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Abstract—The satellite image time series classification plays a crucial role 
in remote sensing and offers multiple applications for agriculture, land 
management, and disaster monitoring. Although deep learning methods are 
powerful, they suffer from over fitting in some cases, especially when there is a 
lack of labeled data. In this paper, we introduce a pipeline that includes the pre- 
processing step followed by BERT-based self-supervised pre- training and then 
fine-tuning. Our methodology starts with converting the .npz files to the.csv 
format to make it compatible with the training procedure. We pretrain a 
transformer-based model on massive amounts of un labelled data, identifying 
corrupted observations within the time series. We then fine-tune this pretrained 
model on designated tasks and there by achieve accuracy and generalization.We 
compare our approach with regular models including CNNs, RNNs, LSTMs 
and SVMs, both with and without pretraining. Our experiments using California 
Labelled datasets demonstrate the effectiveness of the approach we have 
proposed. 

Index Terms—Self supervised, Transformers, BERT (Bi- directional Encoder 
Representations from Transformers), CNN, RNN, LSTM , SVM 

1.INTRODUCTION 

The access to Earth observation (EO) data through missions such as Sentinel-2 has driven 

progress in Satellite Image Time Series (SITS) analysis, supporting key uses like ecological 

monitoring, disaster response, and agricultural planning. By capturing spectral-temporal 

dynamics, SITS allows for crucial applications. However, effectively interpreting these time se- 

ries continues to be difficult due to limited labeled data and variations in spectral patterns over 

the years. 

Traditionally, in methods like SVM and RF, a pre-defined set of features are used; they do 

not really cope well with the changes taking place over SITS. Contrarily, in deep learning- 

based methods such as CNN and RNNs, the approach proves to be far better than its 

predecessors, which learn representations from raw data itself. The newly established 

transformer technique represents powerful instruments in sequence modeling particularly for 

complicated dependency patterns across the temporal horizon. 

Although promising at first, most deep learning models rely heavily on large labeled 

datasets. In the field of remote sensing, collecting labeled data is expensive and labor 

intensive.Wehave 
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established a self-supervised learning framework that includes the pretraining of models using 

unlabeled data and exploits the intrinsic temporal patterns in SITS. By doing this, we will 

enable efficient knowledge transfer and also yield better results in subsequent classification 

tasks. 

• A comprehensive pipeline that transforms raw.npz data into .csv format to ensure compatibility 

with current deep learning frameworks. 

• BERT architecture: a self-supervised pretraining method was applied to learn robust spectral- 

temporal representations from the unlabelled SITS data. 

• This work did extensive analysis to study the performance comparison of various models, 

including transformers, CNNs, RNNs, LSTMs, and SVMs. The pretrained and non-pretrained 

versions were analyzed to see whether there is some improvement in terms of performance. 

• Substantial experimentations on California Labelled Datasets have also revealed that pretrained 

BERT models are superior with respect to accuracy in classification. 

2.LITERATURE SURVEY 

A dual-viewpoint deep learning architecture, as discussed in [1], has been developed 

specifically for time series classification. By combining local and global perspectives, this 

model effectively captures spatial and temporal dependencies, achieving superior performance 

on remotesensing datasets. 

In the field of satellite-based environmental monitoring, are current neural network design is 

presented in[2],offering an innovative approach to multi-temporall and cover classification. By 

incorporating temporal sequences, this model tracks land cover changes over time, significantly 

enhancing classification accuracy. 

The surveyin[3] examines the application of deep neural networks in self-supervised 

learning, categorizing techniques based on pretext tasks. These methods demonstrate consid- 

erable potential in improving feature learning across diverse visual domains. 

Acomprehensive frame work for land cover classification using multi-temporalspatialdatais 

detailed in[4].This approach integrates temporal and spatial dimensions through a deep 

recurrent neural network, achieving higher precision than traditional techniques. An analysis 

leveraging Sentinel-2 time-series data, as shown in [5], demonstrates the potential for mapping 

plant communities within floodplain grasslands. This method achieves notable accuracy in 

identifying vegetation types within these ecosystems. 

The study in[6] explores the estimation of small holder crop production using Sentinel-2 

time- series data combined with statistical models. This approach provides precise and scalable 

solutions for agricultural monitoring and yield forecasting. With the goal to construct deep 

learning models for crop classification, the study in [7] aims to balance temporal and 

geographically resolutions. 

The proposed strategy effectively analyzes agricultural patterns while maintaining this 

balance using Sentinel 2 data.An innovative method for classifying satellite image time seriesis 

given in [8], where spatiotemporal correlations are captured using a pixel-set encoder in 

conjunction with temporal self-attention processes. Performance in remote sensing activities is 

significantly enhanced by this method.[9] uses information distillation and spatio temporal 

transfer learning to precisely map irrigated regions. When used with Sentinel-1 time series 

data,the technique works well for precision farming. 

The research in [10] integrates reinforcement learning techniques with variational auto 

encoder sto generate descriptive captions for remote sensing images. This method generates 

reasonable descriptions by emphasizing both language consistency and visual feature 

alignment. In [11], an unsupervised-restricted deconvolutional neural network is used to 
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categorize very high-resolution remote sensing images witha high degree of accuracy.The 

method improves 

pixel-level classification accuracy through the combination of unsupervised learning and 

deconvolution. 

Strong feature sets are extracted from data in [12], which investigates unsupervised 

representation learning for remote sensing scene classification. In the absence of labeled data, 

our model exhibits impressive competence in distinguishing intricate sceneries. In [13], the use 

of variational autoen coders for identifying structural degradation is covered. The method 

efficiently finds damage patterns by constructing data-informed representations in an 

unsupervised environment. 

Changes in unevenly spaced satellite time series can be detected using a technique 

introduced  in [14] that combines convolutional and recurrent neural networks. For dynamic 

earth observation, the irregular - time- distanced recur-rent convolutional neural network 

provides good  accuracy in continuous change detection. Aself-attention-  based method for 

categorizing un processed optical satellite time series is introduced in[15]. Themo delper form 

swell in distant sensing applications because it highlights important temporal trends. 

3. PROPOSED SYSTEM 

The proposed system, using transformer-based architectures, tries to improve classification 

for SITS data and at the same time evaluates its performance compared 

totraditionalandotherdeep learning methods. The system has been structured in stages for 

efficient preprocessing of data, training models, and comparative analysis. 

  Data Preprocessing and Transformation 

The initial step involves converting the raw .npz format datasets into .csv files for easier 

processingandcompatibilitywithmachinelearningmodels.These.csvfilescontainunla-beled 

satellite image time series data, where each observation is paired with its corresponding 

acquisition timestamp. The data is then prepared for use in the self-supervised pretraining of a 

transformer-based model, specifically SITS-BERT. 

  Dataset Details 

The dataset used in this study is derived from Satellite Image Time Series (SITS) data, 
captured over multiple time- frames.  

4. IMPLEMENTATION 

  Pretraining Using SITS-BERT 

The pretraining phase focuses on the self-supervised learn- ing of temporal and spectral 

patterns in the unlabeled SITS data. The SITS-BERT model uses a masked reconstruction 

objective, where parts of the input data are masked, and the mode list rained or construct these 

missing observations. This pretraining enables the model to learn complex temporal 

dependencies and spectral relationships without requiring labeled data. Pretraining will 

significantly increase the model’s ability to generalize over many SITS datasets, making for a 

very good foundation upon which to fine-tune. 

Methodologies 

Convolutional Neural Networks (CNNs) Convolutional Neural Networks (CNNs) extract 

spatial features from spectral bands, enhancing crop classification by capturing patterns and 

textures. Fine-tuning ensures adaptation to unique crop spectral profiles in Spatio-Temporal 

Image Series (SITS) data. Recurrent Neural Networks (RNNs) Recurrent Neu- ral 

Networks(RNNs)capture temporal dependencies in satellite imagery, improving crop type 

detection by learning seasonal variations and growth patterns. 
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Long Short-Term Memory Networks (LSTMs) Long Short-Term Memory Networks 
(LSTMs) extend RNNs to handle long-term dependencies, effectively tracking crop 
cycles. Fine-tuning enhances classification accuracy using both spatial and temporal 
dynamics. 
Support Vector Machines (SVMs) Support Vector Machines (SVMs) serve as a 

baseline classifier, creating strong decision boundaries for spectral and temporal data. 

Kernel functions help separate nonlinear patterns, providing a benchmark for deep 

learning models. 

Fine-tuning and Classification 

After pretraining, the SITS-BERT is further fine-tuned on labeled datasets prepared for 

specific classification tasks. The adjustment of pre-trained weights during the fine-tuning pro- 

cess makes this model adaptable to specific domain applica- tions within this study. Such 

applications may include land cover classification and ecological monitoring. This way, large 

feature sets through hidden representations in SITS-BERT can facilitate accurate and robust 

classification of SITS data. 

RNN Algorithm: Input: Preprocessed and normalized data (D) label=0. 

Preprocessing: Min-Max normalization, dataset splitting 

Model: RNN (128hidden units) 

LSTM Algorithm:Input: Preprocessed and normalized data(D) label=0. 

Preprocessing: Min-Max normalization, datasets plit-ting 
Model: LSTM (128 hidden units)  
Training: Forward pass,loss computation, back propagation 

Evaluation: Compute accuracy, precision, recall, and F1score Output: Predicted labels and 

model metrics 

CNN Algorithm: Input: Preprocessed and normalized data(D) label=0. 

Preprocessing: Min-Max normalization, dataset splitting 
Model:Conv(64,3×3)→Max-Pool (2×2)→Conv(128, 3×3)→Max-
Pool(2×2)→Flatten→FullyConnected (128) 
Training:Forward pass,loss computation, back propagation 

SVM Algorithm: 

Input: Preprocessed and normalized satellite image time series data(D) label=0. 

Preprocessing :Min-Max Normalization and KNN-based missing value imputation 

Dimensionality Reduction: PCA 

Model: SVM with a line arkernel(C=1) 

Training: Fit model using training data 

Evaluation: Predict and compute accuracy for validation and test sets Output: Predicted labels 

and accuracy 

Evaluation: Compute accuracy, precision, recall, and F1 score Output: Predicted labels and 

model metrics 

5. RESULTS AND ANALYSIS 

To evaluate the effectiveness of the proposed system, the SITS-BERT model is compared 

against to the machine learning and deep learning models,including CNN,RNN,LSTM and SVM 

Both pretrained and non-pretrained versions of these models are tested to highlight the advantages 



Table1: Overall Metrics For LSTM 
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of self-supervised pre training. 

LSTM: The performance of LSTM model is measured in terms of Accuracy, Precision, Recall, 
and F1 Score tabulated in a tabular format. 

SVM: The performance of SVM model is measured in terms of Accuracy, Precision, Recall, 
and F1 Score tabulated in a tabular format. 

CNN: The performance of CNN model is measured in terms of Accuracy, Precision, Recall, 
and F1 Score tabulated in a tabular format. 
RNN: The performance of RNN model is measured in terms of Accuracy, Precision, Recall and 
F1 Score tabulated in a tabular format. 

Improvement through Iterative Refinement 

To enhance accuracy and generalization further, iterative refinements are applied to the models 

and preprocessing pipeline. This includes hyper parameter tuning, experimenting with different 

positional encoding strategies, and augmenting the training data. By systematically improving 

the pipeline, the proposed system seeks to set new benchmarks for SITS classification tasks. In 

summary, the proposed system encompasses the benefits of pretraining and fine tuning within 

the model of SITS-BERT along with a detailed comparative analysis of both conventional and 

deeplearning based models. This work not only depicts the supremacy of architectures based on 

transformers in the classification of SITS but also underlines the importance of self- supervised 

learning, which can be used for gaining large scale un labeled datasets.The results of the 

proposed system highlight the following key observations: 

Performance of SITS-BERT: The SITS-BERT model displayed performance in terms of 

classification accuracy and generalization. The self-supervised pretraining effectively cap- 

tured temporal and spectral dependencies. Fine-tuning further optimized its predictive 

capabilities for domain- specific tasks. 

ComparativeAnalysis: 

• Pretrained deep learning models (e.g., pretrained LSTM) outperformed their non-pretrained 

counterparts due to their ability to leverage prior knowledge. 

• Traditional machine learning models like SVM achieved relatively lower accuracy compared to 

deep learning models, indicating their limited capability in handling complex temporal 

dependencies in SITS data. 

Metric Value 

Accuracy 0.94 
Macro Average Precision 0.89 

Macro Average Recall 0.87 

Macro Average F1Score 0.88 
Weighted Average Precision 0.94 

Weighted Average Recall 0.94 

Weighted Average F1Score 0.94 

Table 2: RNN 
Metric Value 

Accuracy 0.94 
Macro Average Precision 0.89 
Macro Average Recall 0.87 

Macro Average  F1Score 0.88 
Weighted Average Precision 0.94 
Weighted Average Recall 0.94 

Weighted Average F1Score 0.94 
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TABLE 3: COMPARATIVE ANALYSIS OF MODELS 

Model Precision Recall F1-Score Accuracy
CNN 96.68 96.72 96.68 96.72 
LSTM 93.58 93.55 93.55 93.73 

RNN 95.47 95.42 95.30 95.47 
SVM 89.20 89.18 89.14 89.20 

 Fig.1 Predictions for Model Performance Metrics 

6. CONCLUSION 

This study proposes an advanced system for SITS data classification by leveraging the 

transformer-based SITS-BERT model. The self-supervised pretraining and fine-tuning ap- 

proach effectively captures temporal and spectral patterns, out- performing traditional models such 

as CNN,RNN,LSTM, and SVM. The proposed methodology displayed the importance of self- 

supervised in scenarios where large scale unlabeled datasets are available. 
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