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Abstract: Remote sensing image classification (RSIC) is crucial for many environmental and urban applications. RSIC
can be difficult due to the high variability and dimensionality in remote sensing image data. This paper presents a novel
framework that combines Transformer-based U-Net (TransUNet) and eXtreme Gradient Boosting (XGBoost) for RSIC.
TransUNet, known for its powerful feature extraction capabilities, efficiently captures contextual and spatial information
from remote sensing images. Additionally, XGBoost improves classification accuracy by efficiently managing high-
dimensional data. TransUNet was originally designed for image segmentation tasks, instead of classification. Its
architecture is designed to excel at segmenting complex details within images. In our proposed framework, we have
adapted TransUNet by adding a classification layer. The fully connected layer of TransUNet serves as the base learner
for XGBoost, forming a robust framework for efficient RSIC. This hybrid approach, which combines TransUNet and
XGBoost, offers multiple benefits. TransUNet maintains complex details and spatial relationships in images, which
improves feature representation. XGBoost provides high predictive accuracy and prevents overfitting with the help of
gradient boosting algorithm. This combination tackles challenges in RSIC, such as variations in image quality and noise.
We evaluated the proposed approach using high-resolution remote sensing images from the RSI-CB 256 and NWPU-
RESISC45 datasets. Our findings show that our framework has outperformed other existing baseline models, attaining an
impressive classification accuracy of 91% in RSIC. The experimental results indicate that our approach not only enhances

classification accuracy but also remains robust against variations in image quality and noise.

Keywords: Remote Sensing Image classification, Deep learning, TransUnet, ResUnet, SwinUnet, XGBoost

1. Introduction

RSIC, has lately drawn significant research interest by
harnessing the capabilities of deep learning methodologies
(Yang et al., 2010). Previously, conventional techniques
relied on handcrafted features derived from image
processing methods like colour histograms, SIFT
description (Yang et al., 2008), Gabor-based texture
features (Yang et al., 2008), and machine learning models
like Support Vector Machine (Gualtieri et al., 1999). In
recent times, Convolutional Neural Networks (CNNSs) have
attained substantial popularity within the realm of
classification systems, setting them apart from other
classification algorithms. This is attributed to CNN's
operational similarity with the neural networks in the
human brain. In comparison with statistical classification
methods, artificial neural network approaches offer distinct
advantages. Latest publications on RSIC have showcased a
diverse array of deep learning based models, primarily
rooted in deep CNN frameworks. Typically, these newly
proposed models employ the convolution operation to
gather global features from remote sensing images,
stacking multiple convolutional layers to enhance network
depth and facilitate ease of training.

CNN significantly enhances the classification accuracy of
RSIC. Nonetheless, the rising resolution of remote sensing
images brings more detailed categories, leading to

challenges like greater intraclass diversity and increased
interclass similarity. Commonly used models for image
classification, such as DeepLab (Chen et al., 2017), SegNet
(Badrinarayanan et al., 2017), and Unet (Ronneberger et
al., 2015), are useful. As highlighted by (Li et al., 2021)
techniques based on deep learning have proven to be mostly
more efficient as compared to simpler classification
approaches, like the SVM method by authors (Gualtieri et
al., 1999 ). Furthermore, authors have employed CNNs in
their study for water body segmentation, avoiding the use
of manually crafted features (Miao et al., 2018).
Autoencoders were used to obtain complex feature maps of
images of high resolution. Additionally, a technique using
Faster RCNN to identify water bodies in satellite images,
which, as highlighted by the authors, demonstrated better
performance when compared with conventional CNN
inspired methodologies (Gharbia et al., 2023).

RSIC is considered conceptually as a combination of the
first extraction of features and then their classification.
Initially, the model obtains important features, enhancing
the subsequent classifier's ability to differentiate among
these features more effectively. Then, this classifier takes
in the extracted features and efficiently identifies them.
Feature extraction stands as a crucial component within an
image classification system, directly impacting the
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classification's overall performance. In image classification
tasks, the quality of extracted features significantly affects
the classification's accuracy. Until the application of neural
networks (NNs) to image classification, prior
classifications struggled to fully extract information from
image features. Thus, image classification emerged as a key
research area within this domain. Theoretically, NNs
possess the capability to approximate complex functions

However, despite CNNs being acknowledged as potent
feature extraction mechanisms, the layer for classification
within CNNs struggles to comprehensively grasp the
information from the extracted features. A single classifier
often struggles to handle diverse and complex data features
effectively. Ensemble learning addresses these limitations
by combining multiple classifiers, each processing distinct
hypotheses. This union constructs a stronger hypothesis,
resulting in superior predictions.

Studies have demonstrated that ineffective classifiers, when
integrated, can produce precise estimations provided
sufficient data is available (Kearns et al., 1994). The results
highlight the superior learning ability of ensemble learning
compared with one classifier, like the improved gradient
boosting algorithm, Extreme Gradient Boosting Trees
(Chenetal., 2016). A hybrid classification method utilising
a CNN and XGBoost model for image classification is
presented by the authors, where CNN is used for the
extraction of features and XGBoost for effective image
classification (Ren et al., 2017). It overcomes the
limitations of classical models such as SVM and KNN by
taking advantage of the hybridisation of the deep learning
architecture and the techniques that deploy an ensemble for
the advancement of accuracy. The framework exhibits
exceptional performance on benchmark data such as
CIFAR-10 and MNIST. The MNIST image database
contains 70,000 grayscale images of 10 handwritten digits
(from 0 through 9), where every image is of size 28 by 28
pixels, typically used for the classification of digits. The
CIFAR-10 database contains 60,000 coloured images, of
size 32x32 pixels, distributed into 10 classes, and it is
considered a benchmark for image classification. Although
the framework offers higher feature utilisation and
classification accuracy, it too comes with limitations such
as increased computational complexity, the necessity for
proper hyperparameter adjustment, and the possibility of
overfitting.

SandUnet, derived from Attention U-Net, preserves
intricate dune details by retaining uncompressed input
signals (Tang et al., 2023). It proceeds with dune-type
classification, utilising a fine-tuned MobileNet. This
MobileNet combines pretrained knowledge with
customisation for adapting to sand dune imagery,
autonomously classifying each dune image into six types.
Method faces challenges due to spectral similarity between
dunes and inter-dune areas, making accurate classification
difficult. DRSNet, a customised convolutional neural
network for Landsat 8 remote sensing applications,
optimised for processing small image patches, is discussed
in the paper (Chen et al., 2021). This architecture integrates
a unique residual inception channel attention block,
merging Inception-ResNet and channel attention for
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and effectively tackle the challenge of image feature
extraction. CNNs serve as efficient neural network models
for the same. The convolution kernels within CNNSs,
particularly in the convolutional layers, are responsible for
the extraction of features. Utilising convolution, CNNs
automatically extract image features, while their
hierarchical structure learns high-quality features at each
layer.

enhanced feature extraction. To prevent representational
limitations, pooling layers are swapped with reduction
modules. Moreover, the strategic use of up-sampling steps
before final pooling layers helps recover information lost
during earlier down-sampling phases. DRSNet has various
limitations, like high computational demand, limited
generalisation, and sensitivity to small patches in remote
sensing image classification. To obtain distinct image
representations, authors have introduced a method called
Aggregated Features from Dual Paths (Shaheed et al.,
2023). This approach involves using streamlined
convolutional neural networks to create a dual-branch
feature extraction method with less parameters. Then, apply
a unique feature fusion technique in which they combine
bilinear pooling and feature connection concepts. This
fusion stage helps to learn discriminative image features
effectively. However, faces issues with high computational
complexity, large memory requirements, and difficulty in
training efficient models on diverse datasets. A CNN model
using a specialised block, the residual dense attention block
(RDAB), to extract discriminative features from remote
sensing scenes (Wang et al., 2022) is demonstrated in the
paper. Instance-level vectors are generated from these
features, emphasising local information relevant to bag-
level labels. A multi-instance pooling strategy guided by
channel attention is utilized to emphasize on critical data
and filter out non-essential features. Optimization of the
network is achieved through the cross-entropy loss,
ensuring  precise  output  predictions.  Gradient
disappearance in deep networks and potential overfitting on
complex remote sensing datasets often add limitations.

CNNs, while being effective in image processing,
sometimes are unable to capture very fine details or
complex structures within the images. Due to their
dependence on convolutional layers, CNNs focus more on
localised patterns, which might limit them from
understanding deeper contextual relations or finer texture
variations. Therefore, intricate image representations, for
instance, fine-grained object information or abstract spatial
configurations, could not be well represented, causing
misclassification or loss of significant visual details. To
counter the above issues, we propose an innovative RSIC
approach that integrates TransUnet and XGBoost.

By leveraging the Transformer-based architecture of
TransUNet, the proposed framework excels in capturing
and preserving fine-grained details and spatial relationships
in remote sensing images. This results in improved feature
representation, enabling more accurate classification. The
TransUNet-XGBoost framework demonstrates robustness
to variations in image quality and noise. The novel
modification of TransUNet, originally designed for image
segmentation, to include a classification layer for RSIC is a
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significant advancement. This adaptation ensures that the
framework is optimised for the unique challenges of
classification tasks. The key innovation in this approach is
the fusion of a segmentation framework, TransUnet, for the
extraction of features and XGBoost for efficient image
classification. Utilising the fully connected layer of
TransUNet as a base learner for XGBoost creates a

2. Dataset

For our experimentation, we have utilised two widely
recognised image datasets for RSIC: NWPU-RESISC
(Cheng et al., 2017) and RSI-CB256 (Li et al., 2017).
Figures 1 and 2 illustrate a few samples from the image
dataset of NWPU and RSI datasets, respectively. Below is
a summary of the main features of both datasets.

The dataset NWPU-RESISC45  established by
Northwestern Polytechnical University is an extensively
recognised benchmark for RSIC (Cheng et al., 2017). It
features 31,500 images organised into 45 distinct
categories, with each category containing 700 images. This
dataset serves as an essential resource for the research
community to design and evaluate diverse data-driven
algorithms. Captured in RGB colour space and with
dimensions of 256 x 256 pixels, the dataset has several
notable characteristics:

1. Its extensive coverage is demonstrated by the multitude
of classes and the substantial overall count of images.

2. It captures a large range of variations, including
illumination, spatial resolution, viewpoint, object pose,
translation, and background occlusion.

3. Each class shows significant internal diversity while
maintaining clear similarities with other classes.

The proposed framework is also evaluated on RSICB256
(Li et al., 2017), it features a broad range of images. The
dataset has images from four distinct classes, collected
from Google Maps. The visuals highlight the dataset’s
complexity by displaying Points of interest across multiple
countries were analysed using remote sensing imagery
sourced from both Bing Maps and Google Earth, featuring
spatial resolutions which range between 0.22 to 3 meters.
This dataset uses a graded classification system. Influenced
by the Chinese land-use framework, it is modified to
address various object classification needs while
functioning as a robust benchmark for research and
experimentation. Our method was evaluated on 4,000
labelled and georeferenced images distributed among four
classes: dense residential, bridge, airplane and beach.
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streamlined and efficient classification framework. The
ensemble effect created by combining TransUnet and
XGBoost leads to efficient classification as compared to
leveraging either model in isolation. The framework is
designed to be robust and generalise well to different
remote sensing scenarios.

Figure 2: RSI-CB256 Dataset: Top to Bottom - Clouds,
Deserts, Green Area, and Water
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Figure 3: The proposed model’s systematic flow diagram

3. Materials and methods

The proposed architecture presents a unique method for
RSIC. The suggested methodology comprises two primary
phases: feature extraction employing TransUnet (Chen et
al., 2021) and subsequent classification through XGBoost
(Chen et al., 2016). TransUnet is utilised for extracting
features, as illustrated in Figure 3. The figure represents the
architecture of the proposed framework. Preprocessing is
first applied to the image dataset. Normalisation, resizing
images to size 256x256, changing images to the RGB
colour space, and categorical labels for images are
represented in the preprocessing steps. Images are then fed
into the initial stage of TransUNet, where the significant
features are extracted.

Normalisation during image pre-processing converts pixel
intensity values to a standard range, improving contrast and
making images suitable for further processing.
Normalisation provides consistency in images and thus
improves the performance of the model on classification
and object detection tasks. The extracted features are then
reshaped into a feature vector and input to the classification
layer for processing using XGBoost. The inverse
transformation is then applied to the labels. Remote sensing
images used in this paper were obtained from the RSI-
CB256 (Li et al., 2017) and NWPU-RESISC45 (Cheng et
al., 2017) datasets. The datasets hold a very diverse set of
images ranging over various land cover classes.

The main feature extractor is TransUNet (Chen et al.,
2021), which was initially created for image segmentation.
It uses remote sensing images to extract contextual and

spatial information by utilising the transformer
architecture. TransUNet (Chen et al., 2021) is the first
medical image segmentation framework that uses

sequence-to-sequence prediction to incorporate self-
attention mechanisms. By using a hybrid CNN-
Transformer design, this framework overcomes the
prevalent problem of resolution degradation in Transformer
models. It makes use of both the broad contextual insights
provided by Transformers and the fine-grained spatial
detail captured by Convolutional Neural Networks
(CNNSs). It enhances the self-attention features produced
by Transformers and combines them with high-resolution
CNN outputs through skip connections from the encoder
pathway, taking inspiration from the U-shaped architecture.
Because of this integration, precise localisation is made
possible, effectively maintaining the benefits that come
with Transformers.

The TransUNet is adapted by incorporating a classification
layer into its framework in our paper. TransUNet's fully
connected layer is modified to predict class probabilities
corresponding to the remote sensing images. The adapted
TransUNet processes input images to extract high-
dimensional feature representations. These features capture
intricate details and spatial relationships within the images.
The fully connected layer of the adapted TransUNet acts as
the base learner for XGBoost, with the extracted features
being input into the XGBoost algorithm for further
processing and classification.

XGBoost, an ensemble learning technique built on gradient
boosting, is employed for enhancing classification
accuracy. It efficiently handles high-dimensional data and
provides robustness against overfitting. The extracted
features from TransUNet are utilised in the training of the
XGBoost classifier. Below are the mathematical
representations of each stage, from preprocessing to label
prediction.

1. I represent the input remote sensing image. The pre
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processing step involves:
I’ = Preprocess(l) 1)

Here, I’ represents the pre-processed image, with
preprocess functioning as the operation that executes
the required preprocessing steps.

2. The encoder part of TransUNet, which typically
comprises convolutional layers along with a series of
transformer blocks

Z= fencoder( | ) (2)

where Z denotes the features derived from the image.
These features are then processed through the transformer
blocks to extract spatial and contextual information
effectively.

3. Next, the decoder processes these features
S= fdecoder( z ) (3)
where S denotes the output segmentation map, where
each pixel in the image is labelled with its
corresponding class.

4. After obtaining the segmentation map or features from
TransUNet, these extracted features are input to
XGBoost for performing the classification task.
XGBoost works by learning a decision tree ensemble
to predict class labels.

5. Frepresents a matrix of extracted features.Y represents
predicted class labels from the XGBoost classifier.

Y= XGBoost(F) (4)

where XGBoost(F) denotes the classification process,
using the features F for training.

XGBoost (Chen et al., 2016) utilises an ensemble learning
methodology that builds an effective predictive model by
integrating the predictions of various weaker models.
XGBoost is constructed on a gradient boosting framework.
It uses decision tree ensembles as its base learners. The
decision trees are trained consecutively, where each tree
addresses the errors of its predecessor. XGBoost integrates
L1 and L2 regularisation terms within its framework to
enhance performance and prevent overfitting. XGBoost
provides a feature importance score, highlighting the
significance of each feature in the model's predictions. This
is valuable for feature selection and understanding the data.
Cross-validation is often used with XGBoost to assess
model performance and select hyperparameters effectively.

The objective of XGBoost is to minimise an objective
function that represents the total of the regularisation term
and loss function. The XGBoost mathematical function is:

. n PN k
0bj(6) = X, L e 90 + Zkzlﬂ(fk) ()
Obj(6) denotes the objective function to be minimised,

wherein 6 symbolizes a collection of model parameters. f
are the individual decision trees within the ensemble, while
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K represents the total count of trees in the ensemble. y;
signifies the true (actual) target label, and ¥;denotes the
predicted target label. The function I(y;, 9;) calculates the
differences between the predicted and actual values.

4. Results and discussion

The proposed system leverages a hybrid TransUnet and
XGBoost model, which captures high-resolution spatial
information and global contextual information. This
combination is better performing in feature representation
and preserving fine-grained detail. The other baseline
models employ convolutional layers solely for feature
extraction. Even if successful, they cannot capture the
global context as efficiently as the Transformer-based
models like Trans UNet. TransUnet employs self-attention
mechanisms, enabling the model to focus on important
regions of the image. This further boosts the accuracy of
the classification by focusing on important features. In
comparison, other baseline architectures lack inherent
attention mechanisms, which may lead to less emphasis on
features and lower classification accuracy. XGBoost, an
efficient ensemble learning algorithm, further improves the
accuracy of classification by handling high-dimensional
data efficiently.

For classification accuracy evaluation of TransUnet-
XGBoost model and other baseline frameworks, we have
implemented some additional baseline models such as Unet
(Ronneberger et al., 2015), SwinUnet (Cao et al., 2022) and
ResidualUnet (Diakogiannis et al., 2020), which are
employed for feature extraction and XGBoost is used for
classification. Tables 1 and 2 present the classification
accuracies obtained from these baseline models on the
utilised datasets, respectively, along with the proposed
classification model.

Table 1. Comparison of the proposed framework's
accuracy with baseline models on the NWPU dataset

Feature Extraction Classifier Performance

Method Used Accuracy
(%)

UNet XGBoost 86.11

ResUNet XGBoost 82.97

SwinUnet XGBoost 90.16

TransUNet: XGBoost 91.12

Proposed Framework

Table 2. Comparison of the proposed framework's
accuracy with baseline models on the RSI dataset

Our proposed framework attained an average classification
accuracy of 91.12 % on NWPURESISC and 89.32 %
accuracy on the RSI-CB256 datasets, surpassing the other
baseline models. The model showcased its ability to

classify

Feature Extraction Classifier Performance
Method Used Accuracy (%)
Unet XGBoost 86.21
ResUNet XGBoost 88.50
SwinUnet XGBoost 85.50
TransUNet: XGBoost 89.32

Proposed Framework
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remote sensing images, demonstrating an impressive
ability to correctly classify even when provided with poorly
illuminated or visually similar images. The classification
prediction results for the four classes across the datasets are
illustrated in Figure 4 and Figure 5.

150

200

250 e PPy
0 50 100 150 200 250

The Prediction for this image is: [dense_residentiaf]
The actual label for this image is: dense_residential

The Prediction for this image is: [airplane’]
The actual label for this image is: airplane

100 150 200 100 150 200 250
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The actual label for this image is: bridge

Figure 4: Prediction results for four classes using NWPU
image dataset

In this study, deep learning experimentations are performed
utilising the Keras. To keep reliability and fairness,
identical hyperparameters were applied across all networks.
The TransUNet implementation employed Python 3.7 and
TensorFlow 2.2, with the ReLU activation function
integrated. Experimental outcomes signify that our
framework, TransUnet and XGBoost, generates
transferable features with a high degree of robustness,
resulting in improved classification accuracy. XGBoost
achieves better classification performance due to its high
predictability, which can effectively identify the complex
relations and characteristics involved in the remote sensing
images. At the same time, the proposed model excels in its
ability to distinguish images with similar characteristics but
having different classes. Robustness of the framework was
evaluated using essential evaluation metrics, i.e., recall, F1
score, and precision, as described (Vapnik et al., 1999).
They were calculated taking into account a per-pixel
confusion matrix for each patch of an image.

Moreover, Tables 3 and 4 showcase the classification
reports of all four classes utilised in our proposed system,
respectively. These reports provide metrics like Precision,
Recall, and F1 scores. Significantly, the dense residential
category has attained maximum Precision, F1 score and
Recall, on the NWPU and RSI datasets.

Vol. 19, No. 2, October 2025
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Figure 5: Prediction results for four classes using RSI
image dataset

Table 3. Performance metrics of the proposed system:
Precision, F1 scores and Recall, and of four classes using
the NWPU-RESISC45 dataset

Class Precision F1 Score Recall
Airplane 89 91 91
Bridge 89 88 88
Beach 90 88 85
Dense Residential 93 94 96

Table 4. Performance metrics of the proposed system:
Precision, F1 scores and Recall, and of four classes using
the RSI-CB256 dataset

Class Precision F1 Score Recall
Cloudy 72 83 98
Green Area 98 95 97
Desert 99 76 62
Water 93 95 99

The ROC curve is commonly used methodology for
visually assessing classifier performance. Generally, a
higher area under the curve of ROC curve reflects better
performance, as highlighted by authors (Fawcett et al.,
2006). The proposed framework surpasses other baseline
models in AUROC for multiple classes. Notably, it attains
the highest score, with the Swin-Unet model following at
AUROC = 0.94, and ResUNet registering the minimum
AUROC value. Interestingly, the proposed framework
secures the highest AUROC for the dense residential class.
These findings highlight the effectiveness of the proposed
framework compared to baseline models. Figure 6
illustrates the AUC scores across all classes for both the
proposed framework and the other baseline models,
whereas Table 5 summarizes the corresponding AUROC
values.
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Figure 6. AUROC for the Classes: (a) Dense Residential, (b) Airplane, (c) Beach, and (d) Bridge, Comparing the
Proposed Method (ReCXTUnet) with Baseline Models.

Table 5. AUROC performance metrics of the proposed
framework versus benchmark models

Class ResUn  U- Swin- Trans
et Net Unet  UNet
Bridge 0.83 0.89 0.93 0.96
Airplane 0.90 0.92 0.94 0.97
Beach 0.91 0.92 0.92 0.97
Dense residential 0.94 0.93 0.94 0.98

In remote sensing, RSIC plays a crucial role across multiple
domains, including land and forest analysis, object
recognition, urban planning, land use assessment,
geological disaster monitoring, map updating, land cover
mapping, and natural resource management. RSIC using
TransUNet and XGBoost can be effectively applied to
urban land cover classification from satellite images.
Accurate identification of different land types, like
buildings, vegetation, roads, and water bodies, is crucial for
urban planning, environmental monitoring, and disaster
management. This approach enhances the reliability of
urban land cover classification, making it valuable for
applications in city development, climate change analysis,
and post-disaster damage assessment. Another compelling
use case for remote sensing image classification is disaster
impact assessment. Following natural calamities like
floods, wildfires, storms, and earthquakes, satellite and
drone imagery are used to evaluate the extent of damage in
affected areas. This approach helps governments and relief
organisations prioritise resource allocation, emergency
response, and recovery efforts, ultimately supporting faster
rehabilitation of disaster-affected communities.

5. Conclusion

Our paper validates the effectiveness of using TransUNet
for the extraction of features and the XGBoost classifier
for RSIC. TransUNet proved to be a powerful feature
extractor, capturing intricate patterns and representations
from remote-sensing images. Its ability to learn
comprehensive, high-resolution spatial details combined
with broad global contextual insights allowed for better
discrimination between different land cover categories,
enhancing classification performance. XGBoost, as the
classification model, showcased its robustness and
interpretability, effectively handling the extracted features
from TransUNet. The results highlight that this approach
outperforms other benchmark models, attaining a
classification accuracy of 91 % in classification. The
combined TransUNet-XGBoost approach outperformed
traditional methods, achieving high classification
accuracy.

However, the proposed system has a few limitations. Deep
neural networks, including TransUNet, are liable to overfit
when trained on limited datasets. Additionally, TransUNet
can be seen as a “black box” model, making it challenging
to interpret why a particular classification decision was
made. Although these limitations exist, our proposed
method has demonstrated encouraging results in the
classification. Future studies will investigate its potential
for broader classification applications, including disaster
response, land usage analysis, land coverage classification,
and monitoring of the environment.
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