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Abstract: Classifying images captured through remote sensing is necessary for various reasons, including monitoring the
environment and assessing agriculture. The progress in thisfield has been greatly enhanced by the integration of advancements
in machine learning, especially deep learning, and also accessibility of high-definition images obtained through remote sensing.
CNNs are now necessary instruments for precise recognition and classificationof objects in aerial imaging. These models use
convolution and pooling operations to capture local patterns and relationships, enhancing image classification accuracy. This
review paper presents a comprehensive look at the most recent techniques for categorising remote sensing images. It emphasises
the significance of accurate classification in the constantly evolving contemporary society and investigates new progress made
possible by deep learning methods. The article explores problems in pinpointing unique and important areas in remote sensing
images and illustrates how deep learning models tackle these problems through comprehendingrelationships among objects and
other elements in the scene. The article assesses the advantagesand disadvantages of various techniques in relation to accuracy,
computational efficiency, andscalability through a comparison between traditional methods and deep learning-based methods.
Keywords: Deep learning, Convolutional Neural Networks (CNNs), Aerial image classification, Environmental monitoring,
Comparative analysis, feature extraction.

L. INTRODUCTION
The categorization of remote sensing pictures is crucial in a range of areas like overseeing the environment, evaluating agriculture,
and planning land usage. Recently, the combination of machine learning, specifically deep learning, and the easy access to high-
quality remote sensing images has ledto substantial advancements in this field. CNNs have played a crucial role in improving
accurate objectdetection and classification in satellite imagery. Due to rapid technological advancements and increasing demand for
precision and effectiveness, it is crucial to understand and utilise advanced methods for analysing remote sensing data. The
integration of deep learning techniques with satellite imagery has created possibilities for enhancing classification precision,
facilitating in-depth andintricate data analysis within the images.
With this background in mind,the goal of this review article is to offer a thorough summary of the advanced techniques used in
remote sensing aerial image classification. It explores the importance of precise categorization in tackling present-day issues like
environmental shifts and resource supervision. The article examines the recent progress achieved through deep learning methods,
with a particular emphasis on how CNNs can be used with remote sensing data to detect complex spatial patterns. Challenges linked
to classifying remote sensing images, like extracting significant and non-overlappingareas from intricate images, are emphasised. The
conversation highlights how deep learning models tackle these issues by capturing contextual relationships between objects and
other elements in remotesensing imagery effectively.
A crucial part of this review involves comparing and assessing the pros and cons of traditional methodsand deep learning-based
approaches. This analysis examines classification accuracy, computational efficiency, and scalability, offering valuable information
for researchers and practitioners looking to understand various classification techniques. Moreover, the article discusses major
obstacles in the field, such as lack of data and the necessity for clear models in remote sensing tasks. It also delves intopossible
future research paths, highlighting the importance of combining remote sensing data with other sources and improving the
generalisation abilities of classification models. In conclusion, this introduction prepares for a detailed examination of remote
sensing aerial image classification by highlighting the revolutionary effects of deep learning methods and offering a guide to grasp the
currentstate, obstacles, and future prospects in this swiftly developing area.

1. RELATED WORK
1) Classifying Satellite Images Land Cover ThroughContextual Data
The article presents a new approach for Categorising land cover in high-resolution satellite pictures, with a specific emphasis on
urban regions. Land cover classification is essential for different purposes like urban planning, environmental monitoring, and
disaster management.
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Conventional classification techniques based on pixels frequently face challenges accurately defining land cover categories in
intricate urban environments because of spectral likeness andspatial diversity. Dealing with these difficulties, the proposed method,
Iterative Context Forest (ICF), utilises advanced semantic segmentation methods from computer vision to improve classification
precision by integrating contextual details among adjacent pixels.

The main difficulty in land cover classification is accurately assigning pixels to specific land cover categories like buildings, roads,
vegetation, and water bodies. This challenge is especially difficult in cities, where the combination of different types of land cover
nearby andthe complicated urban infrastructure creates major obstacles. Traditional approaches that depend only on spectral data
frequently struggle to distinguish small variations between categories, resulting in incorrect categorizations and lower precision.

The ICF method being proposed aims to overcome these challenges by continuously improving the classification process using
contextual information gathered from nearby pixels. The algorithm enhances the differentiation between land cover classes with
similar spectral signatures by taking into account the spatial relationships between neighboring pixels. Furthermore, the approach
combines various types of data such as RGB, NIR, Utilizing nDSMfrom LiDAR and NDVI for enhanced classification outcomes by
gathering extra data.

RGB detail  classification classification result classification RGB detail
result detail result detail

water bare soil building | impervious

Figure 5: Classification result and four sample areas in full resolution (each 420 x 420m).

In general, the paper outlines a strong and adaptable method designed specifically for the difficulties found in city settings. The
suggested approach enhances classification accuracy andadvances the state-of-the-art in automated land cover mapping by utilizing
contextual featuresand leveraging multi-channel data. This has consequences for a variety of uses, such as urban planning, natural
resource management, and climate change research, where precise land cover data is crucial for making informed decisions and
creating policies.

2) Increased diversity leads to improved results: The combination of multimodal deep learning with remote sensing imagery

classification.

The research paper describes the MDL-RS framework used to classify remotely acquired images. The framework aims to address

the limitations of traditional classification techniques that often rely on specific modalities such as hyperspectral, multispectral,

LiDAR, or SAR data.The goal of the MDL-RS framework is to improve classification accuracy by incorporating multiple modalities

simultaneously, particularly when individual modalities have difficulty providing sufficient distinctive information.

Essential elements and impacts of the MDL-RS framework consist of:

a) MDL-RS is a comprehensive deep learning framework for image classification in remote sensing, incorporating different modes
of data. It consists of two main modules: Extraction Network (Ex-Net) and Fusion Network (Fu-Net). Ex-Net gathers attributes
from different modalities, while Fu-Net combines these attributes to generate final classification results

b) fusion, late fusion, encoder-decoder fusion, and cross fusion. These blending techniques enable the effective merging of data from
different sources at different locations in the network.

c) Integration Modules for Connect and use : Five combined modules are explored and developed in the MDL-RS framework.
These modules aim to tackle the difficulties of combining and representing multimodal data. Traditional fusion methods like
concatenation- based fusion are included, alongside newer techniques like encoder-decoder fusion and cross fusion.
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d) Improved Feature Representation: The framework highlights the significance of acquiring concise and informative feature
representations from different modalities. This is done by updating network parameters interactively and exploring cross-modal
dependencies.

e) Network Architecture: MDL-RS offers a fundamental network architecture for classifying multimodal RS images. It can be
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F1g2: A case study 1n Berlin demonstrating multimodal remote sensing imagery classification.
There are four data sources (HS, MS, SAR, OSM) present in a single scene.

The article presents a MDL framework for pixel-level RS image classification using multimodal data, incorporating Ex-Net and Fu-
Net subnetworks. Various fusion techniques areinvestigated for combining "what", "where", and "how" information using FC-Nets
and CNNs as feature extractors for pixel-based and spatial-spectral classification. The MDL-RS framework tackles the CML
problem alongside MML by including fusion components such asearly, middle, late, and en-de fusion, as well as introducing a new
cross fusion approach. Results from experiments on two RS datasets demonstrate that MDL-RS networks are more effective than
single modality networks, and fusion based on compactness is more successful than fusion based on concatenation, particularly for
CML. The research examines different methods such as HS-LiDAR and MS-SAR, as well as fusion modules such as early, middle,
and late fusion, determining that middle fusion is the most successful. The fusion strategy based on compactness, which includes
within-language fusion and cross-language fusion, outperforms concatenation-based fusion for integrating multimodal features in
MML and CML situations. Nevertheless, the accuracy of categorising RS images depends greatly on the qualityand quantity of
samples, especially for DL models. In order to overcome performance limitations in MDL, upcoming research will investigate

methods like weakly-supervised or self-supervised techniques with improved fusion modules.

3) Approaches for Remote Sensing Image Classification Using Active Learning

The research presents two active learning techniques aimed at improving the selection of training samples for classifying remote
sensing images. The objective is to enhance the efficiency of the classification process by decreasing the need for manually labelling
training data. The algorithms are designed to select the most useful pixels for labelling in a systematic manner based on pre-
established guidelines. After marking these pixels, they will be used to improve the classifier, leading to a gradual increase in
classification accuracy.

The original algorithm, MS-cSV, builds upon margin sampling (MS) by considering the distribution ofcandidates within the feature
space. It aims to ensure selecting just one candidate from every region inthe feature space, preventing duplicate samples and
improving the speed of the algorithm.

The EQB algorithm, which is the second one, enhances the query-by-bagging method by including an entropy-driven heuristic. This
heuristic evaluates the inconsistency among diverse classifiers within the committee based on the entropy of the predicted label
distribution. Candidates exhibiting high levels ofentropy are perceived as being inadequately addressed by the existing classifier, and
are therefore givenpriority for being added to the training set.

Different remote sensing datasets, such as high resolution optical imagery and hyperspectral data, are used to assess the proposed
algorithms. Experimental findings show that the methods are efficient in decreasing the needed training samples, while still
upholding a high classification accuracy. The studyalso evaluates the suggested algorithms against current cutting-edge active
learning techniques, emphasising their benefits.
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In general, the study helps tackle the issue of selecting training samples efficiently in remote sensing image classification, especially
in complicated environments like urban areas. The suggested algorithmsshow potential in enhancing the flexibility and efficiency of
current active learning techniques in this field.

To summarise, this article presents a specific active learning approach designed for classifying remotesensing images. Two new
techniques, MS-cSV and EQB, are introduced to enhance the efficiency andflexibility of current active learning methods. These
techniques enable the predictor to choose the mostbeneficial pixels to improve its performance, thereby decreasing the requirement
for extensive manuallabelling and enhancing computational efficiency.

The use of MS-cSV and EQB on different datasets, such as VHR QuickBird images and AVIRIShyperspectral images, proves
their reliability and efficiency. These methods demonstrate similar resultsas traditional methods but require much less training data,
showcasing their efficient use of resources. Additionally, MS-cSV and EQB demonstrate faster convergence to optimal outcomes
in contrast toconventional random sampling techniques. EQB demonstrates outstanding performance on all datasets,highlighting its
versatility and effectiveness in various situations.

Although MS-cSV enhances the effectiveness of current techniques, additional adjustments are necessary to address scenarios
involving a combination of different classes. Moreover, the proposed methods show resilience in achieving high accuracies, tackling
challenges associated with very small objects in VHR imagery.

4) Feature reduction through PCA for Classifying Hyperspectral Remote Sensing Images

This research examines various techniques to decrease characteristics and enhance the classification precision of hyperspectral
remote sensing images (HSIs), which typically contain multiple consecutivenarrow spectral bands. Because HSI data is complicated
and it is challenging to process the entire dataset, feature reduction techniques are required for practical use. The article examines
two main methods for reducing features: feature extraction and feature selection.

Methods for extracting features concentrate on extracting essential information from the original HSI data by transforming it into a
lower-dimensional space. The article explores various linear and nonlinearversions of Principal Component Analysis (PCA), including
PCA, Segmented-PCA (SPCA), Spectrally Segmented PCA (SSPCA), Folded-PCA (FPCA), Minimum Noise Fraction (MNF),
Kernel PCA (KPCA), and kernel Entropy Component Analysis (KECA). The effectiveness of these methods is assessed for
classifying HSI, especially when using an SVM classifier.

The study findings from utilising Indian Pine farms and urban Washington DC Mall hyperspectral images suggest that feature
extraction methods can improve classification accuracy and reduce computational complexity. MNF has the highest classification
accuracy, whereas FPCA is recognized for its decreased space and time complexity. Additionally, the article examines the
limitations of traditional PCA and introduces new techniques like SSPCA and KECA in order to address specific challenges in HSI

classification.
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Fig 3: Flowchart of Proposed Work

In general, the research offers valuable advice to remote sensing and image analysis professionals on choosing feature reduction
methods for HSI classification tasks.
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5) MMDL-Net: A Model for Classifying Remote Sensing Images with Multiple Bandsand Labels

The study detailed the development and assessment of the MMDL-Net model for classifying high-resolution remote sensing images.
Initial precision scores from the ResNet50 model and the subsequent improvement achieved with MMDL-Net were highlighted,
indicating a significant performance boost. Comparative experiments involving various deep learning architectures, including
ResNet variations and MMDL-Net, were meticulously conducted to evaluate their efficacy. The findings revealed that while deeper
ResNet models exhibited some performance gains, MMDL-Net consistently outperformed them, underscoring the inadequacy of
network depth alone in addressing the complexities of remote sensing images. MMDL-Net'ssuperiority was attributed to its tailored
adaptations for multi-band, multi-label classification tasks. Evaluation results demonstrated substantial precision enhancements
across most categories compared to standard ResNet models, with MMDL-Net showcasing exceptional proficiency in discerning
intricate landform features.

Moreover, the study emphasised the practical significance of accuracy in remote sensing imageclassification across diverse domains.
It elucidated how precise classification could offer valuable insights for development that can be sustained over time, management
of land, and efforts to conserve nature. The research found that the MMDL-Net model is a useful method for accurately categorising
images captured through remote sensing technology, providing significant enhancements to deep learning model optimization in this
field. In general, the studyoffered a thorough insight into how MMDL-Net handles multi-band, multi-label remotesensing image
classification tasks, showcasing its capabilities and benefits and setting the stagefor future progress in this area.
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Fig 4:Design of the MMDL-Net weighted pixel interpolation method.

Comparison of Performance table

Model Precision (%) Accuracy (%) Recall (%) F1 (%)

MMDL-Net §3.52 7708 7730 7797
ResNet50 7556 60.80 70.30 7053
ResNet101 7997 65.46 7519 7515
ResNet152 §0.51 66.01 755 75.63
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6) Universal Domain Adaptation for the Classification of Scenes in Remote Sensinglmages

The research introduces a specialised Universal Domain Adaptation (UniDA) framework designed for remote sensing image scene
classification, tackling the limitations of current Domain Adaptation (DA) techniques. In the traditional sense, DA techniques
depend on priorunderstanding of the relationship between label sets from source and target domains, making them unsuitable for
situations with limited access to source data because of privacy issues. Thestudy's introduction of UniDA removes the necessity of
prior knowledge, increasing its relevance to real-life scenarios.

Additionally, the study presents a new UniDA approach that is appropriate for situations wherethe original data is not accessible. The
model structure consists of two primary phases: the Source Data Generation (SDG) stage and the Model Adaptation (MA) stage.
During the SDG phase, synthetic source data is created by predicting the conditional distribution of source datausing pretrained
models and generating it according to class separability in the source domain. Afterwards, in the MA phase, a distinct transferable
weight method differentiates between common and individual label groups in every area, aiding in efficient adjustment and
identification of unfamiliar samples.

The empirical results highlight the effectiveness and feasibility of the suggested UniDA framework for remote sensing image scene
classification, regardless of the presence of sourcedata. This study helps progress DA methods and offers important information on
the obstaclesand answers linked to remote sensing image study. The study highlights the importance of coherence between the two
summaries in addressing real-world challenges in remote sensing classification, as well as the methodological contributions in
developing practical and effectiveUniDA solutions.

7) A new method using Deep Learning for classifying Remote Sensing images to mapland cover in developing nations.

Mapping land cover is essential for different uses such as urban growth, disaster tracking, andecological supervision. Nevertheless,
real-time monitoring is required because of changes in land cover caused by population growth and other factors. Remote sensing
technology, utilising satellites, offers an inexpensive way to map global land cover changes. Conventionalapproaches to analysing
satellite images are not precise or effective. Convolutional neural networks (CNNs) have become a strong answer for image
classification tasks, especially in the field of deep learning. Nevertheless, obtaining large datasets for training CNNs is difficult,
particularly for remote sensing data in developing nations. Transfer learning has been suggested as a solution to this problem by
utilising pre-trained models designed for natural image datasets in remote sensing assignments. Recent research has demonstrated
positive outcomes in applying transfer learning for classifying remote sensing images, however, obstacles persist due to distinct
domains between natural images and remote sensing information, resulting in diminished overall performance in generalisation.
Variousmethods are being investigated to enhance heterogeneous transfer learning in this scenario. The main goal was to create a
CNN framework that could accurately classify a RS test dataset that was not part of the training data. Furthermore, our goal was to
evaluate the model's capacity in categorising pixels in medium resolution remote sensing imagery into five primary land cover
categories: Barren land, urban areas, bodies of water, agricultural land, and wooded areas. In order to accomplish this, we utilised
transfer learning (TL) by fine-tuning a pre-trained ResNet-50 model on the EuroSAT dataset, which is a vast remote sensing image
dataset.

We utilised two data sets: EuroSAT and Nig_Images. EuroSAT consists of categorised and geographically referenced patches of
remote sensing images covering 34 countries in Europe.We modified the similar land cover categories in EuroSAT to align with our
specified classes, with 10 metres per pixel resolution for each class patch.

Design of the model framework.

e Transfer Learning: ResNet-50 was chosen as the pre-trained model and adjusted byresizing the final layer to align with the total
land cover classes.

e Extra layers were introduced in the ResNet-50 base model, including a max-pooling layer, two fully connected layers, and a
dropout layer. The max-pooling layer condensed theoutputs of the previous convolution layer, while the fully connected layers
decreased the inputs to match the number of classes through the use of a softmax activation function. Dropout layer helps to
avoid overfitting.

e Ensemble Learning involves merging model weights from various training dataset subsets to enhance generalisation
performance.
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Model Implementation Details
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Fig: Implementation of model utilising Rectified Linear Unit (ReLU)

Utilised Keras for implementing the model, starting off with the pre-trained ResNet-50 model and configuring it with appropriate
hyperparameters. The model was constructed usingan RMSprop optimizer, a batch size of 32, ReLU activation function, cross-
entropy loss function, and a learning rate set at 0.0001. We evaluated how well the model performed usinga validation set and made
changes to the hyperparameters as needed. The model's classification accuracy was assessed by testing on both the EuroSAT and
Nig_Images test datasets.

Overall, our proposed CNN model showed promising results in classifying satellite imagery data, particularly when combined with
image augmentation, fine-tuning, and ensemble learning techniques. However, challenges remain when trying to apply these
discoveries to various datasets, especially those from developing countries, highlighting the need for further research in this
particular area.

8) Study onclassifying land cover using an enhanced U-net network with multiple remote sensingdata sources.

Remote sensing images have become increasingly important for detecting resources and conservation efforts in recent years.
However, using only one type of image like optical or SAR may not provide accurate land cover classification. The widely used U-
Net network for this task has constraints such aspoor precision and incorrect classification. To overcome these issues, this study
proposes an enhancedapproach combining optical and SAR images and modifying the U-Net architecture. Changes include using a
convolutional block attention mechanism and adjusting activation functions. This approach improves terrain extraction, reduces
network parameters, and ensures better training. Experimental results show significant accuracy improvements compared to
traditional U-Net methods.

This study introduces an advanced U-Net network model tailored for land cover classification using remote sensing data,
particularly focusing on the Autonomous Region. The region's geographical and climatic characteristics, such as its transitional
climate and strategic location, make it ideal fordevelopment of the economy and building of an ecological civilization. The study
employs Sentinel- 1A intensity data and Level-2A Sentinel-2A data for SAR and optical remote sensing, respectively. Data
preprocessing requires multiple stages, including processing multiple viewpoints and calibration of radiometric measurements, with
a particular emphasis on eliminating topographic distortion using DEM data. The synthesised RGB images from both datasets are
merged after ensuring compatibility inresolution and projection coordinates.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 3204



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 12 Issue IV Apr 2024- Available at www.ijraset.com

The dataset construction involves classifying eight terrain types, including buildings, water bodies, roads, and cultivated land, using
images cropped from the study area. To enhance the dataset's size andbalance the distribution of terrain types, data augmentation
techniques are applied, resulting in 2670 images divided into training, validation, and test sets. The enhanced U-Net network model
introduces improvements such as replacing pooling layers with convolution operations, incorporating the Convolutional Block
Attention Module (CBAM) for enhanced terrain extraction, and utilizing the Leaky ReL U activation function to mitigate gradient
death issues during training.

Furthermore, ablation tests are performed to assess the effectiveness of these improvements, comparingvarious schemes based on the
traditional U-Net architecture. Results indicate that Scheme 1V, which combines all enhancements, outperforms others in respect to
their accuracy in categorization and mean Intersection over Union (mloU) values across the Sentinel-2, Sentinel-1, and combined
datasets. The study concludes that the proposed enhanced U-Net model significantly improves land cover classification accuracy,
particularly benefiting from the collaborative utilization of the CBAM attentionmechanism, convolutional downsampling, and Leaky
ReLU activation function.

building water ba crop road cf blf th

Fig 6:Comparison of network prediction results pre and post enhancement. (a) Initial image; (b) actual labels; (c) U-Net
findings; (d) enhanced network findings.

Additionally, it substitutes max pooling with convolution for downsampling, reducing parameters and computations. Experimental
results show superior performance across three datasets, indicating the effectiveness of these modifications. Future research
directions include exploring fusion of high- resolution images, diverse terrain types, and optimizing network depth and efficiency
for improved classification accuracy and applicability.

9) RSI-CB: An Extensive Classification of Images from Remote Sensing Benchmark UtilisingCrowdsourced Data
Categorizing images taken through remote sensing technology is a crucial task in the field of remote sensing image processing,
attracting a lot of research focus.
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Deep Convolutional Neural Networks (DCNNs), led by groundbreaking accomplishments such as AlexNet in the ImageNet
Challenge, have transformed computer vision tasks, including image classification, face recognition, video analysis, and object
detection. Especially, ResNet's advancement in outperforming humans in the ImageNet1000 Challenge emphasized the
revolutionary ability of DCNNs. This successful integration of DCNNs into remote sensing image processing has pushed the
boundaries of the field. The universal approximation capabilities, use of databases like ImageNet, and computational power,
especially with GPUSs, contribute to the success of DCNNs. These networks are skilled at acquiring efficient feature representations
from large training datasets, reducing overfitting and improving generalization. However, the absence of a universally accepted,
widely-used measure for assessing different image classification algorithms is impeding progress in remote sensing image
processing. Several guidelines have been implemented to address this gap. The NLCD, UC-Merced dataset, SAT-4, SAT-6,

Terrapattern, AID, and NWPU-RESISC45 are recognized benchmarks, each having distinct characteristics and constraints.

Acknowledging the importance of a detailed, thorough benchmark assessment, this paper presents a new approach that utilizes

crowdsourced geographical information. By utilizing points of interest (POIs) sourced from OpenStreetMap (OSM) in conjunction

with remotesensing imagery from Google Earth and Bing Maps, the Remote Sensing Image Classification Benchmark (RSI-CB) is
developed. RSI-CB includes 35 subclasses within six categories, providing a varied and thorough dataset for creating and assessing
image classification using remote sensing algorithms.

The Classification of Images from Remote Sensing Benchmark (RSI-CB) for deep learning models like DCNNs must adhere to

certain criteria:

e Scale of Benchmark: RSI-CB should be sizable to accommodate the complexity of DCNN models and their ability to learn
from large datasets. A more extensive dataset helps capturethe diverse characteristics of the data distribution, enhancing model
robustness and generalisation.

o Object Diversity: The dataset should encompass diverse objects within each class, including variations in size, shape,
perspective, background, lighting, and color. This diversity ensuresthat the model learns both unique and general characteristics
of objects, thus improving classification accuracy.

e Category Differences: There should be significant differences between object categories to facilitate accurate classification.
Increasing the number of images within categories with pronounced differences enhances the likelihood of independent feature
distributions, therebyboosting classification accuracy.

To meet these requirements, RSI-CB follows specific construction principles:

» Each category is rich in data, with approximately 690 patches per category.

» Object category selection improves benchmark diversity by combining the hierarchymechanism of ImageNet with the Chinese
national land-use classification standard.

» Objects are easily identifiable to prevent semantic divergence in images.

» Every category shows differences in imaging angles, dimensions, forms, and colors toenhance sample variety, thus enhancing
model generalisation and resilience.

» Pictures are gathered from large cities around the world and the areas nearby to maintain abalanced distribution of space.
The test methods involved comparing handcrafted feature models with DCNN models using RSI-CB. Handcrafted features included
SIFT, Color Histograms, LBP, and GIST, while DCNNs included AlexNet, VGG-16, GoogLeNet, and ResNet. DCNN models were
trained from scratch due to dataset differences and scalability. Transfer performance testing assessed model adaptability to other
databases like UC-Merced. Data organisation included random selection for training, validation, and testing, along with data
augmentation. Parameter settings varied for handcrafted features and DCNN models. Evaluation methods included overall accuracy
and confusion matrix analysis. Handcrafted features showed limitations in complex object recognition, while DCNN models
demonstrated strong performance, especially with larger datasets like RSI-CB. Model transfer capability was assessed usingcommon
categories between RSI-CB and UC-Merced. The study concluded that RSI-CB, based on datagathered from a crowd,offers valuable
insights for remote sensing benchmarking and can be expandedwith increasing crowdsourced data availability.

10) Classification of Remote Sensing Images in the Planting Area

This study is centred on overcoming the difficulties of categorising study regions using high-definition optical images captured
remotely by sensing technology. Usually, high-definition images are restrictedin their coverage because of cloud cover and constraints
on the revisit period, thus making it challengingto acquire a complete set of images for analysis. However, low-resolution (LR)
satellite images do nothave enough spatial and texture details to accurately classify ground objects.
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The research suggests a new method that utilises super-resolution reconstruction (SRR) technology to improve the resolution of
spatial medium-resolution satellite images, matching the resolution of high- resolution images. Through the use of an enhanced
Progressive Growing of GANs (PGGAN) model, the scientists successfully replicated Sentinel-2 pictures at a 2.5 metre resolution,
which aligns with theresolution of GaoFen-1 (GF-1) images.

The main findings of the study can be outlined as follows:

e Creation of a customised PGGAN-MSR for enhancing multispectral remote sensing image super-resolution. This model
improvement enabled better resolution and successful style transfer among various satellite sensors.

e Successful remote sensing image classification in a study area with wide coverage, enhanced resolution, and limited cloud
cover using only a few SRR datasets.

e Suggestion of a novel categorization technique blending image resolution reconstruction with texture attributes derived from
the reconstructed images. This method greatly enhanced classification accuracy, especially by adjusting Sentinel-2 images to
the resolution of GF-1 images.

The study carried out tests in a setting that employed a NVIDIA Quadro P5000 GPU and specific software versions such as

CUDA-12.0, CUDNN-8.2.4, TensorFlow-2.8, and Orfeo-ToolBox version

8.1. Various metrics were used to quantitatively assess the super-resolution reconstruction (SRR) effect,such as PSNR, SSIM, RMSE,

SAM, and UQI. These measurements were used to evaluate image qualityand the resemblance between the original and reconstructed

images.

The SRR was accomplished through the utilisation of a modified Progressive Growing of GANs (PGGAN) model, known as

PGGAN-MSR, designed specifically for reconstructing multispectral remote sensing images. The model was trained by

incrementally scaling up generators and discriminators, aiming to enhance image quality and texture depiction.

Texture characteristics were obtained from the reconstructed images by employing the Grey-Level Co-occurrence Matrix (GLCM)

technique in order to improve classification precision. These attributes, such as average, spread, uniformity, difference, etc., were

employed to enhance spatial data for improved classification outcomes.

Texture features were incorporated to classify images reconstructed with super-resolution technology using SVM and RF classifiers.

The inclusion of texture characteristics greatly enhanced classification precision, especially in agricultural regions, by offering

additional spatial detail data. findings of the study showed that suggested method performed better than directly classifying the

original images, showing its potential for real-world use in analysing remote sensing images. Additionalstudies are recommended to
investigate the effects of various SRR models, confirm classification in broader regions and varied landscapes, and fine-tune
parameters such as the sliding window size for texture feature extraction.

Conclusion:-
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