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Abstract— Remote sensing has always been an area of
interest for researchers due to its significance in Earth
monitoring, which supports proper future planning for
agriculture, construction, reforestation, and climate
change. Transformer architecture achieves significant
performance in remote sensing image classification;
however, they come with the trade-off of higher
computational complexity. In this paper, we propose a
novel deep learning framework, DFSNet-VLM—Cross
Domain Fusion based Texture-Sensitive Dual Stream
Network — for high-precision remote sensing scene
understanding. The proposed framework includes a
classification model, “DFSNet,” that improves feature
representation by employing both spatial and frequency-
domain features, which ultimately help detect global
patterns and textures alongside local features. The model
also promotes information exchange between both streams
to complement one type of features with respect to the
other by integrating cross-domain fusion blocks at
multiple stages. Additionally, a pretrained VLM model,
“BLIP-2,” is integrated to provide semantic descriptions of
classified images. Bayesian optimization is applied to fine-
tune hyperparameters, reducing overfitting and improving
model performance. The proposed model is evaluated on
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six diverse publicly available datasets and achieves
improved accuracies of 97.13% on MLRSNet, 94.67% on
NWPU-RESISC-45, 98.00% on EuroSAT, 92.25% on
GeoSceneNetl6k, 98.25% on cloud, and 96.03% on the
Bijie-landslide dataset, respectively. Detailed ablation
studies, comparative analysis, and Grad-CAM++-based
model explainability demonstrate that the proposed model
is generalizable and scalable, and that it achieves improved
accuracy. In addition, the proposed model can be easily
implemented in a real-time environment for diverse
applications. The trained model’s links are available in the
data availability section.

Index Terms— Remote sensing; VLM; land use; land cover;
vegetation; deep learning; spatial information; explainable
Al

1. INTRODUCTION

erial remote sensing plays a significant role in earth

monitoring as it helps in understanding environmental

changes, predicting calamities, land change detection,
and resource management [1, 2]. Technical evolutions in
aerial sensing led to an increase in remote sensing (RS) data
production, which is now used in various fields such as
geomorphology [3], precision agriculture [4], forest ecology
[5], climate monitoring [6], and many more. This enriched RS
data and statistics result in a much cheaper and accurate
analysis of Earth’s observations and geographic importance
[7]. However, data proliferation in aerial imagery gave rise to
some significant challenges, including data management and
analysis [8]. In the early days, data was analyzed manually,
which required a lot of time and human power but still lacked
accuracy. Moreover, the size, variations, and diversity of data
make analysis almost impossible and highlight the need for
computer-automated systems [9]. However, the advancement
in computer-aided technology gave birth to Industry 5.0 that
addresses the challenges related to numerous domains of
science, engineering, and technology, including agriculture,
medical imaging, classification, segmentation, scene detection,
and so on [10].
Land Use Land Cover classification (LULC) involves a lot of
complexities, mainly due to noisy background, inter-class
similarity, and intra-class variations that can be shown in
Figure 1. Apart from this, irregular regional data, a large
number of extracted features, and multiple scene classification
in a single image make LULC classification even harder [11].
Accurate classification of an aerial image by a computer
involves data preprocessing, defining boundaries, efficient
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feature extraction, dimensionality reduction, and, most
importantly, a good classification technique [12, 13]. The
accuracy and efficiency of a machine learning (ML) system
depend on the nature of the dataset, the quality of the images,
and the complexity of the problem [14]. In this context,
supervised ML algorithms are practical when we have labelled
data, unsupervised learning helps find hidden patterns through
clustering and dimensionality reduction, and reinforcement
learning will work best in decision-making problems [15].
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Figure 1: Sample images of diverse data collected from RS datasets
[16]

Deep learning (DL) is a subdomain of ML that was introduced
to handle high-dimensional data such as images, audio, videos,
etc. Various deep learning algorithms, especially
Convolutional Neural Networks (CNN), show promising
results in image classification tasks [16]. The CNN shows the
improved performance for RS image classification to a whole
new level by enabling automatic feature extraction [17].
Despite the good performance of various pre-trained models,
namely EfficientNet, ResNet, MobileNet, and VGG, in other
classification problems, their failure in RS applications
suggests that simple pre-trained models are unable to capture
complex relationships, mainly due to varying scales and
spectral differences [18].

Recent advancements in deep learning have introduced Large
Language Models (LLMs) and Visual Language Models
(VLMSs) that can understand both text and images [19, 20].
Models such as CLIP and BLIP-2 have shown great potential
for providing semantic explanations of RS data by generating
natural-language descriptions of images [21]. These abilities
are further extended by GenAl, which allows models to give
human-readable explanations, taking image classification to a
whole new level [22, 23].

Remote sensing has been a field of interest for computer
vision researchers in the last decade due to advances in
technology and the abundance of data [17]. Due to the large
amount of remote sensing data, the computational power,
models' generalizability, scalability, and accurate prediction of
each class remain a challenge [24]. With the advent of
Industry 5.0, researchers are shifting towards Al systems and
proposing models that can analyze and classify RS data at low
cost. Many techniques are introduced in the literature for RS
aerial scene classification, LULC classification, and rapid
earth region classification from remote sensing images [16,
18].

Junaid et al. [25] designed a customized CNN model for the
classification of Land cover areas through remote sensing

images. The developed model consists of 40 convolutional
layers, four bottleneck blocks, and four inverted bottleneck
blocks to handle complex data while reducing computational
cost. A fuzzy layer is also introduced to handle unclear
information, which results in better feature extraction. The
image quality is improved by introducing a separate 5-block
CNN, which converts low-resolution images into high-
resolution ones, and a chaotic particle swarm optimization (C-
PSO) technique is incorporated to select the most essential
features. The model is evaluated on three datasets, and
experimental results show that the designed model
outperforms pre-trained and SOTA models by obtaining an
accuracy of 93.5%, 93.30% and 93.34% on the Bijie landslide
dataset, EuroSAT dataset, and NWPU-RESISC45 dataset,
respectively. Fatima et al. [26] presented a novel CNN-based
deep learning model, FMANet, for the classification of remote
sensing images into relevant classes such as land cover,
landslide, and earthquake regions. The presented technique
contains a 20-layered CNN architecture with residual
connections to improve the resolution of the original images.
High resolution images are passed through the FMANet which
further consists of three sub-models: A bottleneck 22,
bottleneck 33, and inverted bottleneck 33. Features from all
three models are concatenated and passes through a classifier
to make predictions which are interpreted by local
Interpretable  Model agnostic  Explanations (LIME).
Experiments are conducted on three datasets, and results
demonstrate that FMANet surpassed all other models on the
Bijie landslide and the Turkey Earthquake dataset by
achieving an accuracy of 92.8% and 99.4%, respectively.
However, on MLRSNet dataset, the accuracy was slightly
lower than some compared studies which needs to be
improved. Albarakati et al. [27] presented a new super-
resolution (SR) technique using deep learning for accurate
LULC classification through RS data. The SR technique is
employed for dataset augmentation that is later passed to
designed deep networks such as ResSAN6 and RS-IRSAN.
The ResSAN6 model consists of 91 layers, whereas the RS-
IRSAN includes 115 layers. The information of both models
has been fused with the help of Mutual Information-based
Serial Fusion (MIbSF), which was later optimized using the
Arithmetic Optimization Algorithm (AOA). Three datasets are
used for the experimental findings, and achieved an accuracy
of 95.7% on the RSI-CB128 dataset, 97.5% on the RSISC
dataset, and 92.0% on the NWPU-RESISC45 dataset,
respectively. Fayaz et al. [28] compared the performance of
three pre-trained models, such as InceptionV3, DenseNetl121,
and ResNet-50, for land area classification. All the models are
fine-tuned to adapt to remote sensing data and then evaluated
on the UCMerced LandUse dataset. Data augmentation is also
applied to prevent the model from overfitting. Comparative
analysis and ablation studies demonstrate that InceptionV3
outperforms DenseNetl21 and ResNet-50 by obtaining an
accuracy of 92%. However, the dataset used in this research is
minimal, which limits the generalization of the model.

Vaghela et al. [29] investigated the performance of different
versions of YoloV8 for agricultural fields identification using
remote sensing imagery. RS images of various classes are
classified using different versions of YoloV8, including
medium, nano, and small. The effects of different

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



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3677131

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 3

hyperparameters —namely, epoch size, learning rate,
momentum, weight decay, and optimizer, are observed across
all versions of YoloVS8. Experimental results show that the
medium version outperformed the other two versions,
achieving an accuracy of 99% at 50 epochs. The accuracies
obtained by the small and nano versions are 98.50% and
98.60%, respectively. Van et al. [30] addressed the potential of
ML and DL algorithms in natural disaster detection through
UAV images and RS data. For this purpose, a customized
climate change dataset is created to target only two calamities:
flooding and desertification. Different open-access datasets are
used as sources, and a new dataset of 6334 images is created.
Four DL models, namely VGG-16, ResNet-50, optimized
DenseNet201, and a custom-made CNN, are evaluated on the
proposed dataset. Experimental findings reveal that all the ML
models have great potential for RS image -classification;
however, DenseNet201 and ResNet-50 gain top positions by
obtaining an accuracy of 99.37% and 99.21%, respectively.
Madala et al. [31] presented a deep learning framework for
crop mapping using remote sensing data. The framework
involves data mining techniques, including normalization and
cleaning, to preprocess the data, followed by Bidirectional
Gated Auto Encoders (BiGAE) for feature extraction. An
opposition learning-based mud ring algorithm (Opp-MR) is
used for feature selection, and an adaptive Kernel fuzzy
clustering (AKFC) technique is used for feature clustering.
After that, crops are mapped by Goshawk Integrated
Convolutional Attention Efficient Net (GICANet) and
obtained an overall accuracy of 97.74%. In [32], the authors
introduced a novel deep learning approach for LULC
classification using remote sensing images. At first, the
original RS images are preprocessed, and classes are grouped
into superclasses and subclasses. The main features are
extracted by a Relational Autoencoder that establishes
relationships between data points across different classes. In
the next step, a Relevance Vector Machine (RVM) and a
Support Vector Machine (SVM) are employed for the final
classification. The presented model is evaluated on three
datasets, and experimental results reveal that the framework
obtained an overall classification accuracy of 96.70% on the
UCM dataset, 95.35% on PatternNet, and 96.26% on the
NWPU-RESISC-45 dataset, respectively. Aljebreen et al. [33]
presented a novel River Formation Dynamics Algorithm
(RFDA) for LULC classification using RS imagery. In the
presented LULCC-RFDADL technique, the authors used a
Dense EfficientNet for feature extraction and the RFDA
technique for fine-tuning of hyperparameters. Multi-Scale
Convolutional Autoencoder (MSCAE) is implemented for the
classification process, and the Seeker Optimization Algorithm
(SOA) is utilized to select parameters for the MSCAE system.
The experimental process of the presented model is evaluated
on the EuroSAT dataset, with results indicating an overall
classification accuracy of 98.12% on the test set and 98.15%
on the training set.

Recent years have also witnessed significant progress in
applying VLMs and LLMs to remote sensing data. Li et al.
[22] provided a comprehensive review of VLMs in remote
sensing, which demonstrates that the models combining both
visual and textual information perform better than visual-only
models in terms of classification, retrieval, and captioning

tasks. Hu et al. [34] proposed RSGPT, a remote sensing vision
language model for image captioning and visual question
answering with reduced hallucinations, whereas Wang et al.
[35] introduced LLM4HRS, an LLM-based spatio-temporal
imputation model for highly sparse remote sensing data,
indicating the performance of LLMs in complex RS
observations. Muhtar et al. proposed SeaMo, a season-aware
multimodal foundational model that incorporates temporal and
seasonal information into remote sensing scene understanding
while Kuckreja et al. developed GeoChat, first grounded VLM
that combines visual question answering, object detection and
regional level image captioning in a single model.

Despite these advancements, most VLM-based approaches
focus on retrieval or captioning tasks and do not integrate
classification with natural-language explanation in a unified
framework. Also, the classification-based approaches
discussed above focused on pre-trained models, fine-tuning,
feature selection, and data augmentation. These methods are
still facing some challenges, such as limited generalization,
less attention towards texture details, data imbalance, high
computational cost, and sensitivity to noise and spatial
variations. To address these challenges, this proposed a
unified framework that combines DFSNet for accurate scene
classification with BLIP-2 for natural language explanation of
remote sensing scenes. Also, the dual stream architecture of
DFSNet captures both local features and global patterns due to
its spatial and frequency domains. These patterns make it
robust to spatial transformations and data variability.
Moreover, the incorporated texture-aware convolutional block
pays attention to image texture, and the Adaptive feature
recalibration blocks improve the overall generalization of the
model by enhancing discriminative features dynamically.
Instead of manual selection, the Bayesian Optimization
technique is applied to optimize the model hyperparameters,
which helps in more accurate and robust classification. The
main contributions of the proposed DFSNet are as follows:

e In the proposed network, a frequency feature
extraction block is incorporated, which converts
spatial features into the frequency domain, thus
providing robustness, translation invariance, and rich
feature representation.

e A texture-aware convolutional block is proposed to
handle texture details in RS data, which promotes
multi-scale robust feature extraction and improves
model generalization while balancing computational

complexity.
e Cross-domain fusion blocks are integrated to promote
information exchange between streams that

ultimately lead to enhanced feature representation,
robustness to spatial variations, and improved
performance on unseen data.

e Adaptive feature recalibration is performed to
emphasize the discriminative features, reduce
computational overhead, and help to improve
generalization and texture handling.

e A pretrained BLIP-2 vision language model is
incorporated into the proposed framework to generate
the natural language explanations of RS images,
improving the interpretability of the model.
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II. DATASETS

A. For Classification

In this work, six datasets are employed that are publicly
available for research purposes. The selected datasets are

MLRSNet, NWPU-RESISC45, EuroSAT, GeoSceneNetl6k,
Cloud dataset, and Bijie-landslide. These datasets are divided
into training and a testing set for the detailed experimental
process of the proposed architecture. Each dataset description
is provided in Table 1, along with references and sample

images.

Table 1: Description and samples of selected datasets

Dataset

Characteristics

Sample Images

MLRSNet [36]

An open-source dataset comprised of 109161 images
across 46 classes, where the number of images varies
from 1500 to 3000 for each class. Images have a fixed
pixel size of 256x256 and varying resolution from
10m to 0.1m. The dataset is annotated with 60 labels,
where each image can have labels from 1 to 13.

NWPU [37]

An open-source dataset consists of 10500 images,
where each image has a dpi of 96x96 and pixel size of
256x256. The dataset is separated into 12 classes, such
as Airfield, Beach, Farm, Parking space, Overpass,
Game space, River, Forest, Harbor, Sparse
Residential, Dense Residential, and Storage tanks.

EuroSAT [38]

It is also an open-access dataset consisting of Sentinel-
2 RGB images, where each image has a pixel size of
64x64 and 10m as the group sampling distance. The
dataset contains almost 27000 images, which are
grouped into 10 classes, such as Forest, Annual Crop,
Herbaceous vegetation, Industrial, Pasture, highway,
Permanent crop, River, Residential, and Sealake.
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GeoSceneNetl16k It is an open-source multi-label dataset containing
16000 images of geospatial data divided across seven
classes, namely Building and structures, desert, forest
area, Hill or Mountain, Ice glacier, Sea or Ocean, and
Street view. Each image is associated with more than
one geographic scene

(https://www.kaggle.com/datasets/prithivsakthiur/multilabel-
geoscenenet-16k).

Bijie-landslide [39] It is also an open-source dataset containing satellite
images of landslides, which are classified into two
groups: landslide and non-landslide. Out of 2773
images, 770 images belong to the landslide class,
while the rest belong to the non-landslide class.

Cloud dataset [40] Cloud dataset is an open-access dataset containing
satellite images of cloud and non-cloud areas, which
can help in cloud detection. About 1342 images are
present in the cloud class, while 1134 images belong
to the non-cloud class. The dataset is sourced from
“Hurricane Lan” open repository.

B. For VLM-based Image Explanation I PROPOSED METHODOLOGY

To generate natural language explanations of RS images, we .. vol di ¢ |
used the publicly available dataset "RSVLM-QA" [41], which Remote sensing images involve a diverse range of structura

contains aerial imagery of various geographic scenes and land- and textual variations that require a fine-grained, high-

use types, including residential areas, densely populated urban 'resolutlon . .archltectu'r N fo'r accurate  classification and
regions, industrial areas, transportation networks, water interpretability. ¥n this section, we presented our proposed
bodies, and forest areas, with proper semantic annotations. novel deep learning framework known as DFSNet-VLM. The

The original dataset was in JSONL format, containing one prop(.)sed. framework n?tegrates “DFSNet”  for  image
entry per image, along with all corresponding semantic classification and pretrained BLIP-2 (OPT) for natural

information: scene-level tags, object-relation pairs, and visual ;anguage ktezt d descrlptlon.f ];lhe prolpose(li) 1 DFSNet-VLM
question-answer pairs. Data preprocessing began with AmeWOrk addresses two fundamental problems in remote

. nsin ne understanding: accurat ne classification an
consistency checks between metadata and samples to exclude ~ SCPSINg scene u derstanding: accurate scene classification and

unavailable samples. A hierarchical approach was used for semantic scene explanation. Given a remote Sensing 1mage
. . : dataset D = {(I;,y;, T}, where I; € RF*W>3 i5 the input
text generation, with scene tags serving as the source for v Yo li)si=1, l p

textual descriptions. When scene tags were absent, object-  iMage, ¥i € {1,2,..C} is the ground truth class label from the
relation annotations were used. A generic description using RS~ C total scene categories, and T; is the natural language
language was assigned in the absence of both scene tags and description ‘?f thq scenc. The goal is to learn two ﬁJnCt}OﬂS3
object relation annotations. All these generated descriptions 1St @ classification function fes:1 =y that maps the input
were then normalized by converting them to lowercase, 1Mage to a predicted class laPel, and second a description
removing special characters, and limiting the maximum length ~ generation function fgesc: 1 — Tthat maps the input image to a
to 20 words. After preprocessing, 180 samples remained, split ~ nhatural language explanation. So, the classification task is
into a 60:15:25 train-val-test ratio. This clean, normalized, and ~ formulated as supervised learning problem where objective is

processed dataset was used for training and testing the robust ~ to minimize the loss function. On the other hand, the
VLM. description generation task is formulated as a language

modeling problem where the objective is to maximize the
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likelihood of generating the correct description given the
image. So, our proposed framework “DFSNet-VLM”
optimizes both tasks independently on the same input image.
A visual representation of the overall framework is shown in
Figure 2.

A. Proposed DFSNet Architecture

The proposed DFSNet model involves both spatial and
frequency domain features to capture local as well as global
repetitive patterns and textures. This technique comprises four
main steps, which involve Fast Fourier Transform feature
extraction, Texture-aware convolutional blocks, Cross-domain
feature fusion, and adaptive feature recalibration before final
classification. These steps allow the model to differentiate
among various classes of remote sensing despite their inter-
class similarity and intra-class variability. Unlike existing
dual-stream networks that typically operate in either spatial
domain only or combine two spatial streams, this network
combines a spatial stream with a frequency-domain stream,
processed through FFT. Also, the integration of texture-aware
convolutional blocks and attention-based cross-domain fusion
at multiple stages instead of the final layer only makes the
proposed DFSNet more effective at capturing both local and
global patterns. Moreover, the proposed model accurately
performed explainability using explainable Al techniques.
Figure 2 shows the complete architecture of the proposed
DFSNet.

1) Fast Fourier Transform Feature Extraction

As shown in Figure 2, the Fast Fourier transform (FFT) [42] is
applied on input images at the initial step to convert the spatial
features into the frequency domain to extract the information

about texture, edges, and overall patterns. Unlike the spatial
domain, which represents the image in terms of pixel
intensities, the frequency domain computes the magnitude
spectrum of the image. It means it is in the form of sinusoidal
components of varying amplitudes, frequency, and phases. RS
images often contain repetitive global patterns, such as
agricultural fields, urban grids, and forest textures, that are
difficult to capture with spatial convolutions alone. The
frequency domain, obtained through FFT, naturally reveals
that RS images often contain repetitive global patterns, such as
agricultural fields, urban grids, and forest textures, which are
difficult to capture. However, the model treats these repetitive
structures as dominant frequency components, making it
easier for it to distinguish between scene categories.
Moreover, these frequency representations are robust to
certain types of noise and slight spatial variations in the image,
enabling the model to detect an object regardless of its
position. In the proposed architecture, a FFT feature extraction
function is defined, which converts an image from the spatial
to the frequency domain by applying a 2D FFT on each
channel separately. For an image of size MXNX3, frequency
component can be computed using Equation (1).

. ux v,

F(uv) = SY B 1Cy) . e /G (M
Here, x and y represents the coordinates of spatial domain
while u and v represents the coordinates of frequency domain.
The variable I(x, y) represents pixel intensities at coordinates
(x,y) while F (u,v) represents the corresponding complex
frequency component. The DFT operation places the DC
component also known as zero frequency component at
F(0,0) which causes inconvenience in visualization and
analysis, as low frequencies are present at corners of output.

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



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3677131

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 7
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for Natural Language Explanation

Input images Textual

annotations

3x3 dlated

Acrial image with town
buildings roads, tiver
lorest, grassland, urban
arca, natural boundary
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LLM Decoder

Output Text: A remote sensing aerial
image showmg an mdustrial storage facility
with multiple large circular oil or chemical
storage tanks, surrounded by infrastructure

networks and adjacent to a water body.

Output

Figure 2: Proposed DFSNet-VLM model for remote sensing image classification

To handle this, a shift operation is performed which shuffles
the indices in such a way that DC component is placed at the
center of output. For M X N array, all the frequencies are
centered around (M/2, N/2) after shift operation. These
shuffled indices can be calculated using Equations (2-3).

u' =u+ (%) 2)
vi=v+ (g) 3)

Where u’ and v’ represent indices after shift operation. The
frequency components contain information about both
magnitude and phase; however, our main focus is on
amplitudes only. While phase information in FFT encodes
structural layout details, it is highly sensitive to small spatial
shifts and misalignments that are commonly present in remote
sensing imagery due to varying acquisition angles and sensor

positions. This sensitivity makes phase features unreliable and
inconsistent across different RS images of the same scene
category. On the other hand, the magnitude spectrum is able to
represent the strength of each frequency component regardless
of their spatial position, providing more stable and consistent
representations. Also, these magnitudes vary in a diverse
range which makes it difficult to process in later stages. For
this purpose, magnitude and log scaling is performed which
discards the phase of frequency components as well as
compress the magnitude range. Mathematically, it can be
defined by Equation (4).

F',v") =log(|F(u,v)| + 10719) “4)

All these operations are performed on each channel separately
which are then combined together to make a MXNX3 output
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tensor. A pictorial representation of FFT feature extraction
block is also illustrated in Figure 3. The frequency and spatial
features extracted through FFT are then passed to their

corresponding texture-aware convolutional blocks for further
refinement.

| Fast Fourier Transform Feature Extraction |

“re ux vy
Faw) = D D 10y eGP
0550

MxNx3 input image

Centre low
frequencies by shifting

[ F(u',v") = log(IF(u',v")| + 10“0)]

MxNx3 Output tensor

2D DFT of MxN image [“' = (]

Magnitude and log

scaling

Figure 3: Pictorial representation of Fast Fourier Transform (FFT) feature extraction

2) Texture Aware Convolutional Block

In this section, the extracted features such as spatial domain
features and frequency domain features are passed to their
corresponding texture aware convolutional blocks (TACB).
The TACB contains a standard 3X3 convolutional layer along
with a dilated 3%x3 convolutional layer to extract local features
as well as capture large-scale textures. A standard
convolutional layer with kernel size of 3X3 and padding of
one capture local information by performing simple
convolutional operation. In dilated convolutional layer,
receptive field is dilated to capture larger area without
increasing computational cost. The receptive field of dilated
convolutional layer depends upon dilation rate d and can be
calculated by Equation (5):

Ckxk)=20+1,20+1 5)

Here k X k represents the receptive field. In this case, d is 2 so
k X k is 5x5. The kernel weights are applied only at positions
(m.d,n.0) where m,n €{-1,0,1}. At these dilated

positions, input pixels are sampled, and the convolution is
computed using Equation (6).

Y'(x,y) = ZmaW(m,n). (x+m.0, y+n.0) (6)

Where W(m,n) represents convolutional weights and
Y'(x,y) represents output at x,y coordinates. The extracted
features of both convolutional layers are then concatenated
and passed to the batch normalization layer to stabilize the
training. It is then followed by a ReLU activation function to
introduce non-linearity which enables the model to capture
complex patterns. The proposed texture aware convolutional
block is shown in Figure 4. In the last, another set of texture
aware convolutional block is incorporated in the architecture
to enhance feature representation before passing the output of
spatial and frequency stream to cross domain fusion block.
The refined spatial and frequency features are subsequently
fed into the cross-domain fusion block, where complementary
information from both streams is integrated.
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Figure 4: Proposed Texture Aware Convolutional Block (TACB) for RS image classification

3) Cross-Domain Feature Fusion

In this section, the proposed cross-domain features fusion
block (CDFF) is presented. A cross-domain fusion block
integrates complementary information from both streams to
enhance the model's overall classification abilities. It works on
a simple principle that spatial features know where things are,
while frequency features know what patterns and textures
exist globally. By allowing these two streams to guide each
other through attention maps, the fusion block helps each
stream focus on the most relevant information from the other.
In simpler terms, spatial features highlight important
frequency regions, and frequency features highlight important
spatial regions, generating a more informed feature
representation. It comprises four main components: spatial to
frequency, frequency to spatial, spatial attention, and
frequency attention. The CDFF block accepts spatial and
frequency features as input and enhances them by performing
a series of operations. First of all, input spatial features are
passed through an 1x1-layer convolutional layer to align them
with the frequency representation. After that, a batch
normalization layer [ is applied to stabilize the training
process which is followed by ReLU activation ¢ to enable
non-linear transformations. A similar procedure is applied to
frequency features to make them compatible with spatial
representations for information exchange. Mathematically, the
CDFF is defined by Equations (7-8).

Sp= a(B(W, xS + by)) (7

Fo=o(B(W;+F + by)) ®)
Where, S represents spatial features, F' represents frequency
features, S represents Spatial to frequency, and F; represents
frequency to spatial. The variable W, and W; represents
corresponding convolutional weights and bg and by represents
bias terms. The spatial-to-frequency features are concatenated
with the original frequency features and passed through a 3x3

convolutional layer, which processes these features to generate
a spatial attention map. This attention map highlights
important spatial regions complemented by overall frequency
representations. After the convolutional layer, a batch
normalization layer is applied to normalize the outputs, which
are followed by the sigmoid activation function that scales the
features in the range of [0,1]. The generated spatial attention
map is then multiplied by the original spatial features to
emphasize the essential features and suppress the less
important ones. Mathematically, it can be represented as:

Sa = (B * (Sg | F)) + by)) )

Ag = S, XS (10)
Where, S, represents spatial attention map and A represents
spatially emphasized feature map. In the same way, frequency
attention map is also generated which is multiplied with
original frequency features to enhance important frequency
features guided by cross domain information. It can also be
represented as:

Fy= pBWf * (Fs 11 ) + bf)) (I

Ar = Fy XF (12)
Where, F, represents frequency attention map and Af
represents frequency emphasized feature map. These spatially
emphasized feature maps are combined with frequency and
spatial features to generate an overall enhanced spatial feature
map. Similarly, frequency emphasized feature maps are added
to spatial to frequency features to produce enhanced frequency
feature representation, which can be defined as:

Spnn = As + [ (13)
FEnh = Af + SF (14)
Here, Sg,n represents spatially enhanced feature map and

Fgnn represents frequency enhanced feature map. A pictorial
representation of proposed cross domain fusion block is
shown in Figure 5.
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Figure 5: Proposed cross domain feature fusion block RS features

After the first cross-domain fusion block, another set of
texture-aware convolutional blocks is incorporated in the
architecture to process these enhanced spatial and frequency
features. Another cross-domain fusion block follows it to
integrate information at higher levels. After that, another
texture-aware convolutional block is followed by a cross-
domain fusion block integrated into the architecture for
higher-level feature extraction and integration. These
emphasized features are then passed to corresponding adaptive
feature recalibration blocks to recalibrate the feature map
based on their channel-wise importance.

4) Adaptive Feature Recalibration and Classification

In this phase, we presented an adaptive feature recalibration
(AFR) block that is incorporated in the architecture for parallel
processing of spatial domain and frequency domain features.
Each block is composed of an adaptive average pooling layer,

which summarizes the spatial information to compute channel-
wise importance. It is then followed by a linear layer, which
reduces the channel dimensions by a factor of 16 to reduce
computational cost and learn spatial interconnections. A ReLU
activation is applied to introduce non-linearity to handle
complex relationships. Another linear layer is used to restore
the original channel dimensions and produce weights that are
later scaled by a sigmoid activation function. These scaled
weights are then multiplied by the feature map, which was
passed as an input to the recalibration block to emphasize
important channels and features. After channel and feature
recalibration, the feature maps of both streams are passed to
their corresponding average pooling layers, followed by a
flatten layer to reduce spatial dimensions to 1x1 and flatten the
pooled features. The outputs of both streams are concatenated
to generate a final feature representation containing both
spatial and frequency features. This representation is then
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passed through the
classification results.

fully connected layer to produce

B. BLIP-2 based Image Description Generation

To provide a semantic explanation of remote sensing scenes
along with simple classification, a pretrained BLIP-2
(Bootstrapped Language Image Pretraining) model is
integrated into the proposed framework. BLIP-2 takes the
same images as input and generates their corresponding
natural language description, working in parallel with
DFSNet. The BLIP-3 model consists of three main
components: a frozen image encoder, a lightweight Query
Transformer (Q-Former), and a frozen Large Language Model
(LLM) decoder based on OPT, as shown in Figure 2.

1) Image Encoding:

Given an input remote sensing image I € RF*W*3  the frozen
image encoder Eg(.) based on VIT, processes the image and
extract visual feature representations. Here, the image is first
divided into fixed-size patches, where each patch is then
projected to a D-dimensional embedding space. The extracted
features are defined as:

V = Eg(I) € R¥»*P (15)
Where, N, denotes the total number of image patches and D
denotes the feature embedding dimension. The image encoder
weights are kept frozen during the training to preserve the
learned visual representations.

2) Query Transformer (Q-Former):
The Q-Former acts as a lightweight bridge between the frozen
image encoder and the frozen LLM decoder. It contains a set
of N, learnable query vectors Q € R¥a*Pa that interact with
frozen visual features V through a cross-attention layers to
extract the most relevant visual information for text
generation. The cross-attention operation between the learned
queries and visual features is mathematically defined as:

T
A = SoftMax (QW‘*(#")) v, (16)
Where, W, € RPa*Pa, W, € R°*P4 and W, € R”*Pa are
learnable projection metrices for queries, keys and values
respectively. The output A € RVa*Pa represents the visually
grounded query features that summarize the most relevant
scene information from the remote sensing image.
The Q-Former output is then passed through a fully connected
projection layer to align the visual query features with the
input dimension of the LLM decoder:
Z = Wproj'A+pr0j (17)
Where Wy, jand by, ;are the learnable weight matrix and bias
of the projection layer respectively.

3) LLM Decoder for Description Generation

The projected features are passed as visual prompts to the
frozen OPT based LLM decoder which generates a natural
language description of RS scene. At each generation step t,
the LLM decoder predicts the next token w, based on visual
prompt Z and all previously generated tokens w.;:

PW¢|Z,wep) = LLM 4o (Z, W1, Wy, e . Wi_1) (18)

The complete scene description T = {w;,wy,..w,} is
generated by sampling tokens sequentially until an end token
is produced or the maximum length L is reached. The
language modeling loss used to train the Q-Former while
keeping both the image encoder and LLM decoder frozen is
defined as:

Ly = = Xt=1 logP (W |Z, wey) (19)

This loss encourages the Q-Former to extract visual features
from the remote sensing image that are most useful for
generating accurate and semantically rich scene descriptions.

C. Training of DFSNet

In this section, we discussed about the training process of the
proposed DFSNet architecture selected six datasets, which are
discussed in Table 1. Each dataset is divided into training and
testing sets. In order to train the proposed model, the training
set of dataset has been employed. For the DFSNet
classification task, a combined loss function is used that
consists of Focal loss and Soft Dice loss, where each
component is weighted by 0.5. Focal loss is selected to
address the class imbalance problem by focusing on hard
samples, while Soft Dice loss is included to enhance the
model's ability to handle multi-class classification. The
combined loss function is defined as:

Lrotar = 0.5 X Leocar + 0.5 X Lyjce (20)

where Leoeq = —a(1 — p.)¥log (p.)with focusing parameter

2¥pidi . .
y =2.0and Lgice =1— ﬁwhere p;is the predicted

probability and g;is the ground truth.
In order to select hyperparameters during the training phase,
we applied Bayesian Optimization (BO) [43] which can
dynamically select the most optimal parameters at limited
resources.
Bayesian optimization is a hyperparameter optimization
technique which is very helpful when objective function is
expensive, and the resources are very limited. Suppose we
have a function f(z) which needs to be maximized, and z is
the input vector. For this purpose, we will built a surrogate
model such as Gaussian process which models the objective
function f(z) as a probability distribution and provides with
the predicted value p(z) and uncertainty in the prediction
02(z) for any value of z. The predictions made by Gaussian
process follows a normal distribution and can be defined as:
f(Zl)l ...,f(Zn) = N(H, ]K) (21)
Where p = [u(zy), ... u(z,)] represents the mean vector and
K represents internal covariate shift where K, , = k(zy,z,)
and,

2
(7 2,) = exp (- 221 (22)

Where, ¢ represents distance between nearby points. Based on
previous predictions {(z-, f (zj))};lzl, GP now predicts the
value at any new point z' by providing the prediction
u(z") and its uncertainty a?(z") which can be defined as:
u(z) = k(z",2)[K(Z,Z) + o2l v (23)
d2(z") = k(z',z") — k(z',Z2)[K(Z,Z) + 621"k (Z, 2")

Here, I represents identity matrix, = [zy,...2,] , V=
[f(z1), ..., f(z,)] and o2 represents noise in observations.
However, the point to be evaluate next is selected by
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acquisition function, Expected Improvement in this case, by
balancing the exploration and exploitation; hence, if the best
observation so far is f(z"), then for any new point z, the
improvement will be:

1(z) = max(O,f(z) - f(z*)) (24)
And, as the function is modeled by GP, the expected
improvement will be:
EI(2) = EU@)] = (n() - f(z) o (M2L2) +

@)-f(z")

o()¢ (M52 (25)
Where @ represents cumulative distribution function and ¢
represents probability density function of standard normal. In
the next step, new points are selected by maximizing this
Expected Improvement. The GP will again predict the value at
this new point based on previous predictions, evaluate it,
update the function, and check for new points. This procedure
continues till we run out of budget, and the point that gives the
best values is selected as the hyperparameter. In this case,
Bayesian optimization has been performed up to 30 iterations
in order to identify the best hyperparameter combinations in
the defined search space. The Gaussian process surrogate
model converged at around 20 iterations (there was little to no
improvement in validation accuracy after that point). The
expected improvement acquisition function was used
throughout the optimization procedure to provide a balance
between exploration of new hyperparameters and exploitation
of currently available effective hyperparameters. The given
hyperparameter range and hyperparameters selected by the BO
are shown in Table 2. Based on these selected
hyperparameters, the trained models are finally utilized in the
testing phase.

Table 2: Hyperparameter range and selected value using BO

Hyperparameter Given Range Selected
Value

Number of Epochs 50-150 Early Stopping

Optimizer Adam, SGD Adam

Learning rate 0.0001-0.01 0.001

Batch size 16, 32, 64 32

D. Integration of BLIP-2 with DFSNet:

The overall proposed DFSNet-VLM framework performs two
tasks simultaneously on remote sensing images as shown in
Figure 6. DFSNet processes its input images through its

spatial and frequency domains to produce a scene
classification label ¥, while BLIP-2 processes the respective
input image to generate a natural language description T. The
two tasks are independent of each other and do not share
parameters, allowing each model to be optimized for its
specific task. The final output of the framework for a given
input image [ for BLIP-2 and X for DFSNet can be
summarized as:

Output = {DFSNet(X) > 9, BLIP_2(I) > T} (26)

The visual testing framework of proposed DFSNet-VLM is
shown in Figure 6.

IV. EXPERIMENTAL SETUP AND PERFORMANCE METRICS

All experiments were conducted in Python using the PyTorch
library and processed on a workstation with a high-
performance server consisting of 2.0 TB of RAM and 16
NVIDIA Tesla V100 GPUs, each with 32 GB of memory. For
DFSNet classification, the model was trained using the Adam
optimizer with a learning rate of 0.001, batch size of 32, and
early stopping patience of 10 epochs. For BLIP-2 description
generation, only the Q-Former was fine-tuned while the image
encoder and LLM decoder remained frozen, using a learning
rate of le-5 and batch size of 16. The classification
performance is evaluated using the Accuracy (the percentage
of correctly classified samples), Precision (the ratio of true
positive predictions to total positive predictions for each
class), Recall (the ratio of true positive predictions to total
ground truth positives for each class), F1-score (the harmonic
mean of precision and recall) and AUC scores (the area under
the ROC curve measuring the model's ability to distinguish
between classes). For description generation, qualitative
evaluation is performed by comparing BLIP-2-generated
descriptions with ground truth annotations to assess semantic
accuracy on RS data.

V. RESULTS AND ANALYSIS

The proposed model results are presented in this section. As
mentioned under section 2, the proposed model is evaluated
on six diverse datasets, including MLRSNet, NWPU-RESISC-
45, EuroSAT, Cloud dataset, GeoSceneNetl6k, and Bijie-
Landslide. A train-test split of 70-30 is performed on all the
datasets, and the model is trained and tested on each dataset
separately. All the testing results are thoroughly examined and
discussed in this section in the form of tables, confusion
matrices, ablation studies, and explainability visualization..
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Figure 6: Training and testing framework of the proposed model using selected RS datasets

A. Classification Results

The proposed model results are presented in this section with
detailed numerical values and confusion matrices. Results are
computed on all six diverse datasets. Table 3 describes the
results of the proposed model on the MLRSNet dataset. In this
table, the class-wise results are presented, and for each class,
precision, recall, and Fl-score are computed. The proposed
model obtained an average accuracy of 97%, a macro average
precision rate of 97%, a recall rate of 97%, and an F1-score of
97%. Also, the weighted precision rate, recall rate, and F1-
Score are 97% which shows the proposed model is robust and
scalable.

Table 4 presents the proposed model results using the
EuroSAT dataset. The obtained average accuracy of this
dataset is 98%. The macro average precision rate of this
dataset is 98.0, the macro recall rate is 98.0, and the macro F1-
score value is 98%, respectively. The same value is obtained
for the weighted precision, recall, and F1-score of this dataset.
Further analysis of this table shows that each class precision
rate is above 95%.

The proposed model results using modified NWPU dataset
(contains 12 classes) are presented in Table 5. The average
accuracy of this dataset is 95%. The macro average and
precision, recall, and F1-Score values are 95.0, 95.0, and 95.0,
respectively. Further analysis of this table show that precision
rate of Game Space and River class is 91% that is less as
compared to other classes. Also, the precision rate of Airfield
class is 92% that is second less value after game Space and
Rive classes. These values show that how the proposed model
shows some difficulty in the correct classification of such
classes.

Table 6 describes the proposed model results using the aerial
scene recognition dataset GeoSceneNetl6K. This dataset
contains geospatial classes such as buildings, forest areas, ice
glaciers, and the sea. The average accuracy of this dataset is
92%, while the macro precision and weighted precision rates
are both 92.0. From this table, it is observed that the Ice
Glacier and Hill or Mountain classes have a lower precision
rate of 88% compared to other classes in this dataset. The
highest precision rate is 98% for the Desert class.

Table 3: Proposed aerial scene recognition results using MLRSNet dataset

Class Precision | Recall | F1- Support | Class Precision | Recall | F1- Support
Score Score

airplane 0.98 0.98 0.98 529 meadow 0.97 0.98 0.97 751

airport 0.96 0.96 0.96 657 mobile home park 0.98 0.99 0.98 750

bareland 0.96 0.97 0.97 450 mountain 0.97 0.97 0.97 750
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baseball diamond 0.97 0.99 0.98 601 overpass 0.93 0.94 0.94 750
basketball court 0.96 0.95 0.95 869 park 0.96 0.95 0.95 505
beach 0.99 0.99 0.99 750 parking lot 0.99 0.99 0.99 751
bridge 0.96 0.92 0.94 750 parkway 0.98 0.97 0.97 761
chaparral 0.99 0.99 0.99 750 railway 0.95 0.92 0.93 750
cloud 0.99 1.00 0.99 539 railway station 0.86 0.88 0.87 656
commercial area 0.96 0.97 0.96 750 river 0.97 0.98 0.97 750
dense residential area | 0.97 0.99 0.98 835 roundabout 0.96 0.95 0.96 612
desert 0.98 0.97 0.98 762 shipping yard 0.99 1.00 1.00 750
eroded farmland 0.97 0.98 0.97 750 snowberg 0.98 0.99 0.99 766
farmland 0.99 0.99 0.99 750 sparse_residential area | 0.97 0.98 0.98 549
forest 0.98 0.99 0.98 750 stadium 0.95 0.92 0.94 739
freeway 0.96 0.98 0.97 750 storage tank 0.99 0.99 0.99 750
golf course 0.99 0.98 0.98 754 swimming pool 1.00 1.00 1.00 601
ground track field 0.97 0.95 0.96 750 tennis_court 0.97 0.96 0.97 750
harbor port 0.98 0.99 0.98 751 terrace 0.98 0.98 0.98 750
industrial area 0.96 0.95 0.96 633 transmission tower 0.98 0.98 0.98 750
intersection 0.98 0.97 0.97 749 vegetable greenhouse | 0.99 1.00 1.00 780
island 0.98 0.99 0.98 750 wetland 0.96 0.96 0.96 784
lake 0.97 0.98 0.97 750 wind_turbine 0.98 1.00 0.99 615
Accuracy 0.97 32749
Macro Avg 0.97 0.97 0.97 32749
Weighted Avg 0.97 0.97 0.97 | 32749
Table 4: Proposed aerial scene recognition results using EuroSAT Table 5: Proposed remote sensing classification results using NWPU
dataset (12 classes) dataset
Class Precision | Recall SICT;;e Support Class Precision | Recall | F1-Score | Support
Airfield 0.92 0.92 0.92 420
AnnualCrop 0.96 0.98 0.97 900
Anchorage 0.99 0.98 0.98 210
Forest 0.99 1.00 1.00 900
Beach 0.97 0.96 0.96 210
HerbaceousVegetation 0.98 0.98 0.98 900
Dense Residential 0.94 0.98 0.96 210
Highway 0.97 0.96 0.96 750
Farm 0.95 0.97 0.96 420
Industrial 0.99 0.98 0.99 750
Flyover 0.95 0.97 0.96 210
Pasture 0.98 0.98 0.98 600
Forest 0.98 0.98 0.98 210
PermanentCrop 0.97 0.96 0.96 750
Game Space 0.91 0.92 0.92 420
Residential 0.99 1.00 0.99 900
Parking Space 0.98 0.96 0.97 210
River 0.98 0.97 0.97 750
River 0.91 0.87 0.89 210
Seal.ake 0.99 1.00 0.99 900
Sparse Residential 0.95 0.96 0.96 210
Accuracy 0.98 8100
Storage Cisterns 0.97 0.92 0.94 210
Macro Avg 0.98 0.98 0.98 8100
Accuracy 0.95 3150
Weighted Avg 0.98 0.98 0.98 8100
Macro Avg 0.95 0.95 0.95 3150
Weighted Avg 0.95 0.95 0.95 3150
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Table 6: Proposed model aerial scene recognition results using
GeoSceneNetl 6K dataset

Class Precision | Recall Sf;;e Support
]:Frﬂftil?issand 091 | 088 | 090 657
Desert 0.98 0.98 0.98 600
Forest Area 0.97 0.98 0.98 681
Hill or Mountain 0.88 0.88 0.88 754
Ice Glacier 0.88 0.88 0.88 721
Sea or Ocean 0.94 0.93 0.93 682
Street View 0.90 0.94 0.92 715
Accuracy 0.92 4810
Macro Avg 0.92 0.92 0.92 4810
Weighted Avg 0.92 0.92 0.92 4810

Another experiment was conducted on the proposed model
using the Bijie-Landslide dataset, which captures information
about landslide regions. Table 7 presents the recognition
results of this dataset, which achieved an average accuracy of
96.03%. The macro average precision rate, recall rate, and F1-
Score value are all 95%, respectively. Also, the weighted
precision rate, recall value, and F1-Score value are all 96%,
respectively. In this table, the landslide class precision rate is
94%, whereas the recall rate is 92%. This high precision rate
and accuracy indicate strong generalization and reliable
classification performance of the proposed model.

Table 8 presents the results of cloud scene recognition using
remote sensing data. For this purpose, a Cloud dataset is
employed, yielding an average accuracy of 98%. Results are
presented in the form of class-wise recognition, with the cloud
class achieving macro precision of 99% and recall of 98%.

These results show that the cloud scene images are identified
with higher accuracy and recall. Overall, the results in this
table indicate the ability to accurately identify cloud and non-
cloud regions for integration into RS pipelines and weather
monitoring systems.

Figure 7 illustrates the confusion matrices of all these selected
datasets. These confusion matrices can be used to confirm the
precision, recall, and F1-score across all chosen datasets. The
diagonal values in these confusion matrices show the correct
prediction rate of each class. Overall, the model's accuracy is
high, and it is highly scalable and generalizable across the
selected remote sensing datasets.

Table 7: Proposed model landslide regions classification using Bijie-
landslide dataset

Class Precision | Recall | F1-Score | Support
Landslide 0.94 0.92 0.93 231
Non_landslide 0.97 0.98 0.97 601
Accuracy 0.9603 832
Macro Avg 0.95 0.95 0.95 832
Weighted Avg 0.96 0.96 0.96 832

Table 8: Proposed model cloud scene recognition using Cloud dataset

Class Precision | Recall | F1-Score | Support
cloud 0.99 0.98 0.98 403
not_cloud 0.97 0.99 0.98 340
Accuracy 0.98 743
Macro Avg 0.98 0.98 0.98 743
Weighted Avg 0.98 0.98 0.98 743
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Figure 7: Confusion matrices across all RS datasets for proposed model performance

B. BLIP-2 Description Generation Results

1) Performance Evaluation of BLIP-2 for Remote Sensing
Scene Description

The performance of BLIP-2 model for remote sensing scene
description generation is presented in Table 9. The model
demonstrates strong captioning performance across standard
natural language generation metrics. The BLEU-1 score of
0.7824 indicates that approximately 78% of unigrams in the
generated  descriptions matched with the reference
descriptions, showing a significant overlap. The BLEU-4
score of 0.6157 further reflects the model's ability to generate
longer descriptions that are well-aligned with ground truth.

EUROSAT DATASET

Confusion Matrix

Cloud Dataset

onfusion Matrix

NWPU DATASET

Confusion Matrix

e Label

o Bl o

chorage -

Dense Residentiel -

Bijie Landslide Dataset

Confusion Matrix

landsiide
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The METEOR score of 0.6542 and ROUGE-L score of 0.7231
further confirms that generated descriptions have semantic
similarity with reference descriptions. The CIDEr score of
1.9745 demonstrates that BLIP-2 effectively generates textual
descriptions that are relevant to actual RS scenes. As for the
computational efficiency, the model achieves an inference
time of 2.34 seconds per image with a throughput of 0.4274
samples per second, which is acceptable for offline analysis
tasks. The model complexity shows that only the Q-Former
module (188.42M parameters) is trainable while the image
encoder and LLM decoder remain frozen, resulting in a total
model size of 2.89 GB.

Table 9: Performance Evaluation of BLIP-2 for Remote Sensing Scene Description

BLIP-2 Task BLEU-1 BLEU-4 | METEOR CIDEr ROUGE-L
Scene Description Generation 0.7824 0.6157 0.6542 1.9745 0.6231
Inference Efficiency

Inference Time (s) 2.34(s)

Throughput (samples/s) 0.4274(s/s)

Model Complexity

Trainable Parameters (Q-Former Only) 188.42 M

Total Model Size (with frozen encoders) 2.89 GB

2) Ablation Study on BLIP-2 Fine-tuning Strategies

To analyze the impact of different fine-tuning strategies on
BLIP-2 performance for remote sensing scene description, an
ablation study was conducted as shown in Table 10. For the
zero-shot baseline (pretrained BLIP-2 model is used without
any fine-tuning), a BLEU-4 score of 0.2847 and CIDEr score
of 1.0234 was observed, which demonstrates the limited
effectiveness for domain-specific RS scenes. When only the

Q-Former module was fine-tuned while keeping the image
encoder and LLM decoder frozen, a substantial improvement
was observed in both BLEU-4 (0.6157) and CIDEr (1.9745).
This strategy proves most effective because here Q-Former
acts as a lightweight bridge that learns to extract visual
features from frozen pretrained image encoder while frozen
LLM decoder maintains its strong language generation
capabilities without overfitting to small dataset. However,
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unfreezing the image encoder results in performance
degradation (BLEU-4 score : 0.5689, CIDEr :1.8524). This
occurs because fine-tuning the large image encoder on a small
dataset causes overfitting and disrupts the rich visual
representations. Full model fine-tuning, where all components
including the LLM decoder are updated, achieves the similar

The ablation study also examined the learning rate to find the
optimal rate that provides the best balance between speed and
performance; le-5 was found to be the optimum rate because
lower rates of le-6 slowed the convergence of the evaluations
and provided suboptimal results, whereas the higher rates of
le-4 led to instabilities and reduction in the quality of the

results (BLEU-4: 0.5356, CIDEr: 1.7987) due to poor
generalization caused by updating all the parameters which
destroys the pretrained knowledge.

descriptions.

Table 10: Ablation Study on BLIP-2 Fine-tuning Strategies

Fine-tuning Strategy BLEU-1 BLEU-4 | METEOR | CIDEr | ROUGE-L
No fine-tuning (zero-shot) 0.5124 0.2847 0.3315 1.0234 0.4192
Q-Former only (selected) 0.7824 0.6157 0.6542 1.9745 0.6231
Q-Former + Image Encoder 0.7537 0.5689 0.6187 1.8524 0.5954

Full model fine-tuning 0.7312 0.5356 0.5921 1.7987 0.5621
Lower learning rate (le-6) 0.7021 0.5932 0.5787 1.7734 0.5487
Higher learning rate (1e-4) 0.6734 0.4654 0.5124 1.6042 0.5223

C. Proposed DFSNet Training Graphs

Figure 8 shows the graphs of training accuracy, training loss,
validation accuracy, and validation loss over epochs for all the
datasets. These graphs show the DFSNet model's trend over
epochs and help us understand how epochs affect the proposed
model's performance. There are four plots in this figure, each
showing accuracy and loss. There are six curves in each plot,
each representing the performance of the corresponding
dataset using the proposed model during training. These
training curves show smooth training losses across all selected
datasets, with a constant decrease until 35 epochs. A similar
trend with the opposite direction is observed in the graph of
training accuracy. However, the graphs of validation accuracy
and validation loss exhibit significant fluctuations, indicating
the model’s struggle with unseen data.

D. Discussion

In this section, the discussion of the proposed DFSNet has
focused on AUC Scores, ablation studies, comparisons with
SOTA, and explainability results. The proposed model's visual
architecture is presented in Figure 2 and was evaluated on six
diverse publicly available datasets. Results of each dataset are
presented in Tables 3-8. To support the results presented in
these tables, confusion matrices are shown in Figure 7. From

these results, it is clear that the proposed model's performance
across all datasets has been outstanding. However, it is
essential to validate the performance of this work through
several steps. Therefore, the first step was to calculate AUC
Scores across all datasets using different pre-trained models
and compare them with the proposed model.

1) AUC Scores

First, the AUC-based analysis has been performed for the
proposed model and several highly popular pre-trained deep
architectures, including AlexNet, VGGIl6, VGGI19,
GoogleNet, ResNet50, and ResNetl01, across all selected
datasets. The AUC score is the area under the ROC curve,
which represents the model's classification performance by
plotting True Positive Rate (TPR) against False Positive Rate
(FPR). An AUC score of 0.5 indicates random guessing, while
an AUC score of 1.00 indicates perfect classification. From
the Figure 9, it is observed that the proposed model
outperforms all pre-trained models, achieving AUC scores
above 0.97 across all datasets, demonstrating its strong
classification performance. Specifically, the performance on
MLRSNet is highly remarkable: the highest AUC score
achieved by a pre-trained model was 0.920, which the
proposed model significantly improved to 0.990.
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Training and Validation Metrics Across Datasets
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Figure 8: Training graphs of DFSNet architecture across all selected datasets
AUC Scores of Models Across Datasets 2) Ablation Studies on DFSNet architecture
During the further analysis of the proposed architecture, we
conducted several ablation studies. The purpose of these
ablation studies is to analyze the impact of each component in
the proposed DFSNet. Ablation studies include removing the
0% frequency-domain stream, replacing the log-scaled FFT with

AlexNet 0870
095
VGG16

veG1o raw magnitudes, simplifying and removing fusion modules

o and feature recalibration blocks, modifying texture-aware

3 GoogeNiet "% convolutional blocks, and replacing the FFT with DCT (see
: § Table 11). The model is evaluated across all datasets to
- 0550 -080 analyze changes in performance metrics, including accuracy,
precision, recall, and F1-Score. Figure 10 illustrates the results

N o550 - of all ablation studies across all datasets. From this figure, it is

observed that the proposed model (Base) achieved the highest
accuracy across all datasets compared to other components. In
addition, it is noted that each element affects precision,
especially cross-domain fusion and Recalibration: Simplified

Proposed 0.990 0995 0.980 0.995 0.985 -070

MLRSNET EUROSAT NWPU  GeoSceneNeti6k  Cloud Bijie Landslide .
Dataset Pooling.

Figure 9: Analysis of proposed model with pre-trained models based
on AUC score across all datasets

Table 11: Ablation studies of the proposed DFSNet using selected components
1D Ablated Component Modification Description

Base — Full DFS-Net: Spatial + Frequency streams, Fusion, Recalibration,
Texture-Aware Conv

Al Frequency Domain Stream Removed FFT-based stream entirely
A2 | FFT (Magnitude) Replaced log-scaled FFT with raw magnitude
Bl Cross-Domain Fusion Block Removed all fusion modules; no interaction between streams
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B2 Fusion Simplification Replaced attention-based fusion with simple addition

Cl1 Adaptive Feature Recalibration Removed channel-wise recalibration block

C2 Recalibration: Simplified Pooling = Used global avg pooling instead of MLP-based recalibration

Dl Texture-Aware Conv Block Replaced with standard 3x3 convolutions

D2 Dilated Convs Only Used only dilated convolutions in texture-aware blocks
El Dual-Stream Design Removed frequency stream (spatial only)

E2 Early Fusion Only Merged spatial and frequency features at input only

F1 Single-Level Fusion Fusion applied only at final layer

11 FFT — DCT Replacement Replaced FFT with Discrete Cosine Transform

Ablation Study Results Across Datasets and Metrics
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Figure 10: Ablation studies results across all RS datasets

3) Comparative Analysis with Pretrained Models performance metrics—accuracy, precision, recall, and F1-

score—for all selected pre-trained and proposed models.
In this section, further analysis of the proposed model using  Based on these plots, the proposed model performs better than
popular pre-trained architectures, including AlexNet, VGG16, the other listed models across accuracy, precision, recall, and
VGG19, GoogleNet, ResNet50, and ResNet101, is conducted  Fl-score. The difference in peak heights indicates a significant
across all the considered datasets. Figure 11 shows the improvement in performance compared to other models.
analysis of this ablation study. In this figure, four plots show
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Model Performance Metrics Across Datasets

Model Accuracy per Dataset

—GE1E
—GO1D

GangleNst

& - ResNetsh

m— ResNeti0l

= Propased
a0
40
EY
o

&

n
&
&

Aecuracy (%)

&
s
&

&
U&c @
Dataset

Model Recall per Dataset

a0
a0
40
™

o

o

— A\ExNel
- VGG1E

—-— G.mglaNa(

— RasNat101
e Propased

Real (%]

.§

Datasel

Figure 11: Comparison of proposed model performance with pre-trained deep architectures
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4) Comparative Analysis with SOTA Models VGG16 + SR-NET [46] - 73.80
. . VGG19 [46 - 67.10
The proposed model's performance is also compared with [46]
SOTA RS models on selected datasets (see Table 12). The | VGGI19+ SSM [46] - 72.91
comparison is conducted to assess its effectiveness relative to VGG19 + SRBM [46] : 7012
the average accuracy of other models. There are more than 23
recent models compared with DFSNet on the MLRSNet | VGGI9 + SR-Net [46] - 73.33
dataset, and the results show that DFSNet achieved a ResNet50 [46] N 35.68
remarkable accuracy of 97.13% which is way higher than the
highest accuracy achieved by existing models. The existing | ResNet50 + SSM [46] - 86.58
popular models such as FMA-Net [26] obtained an accuracy  ["ResNet50 + SRBM [46] _ 86.07
of 91.0, AMEGRF-Net [44] achieved 91.51, and Yang X. et
al. [45] obtained 82.59%, respectively. Other models | ResNetS0+SR-Net[46] | - 87.21
computed mF1, and overall, the proposed model shows ResNet101 [46] B 86.05
improved performance. Similarly, DFSNet is compared with
other existing techniques on the NWPU EuroSAT datasets. | ResNet101+SSM[46] . 86.92
The proposed architecture shows significant improvement in ResNet101 + SRBM [46] _ 87.71
the accuracy across these datasets.
ResNet101 + SR-Net [46] - 87.55
DenseNet201 [46] - 86.17
Table 12: Comparative analysis with SOTA models using selected
RS datasets DenseNet201 + SSM [46] | - 86.56
MLRSNet dataset comparison DenseNet201 + SRBM | - 86.26
Architecture Accuracy mF1 [46]
FMA-Net [26] 91.0 DenseNet201 + SR-Net | - 87.36
AMEGRF-Net [44] 91.51 [46]
Yang X. et al. [45] 82.59 proposed 97.13%
VGG16 [46] ; 63.01 NWP'U dataset comparison
Architecture Accuracy
VGGI16 + SSM [46] - 72.44 Khan J.A et al. [25] 933
EAM [47] 93.04
VGG16+ SRBM[46] - 71.26 WSADAN-ResNet50 [48] 92.63
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BestC [49] 95.28 EfficientNet [52] 85.23
Albarakati, H.M., et al. [50] 91.7 MobileNetV2 [53] 87.52
Proposed 98.00% InceptionV1 [54] 88.51
EuroSAT dataset comparison Proposed 92.25%
Global Optimal structured loss [51] | 88.68

5) Generalizability Analysis

To demonstrate the generalizability of the proposed DFSNet-
VLM framework across diverse remote sensing datasets and
scene types, Table 13 summarizes the overall performance
metrics. The consistent high performance across six diverse
datasets with varying scene types, spatial resolutions, and
sample sizes demonstrates the strong generalizability and
robustness of the proposed framework. The model maintains
accuracy above 92% across all datasets despite significant
domain variations, confirming its scalability for real-world
remote sensing applications.

6) Proposed Model Explainability

The proposed model explainability is evaluated under this
section using Grad-CAM++ and Grad-CAM++ overlay. The
trained models (different datasets) are applied to test images
(unseen images), predictions are generated, and the results are
then visualized using Grad-CAM techniques. Figure 12
illustrates the visual output of the proposed model and shows
that the heatmap is generated effectively within the exact
region of interest. Moreover, it is also noted that the Grad-
CAM++ overlay performed well in terms of better
explainability of visual features. For example, the heatmap is
generated in a non-cloud region, identifies highways,
identifies rivers, and identifies airplanes with higher
probability scores. Based on these visualization results, the
proposed model clearly demonstrated strong explainability.

Table 13: Generalizability Analysis of proposed DFSNet Model on RS data

Dataset No. of DFSNet Avg Precision | Avg Recall (%) Avg F1-
Classes Accuracy (%) (%) Score (%)
MLRSNet 46 97.0 97.0 97.0 97.0
NWPU-RESISC45 12 95.0 95.0 95.0 95.0
EuroSAT 10 98.0 98.0 98.0 98.0
GeoSceneNetl 6k 7 92.0 92.0 92.0 92.0
Cloud 2 98.0 98.0 98.0 98.0
Bijie-landslide 2 96.03 96.0 96.0 96.0
Average across all 96.0 96.0 96.0 96.0
datasets
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Figure 12: Proposed model explainability results on test images using Grad-CAM++
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VI. CONCLUSION

This paper presented a novel unified framework, DFSNet-
VLM, that combines a dual-stream deep learning architecture
with vision-language modeling for comprehensive remote
sensing scene understanding. The proposed DFSNet
architecture leverages spatial and frequency-domain features
to extract information about local and global patterns and
textures in RS images. In contrast, the integrated BLIP-2 VLM
generates natural-language descriptions to provide semantic
explanations of classified scenes. The model also incorporated
an attention-based cross-domain fusion block that exchanges
information between the two DFSNet streams at multiple
stages. During the training phase, the hyperparameters of the
proposed DFSNet model are initialized using Bayesian
Optimization (BO). In the experimental process of the
proposed model, six diverse datasets are used for evaluation,
achieving improved accuracy of 97.13% on MLRSNet,
94.67% on NWPU-RESISC-45, 98.00% on EuroSAT, 92.25%
on GeoSceneNetl6k, 98.25% on cloud, and 96.03% on the
Bijie-landslide dataset, respectively. Detailed ablation studies,
comparative analyses with pre-trained / SOTA models, and
ROC plots demonstrate the generalization and scalability of
the proposed model across selected datasets. In addition, the
model's explainability on unseen images shows how well the
learning process has been conducted on the training data.
Overall, the proposed model shows improved performance
across diverse publicly available datasets. The key findings of
proposed work are:

e DFSNet's frequency-spatial domain fusion achieves
96.06% average accuracy across six diverse datasets,
outperforming state-of-the-art CNN-based models for
remote sensing scene classification.

e Fine-tuning only BLIP-2's Q-Former while freezing
the image encoder and LLM decoder proves most
effective for remote sensing description, achieving
BLEU-4 of 0.6157 with 116% improvement over
zero-shot performance.

e The unified DFSNet-VLM framework successfully
combines accurate classification with natural
language explanation, enhancing interpretability and
semantic  understanding in remote  sensing
applications.

Despite the promising results, certain limitations are present.
The BLIP-2 component of the framework was evaluated on a
limited dataset of 180 image-text pairs, which limits its
generalization capability. Additionally, the current framework
processes only RGB imagery and does not evaluate on
multispectral or multitemporal data. Future work will focus on
creating larger-scale multimodal remote sensing datasets with
rich textual annotations and fine-tuning BLIP-2 with domain-
specific remote sensing captions to improve description
quality.
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