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ABSTRACT Timely identification of flood events is a challenging problem, as they are devastating natural
disasters and cause severe damage to lives and livelihoods. Satellite-based flood identification is widely
adopted because it offers extended spatio-temporal coverage compared to traditional ground and Unmanned
Aerial Vehicle (UAV)-based methods. However, satellite-based flood identification is heavily hindered
by adverse weather and cloud conditions. Utilizing Synthetic Aperture Radar (SAR) data helps address
sensing challenges under adverse weather conditions; however, SAR provides limited spectral information.
Therefore, fusing SARwith optical satellite data becomes an ideal choice, althoughmultimodal learningwith
SAR–optical fusion remains a challenging task. This research proposes FloodSense, a dual-path ViT–KAN
pipeline for AI-driven flood event classification via Sentinel-1/2 multimodal fusion, introducing a dual-path
learning strategy that jointly captures global and local characteristics and enhances nonlinear mapping. The
FloodSense pipeline comprises a Vision Transformer Flood Feature Extractor (ViT-FloodX) and a Spatial
Spectral Feature Extractor (3D2D-Extract), jointly capturing cross-domain global contextual semantics
and fine-grained spatial-spectral patterns. Moreover, a Kolmogorov–Arnold Network Feature Refinement
(Refine-KAN) module enhances nonlinear feature representation by combining KANs with Multi-Layer
Perceptron (MLP) layers, improving multimodal feature learning. The empirical evaluations of FloodSense
are conducted on the popular SEN12-FLOODmultimodal flood event classification dataset and demonstrate
competitive performance against the state-of-the-art (SOTA) by achieving an accuracy, precision, recall,
and F1 score of 94.87%, 94.74%, 96.48%, and 95.61%, respectively. FloodSense, with its multimodal
fusion capability, achieves efficient large-scale flood event classification under adverse weather conditions,
requiring only 19.5 GFLOPs and an inference time of 1.34s per image.

INDEX TERMS Multimodal data fusion, Flood classification, Vision Transformer (ViT), Kol-
mogorov–Arnold Network (KAN), Sentinel-1, Sentinel-2

I. INTRODUCTION
Flood events raise major concerns in the context of global dis-
asters, which primarily affect human populations, infrastruc-
ture, economies, and environmental ecosystem balances [1].
Studies from the climate science bodies of the Intergovern-

mental Panel on Climate Change (IPCC) highlight that the
frequency and gravity of such incidents have seen a gradual
increase. In 2021, major floods occurred across the globe
and particularly affected Central European regions, includ-
ing countries like Germany, Belgium, and the Netherlands.
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Climate research indicates that these extreme flood scenarios
shall become more frequent and intense, and thus point to the
need for a proactive flood management system that performs
early identification of flood events to aid response rollout for
minimizing the livelihood casualties and damages. Timely
sensing of flood events is mandatory and has become more
important than ever to facilitate the swift evacuation of dense
populations, where satellite-based flood detection plays a crit-
ical role [2]. These challenges further highlight the growing
need for robust sensing and analysis frameworks capable
of operating under adverse environmental conditions, where
image degradation, reduced visibility, and atmospheric dis-
turbances may affect reliable scene interpretation [3]–[5]. RS
provides a crucial vantage point for monitoring the dynamics
of a flood and allows continuous tracking of floodwater and
affected land covers.

ML techniques struggled to generalize beyond trained re-
gions as theymostly depended on locally engineered features,
and hence failed to extract discriminative features of flood
and non-flooded areas with a reliable precision rate. The
integration of deep learning (DL) with satellite-based re-
mote sensing (RS) has significantly advanced numerous Earth
observation activities [6]. The expansions on vision-based
learning approaches, such as convolutional neural networks
(CNN) and their 3D variants, made flood identification from
a large amount of satellite data a reliable task [7]. Further, the
expansion of techniques such as recurrent neural networks
(RNNs), long short-term memory (LSTMs), and combining
them with convolutional modules with ConvLSTMs enabled
multi-temporal analysis for flood detection [8], [9]. However,
the multi-temporal analysis for flood detection is computa-
tionally intensive due to the curse of dimensionality from the
rich spectral and temporal resolution of satellite data [10].
Recent advancements in transformers and their extensions to
vision transformers (ViT) with attention have enabled new
opportunities in flood identification [11].

Optical satellite observations from hyperspectral and mul-
tispectral sensors often suffer from challenges of unfavorable
climatic conditions and cloud cover. This is because of the
lower wavelength ranges of such observation. On the other
hand, SAR images are immune to adverse conditions due
to their larger wavelength and provide ground observation
during day and night [12]. This led to the idea of fusing co-
located data from multiple sources, thereby bringing comple-
mentary information to support one another and serve a com-
mon goal [13]–[15]. Although several advancements have
been made in satellite-based flood classification, they still
face shortcomings in learning spatial spectral dependencies
for flood detection. Traditional ML models fail to generalize
to larger spatial contexts, and multi-temporal models such
as RNNs and ConvLSTMs struggle with the computational
overhead imposed by the curse of dimensionality. Although
Vision Transformer (ViT)-based models have demonstrated
effectiveness in capturing global spatial dependencies, their
application to multimodal SAR–optical fusion learning re-
mains limited. In particular, standalone ViT architectures

may not effectively model complementary spectral and cross-
modal contextual informationwithout dedicated fusion strate-
gies. Above all, the final decision-making layers are generally
implemented using MLPs, which rely on fixed activation
functions for nonlinear mapping; however, newer alternatives
to MLPs that can perform superior channel-wise nonlinear
mapping are not utilized. Furthermore, existingmethods often
model global contextual semantics and local spatial–spectral
dependencies independently, limiting effective cross-modal
feature interactions in SAR-optical fusion. The proposed
FloodSense addresses these shortcomings by introducing a
dual-path complementary learning strategy that combines the
global semantic learning power of ViTs, the fine-grained
spatial-spectral extraction of the 3D2D-Extract CNN module
for cross-modal and complementary feature learning, and
the adaptive nonlinear refinement capabilities of KANs com-
bined with MLPs. The combined operation of ViTs, Spatial-
Spectral CNNs, and KANs+MLPs is designed to improve
cross-sensor feature fusion, nonlinear representation, and ro-
bustness in flood classification under diverse conditions. The
major contribution of the proposed FloodSense framework is
given as follows:
1) We propose FloodSense, a novel dual-path multimodal

learning framework for Sentinel-1/2 flood classifica-
tion that explicitly couples global contextual learn-
ing and local spatial–spectral modeling, addressing the
limitations of standalone CNN or ViT paradigms for
SAR–optical fusion.

2) We introduce ViT-FloodX, a transformer-driven global
modeling branch that captures long-range contextual
flood semantics from fused multimodal imagery, com-
plementing the limitations of local feature extraction in
CNN-based approaches.

3) We design 3D2D-Extract, a hybrid spatial–spectral fea-
ture learning mechanism that leverages 3D–2D con-
volutions to model cross-modal spectral interactions
between SAR and optical modalities.

4) We propose Refine-KAN, an adaptive nonlinear feature
refinement strategy that integrates KANs with MLPs to
improve channel-wise nonlinearmapping and decision-
making beyond fixed-activation MLP classifiers.

5) Extensive evaluations on the SEN12-FLOOD bench-
mark demonstrate that FloodSense achieves competi-
tive classification performance while maintaining com-
putational feasibility for flood monitoring.

The rest of the article is organized as follows. Section II
provides an overview of the major related works in flood
classification. The proposed FloodSense framework is elab-
orated in Section III , whereas Section IV and V cover the
experimental settings, results, and discussion. Finally, Section
VI concludes the manuscript with insightful comments and
directions for future research.

II. RELATED WORKS
Several techniques have been used to classify floods and
non-floods from RS data; among these, data-driven and
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image-processing methods were the first automated meth-
ods. Researchers used Coupled Routing and Excess Stor-
age (CREST) hydrological modeling [16], backscatter-based
change analysis [17], and hierarchical split-based threshold-
ing approaches [18] to classify floods and non-floods. These
methods generally fail in statistical and image processing
tasks and fail to learn from large amounts of spatiotemporal
data. ML techniques have evolved to provide a more gener-
alized solution to large-scale flood classification problems.
A hybrid thresholding–Markov modeling framework with a
Markov Random Field (MRF) is proposed for a computation-
ally efficient flood identification [19]. Fuzzy-based classifi-
cation and its extended version towards spatiotemporal time
series analysis for flood classification have become popu-
lar [20]. RandomUnder-Sampling Boosted (RUSBoost) clas-
sification, ensemble-based classification, and Support Vector
Machines (SVM) classificationwere developed and showcase
improved performance [21]–[23]

Advancements in DL techniques showcase improved flood
sensing compared to ML variants. A neural network-based
optical flow estimation is proposed, combining an attention
mechanism with positional encoding to surpass standard op-
tical velocimetry [24]. Convolutional GRU, Long Short-Term
Memory (LSTM), and U-Net-based models for flood classifi-
cation have become popular [25]–[27]. Recently, DC4Flood
was introduced, utilizing a DL-based clustering approach
with multiscale feature integration and dilated convolutions
to address issues with standard linear-based clustering ap-
proaches [28]. A spatiotemporal variational autoencoder-
based unsupervised change analysis model was proposed for
flood extent mapping, leveraging reconstruction and con-
trastive learning to achieve improved generalization across
diverse flood events [29]. These techniques and their results
indicated notable improvements during the transition from
conventional ML to advanced DL frameworks. However, the
real-time applicability of thesemodels is questionable, as they
are trained and tested in a near-perfect environment with no
atmospheric disturbances or clouds.

Although sensor fusion techniques were less explored,
they enhance flood mapping by integrating optical multi-
spectral data with SAR structural backscatter under adverse
climates and cloud cover. A probabilistic Bayesian-based
graphical model learns from fused ASTER Depth Elevation
Map (DEM) and RapidEye RS data [30]. SAR and Air-
borne LiDAR were fused to predict the delineation of the
flood extent [31]. The 2009-2010 Data Fusion Contest by
the IEEEGeoscience and Remote Sensing Society was aimed
at flood event classification from multimodal multi-temporal
data [32]. Integration of AVHRR and MODIS RST-FLOOD
with contextual flood rules improved revisit durations and
enabled continuous monitoring of flood extent [33]. The
STFCD methodology combined spatial clustering and tem-
poral fusion to perform change analysis and identification of
floods from multisource heterogeneous (MSH) satellite im-
age time series (SITS) [34]. The fusion of Sentinel-1 data with
OpenStreetMap, tested on the 2017 Houston flood, confirms

the importance of multi-source data for fine-grained urban
flood identification [35]. The introduction of the SEN12-
FLOOD dataset with co-registered optical and SAR SITS
catalyzed the development towards multimodal flood iden-
tification models [35], [36]. Recent advancements in cross-
domain learning and multimodal fusion have demonstrated
the effectiveness of attention-driven feature integration, se-
mantic learning, and large language model (LLM)-assisted
multimodal representations for improving cross-domain gen-
eralization and complementary feature learning [37]–[40].
Although several fusion-based strategies are in place, they are
not sophisticated enough to extract the rich spatial, spectral,
and temporal context of cross-sensor data. Furthermore, pre-
vious techniques have overlooked the potential of MLPs for
final decision-making, without considering the advantages of
hybrid MLP variants or advanced adaptive nonlinear alterna-
tives that could enhance decision performance.

III. METHODOLOGY
This section details the methodologies integrated into the
proposed FloodSense for enhanced flood classification using
dual-path multimodal satellite data fusion. It elaborates on
the theoretical foundations of Vision Transformers (ViTs)
and Kolmogorov-Arnold Networks (KANs) and further de-
scribes the ViT-FloodX, 3D2D-Extract, and Refine-KAN
blocks along with their integrated operations.

A. VISION TRANSFORMER (VIT)
The introduction of the self-attention mechanism for natural
language processing paved the way for the development of
advanced transformer architectures for vision-based applica-
tions [41]. Transformers process the input data in parallel,
enabling flexibility in handling large data. and various appli-
cations. The input data I of size C × H ×W is initially split
into non-overlapping patches of sizeM ×N , where H andW
denote spatial extent, and C represents the number of chan-
nels. Following the patching operation, each patch undergoes
embedding to transform it to a representative dimension ofK ,
and the embedded patch Pi is given in Equation (1), where PE
stands for patch embedding.

Pi = PE(I) ∈ R
HW
M2 ×K (1)

The transformer block of the ViT can have multiple layers
l, each with h attention heads, normalization, and a feed-
forward. Compared to the CNN designs, the transformer
attention mechanism aids in recognizing and learning long-
term dependencies in the images. The attention process ini-
tially generates Query (Q = XW q), Key (K = XW k ), and
Value (V = XW v) vectors from an individual patch xi, where
W q,W k , andW v are the weight matrices. The self-attention is
then computed using Equation (2). However, in multi-head at-
tention mode, the self-attention is performed simultaneously
across multiple heads, with each head capturing distinct as-
pects of the data. The resulting outputs are then concatenated
and linearly transformed back to the original dimension. The
multi-head attention is then given by Equation (3), where
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W o is the projection weight. The residual additions and layer
normalizations help to stabilize the outcome of themulti-head
attention, whereas the feed-forward layers withMLP perform
feature transformations and uplift the representation power of
the transformer module.

Attention(Q,K ,V ) = SoftMax(
QK T

√
d

)V (2)

MultiHead(Q,K ,V ) = Concat(h0, h1...hn)W o (3)

B. KOLMOGOROV-ARNOLD NETWORKS (KANS)
KANs are developed based on the Kolmogorov-Arnold Rep-
resentation (KAR) theorem, which identifies all multivariate
functions h as a bounded mix of univariate functions with a
binary addition operation [42]. Compared to standard MLPs,
KANs have shown promising efficiency and adaptability.
Conventional MLPs learn fixed nonlinearities using various
activation functions, whereas KANs implement a univariate
learnable function, such as B-spline activation at the node,
which adaptively adjusts activation behaviours in linewith the
data. The function learning at each node can depict the finer-
grained, richer characteristics required for highly nonlinear
or irregular distributions in data. Therefore, compared to
conventional MLPs, KANs provide enhanced feature extrac-
tion and generalisation. The generalized equation for KAR is
given by Equation (4), where Γk denotes the additive function
of the univariate components γk,r (zr)

h(z) = h(z1, · · · , zn) =
2n+1∑
m=1

Γk

(
d∑

r=1

γk,r(zr)

)
(4)

The B-spline activation makes every connection of the neural

Input

Output

FIGURE 1. The architecture of Kolmogorov-Arnold Network (KAN). `1 and
`n denote the learnable basis activations on neurons

network learnable and enables a smooth and controlled learn-
ing of the complex functions Γk and γk,r (zr). The mathemat-
ical approximations of these functions are conducted with a
weighted sum of multiple B-spline basis functions and are
given by Equation (5). The Weight and spline coefficient

updates during training are carried out using backpropagation
with B-splines, which also determines the typical gradient
loss with respect to the spline coefficient.

Γk(x) =
∑
j

vk,jBmj (x)

γk,r (zr) =
∑
i

wk,r,iBki (zr)
(5)

C. FLOODSENSE ARCHITECTURE
The FloodSense takes fused Sentinel-1 and Sentinel-2 patches
I ∈ RC×H×W , where C = 14 and H = W = 85, as input.
Input I is then processed in parallel by the Vision Transformer
Flood Feature Extractor (ViT-FloodX) and the Spatial Spec-
tral Feature Extractor (3D2D-Extract). The resulting feature
map undergoes hybrid MLP-KAN transformations for effec-
tive mapping and classification.

1) ViT-FloodX Branch
ViT-FloodX begins the transformer operation by splitting the
fused input into NP = HW

MN = 289 non-overlapping patches
of size Psize and then projecting individual patches to a latent
space of K = 64 before applying positional encoding. The
augmented positional embeddings patches Zi are given in (6),
where Pi denotes the embedded representation of the i-th
patch, Epos,i denotes the positional embedding corresponding
to the i-th patch.

Z (0)
i = Pi + Epos,i (6)

These resulting patches Z (0) = {Z (0)
1 , . . . ,Z (0)

N } are then
sequentially processed through L transformer layers, each
consisting of layer normalization, a 4-head multi-head atten-
tion, residual connections, and a feed-forward network with
an MLP head of size [256, 128]. At the l-th transformer layer,
a 4-head multi-head self-attention is computed and is given
by (7)

H (l) = MultiHeadh=4

(
Z (l−1)W q, Z (l−1)W k , Z (l−1)W v

)
(7)

The attention output is combined with the input using
residual connections and layer normalization, and then pro-
cessed by a feed-forward network with an MLP head of size
[256, 128]. This operation produces an intermediate feature
vector Z (l) and is given in (8). Z (l) further undergoes a
final transformation with another MLP transformation of
[2048, 1024] to produce final ViT branch feature vector FViT ,
which has global information from multimodal fused S1/S2
patches.

Z (l) = MLP(LN
(
Z (l−1) + H (l)

)
) (8)

2) 3D2D-Extract Branch
The 3D2D-Extract branch specifically extracts spatial-
spectral features from the fused data, utilizing 3D-2D convo-
lutions with MLP transformations. First, the input is reshaped
into a 5D tensor for 3D convolutions, the transformed input
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FIGURE 2. Architecture of the proposed FloodSense model detailing Data preparation operations, ViT-FloodX module, 3D-2D extract and Refine-KAN
operation with MLP-KAN hybrid structure

is then I3D ∈ R1×C×H×W×1, where the last dimension is
an auxiliary singleton dimension introduced to satisfy the
input format requirement of the 3D convolution operation.
A two-stage 3D convolution is then applied with 32 and
64 filters, using a 3 × 3 × 3 kernel and ReLU activation,
followed by max-pooling with a 3 × 3 × 3 window. The
convolutions are performed with ‘same’ padding to preserve
spatial resolution. H1 and H2 stands for the convolution and
the 3DMaxPooled output is denoted as Hp. Following this,
the resulting 3D feature map is reshaped into a 2D tensor and
processed by 2D CNN blocks with 128, 64, and 32 filters,
each using a 3×3 kernel, ReLU activation, and same padding.
These 2D CNN blocks are repeated three times in a residual
fashion, and then flattened and fed to anMLP of size 128. The
resulting feature is subsequently fused with another feature
FCNN extracted directly from the original input using a 2D
CNN layer with 128 filters, followed by a 2× 2max-pooling
operation, Finally, the features are pooled with global average
pooling and passed through KAN Layers of size 128 and 64,
producing a feature vector F3D-2D. F3D-2D is given by (9). The
MLP units of both ViT-FloodX and 3D2D-Extract implement
a dropout of 0.3 to deal with regularization.

F3D-2D = KAN64(KAN128(GAP([Fcnn,Fdirect]))) (9)

3) Feature Fusion and Classification
The outputs from both branches,FViT andF3D-2D, are concate-
nated to form a unified feature representation,Ffusion, which
is then processed by a fully connected Refine-KAN fusion
network. The Refine-KAN fusion network consists of dense
layers of 128 and 64 units, each implementing ReLU nonlin-
earity and a dropout of 0.3. The fusion operation is expressed
in (10), where σ(·) denotes the ReLU activation function.

Hfusion = Dropout(σ(FfusionWf ), 0.3) (10)

Following this, two successive KAN layers of sizes 32 and 16
are employed to capture enhanced nonlinear transformations,
thereby enabling effective integration of global attention-
driven features with local spatio-spectral features through a
hybrid MLP–KAN representation. This process is denoted
by (11). Finally, the fused representation is passed through a
sigmoid layer for binary classification to produce a predicted
flood probability ŷ, where ŷ is given in (12). The overall archi-
tecture of the proposed FloodSense framework is illustrated
in Fig. 2.

HKAN = KAN16(KAN32(Hfusion)), (11)

ŷ = σ(HKANWc + bc), (12)

IV. RESULTS AND DISCUSSION
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(a) (b) (c) (d) (e) (f)
FIGURE 3. Sample flood and non-flood patches from Sentinel-1 and Sentinel-2. (a, b, c) show Sentinel-1 VV, Sentinel-1 VH, and Sentinel-2 RGB composite
of flood samples, while (d, e, f) show the corresponding non-flood samples.

A. DATASET

SEN12-FLOOD is the largest available co-registered optical-
SAR multimodal fusion benchmark dataset for flood classifi-
cation [43]. The dataset comprises Sentinel-1 and Sentinel-2
observations collected from the regions of West and South-
East Africa, the Middle-East, and Australia. Sentinel-2 pro-
vides 12-band multispectral atmospherically corrected im-
agery, whereas Sentinel-1 offers 2-band radiometrically cal-
ibrated and terrain-corrected SAR data consisting of VV
and VH polarimetric channels. The co-registered nature of
the dataset and the pre-processing applied to Sentinel-1 and
Sentinel-2 data help mitigate acquisition geometry and at-
mospheric correction issues. The dataset is totally comprised
of 3332 and 1950 patches of Sentinel-1 and Sentinel-2. The
dataset consists of bands with varying spatial resolutions.
Sentinel-1 VV and VH bands are mostly of size 521 × 518,
whereas Sentinel-2 bands have a large disparity among band
resolutions. B1 and B9 have a size of 85 × 85, B2, B3,
B4, and B8 are of 512 × 512, and B5, B6, B7, B8A, B11,
and B12 are 256 × 256. To ensure uniformity across sensor
modalities, all bands were first resampled to a common 10m
spatial resolution and subsequently rescaled to the lowest
resolution of 85 × 85, then stacked band-wise to produce
the final fused data of 14 × 85 × 85. These patches are then
split into training, validation, and testing patches in a 70:20:10
ratio. The samples from the SEN12-FLOOD dataset are given
in Fig. 3.

B. EXPERIMENTAL SETUP

The FloodSense model is trained and tested on a 40GB
NVIDIAA100 GPU fromGoogle Cloud Platform (GCP). All
experiments, including SOTA comparisons, were conducted
under the same hardware environment to ensure fair compu-
tational evaluation, with the GPU operating in a dedicated
mode without resource sharing. The inference evaluation was
performed using standard FP32 precision, without applying
any model compression, pruning, or quantization techniques.
All implementations were carried out in Python, using Keras
as the backend. Inference measurements were recorded after
an initial warm-up phase, excluding preprocessing overheads,
as they are common across all comparative strategies, while
GPU prefetching was enabled to facilitate seamless data load-
ing.
The pre-processed SEN12-FLOOD dataset is rescaled to

a spatial resolution of 85 × 85 with 14 spectral bands. This
14×85×85 fusion data is then divided into 5×5 patches, pro-
ducing 289 patches per channel, and then projected to a latent
space of 64. The ViTs in the ViT-FloodXmodule are designed
with 8-layer transformer blocks, each performing multi-head
attention with 4 heads and implementing a feed-forward
MLP head of size [256, 128]. Following multi-head attention,
concatenation, and layer normalization, an additional hidden
MLP mapping of size [128, 64] is employed for feature re-
finement. Feed forwarding from the last ViT layer is mapped
to [2048, 1024]MLP units. The Refine-KANmodule has two
KAN configurations, one with latent spaces of [128, 64] and
the other with hybrid-MLP-KAN configurations of [128, 64]
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TABLE 1. Comparison of FloodSense with SOTA methods based on performance metrics

Method Loss Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%)

Baseline CNN (2020) [43] 0.31 88.45 87.22 88.55 87.87 90.51
Early Fusion CNN (2021) [43] 0.28 90.12 89.27 90.16 89.71 91.83
DSE (2023) [44] 0.24 91.65 90.84 92.21 91.51 93.48
ViT Fusion (2023) [45] 0.21 92.84 92.31 93.51 92.90 94.72
ProCANet (2025) [46] 0.20 93.26 93.14 94.22 93.67 95.21
FloodSense (Proposed) 0.16 94.87 94.74 96.48 95.61 94.91

TABLE 2. Comparison of FloodSense with SOTA methods based on model complexity and efficiency

Method Accuracy (%) Params (mP) FLOPs (G) Time (s)

Baseline CNN (2020) [43] 88.45 8.2 14.6 2.10
Early Fusion CNN (2021) [43] 90.12 12.4 18.3 1.95
DSE (2023) [44] 91.65 18.9 22.7 1.78
ViT Fusion (2023) [45] 92.84 28.6 32.4 1.62
ProCANet (2025) [46] 93.26 35.1 38.9 1.55
FloodSense (Proposed) 94.87 43.48 19.5 1.34

MLP, and [32, 16] KAN. The standard Keras Efficient KAN
implementation from PyPI uses 3rd-order B-spline functions
with a grid size of 3. Furthermore, the model is trained with a
fixed learning rate of 0.001, a weight decay of 0.0001, and a
batch size selected from the range [16, 32, 64, 128, 256]. For
fair comparison, all comparative methods were reproduced
under a unified experimental setting with a common learning
rate of 0.001, weight decay of 0.0001, an optimal batch size
of 128, and Adam as the optimizer. The DSE framework was
reproduced using a VQGAN encoder–decoder, 1000 diffu-
sion time steps, 200 sampling steps, and a 5-stage encoder–
decoder U-Net. The ViT Fusion model employed a similar
5 × 5 patching strategy to the proposed architecture and
shared the common training setup. The ProCANet model was
reproduced using the same optimization settings and imple-
mented Cosine Annealing with Warm Restarts consisting of
10 cycles. The test evaluations are conducted on a random test
sample of size 125. The performance analysis and feasibility
of the proposed FloodSense are conducted through empirical
evaluations based on metrics including accuracy, precision,
recall, F1 score, AUC, loss, number of parameters, GFLOPs,
and inference time.

C. RESULT ANALYSIS

The performance of the proposed FloodSense is tested against
state-of-the-art flood classification frameworks, including
Baseline CNN [43], Early Fusion CNN [43], DSE [44],
ViT Fusion [45], and ProCANet [46]. The Baseline CNN
framework employs standard convolutional layers; the Early
Fusion CNN integrates optical and SAR data at the input level
and fuses them for flood classification. The DSE framework,
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FIGURE 4. (a) Characteristic curve showing the training and validation loss
trends (b) Confusion matrices of the full configuration of the FloodSense.

based on diffusion principles, leverages SAR-to-EO transfor-
mation for improved feature representation and flood identi-
fication, whereas the ViT Fusion model applies transformer-
based global attention for multimodal fusion. Finally, the
latest ProCANet combines progressive cross-attention with
deep feature refinement. All these framework understudies
have been tested and evaluated on the same SEN12-FLOOD
dataset for uniformity in test conditions. The characteristics of
loss during the training and validation phase of model design
are visualized in Figure 4 (a). The graph indicates a stabi-
lized training–validation loss profile. Convergence between
training and validation loss is observed at epoch 82, which
was selected as the best candidate for testing. The resulting
confusion matrix from FloodSense is shown in Figure 4 (b),
and read as [54 TP, 3 FP, 65 TN, 3 FN].
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1) SOTA Performance Comparison
Table 1 provides a performance comparison of the proposed
FloodSense against SOTA techniques in terms of various
evaluation metrics. The Baseline CNN achieves an accuracy
of 88.45%, precision of 87.22%, recall of 88.55%, F1 score of
87.87%, andAUCof 90.51%with a loss of 0.31 and inference
time of 2.10 seconds. Early Fusion CNN improves perfor-
mance to an accuracy of 90.12%, precision of 89.27%, recall
of 90.16%, F1 score of 89.71%, and AUC of 91.83%, with
a reduced loss of 0.28 and time of 1.95 seconds. This is due
to the effective integration of the cross-sensor features. How-
ever, the diffusion-based DSE model further enhanced flood
classification performance and showcases a reliable 91.65%
accuracy, 90.84% precision, 92.21% recall, 91.51% F1 score,
and 93.48% AUC, along with a loss of 0.24 and time of
1.78 seconds. ViT Fusion provides improved outcomes with
92.84% accuracy, 92.31% precision, 93.51% recall, 92.90%
F1 score, and 94.72% AUC, using a loss of 0.21 and infer-
ence time of 1.62 seconds. ProCANet further improves per-
formance with 93.26% accuracy, 93.14% precision, 94.22%
recall, 93.67% F1 score, and 95.21% AUC at a loss of 0.20
and time of 1.55 seconds. However, the proposed FloodSense
shows competing performance with a minimal loss of 0.16
and inference time of 1.34 seconds, while attaining 94.87%
accuracy, 94.74% precision, 96.48% recall, 95.61% F1 score,
and second-best AUC of 94.91%. FloodSense demonstrates
competitive performance compared with previous fusion and
transformer-based methods, but it also offers a favorable
trade-off between accuracy and efficiency in terms of flood
classification. This is possible due to the synergistic integra-
tion and learning ability of FloodSense in integrating complex
cross-sensor local spatial–spectral features, along with the
global semantic context of flood information.

2) Cost-Complexity Evaluation
The complexity analysis of FloodSense is also included in
Table 2, which indicates that the baseline CNN has a minimal
architecture with only 8.2M parameters and 14.6 GFLOPs.
However, this directly affects the limited representation ca-
pacity and thus model accuracy. Early Fusion CNN increases
complexity to 12.4M parameters and 18.3 GFLOPs due to
the added layers at the early sensor fusion stages. The spatial
encoding operations of the DSE model again increase the
computational complexity to 18.9 M parameters and 22.7
GFLOPs; however, an increase in accuracy is observed. The
transformer operations on ViT Fusion model introduced a
drastic increase in the model complexity, raising the parame-
ter requirements to 28.6M and GFLOPs to 32.4. ProCANet
is the most FLOP-intensive model, with 35.1M parame-
ters and 38.9 GFLOPs. The additional cost incurred from
cross-attention mechanisms was partially compensated by
improved accuracy. FloodSense utilizes a larger training pa-
rameter of 43.48M due to its hybrid CNN-attention architec-
ture; however, it requires far fewer FLOPs, at 19.5 GFLOPs,
due to the optimized dual-branch extraction and lightweight
fusion. FloodSense achieves better performance while being

the fastest among the available multimodal architectures.

D. ABLATION ANALYSIS: IMPACT OF MODEL
CONFIGURATIONS
The Table 3 and 4 provides an in-depth comparison of various
FloodSense configurations, showing how exclusion of vari-
ous key modules such as 3D CNN, ViT, MaxPool3D, KAN,
Long Skip Connection (L-Skip), and Residual Networks
(ResNet) influences the classification performance. The con-
fusion matrices in Figure 5 summarize the performance of
FloodSense under different ablation settings. From the figure,
it is clear that the absence of 3D CNN or its combination
with MaxPool3D resulted in a confusion matrix of [50 TP,
8 FP, 61 TN, 6 FN] and [51 TP, 9 FP, 60 TN, 5 FN] leads to a
degradation in classification consistency. Further, the removal
of ResNet and ViT moderately affected the classification
performance and produced a confusion matrix of [51 TP, 5
FP, 64 TN, 5 FN] and [51 TP, 5 FP, 64 TN, 5 FN], showing
only a moderate performance. Excluding KAN or L-Skip also
impacts the distribution of misclassifications, producing a
confusion matrix of [50 TP, 4 FP, 65 TN, 6 FN] and [51 TP,
7 FP, 62 TN, 5 FN]. Among these models, the exclusion of
3D CNN produced classification imbalance with higher FP,
and FN of 8 and 6. A detailed analysis of performance and
cost-complexity aspects is presented subsequently.

1) Performance impact on model
Table 3 provides the performance ablation of the proposed
model. The configuration with all modules FloodSense orig-
inal with 43.48 mP, achieved improved performance with a
minimal loss of 0.16, and showcased superior accuracy of
94.87%, precision of 94.74%, recall of 96.48%, F1 score
of 95.61%, and AUC of 94.91%. This confirms the capa-
bility of each module and its interoperability in maximizing
classification performance. The table reveals that the 3D
CNNs in the 3D2D-Extract are fundamental to FloodSense’s
promising performance, as their removal from the configu-
ration results in a notable drop in accuracy to 88.46%. This
reveals the capability of 3D CNNs in extracting fine-graded
spatial-spectral details from rich fused multimodal data for
contextual mapping of flood. The effect of 3D CNNs on
model performance is tested in two sub-configurations, one
with maxpooling and the other without maxpooling. The per-
formance drop was similar for both sub-configurations; how-
ever, the sub-configuration without maxpooling increased the
parameter count to 71.03% million from 48.66% million in
the configuration with maxpooling. This reveals the capa-
bility of 3D CNNs in extracting rich spatial spectral details
from rich cross-fusion multimodal data for contextual map-
ping of flood. ResNet modules in the 3D2D-Extract are the
next important component contributing to the classification
performance of the FloodSense, as their removal dropped
accuracy to 89.74%, F1 score, and AUC dropped to 89.56%
and 89.71%. Introduction of KAN and L-Skip further im-
proved accuracy, surpassing 90% mark, also all the metrics
such as precision, recall, F1 score, and AUC surpassed 90%.
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TABLE 3. Accuracy-oriented performance comparison of FloodSense configurations

FloodSense Configurations Accuracy Metrics

3D CNN ViT MaxPool3D KAN L-Skip ResNet Loss Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%)

✗ ✓ ✓ ✓ ✓ ✓ 0.21 88.46 86.27 89.39 87.71 88.59
✗ ✓ ✗ ✓ ✓ ✓ 0.18 88.46 85.01 91.16 87.95 88.67
✓ ✓ ✓ ✓ ✓ ✗ 0.20 89.74 87.98 91.19 89.56 89.71
✓ ✓ ✓ ✗ ✓ ✓ 0.23 90.01 90.25 91.14 90.68 91.02
✓ ✓ ✓ ✓ ✗ ✓ 0.20 90.11 91.13 89.35 90.26 91.08
✓ ✗ ✓ ✓ ✓ ✓ 0.25 91.03 90.28 91.12 90.65 91.05
✓ ✓ ✓ ✓ ✓ ✓ 0.16 94.87 94.74 96.48 95.61 94.91

TABLE 4. Cost-complexity and accuracy comparison of FloodSense configurations

FloodSense Configurations Cost, Complexity & Accuracy Metrics

3D CNN ViT MaxPool3D KAN L-Skip ResNet Accuracy (%) Params (mP) Time (s)

✗ ✓ ✓ ✓ ✓ ✓ 88.46 48.66 0.42
✗ ✓ ✗ ✓ ✓ ✓ 88.46 71.03 0.64
✓ ✓ ✓ ✓ ✓ ✗ 89.74 43.22 1.29
✓ ✓ ✓ ✗ ✓ ✓ 90.01 43.60 1.33
✓ ✓ ✓ ✓ ✗ ✓ 90.11 43.16 1.27
✓ ✗ ✓ ✓ ✓ ✓ 91.03 16.85 1.33
✓ ✓ ✓ ✓ ✓ ✓ 94.87 43.48 1.34

TABLE 5. Performance comparison of single-modality and multi-modality configurations of FloodSense

Architecture Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%) Params (mP) FLOPs (G) Time (s)

S1-Only (SAR) 90.42 89.65 91.22 90.42 92.58 27.82 12.3 1.12
S2-Only (Optical) 92.16 91.84 93.02 92.42 93.87 29.65 13.1 1.18
FloodSense (SAR+Optical) 94.87 94.74 96.48 95.61 94.91 43.48 19.5 1.34

TABLE 6. KAN-specific ablation study in FloodSense, revealing the significance of the KAN module over conventional MLPs

Configuration Loss Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%) Params (mP) Time (s)

FloodSense w/o KAN (MLP Classifier) 0.23 90.01 90.25 91.14 90.68 91.02 43.60 1.33
FloodSense w/ KAN (Proposed) 0.16 94.87 94.74 96.48 95.61 94.91 43.48 1.34

Gain/Reduction (%) 30.43↓ 5.40↑ 4.97↑ 5.86↑ 5.44↑ 4.27↑ 0.28↓ 0.75↑

However, our empirical evaluations revealed that increasing
the KAN order and grid size increased the complexity and
inference time required, while only minimally impacting the
accuracy metrics. The ViT was moderately critical; however,
the combined performance of 3D CNN, ViT, and KANs
improved performance to achieve an accuracy of 94.87%.

2) Cost-Complexity impact on model

Table 3 provides the cost-performance aspect of the proposed
model. The comparison of the number of trainable param-
eters, test time against performance, reveals a clear trade-
off. The configurations without 3D CNN were the lightest in
terms of test time and required only a test time of 0.42, but
were affected by undesirable performance. As each module
was added to the configuration, the computational complexity
in terms of test time gradually increased from a minimum

0.42 to a maximum 1.34 seconds. This gradual increase is
evident in the increase in the number of parameters and per-
formance. This reveals the direct relationship between model
complexity and performance. However, the complexity has
to be added thoughtfully, for example, the second configura-
tion without 3D CNNs and maxpooling resulted in a model
with 71.03 mP; however, the increase in parameters did not
directly translate to model performance and showcased only
an accuracy of 88.46%.

3) Interaction Analysis of ViT, 3D2D-Extract, and Refine-KAN

This section discusses the complementary interactions among
the modules ViT-FloodX, 3D2D-Extract, and Refine-KAN,
highlighting their significance beyond the observed metric
improvements. The ViT-FloodX branch captures global con-
textual information and large-scale flood semantics derived
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TABLE 7. Performance comparison of FloodSense across different batch size configurations

Batch Loss Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%) Time (s)

B=16 0.39 87.18 84.53 87.57 86.02 87.28 1.43
B=32 0.18 88.46 85.04 91.13 87.97 88.61 0.51
B=64 0.21 89.74 87.98 91.15 89.53 89.72 1.36
B=128 0.16 94.87 94.74 96.48 95.61 94.91 1.34
B=256 0.18 88.46 87.58 87.52 87.54 88.49 1.28

from fused Sentinel-1 and Sentinel-2 inputs. This global
context is particularly important, as water spread continuity
and surrounding land-cover interactions often extend beyond
local receptive fields. However, while ViT-FloodX effectively
handles global dependencies, minute local spatial–spectral
dependencies may not be sufficiently captured. The 3D con-
volutions of 3D2D-Extract explicitly learn cross-band inter-
actions between Sentinel-1 SAR backscatter and Sentinel-
2 spectral information, and their removal results in a loss
of fine-grained spatial-spectral learning, reflected in a drop
in accuracy from 94.87% to 88.46%. Although ViT and
3D2D-Extract captured the necessary features, their trans-
formations toward the final classification layer are critical.
Refine-KAN addresses this challenge by applying adaptive
nonlinear transformations, enabling effective feature refine-
ment beyond conventional fixed-activation MLPs. This in-
teraction between Refine-KAN is reflected in the reduced
performance after KAN removal, where accuracy dropped to
90.01%, indicating contributions of KANs. This reveals the
performance of the FloodSense configuration, complemented
by the benefits from the critical modules and their synergistic
interactions.

4) KAN-Specific Ablation
A dedicated KAN-specific ablation study is provided in Ta-
ble 6, which reveals the improvement in classification perfor-
mance when KAN-based components are integrated in place
of conventional MLP neural networks. The analysis shows
that incorporating KAN improved the accuracy from 90.01%
to 94.87%, corresponding to an increase of 4.86 percentage
points (+5.40% relative improvement). Although the per-
centage improvement may appear modest, flood detection is
performed over large geographical regions, where even small
improvements can have meaningful practical significance,
particularly in scenarios involving risks to human life and
infrastructure. Similar relative gains were observed across
other evaluation metrics, including precision (+4.97%), re-
call (+5.86%), F1-score (+5.44%), and AUC (+4.27%). The
analysis also shows a 0.28% reduction in parameter count,
while the inference time increased only marginally by 0.75%.
These findings suggest that KAN provides more effective
nonlinear feature approximation than a conventional MLP,
thereby improving flood classification performance without
substantially increasing computational complexity.

Apart from the quantitative improvements, the perfor-

mance gains are due to the architectural characteristics of
KANs, which explain why FloodSense with KAN performed
better. Conventional MLPs rely on fixed activation functions
and linear weight transformations; however, KANs employ
learnable nonlinear basis functions, enabling adaptive fea-
ture transformations. While distinguishing flooded and non-
flooded terrain across heterogeneous land types, the adap-
tive nonlinear representation capability of KANs allows the
model to better capture complex feature relationships and
improve classification performance. Furthermore, our KAN
implementation utilizes the efficient KAN implementation
fromPyPI, employing only a 3rd-order B-spline functionwith
a grid size of 3. This relatively lightweight configuration pre-
serves computational efficiency by avoiding excessive spline
complexity, thereby maintaining FLOPs and inference time
comparable MLPs.

E. ABLATION ANALYSIS: EFFECT OF SAR FUSION
The analysis of the FloodSense architecture with inputs of
SAR only, Optical only, and SAR+Optical fusion (Proposed)
is given in the Table 5 for ablations of input data and the
importance of SAR. From the table, it is clear that SAR
auxiliary information is crucial for the proposed framework
and enhances its accuracy. Architectures using a single source
of data for classification are lighter and have faster infer-
ence. The SAR-only input configuration required only 27.82
mP, 12.3 GFLOPs, and 1.12 seconds, whereas the Optical-
only configuration required 29.65 mP, 13.10 GFLOPs, and
1.18 seconds. SAR-only configurations were slightly faster,
primarily because they have fewer channels compared to
the optical-only configurations. However, they have a lower
prediction accuracy of 90.42%and 92.16%, due to the limited
feature representation compared to the fused SAR-Optical
configuration, which has an accuracy of 94.87%. It is also
worth noting that, although the fusion configuration can
provide superior accuracy, it demands more computational
resources in terms of the number of parameters, GFLOPs, and
Inference time.

F. ABLATION ANALYSIS: EFFECT OF BATCH SIZE
Table 7 tabulates the FloodSense performance across various
batch sizes of 16, 32, 64, 128, 256. Data from the table clearly
shows that the FloodSense with a batch size of 128 demon-
strated the best performance by achieving the lowest training
loss of 0.16, the highest accuracy of 94.87%, precision of

10 VOLUME 11, 2023

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3709031

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



J. Anandakrishnan et al.: multimodal Sentinel-1/2 Data Fusion with a Dual-Path ViT–Kolmogorov–Arnold Network Pipeline

Predicted Positive Predicted Negative

Ac
tu

al
 P

os
iti

ve
Ac

tu
al

 N
eg

at
iv

e

50 8

6 61

Without 3D CNN

(a)
Predicted Positive Predicted Negative

Ac
tu

al
 P

os
iti

ve
Ac

tu
al

 N
eg

at
iv

e

51 9

5 60

Without 3D CNN + Maxpool

(b)
Predicted Positive Predicted Negative

Ac
tu

al
 P

os
iti

ve
Ac

tu
al

 N
eg

at
iv

e

51 5

5 64

Without ResNet

(c)

Predicted Positive Predicted Negative

Ac
tu

al
 P

os
iti

ve
Ac

tu
al

 N
eg

at
iv

e

50 4

6 65

Without KAN

(d)
Predicted Positive Predicted Negative

Ac
tu

al
 P

os
iti

ve
Ac

tu
al

 N
eg

at
iv

e
51 7

5 62

Without L-Skip

(e)
Predicted Positive Predicted Negative

Ac
tu

al
 P

os
iti

ve
Ac

tu
al

 N
eg

at
iv

e

51 5

5 64

Without ViT

(f)
FIGURE 5. Confusion matrices of FloodSense ablation study: (a) Without 3D CNN, (b) Without 3D CNN and MaxPool3D, (c) Without ResNet, (d) Without
KAN, (e) Without L-Skip, (f) Without ViT.

TABLE 8. Three-fold cross-validation performance comparison (mean ± standard deviation)

Method Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%)

Baseline CNN (2020) [43] 88.12 ± 1.43 87.01 ± 1.51 88.14 ± 1.38 87.54 ± 1.42 90.23 ± 1.19
Early Fusion CNN (2021) [43] 89.84 ± 1.16 89.03 ± 1.11 89.92 ± 1.25 89.45 ± 1.18 91.62 ± 1.03
DSE (2023) [44] 91.37 ± 0.98 90.52 ± 1.04 91.94 ± 0.95 91.20 ± 0.99 93.14 ± 0.84
ViT Fusion (2023) [45] 92.46 ± 0.81 91.96 ± 0.89 93.08 ± 0.85 92.51 ± 0.87 94.31 ± 0.76
ProCANet (2025) [46] 92.91 ± 0.72 92.73 ± 0.77 93.85 ± 0.71 93.28 ± 0.75 94.88 ± 0.69
FloodSense (Proposed) 94.31 ± 0.58 94.12 ± 0.63 95.84 ± 0.55 94.97 ± 0.57 95.34 ± 0.52

TABLE 9. Statistical significance analysis of FloodSense against ProCANet
using the Wilcoxon signed-rank test

Metric FloodSense ProCANet p-value

Accuracy 94.31± 0.64 92.91± 0.72 0.014
Precision 94.12± 0.73 92.73± 0.77 0.019
Recall 95.84± 0.66 93.85± 0.71 0.010
F1 Score 94.97± 0.67 93.28± 0.75 0.013
AUC 95.34± 0.46 94.88± 0.69 0.042

94.74%, recall of 96.48%, F1 score of 95.61%, and AUC
of 94.91%. This enhanced performance can be credited to
the clear balance between gradient stability from batches and
computational efficiency. Considering the smaller batch sizes
of 16 and 32, they failed to showcase a considerable perfor-
mance and resulted in lower Accuracy, Precision, Recall, F1
score, and AUC values. This shall be due to the effect of more
frequent weight updates, limiting the optimization to achieve
a generalizable minimum during training. Conversely, as the

batch size increased to 256, the performance of the model is
reduced and the accuracy dropped to 88.46%. This perfor-
mance dropmay be due to the fact that the optimizer may con-
verge toward sharp minima that fit the training data well but
fail to extend to unseen test samples. Although the accuracy is
reduced, the test time is lowered to 1.28 seconds compared to
1.34 seconds of batch size 128; however, this is not desirable
as the most important metric under consideration is accuracy.

An interesting observation is that the training time for batch
size 32 appears slightly lower than expected relative to batch
sizes 16 and 64. This can be attributed to hardware-level op-
timizations such as memory alignment, GPU parallelization
efficiency, and how the training workload is distributed across
compute cores. The minimal test time observed for batch size
32 is 0.51, which is lower than any other batch configuration;
also, they had a minimal loss value of 0.18 seconds to 0.16
loss of batch size 128. For all configurations, the number of
trainable parameters was consistent at 43.48 mP.
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TABLE 10. Cross-dataset generalization performance of FloodSense on UrbanSARFloods and Sen1Floods11 dataset

Dataset Accuracy (%) Precision (%) Recall (%) F1 Score (%) AUC (%)

SEN12-FLOOD 94.87 94.74 96.48 95.61 94.91
SEN12-FLOOD (S1-Only) 90.42 89.65 91.22 90.42 92.58
UrbanSARFloods (Cross-Dataset) 89.42 87.95 89.56 88.73 91.64
Sen1Floods11 (Cross-Dataset) 88.16 87.42 88.91 88.15 90.87

G. CROSS-VALIDATION AND STATISTICAL ANALYSIS

The FloodSense framework undergoes 3-fold cross-
validation and reports its average accuracy across folds
inTable 8. The table shows that FloodSense outperformed
all competing methods, achieving 94.31% accuracy, 94.12%
precision, 95.84% recall, 94.97% F1-score, and 95.34%
AUC. These results demonstrate cross-validation capability,
and we also found that the standard deviation is relatively
low across folds, ensuring stable behavior across varying test
samples. In comparison, ProCANet was the second-best per-
former; however, FloodSense led with a 1.40% improvement
in accuracy. A 3-fold cross-validation with 3 repeated runs
was used to assess the statistical significance of the model
relative to the second-best-performing ProCANet. Flood-
Sense consistently achieved superior performance across all
evaluation metrics with statistically significant improvements
(p < 0.05). These findings further support the reliability
of the proposed framework under repeated experimental
conditions.

H. CROSS-DATASET GENERALIZATION ANALYSIS

To evaluate the generalizability of FloodSense beyond the
SEN12-FLOOD dataset, additional cross-dataset experi-
ments were conducted using the UrbanSARFloods bench-
mark dataset [47] and Sen1Floods11 [48]. The Flood-
Sense model was directly evaluated on UrbanSARFloods and
Sen1Floods11 without retraining to assess its cross-region
and cross-domain adaptability. Since both datasets primarily
focus on SAR-based flood mapping, only the SAR branch
of FloodSense was used for inference. The evaluation was
performed using the official train-validation-test split pro-
vided by the dataset authors. Table 10 presents the cross-
dataset evaluation results. Although a moderate performance
drop is observed compared to the SEN12-FLOOD bench-
mark, FloodSense consistently maintains strong segmenta-
tion capability under complex flood conditions. In particular,
the model achieves an F1-score of 88.73% and an AUC of
91.64% on UrbanSARFloods, while obtaining an F1-score of
88.15% and an AUC of 90.87% on Sen1Floods11, demon-
strating that the learned multimodal feature representations
generalize effectively across geographically diverse flood
events, heterogeneous land-cover conditions, and varying
SAR imaging scenarios.

V. DISCUSSION
The experimental evaluation demonstrates that FloodSense
achieves consistent performance improvements over state-of-
the-art flood classification models on the SEN12-FLOOD
dataset. The superior performance across accuracy, recall, F1
score, and loss highlights the effectiveness of the proposed
hybrid architecture in capturing both local spatial–spectral
cues and global semantic context. In particular, integrating
3D CNN–based feature extraction with ViT-driven global
attention enables FloodSense to effectively exploit the inter-
band and cross-modal correlations inherent in SAR–optical
data. The ablation analysis further confirms that no single
module alone is responsible for the observed gains; rather,
performance improvements emerge from the synergistic in-
teraction of the 3D CNN backbone, ViT-based contextual
modeling, KAN-based nonlinear refinement, and long skip
connections. This architectural synergy leads to more stable
convergence behavior, reduced misclassification rates, and a
notable improvement in recall, which is especially critical
for flood detection tasks where false negatives can have se-
vere real-world implications. Beyond accuracy, FloodSense
offers a favorable balance between computational complexity
and inference efficiency, making it suitable for near-real-
time flood monitoring applications. Although the proposed
model has a higher parameter count than earlier CNN-based
approaches, its optimized dual-branch design reduces FLOPs
and inference time compared to other transformer-heavy
models. The cost–complexity analysis reveals that thoughtful
architectural design is more impactful than merely reducing
parameters, as evidenced by lighter configurations that failed
to translate reduced complexity into better performance. Fur-
thermore, the modality ablation study underscores the critical
role of SAR–optical fusion, where SAR contributes robust-
ness to atmospheric disturbances and optical data provides
rich spectral detail, together yielding a substantial accuracy
gain over single-modality setups. The batch-size analysis
further reinforces the importance of training stability, with
batch size 128 offering the best trade-off between gradient
reliability and generalization. Overall, these findings suggest
that FloodSense is not only a high-performing model but also
a computationally efficient and deployable solution for large-
scale, operational flood classification systems.

VI. CONCLUSION
Flood classification remains a critical challenge due to the
limitations of conventional ground, UAV, and optical satellite-
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based approaches, especially under adverse weather con-
ditions. In this work, we proposed FloodSense, a novel
dual-path multimodal data fusion framework that integrates
Sentinel-1 SAR and Sentinel-2 optical data for reliable flood
event identification. The ViT-FloodX, 3D2D-Extractfor, and
Refine-KAN components of the FloodSense handles cross-
domain spatial-spectral feature extraction, semantic flood
pattern mapping, and nonlinear feature refinement. Exper-
imental evaluation on the SEN12-FLOOD dataset demon-
strates that FloodSense surpasses SOTAmethods, showcasing
its superiority among all evaluation metrics under consider-
ation. These results highlight its robustness, scalability, and
adaptability for large-scale, real-world flood monitoring and
emergency response, even under cloud-covered and challeng-
ing atmospheric conditions.
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