architecture, augmented with con-
current spatial and channel squeeze-excitation (scSE)
attention, can achieve competitive performance on
the NASA Sentinel-1 flood detection benchmark while
drastically reducing parameters and computational cost
compared to high-capacity UNet++ baselines [8, 9].
We focus on the standard three-channel NASA tiles
(VV, VH, and a polarization ratio feature computed
directly from these two channels) and adopt a leave-
one-region-out (LORO) protocol to assess cross-region
generalization.

This work contributes a lightweight SAR flood
segmentation approach with the following elements.
The proposed PFALNet is a lightweight segmentation
network for Sentinel-1 SAR flood mapping on the NASA
benchmark. The architecture uses a compact encoder-
decoder backbone built from lightweight residual
blocks and depthwise convolutions and integrates
concurrent scSE modules at selected stages to provide
efficient attention during multi-scale feature fusion.
The model operates on three-channel Sentinel-1 tiles

comprising VV, VH, and a polarization-ratio channel
and is trained end-to-end using a composite loss
that combines dice and focal terms to address the
severe class imbalance between flooded and non-
flooded pixels. Performance is evaluated on the NASA
Sentinel-1 flood detection benchmark using a LORO
protocol, reporting intersection over union (IoU), F1-
score, and Cohen’s k together with model parameters,
GFLOPs, and inference time. PFALNet is compared
with published UNet and UNet++ results on the
same dataset. This comparison is used to study the
trade-off between performance and model complexity.
The results show that the lightweight design remains
competitive. At the same time, it uses far fewer
parameters and much less computation than heavier
UNet++ baselines.

The remainder of the paper is organized as follows.
Section 2 reviews related work on SAR-based flood
mapping, UNet-family architectures, lightweight seg-
mentation networks, and attention mechanisms. Sec-
tion 3 formulates the flood segmentation problem and
summarizes the NASA benchmark dataset and evalua-
tion metrics. Section 4 introduces the PFALNet archi-
tecture in detail. Section 5 describes the experimental
setup. Section 6 presents quantitative and qualitative
results. Section 7 discusses the findings and limitations.
Section 8 concludes the paper and outlines directions
for future research.

2. Related Work

2.1. SAR-Based Flood Mapping

Early SAR-based flood mapping pipelines were largely
built around low-level backscatter analysis, thresh-
olding, and change detection between pre- and post-
event images [4, 5]. Typical approaches include global
or adaptive thresholds on calibrated SAR intensity.
Sometimes they also use digital elevation models and
permanent-water masks. These extra inputs help reduce
false alarms near riverbanks and in low-lying areas.
These methods are attractive because they are con-
ceptually simple and computationally efficient. Still,
their performance can degrade under varying incidence
angles, heterogeneous land cover, and complex scatter-
ing from vegetation or urban structures; consequently,
parameters often need to be tuned for each new flood
event and geographic region.

In recent years, researchers have increasingly used
machine learning and deep learning for flood mapping.
These methods learn patterns directly from labeled
data instead of using hand-chosen thresholds. In
near real time, deep models have also been used in
practical flood-mapping workflows. For example, the
authors in [3] trained UNet- and SegNet-based models
and demonstrated quasi-operational flood mapping
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with IoU up to about 88%. Beyond purely data-
driven segmentation, several studies have coupled
deep learning with hydrodynamic modeling or spatio-
temporal filters to support near-real-time inundation
prediction and mapping from Sentinel-1 imagery [10,
11]. Collectively, these works motivate the need for
models that are not only accurate but also efficient and
robust enough for frequent large-scale deployments.

2.2. UNet-Family Architectures for Flood Detection

UNet [6] introduced an encoder-decoder architecture
with skip connections and has become a de facto
standard for dense prediction in medical imaging and
remote sensing. In the flood-mapping domain, the work
in [12] trained a UNet on Sen1Floods11 and transferred
it to a regional flood in Tabasco, Mexico, reporting an
IoU of approximately 73%. Their case study shows that
a relatively standard UNet, when trained on a global
dataset, can produce operationally useful flood maps
for specific events.

On the NASA Sentinel-1 benchmark, the authors
in [2] trained UNet and feature pyramid networks
(FPN) with EfficientNet-B7 encoders using three-
channel inputs (VV, VH, and a polarization ratio
feature computed directly from these two channels).
Under a LORO protocol, they achieved a mean
IoU (mloU) of ~ 75% on the held-out Florence
region. In a follow-up study, the study in [8]
explored nested UNet++ architectures with several
backbones (ResNet34, InceptionV3, and EfficientNet-
B7), systematically compared single-band and multi-
band configurations, and performed a Shapley-value
analysis of VV, VH, and ratio importance. They
demonstrated that using VV, VH, and the polarization-
ratio channel together consistently yields the best
performance across NASA regions and generalizes
reasonably well to additional flood events in Spain,
India, and Vietnam.

Other recent work has further diversified UNet-
style architectures for SAR floods. The authors
in [13] proposed WVResU-Net, which integrates
residual connections and vision multi-layer perceptrons
(MLPs) into a UNet framework for dual-polarized
Sentinel-1 imagery. On UrbanSARFloods and related
datasets, WVResU-Net outperforms several standard
convolutional neural network (CNN) and transformer
baselines, suggesting that hybrid CNN-MLP designs
can deliver strong performance in complex urban
scenes. Beyond single-date inputs, the attentive dual
stream siamese UNet (ADSS-UNet) for bi-temporal
flood detection on SenlFloodsll was introduced in
[14]. ADSS-UNet processes pre- and post-flood VV/VH
stacks through shared encoders and utilizes scSE
modules in the decoder to fuse temporal information,

resulting in clear gains in F1 and IoU compared to uni-
temporal baselines.

Overall, these UNet-family models demonstrate
that high-capacity encoder-decoder architectures can
achieve excellent accuracy on global flood benchmarks.
However, they typically employ heavy backbones (e.g.,
EfficientNet-B7, ResNet-50) with tens of millions of
parameters and multi-GFLOP inference costs, and only
a few works explicitly discuss runtime or hardware
constraints.

Attention for boundary refinement: Several UNet
variants enhance encoder-decoder feature fusion using
attention or channel re-weighting, which can help
suppress SAR clutter and sharpen flood boundaries. In
this paper, a lightweight attention model is used to
improve delineation while keeping the overall model
efficient.

2.3. Flood Benchmark Datasets and Competitions

Several curated datasets and challenges have shaped
recent progress in deep learning-based flood mapping.
Senl1Floods11l [1] provides 512x512 Sentinel-1 tiles
for 11 flood events with pixel-wise labels and has
been widely used for training and evaluating UNet-
type models [3, 14]. The NASA Sentinel-1 flood
detection benchmark [2, 8], originally released for the
IEEE GRSS ETCI 2021 Flood Detection Challenge,
focuses on four large events (Bangladesh, Nebraska,
North Alabama, and Florence) and offers thousands
of 256x256 tiles with dual polarization and binary
flood masks, supporting region-wise cross-validation
protocols.

UrbanSARFloods [7] extends this landscape by pro-
viding 8,879 chips of size 512x512 over 18 flood
events, together with intensity and coherence before
and during inundation. The dataset covers both open
floodplains and dense urban areas, and reveals that
models trained primarily on open-water floods (e.g.,
Sen1Floods11) can struggle in urban settings [1]. These
benchmarks support fair comparisons between differ-
ent architectures and encourage systematic evaluations
across regions and events. At the same time, they also
expose the limitations of current models in terms of
generalization, class imbalance, and sensitivity to land-
cover heterogeneity.

3. Proposed Methodology

Let x € REXWXC denote a multi-channel Sentinel-1 SAR
tile, where H and W are the spatial dimensions and
C denotes the number of input channels derived from
the available polarizations. The goal is to predict a
binary flood mask y € {0, 1}7*W where v;j = 1 indicates
flooded pixels and y;; = 0 indicates non-flooded pixels.

We learn a segmentation model fy(-) parameterized
by 6 that maps an input tile to a per-pixel flood
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probability map:

p = fo(x),

A hard prediction 9 is obtained by thresholding the
probabilities:
. L
Vij = 0,

where 7 is a decision threshold used to convert
predicted probabilities into binary flood masks. In all
experiments, a fixed threshold of T = 0.5 is applied to
the sigmoid outputs.

Given a training set D= {(x(”),y(”))}i\jzl, model
parameters are estimated by minimizing the empirical
risk:

p [0, 1]V, (1)

pij 2T,
otherwise,

(2)

N
. _ .1 (1)) (1)
0 —argmeln E;K(fe(xn ),yn)’ (3)

where L£(-) is a segmentation loss function defined
over pixel-wise predictions and labels. This formulation
supports evaluation under cross-region splits, where
the model is trained on a set of regions and tested on
an unseen region to assess generalization.

Fig. 1 illustrates the overall architecture of PFALNet
and all subsections in this section refer to the
components highlighted in the figure.

3.1. Design Objectives

Our goal is to design a single UNet-style model
that is small enough for potential real-time or
embedded deployment, yet strong enough to compete
with heavy UNet/UNet++ baselines on the NASA
Sentinel-1 benchmark. Compared to encoder-decoder
architectures with EfficientNet-B7 or similar high-
capacity backbones [2, 8], the proposed network should
reduce parameters and GFLOPs by one to two orders of
magnitude while preserving most of the segmentation
accuracy.

The design of PFALNet is guided by four princi-
ples. First, it preserves the classical encoder-decoder
structure with skip connections, as in UNet [6], so that
the network can combine fine local texture cues with
broader spatial context. Second, it uses narrow fea-
ture channels and a moderate network depth, avoiding
very wide encoders and deep cascades that typically
dominate the computational cost in heavier models.
Third, it improves efficiency by replacing part of the
standard convolutions with depthwise or grouped oper-
ations, drawing on ideas from ENet [15], LinkNet [16],
and MobileNetV3 [17]. Finally, it introduces attention
through lightweight scSE blocks [9], applied only at
strategically chosen stages where the improvement in
feature refinement justifies the additional overhead.

Instead of designing multiple variants, we deliber-
ately focus on a single compact architecture, PFALNet,
and tune its hyperparameters (base channels, dropout,
and weights) around the NASA benchmark. With a
base width of 48 channels, two encoder downsampling
stages, and deep supervision, the final configuration
stays below 0.4 M parameters while still providing
enough capacity for Sentinel-1 flood segmentation.

3.2. PFALNet Backbone and Attention

Polarised Fused Input

1X1 Convolution + BN +Relu
WS N — 1X1 Pointwise Convolution + BN +Relu
1 3X3 Depthwise Convolution + BN +Relu
‘n nnnnnnnnnnnnnnnnn Channels 2 Cramets
VH Fused Input

(2 X 256 X 256)

Figure 2. Polarized fused input sub-module.

Fig. 2 defines the polarized fused input submodule. The
data pipeline first constructs a three-channel tensor:

VV +VH

Rz —n —
[VV - VH| + €

(4)
where VV and VH are terrain-normalized Sentinel-1
backscatter channels. R is the polarization ratio, which
is computed according to (4), clipped to a fixed range,
and rescaled to [0,1]. € is a small constant added for
numerical stability. All three channels are normalized
by a SAR-aware normalizer fitted on the training tiles.
Inside the network, the tensor x is split as
VV = X0:1,:,:0 VH = X1:2,5,00 R= X2:3,:,:

A dedicated polarization fusion module then produces
a single fused SAR channel from VV and VH. This
module concatenates VV and VH into a two-channel
map [B, 2,256,256, projects it with a 1 x 1 pointwise
convolution to 8 channels, applies a depthwise 3 x 3
convolution, and finally uses a 1 x 1 convolution with
sigmoid activation to generate a spatial weight map
A €[0,1]1%256x256 The fused polarization response is
given by

Fpol =AOVV + (1 - A) 0 VH. (5)

Hence, the model can smoothly interpolate between
VV- and VH-dominated behavior at each pixel. The
ratio channel is kept separate, and the actual input to
the UNet backbone becomes

< 2x256x256
XZ[FPOI,R]ER X026,
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Polarised
Fused Input

il
Encoder 1 DS +LRB |

48X 256 X 256

3 X256 X256

Encoder 3 DS +LRB

192X 64 X 64

Residual Connection’

Ly 3X3DW || IX1PW 5 ; LRB
Conv - Conv 7| BN+ Relu !

H \ : PS

:,‘ scSE

Decader™ l Final Output
PS + Concat + LRB i
48X 256 X 236 —
SR |
A - .
_______________________________________________ \
Decoder T
PS + Concat + LRB ‘
06X 12830128
~
h
Bottleneck
| e LRB +ECA |
102 X 64 X 64 J
Key
[se8E ]| seSE Gated Skip Connection
DS Down Sampling
Lite Residual Block
Pixel Shuffle up
Spatial Channel Squeeze Excitation
ECA Efficient Channel Attention
Conv Convolution
BN Batch Normalization

DW Conv Depthwise Convolution

PW Conv Pointwise Convolution

Figure 1. Overview of the proposed PFALNet architecture.

3.3. Encoder

Encoder 1 (eg): The ey receives X and consists of
a 3 x 3 convolution followed by batch normalization,
rectified linear unit (ReLU), and a lite residual block
(LRB). The ey maps the input tensor to a feature
representation with 48 channels at a spatial resolution
of 256 x 256, which is then passed to the encoder stages.
The eq maps

[B,2,256,256] — [B,48,256,256],

where the LRB internally expands the feature width
from 48 to 96 channels and projects it back to 48 while
preserving a residual connection and applying dropout.
The ¢y output with spatial resolution 256 x 256 and 48
channels is stored as the first skip feature.

The second encoder stage (e;) performs spatial
downsampling and channel expansion. A stride-2
convolution reduces the resolution from 256 x 256 to
128 x 128 and expands the channel width from 48
to 96. For efficiency, the downsampling operator is
implemented using depthwise separable convolution,

2 EA

followed by batch normalization and ReLU. A LRB then
refines the features at 96 channels:

eg : [B,48,256,256] — e :[B,96,128,128].

An scSE block with 96 channels is applied on e; to
produce a gated skip feature used later in the decoder.

The third encoder stage (e;) repeats the pattern
at a deeper level. The feature map is downsampled
from 128 x 128 to 64 x 64 using a stride-2 convolution,
and the channels are expanded from 96 to 192. For
efficiency, the downsampling is implemented using
depthwise-separable convolution, followed by batch
normalization, ReLU, and a LRB at 192 channels:

e;:[B,96,128,128] — e, : [B, 192, 64, 64].

3.4. Bottleneck

Bottleneck with Channel Attention (b): The bottle-
neck consists of a LRB at 192 channels followed by an
efficient channel attention (ECA) block. The LRB refines
e; without changing its shape, and the ECA mod-
ule applies channel-wise reweighting based on global
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average-pooled statistics. Hence, the bottleneck output
b € REx192x64x64 i shown as

ey :[B,192,64,64] — b:[B, 192,64, 64].

3.5. Decoder

Decoder and scSE-Gated Skips: The decoder mirrors
the encoder but uses efficient PixelShuffle-based
upsampling and scSE-gated skip connections.

Decoder 1 (d;) receives as input the bottleneck
feature map produced at the deepest encoder level. This
bottleneck output is first upsampled by a factor of two
using pixel shuffle, restoring the spatial resolution from
64 x 64 to 128 x 128. In parallel, the corresponding
encoder feature map at the same spatial scale is passed
through a 1 x 1 convolution and scSE attention to form
the skip connection. The upsampled bottleneck features
and the processed skip features are then concatenated
along the channel dimension and refined using LRB.
A 1x1 convolution first maps the 192 channels to
4 x 96 = 384, and a PixelShuffle layer rearranges these
into 96 channels at twice the resolution, producing

[B,192,64,64] — [B,96,128,128].

This upsampled tensor is added to the scSE-gated
skip from e (also [B, 96,128,128]), and the sum passes
through a LRB at 96 channels:

b:[B,192,64,64] — d, :[B, 96,128, 128].

This stage corresponds to “d;: Pixel Shuffle up
(192—96) + LRB (96x128x128)” in Fig. 1.

Decoder 2 (d,) upsamples d; back to the original
resolution. A 1x 1 convolution maps 96 channels to
4 x 48 = 192, PixelShuffle upsamples from 128 x 128 to
256 x 256 and reduces channels to 48, and the result is
added to the scSE-gated skip from e:

d; : [B,96,128,128] — d, : [B, 48,256, 256].

An LRB at 48 channels then refines the fused features.
In d,, it first increases the spatial resolution back
to 256 x 256 using pixel shuffle while reducing the
channel width from 96 to 48. It then merges these
upsampled decoder features with the second encoder
skip feature, which is passed through scSE gating to
suppress irrelevant responses and emphasize flood-
relevant information. After concatenation, the LRB
operates at 48 channels to smooth and refine the final
full-resolution representation.

Deep-Supervision Heads: PFALNet employs three
prediction heads for deep supervision. A 1 x 1 convo-
lution applied to the final decoder feature d, produces
full-resolution logits

€ﬁ L€ RBX1X256X256
na .

Two auxiliary heads operate on intermediate features:
one on d; at [B,96,128,128] and one on the bottleneck
b at [B,192, 64, 64]. Each head is a 1 x 1 convolution
to a single channel; the corresponding logits are then
upsampled with bilinear interpolation to 256 x 256
so that all three outputs share the same spatial size.
During training, the composite focal and dice loss
is averaged over the three heads, which stabilizes
optimization and encourages correct predictions at
multiple scales. During evaluation and for qualitative
visualization, only the final full-resolution head is used
to compute flood probabilities and binary masks.

scSE Attention on Skip Features: To enhance the skip
features before they are merged into the decoder, we
adopt scSE blocks [9] on the encoder features used
in the skip connections. Given an input feature map
F e ROHXW ' the channel squeeze-excitation branch
computes a global descriptor via average pooling and
a small bottleneck MLP:

1 H W
C:WZZF - € RE, (6)

i=1 j=1

sc = 0(W2 6(Wi2,)), (7)

where W, and W, are learnable matrices, 6(-) is a ReLU,
and o(:) is a sigmoid. The channel-reweighted feature
map is given by

Fsg =FOs,, (8)

with © denoting channel-wise multiplication broadcast
over H and W.

The spatial squeeze-excitation branch instead pre-
dicts a spatial mask via a 1 x 1 convolution:

ss = (W = F) € (0, 1)V, (9)

Fisg =FOs,, (10)

where W, is a 1 x 1 kernel. The final scSE output is
obtained by an element-wise maximum:

Fy.sg = max (Fcsg, Fesg) - (11)

scSE is applied only to the deeper encoder layers and
the bottleneck. This choice is based on how features
behave in the network. Deep layers contain high-level
information that better separates flooded and non-
flooded areas. These deep features also have lower
spatial resolution, so attention is cheaper to compute.
Adding attention after every convolution block (as done
in some attention UNet variants [18]) would not be
efficient. For a lightweight model, it would increase
the parameter count and inference time too much.
Compared with other compact UNet-style models such
as ENet, LinkNet, LSFUnet, DeepGDLeNet, and LMSC-
UNet [15, 16, 19], PFALNet follows a different strategy.
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It keeps the encoder depth shallow, introduces explicit
polarization fusion tailored to Sentinel-1, concentrates
its attention budget on a small number of strategically
chosen layers, and adds deep supervision to regularize
training of this very compact backbone.

3.6. Loss Function and Optimization

Flood pixels typically occupy only a small fraction
of each NASA tile, especially in large rural or urban
scenes where non-flooded land dominates. As noted
in prior work on SenlFloods11 and bi-temporal flood
detection [1, 14], this severe class imbalance can lead
to models that optimize overall accuracy while under-
detecting floods. To counter this, we adopt a composite
loss that combines soft dice loss and focal loss [20],
closely aligned with the class-imbalance mitigation
strategies commonly used in flood segmentation.

Let p;; €[0,1] and y;; € {0,1} denote the predicted
probability and ground-truth label at pixel (i, ). The
soft dice coefficient is defined as

B 2).iDijvij
Yijbij+tYijyij+e

where € is a small constant for numerical stability.
The corresponding dice loss is

d

(12)

Ly=1-4d. (13)

This term directly optimizes the overlap between
predicted and reference flood masks, which correlates
well with the IoU and F1 metrics used for evaluation.

The focal loss emphasizes hard-to-classify pixels by
down-weighting easy examples [20]. The symmetric
binary focal loss used during training is given by

1 . . % R
Ly=-% ;[%’j(l — pij)” log(pij) + (1 - vij)p;; log(1 - pij) |,

(14)
where N is the number of pixels and y > 0 denotes
the focusing parameter. (14) represents the symmetric
binary focal loss used in the implementation. Both
flooded (positive) and non-flooded (negative) classes
contribute to the loss through the first and second
terms, respectively. The modulation factors reduce the
contribution of easy pixels and assign greater weight
to hard or misclassified samples, making the loss
particularly effective under severe class imbalance.

The total loss is a convex combination of the dice and
focal losses:

£:a£d+(1—a)£f, (15)

where «a €[0,1] controls the trade-off between
region-level overlap and pixel-level reweighting. In all
experiments, a = 0.4 and y = 2.2 are used.

Compared with using IoU-based or binary cross-
entropy losses alone, the proposed composite loss
encourages accurate alignment between predicted and
reference flood extents through the dice term while
simultaneously emphasizing under-represented flood
pixels and difficult boundary regions through the
focal term. This design is consistent with ADSS-
UNet [14] and other flood-segmentation frameworks,
where composite losses have been shown to improve
optimization stability and foreground recall.

PFALNet is optimized using the Adam optimizer
with an initial learning rate 7, and weight decay
A. A ReduceLROnPlateau scheduler is applied with
the validation selection metric mF1 + mloU as the
monitoring signal, so the learning rate is reduced
only when improvements in joint mean F1 and
mloU saturate. This reflects the evaluation practice in
our experiments and encourages models that balance
foreground and background performance.

3.7. Model Complexity

Table 1 summarizes the parameter counts of PFALNet
and representative high-capacity baselines. For NASA
UNet++ with EfficientNet-B7 en coders, th e parameter
count is dominated by the backbone (around 66 M
parameters), while ResNet-34-based configurations are
still in the tens of millions. Attention U-Net variants
with standard convolutions typically remain close to
one million parameters. By contrast, PFALNet uses
approximately 0.308 M parameters in the configuration
evaluated in this paper, with an associated complexity

of about 5.88 GFLOPs per 256 x 256 tile.

Table 1. Reported parameter counts for representative UNet-
based baselines and the proposed model

Model Parameters (M)
UNet++ (EfficientNet-B7 encoder) [8] 66.0
EfficientNet-B7 (backbone) [21] 66.0
ResNet-34 backbone [22] 21.8
Attention U-Net [18] 0.982
PFALNet (Our model) 0.308

This places PFALNet in a similar parameter regime to
ENet-like designs [15], while being tailored to Sentinel-
1 flood mapping and equipped with polarization
fusion, scSE attention, and deep supervision. This
compact architecture achieves competitive IoU and F1
on the NASA benchmark, demonstrating that careful
architectural choices and loss design can substantially
reduce complexity without sacrificing segmentation
quality.
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Table 2. Flood events in the NASA Sentinel-1 benchmark
dataset and their spatial/temporal coverage

Area Area (sq. km) Start Date End Date
Bangladesh 7,150 14.03.2017 12.07.2017
Nebraska 1,741 08.01.2017 22.12.2017
North Alabama 13,789 02.03.2019 27.12.2019
Florence 7,197 01.10.2018 05.10.2018

4. Experimental Setup

4.1. Data Splits and Preprocessing

The NASA Sentinel-1 benchmark described in Sec-
tion III-B is used in this study. Table 2 summarizes the
four flood events, including their spatial coverage and
time windows.

A LORO protocol is adopted. All tiles from Florence
are held out as an unseen test set. Tiles from
Bangladesh, Nebraska, and North Alabama are used
for training and validation. In total, the training set
contains 32,421 tiles and the test set contains 10,400
tiles.

To avoid spatial and temporal leakage, the split inside
the training regions is performed at the region_date
(scene) level rather than at the tile level. All tiles
that share the same region_date key are kept in
the same subset. The unique region_date groups are
shuffled using a fixed random seed. Approximately
80% of the groups are assigned to the training set
and 20% to the validation set. The 80%-20% training-
validation split was chosen to balance two goals:
maximizing the amount of training data available for
model learning while reserving a sufficiently large
validation subset for reliable model selection. Since
the split is performed at the region-date (scene) level,
this ratio also helps maintain independence between
training and validation samples, and reduces the risk
of scene-level leakage.

A SAR-aware normalizer is fitted using only the VV
and VH tiles from the training split. The raw PNG
inputs are converted to floating-point arrays in the
range [0,1] and mapped to an assumed dB interval
(e.g., [-25,0] dB). The normalizer estimates global or
robust statistics from the training pixels to define a
clipping window in dB, after which values are linearly
rescaled back to [0, 1]. At run time, the same train-fitted
normalizer is applied to every training, validation, and
test tile, ensuring consistent intensity scaling while
preventing any information from the validation or test
sets from influencing normalization parameters.

For each tile, the polarization ratio channel R is
computed according to (4), clipped to a fixed range,
and rescaled to [0, 1] to match the intensity channels.
The final network input thus consists of three channels:

normalized VV, normalized VH, and the normalized
polarization ratio R. The corresponding flood mask
is resized using nearest-neighbor interpolation (if
required) and thresholded at 0.5 to obtain a single-
channel binary target tensor.

During training, we apply random horizontal and
vertical flips and rotations by multiples of 90°
to augment the data and improve generalization.
No augmentation is applied during validation or
testing. To address class imbalance at the tile level,
tiles whose flooded area exceeds a minimal fraction
are flagged as positive and used to construct a
WeightedRandomSampler for the training loader. The
sampler assigns larger sampling weights to flood-
containing tiles so that each training epoch observes
a more balanced mix of flooded and non-flooded
examples. The validation and test sets are left
untouched by re-weighting and are used solely for
model selection and final performance reporting.

4.2. Training Configuration

All models are implemented in PyTorch and trained
on a single NVIDIA RTX A6000 GPU using standard
single-precision (FP32) arithmetic. The batch size is
fixed at B = 64, and each model is optimized for up to
100 epochs, with the best checkpoint selected according
to the validation selection metric mF1 + mloU. The
optimizer is Adam with an initial learning rate of
1o =~ 3.85 x 10~* and weight decay A ~ 5.84 x 10>. For
supervision, we employ a deep-supervision variant of
a combined focal-dice loss, where the dice and focal
components are mixed with a coefficient a,;, = 0.4, the
focal-loss focusing parameter is set to ¥ = 2.2, and the
focal-loss class weight is afy.a = 1.0. A fixed decision
threshold of 0.5 on the sigmoid outputs is used to obtain
binary flood masks, from which all reported pixel-wise
metrics are computed.

4.3. Evaluation Metrics

We evaluate segmentation quality using standard
pixel-wise metrics derived from the confusion matrix,
including precision, recall, Fl1-score, and IoU for the
flood class. We also report Cohen’s x and mean
metrics across classes. To characterize efficiency, we
report the number of parameters, model size in
megabytes, multiply-accumulate operations (MACs),
and the computational cost in GFLOPs per 256 x 256
tile.

Given the predicted mask y and reference mask
y, each pixel is classified as true positive (TP), true
negative (TN), false positive (FP), or false negative
(FN). From these counts, we derive the standard
evaluation metrics used in flood segmentation studies
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on Sen1Floods11 and the NASA benchmark [1, 2, 8]:

.. TP
Precision = m, (].6)
TP
Recall = ————, 17
A T TPrEN (17)
2 - Precision - Recall
F1 = ) 1
Precision + Recall (18)
IoU = TP (19)
Y T TP+ FP+ EN’

The IoU in (19) is defined for a single class (here,
the flooded class) and is the primary metric used to
compare different models on the NASA benchmark
[2, 8]. In our binary flood vs. non-flood setting, we
explicitly compute IoU and F1 for each class and then
take their average. For the flooded (positive) class, the
confusion counts (TP, FP,FN) in (16)-(19) yield

TP 2TP

oUf= —————  Flf=—""
O8N = TP+ FP + EN F = OTP+FP+EN

(20)

For the non-flood (negative) class, the roles of
positives and negatives are reversed. Using TP, = TN,
FP,¢ = FN, and FN, = FP, where f = flood and nf = non-
flood, we obtain

U TN
oUpf = /o
"~ TN+ EN + FP (21)
f 2TN
T O TN+ FN + FP

The mIoU and mean F1 (mF1) reported in this work
are then defined as the macro average over the two
classes:

1
mloU = = (IoU + ToUp), (22)
1
mF1 = = (Fl¢+ Fly). (23)

In other words, IoUs and F1; measure performance
on the flooded class specifically, while mIoU and mF1
summarize performance across both flood and non-
flood classes with equal weight. This macro-averaging is
particularly useful under strong class imbalance, where
overall accuracy can be dominated by the majority non-
flood class, and a model that predicts “no flood” almost
everywhere may still achieve a seemingly high score.
Using only flood-class IoU/F1, on the other hand, can
hide poor behaviour on the background class (e.g., large
false-alarm regions), whereas mIoU and mF1 penalize
errors on both classes symmetrically. For these reasons,
recent NASA-based flood studies, as well as work on
Sen1Floods1l and UrbanSARFloods, routinely report
IoU/F1 for the flood class together with mIoU or related
mean scores for model comparison [1, 2, 8, 13, 14].

To account for agreement beyond chance, we also
report Cohen’s « coefficient [? |. Let p, denote

the observed agreement (i.e., overall accuracy) and
p. represent the expected agreement under random
labeling, computed from the row and column marginals
of the confusion matrix. Cohen’s « is given by

x = Po"Pe (24)
L -pe

High values of x indicate that predictions agree
with the reference labels substantially more often than
would be expected by chance, which is particularly
informative when the non-flood class dominates the
pixel distribution.

Although the focus here is on binary segmentation,
the same formalism naturally extends to multi-class
scenarios in which separate labels are provided for
permanent water, temporary floodwater, and land. In
that case, one replaces the scalar masks with one-hot
encodings and computes class-wise IoU, mloU, and
macro-averaged Fl-scores. Several datasets, including
SenlFloods11, are distributed with multi-class water
labels that are often collapsed to a binary decision for
training and evaluation [1].

Beyond segmentation accuracy, a key objective of
this work is to quantify the computational efficiency
of the proposed lightweight architecture. To this end,
we complement IoU, F1-score, and « with the following
complexity indicators for each model:

* Number of parameters: total count of learnable
weights (reported in millions).

* Computational cost: number of GFLOPs required
for a single forward pass on a 256 x 256 tile.

* Runtime: average inference time per tile and
the corresponding throughput in frames per
second (FPS), measured on a modern GPU under
identical conditions.

These metrics allow us to directly compare PFALNet
with heavy UNet/UNet++ baselines on the NASA
benchmark dataset and to analyze the trade-off between
segmentation quality and resource usage, which is
critical for potential deployment on embedded or edge-
computing platforms.

4.4. Baselines and Evaluation Protocol

Two configurations are considered in the evaluation.
The first is PEALNet (present work), a lightweight UNet
equipped with scSE attention, trained end-to-end on
three NASA regions and evaluated on the held-out
region under a LORO protocol. The second consists
of published UNet/UNet++ baselines reported in [8]
for the Florence region, including UNet variants with
ResNet34, InceptionV3, and EfficientNet-B7 encoders,
as well as UNet++ with an EfficientNet-B7 encoder.
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Table 3. Flood-class performance comparison with previous UNet-based models on the test data from Florence

. UNet UNet UNet UNet++
Performance metric ResNet34 InceptionV3 EfficientNet-B7 EfficientNet-B7 PFALNet
Precision (%) 85.10 80.05 87.02 89.50 91.05
Recall (%) 88.25 87.80 88.90 89.10 90.02
F1 (%) 86.60 83.74 87.94 89.30 90.53
ToU (%) 73.10 71.70 75.06 75.76 82.70
Cohen’s k (%) 79.00 74.50 80.70 81.60 88.80

For PFALNet, we report metrics on the validation
set (aggregated over Bangladesh, Nebraska, and North
Alabama) and on the Florence test set. For the
UNet/UNet++ baselines, we reproduce the metrics
from [8], noting that their training configuration differs
and that these serve as published reference values
rather than direct reimplementations.

5. Results and Discussion

5.1. Quantitative Results on the Florence Region

Table 3 summarizes the performance of PFALNet on
the Florence test region and compares it with reported
UNet/UNet++ baselines from [8]. Despite using
substantially fewer parameters than EfficientNet-B7-
based configurations, PFALNet attains higher Florence
test precision, recall, Fl-score, IoU, and Cohen’s «,
indicating that an appropriately designed lightweight
architecture can achieve strong flood segmentation
performance on this benchmark.

5.2. Complexity vs Performance

Table 4 summarizes the main implementation and
training settings used for PFALNet. It includes
the software and hardware environment, input size,
optimization settings, loss-function parameters, and
decision threshold used throughout the experiments.
These settings were kept fixed during training to ensure
a consistent and reproducible evaluation protocol. The
table also provides a compact reference for the key
hyperparameters used in the reported results.

Table 5 summarizes the computational complexity
of PFALNet. Although UNet++ with EfficientNet-B7
delivers strong accuracy, it typically incurs much higher
computational cost due to the heavy backbone [8]. In
contrast, PFALNet achieves competitive performance
for the same Florence test data with a small parameter
count and low GFLOPs and provides real-time
inference on a single GPU (e.g., about 6.23 ms per tile,
corresponding to roughly 160 tiles/s).

Across the four regions, Table 5 confirms that the
model capacity (Total_Params, MACs, and GFLOPs)
is fixed, so any variation in performance reflects

differences in data difficulty and domain shift among
regions. Table 6 shows that Bangladesh and Nebraska
yield lower precision and recall, with Best_Test mF1
values of about 72% and Best_Test mIoU ranging from
about 56% to 63%, indicating these regions are more
challenging for the model. In contrast, North Alabama
and Florence achieve substantially higher scores, with
Best_Test mF1 of about 92% and 95%, respectively,
while Best_Test mIoU is about 87% in both cases.

When designing a generalized flood segmentation
model, it is therefore important to report results on
both easier and more challenging regions. A practical
protocol is a LORO evaluation, where Florence is
treated as an unseen test set, and the remaining regions
are used for training and validation, directly measuring
generalization to new geographic and environmental
conditions. Taken together, the fixed compute footprint
in Table 5 and the region-wise results in Table 6
indicate that the proposed lightweight architecture is
computationally efficient and achieves strong accuracy
in multiple regions, while highlighting challenging
cases where robustness can be further improved.

5.3. Ablation: Effect of scSE Attention

To isolate the contribution of scSE attention, we per-
form an ablation study comparing two configurations of
the same lightweight backbone: a version without scSE
(PFALNet, no scSE) and the full PFALNet model. Both
networks share the same encoder-decoder topology and
training setup; the only difference is the presence or
absence of scSE blocks.

Table 7 reports validation metrics for these two
configurations. The backbone-only network attains
moderate precision and recall, resulting in an F1-score
of 62.7% and an IoU of 45.64%, with a x value of 52.3%.
This indicates that, while the lightweight backbone can
detect some flooded pixels, it struggles to delineate
inundation boundaries accurately and suffers from both
missed detections and false alarms.

By contrast, adding scSE attention leads to a
substantial improvement across all metrics. PFALNet
achieves precision and recall of 91.05% and 90.02%,
respectively, yielding an F1-score of 90.53% and an IoU
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Table 4. Main implementation and training parameters used for PFALNet

Parameter Value
Implementation PyTorch

Hardware Single NVIDIA RTX A6000 GPU
Numeric precision FP32

Tile size 256 x 256

Batch size 64

Maximum epochs 100

Optimizer Adam

Initial learning rate 3.85x 107

Weight decay 5.84x 1073
Learning-rate scheduler ReduceLROnPlateau
Validation criterion mF1 + mloU

Loss function Composite focal-dice loss with deep supervision
Decision Threshold =05

Dice—focal mixing coefficient a=0.4

Focal-loss focusing parameter y =22

Table 5. Model complexity (same architecture used across all

regions)
Total parameters Size (MB) MACs (M) GFLOPs
309,089 1.18 2939.69 5.88

of 82.7%. The «x value increases to 88.8%, reflecting
very strong agreement with the reference masks despite
class imbalance. In other words, scSE attention helps
the network focus on flood-relevant channels and
locations, recovering most flooded pixels while keeping
spurious detections low, with only a modest increase
in parameters and GFLOPs. Based on this ablation,
PFALNet is presented as the final architecture in this
study.

5.4. Qualitative Analysis

Fig. 3 illustrates qualitative examples of the proposed
flood segmentation by PFALNet on Florence tiles. In
urban areas with complex backscatter, PFALNet better
delineates flooded streets and small water bodies,
while reducing false positives on rooftops and bright
scatterers. In rural floodplains, scSE helps preserve thin
flooded channels and suppress isolated noise patches,
leading to more spatially coherent flood masks. Each
row corresponds to one Sentinel-1 SAR tile, and the
three columns show, from left to right, the SAR input
image, the corresponding ground-truth water mask,
and the prediction produced by the lightweight UNet
model. The SAR image is a three-channel composite
derived from VV, VH, and a polarization-based ratio,

2 EA

where dark and homogeneous regions typically indicate
open water with low backscatter, while brighter and
more textured regions correspond to land surfaces such
as vegetation, urban areas, and rough terrain. This raw
SAR information is the only input provided to the
network.

The middle column shows the ground-truth masks
used for supervision. For the NASA/ETCI dataset, these
masks are constructed by combining a permanent water
product (large rivers, lakes, reservoirs, and coastal
waters) with an event-specific flood water product, so
that any pixel identified as either permanent or flooded
water is labeled as water, and all remaining valid
pixels are labeled as land. In the visualization, land
is rendered in purple and water in yellow. The right
column presents the model’s predictions. Internally,
the network outputs a probability map for each pixel
representing the likelihood of belonging to the water
class; a fixed threshold (e.g., T = 0.5) is then applied
to obtain a binary mask, which is visualized using
the same purple/yellow color scheme. Comparing the
predicted masks with the ground truth reveals that
the model successfully captures the extent of major
water bodies and floodplains, with discrepancies along
complex shorelines and narrow channels corresponding
to false positives and false negatives. These pixel-
wise agreements and disagreements form the basis
for computing precision, recall, Fl-score, and IoU
reported in the results section in the paper, while
the qualitative examples in Fig. 3 provide an intuitive
visual confirmation of the model’s ability to delineate
both permanent and flood-induced water regions.
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Table 6. Region-wise model performance evaluation for the PFALNet model

Best Test Best Test
. . . o o
Region Precision (%) Recall (%) mF1 (%) mloU (%)
Bangladesh 47.03 30.75 72.44 63.26
Nebraska 45.61 34.69 72.45 56.63
North Alabama 84.91 73.77 92.30 86.59
Florence 91.05 90.02 94.82 86.93

Table 7. Ablation study: backbone-only PFALNet vs. PFALNet
with scSE attention on the Florence test dataset

Metric PFALNet (no scSE) PFALNet
Precision (%) 68.30 91.05
Recall (%) 57.90 90.02

1 (%) 62.70 90.53
IoU (%) 45.64 82.70
Kappa (%) 52.30 88.80
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Figure 3. Qualitative examples on the Florence test region. From
left to right: Sentinel-1 VV backscatter, ground-truth flood mask,
and prediction from PFALNet

The experiments indicate that PFALNet achieves a
favorable balance between segmentation performance

and computational efficiency on the NASA Sentinel-1
benchmark. By combining a compact encoder-decoder
backbone with scSE attention, the model achieves
comparable IoU and F1 performance with substantially
fewer parameters and GFLOPs than high-capacity
UNet++ configurations, while maintaining real-time
inference on a single GPU.

6. Conclusion

This paper presented PFALNet, an efficient model
for flood segmentation from Sentinel-1 SAR imagery.
Experiments on a publicly available NASA Sentinel-
1 benchmark dataset demonstrate competitive flood
delineation compared with heavier UNet-family base-
lines, while reducing computational cost and support-
ing fast inference. These findings suggest the proposed
model is suitable for operational and large-area flood
mapping where rapid updates are required. These
results suggest that carefully designed lightweight
architectures can overcome much of the gap to large
backbones while being far more suitable for real-time
and embedded deployments, such as rapid-response
mapping chains or edge devices in emergency operation
centers. Future work will extend the PFALNet model to
multi-temporal inputs, incorporate ancillary data such
as elevation and land-cover maps, and explore further
compression techniques and cross-dataset evaluations
to improve generalization to the most difficult flood
scenarios.
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