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This study investigates long-tailed satellite cloud image 

classification by comparing CNN and Vision 

Transformers (ViT) built upon vision–language 

foundation models. A large-scale satellite cloud dataset 

with 11 highly imbalanced classes, including a dominant 

non-phenomenon category, is used to represent realistic 

atmospheric variability. The data are split using stratified 

sampling, standardized to a fixed resolution, and used to 

fine-tune CLIP-based backbones from RemoteCLIP and 

GeoRSCLIP through parameter-efficient adaptation. 

Several loss functions Cross Entropy, Logit Adjustment, 

Focal, Class-Balanced, and label-distribution–aware 

variants are evaluated, along with experiments examining 

majority-class removal and adapter bottleneck 

adjustments. Initial results show that Logit Adjustment 

causes majority-class collapse under default settings. 

After optimization, ViT-based models consistently 

outperform CNN models, achieving higher accuracy and 

more balanced macro-level performance. Class-Balanced 

loss emerges as the most effective objective, offering a 

strong trade-off between overall accuracy and per-class 

fairness. Increasing the adapter bottleneck dimension 

further boosts ViT performance, enabling the best 

configuration to match or exceed prior benchmarks while 

improving minority-class recognition. The final optimized 

model is deployed in a web-based prediction system, 

demonstrating the practical potential of foundation-model 

approaches for satellite-driven weather analysis. 
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I. INTRODUCTION 

Weather plays a fundamental role in human life, as extreme weather conditions can disrupt 

daily activities and, in the long term, stimulate climate-related migration [1]. The frequency and 

intensity of extreme weather events continue to increase along with the worsening impacts of 

climate change [2]. This ongoing anthropogenic climate change is primarily driven by the rise of 

greenhouse gas emissions released into the atmosphere [3], As climate conditions continue to shift 

and alter the characteristics of weather phenomena, the ability to detect atmospheric patterns 

accurately and continuously has become increasingly important. One promising approach for 

inferring weather systems is through the analysis of cloud structures derived from satellite imagery 

[4]. 

Meteorological satellites produce cloud images that contain essential information for weather 

monitoring, climate analysis, and early-warning systems. Such images have been widely used as an 

alternative to conventional weather detection methods [5]. The process of extracting information 

from these satellite images falls within the broader field of remote sensing, which involves 

observation of the Earth from a distance and often incorporates machine learning techniques to 

analyze large-scale environmental data [6], [7], [8], [9], [10]. In recent years, machine learning—

and particularly deep learning has shown considerable potential in meteorology-related remote 

sensing tasks. Convolutional Neural Networks (CNNs) have long served as the dominant 

architecture for image classification, target detection, and semantic segmentation due to their ability 

to capture spatial and spectral patterns [11], [12], [13]. Meanwhile, the Vision Transformer (ViT) 

has emerged as a strong alternative model that applies Transformer mechanisms to visual data by 

computing self-attention across image patches [14]. The self-attention structure enables ViT to 

model both local and global relationships within images [15], and several studies report that ViT 

surpasses CNN performance in various computer vision tasks [16]. However, other research 

indicates that CNNs still excel in certain classification scenarios [12], suggesting that the 

comparative effectiveness of CNN and ViT remains dependent on data characteristics and task 

complexity. These observations highlight the need to further evaluate both architectures for satellite 

cloud classification. 

A widely used benchmark dataset for cloud classification is the Large-Scale Satellite Cloud 

Image Database for Meteorological Research (LSCIDMR) [4]. Although effective, the dataset poses 

challenges due to inter-class similarity and severe class imbalance [17]. Some previous studies 

addressed the imbalance by excluding the extremely imbalanced LabelLess class, which was found 

to significantly degrade model quality [17]. Other studies chose to retain this class and still 

achieved strong results [5]. Including the LabelLess class is important because it captures cloud 

scenes without dominant weather phenomena, thus providing broader representativeness of 

atmospheric conditions. Nevertheless, the presence of class imbalance requires specialized 

techniques to prevent the model from being biased toward majority classes. 

To overcome the challenges of long-tailed datasets, recent studies introduced advanced fine-

tuning methods such as Long-Tail Learning with Foundation Models (LIFT), which allows 

structured and lightweight adaptation of large pretrained models to imbalanced data [18]. The use of 

foundation models particularly domain-specific visual-language models such as RemoteCLIP [19] 

and GeoRSCLIP [13] provides additional potential for improving performance in remote sensing 

tasks by leveraging knowledge learned from large-scale pretraining. This study builds upon these 

developments to assess the capabilities of CNN and ViT when applied to a large, long-tailed 

satellite cloud dataset. 

Beyond the technical challenges, the classification of cloud imagery plays a significant role in 

practical meteorology. Cloud morphology contains valuable cues about atmospheric dynamics, such 

as the presence of convective systems, storm development, or the transition between different 

atmospheric states. Features such as texture, spatial distribution, brightness gradients, and cloud-top 

height all provide important information for operational forecasting. However, these features can 
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vary widely even within the same class, leading to substantial intra-class variance, while visually 

similar cloud types from different categories can introduce inter-class ambiguity. These 

characteristics make satellite cloud classification a highly complex problem, requiring models that 

can generalize across diverse atmospheric patterns while remaining robust to imbalance and noise. 

From a modeling perspective, CNNs have traditionally excelled at identifying localized spatial 

features due to their convolution-based structure. Operations such as convolution and pooling allow 

CNNs to capture fine-grained textures, edge structures, and repetitive patterns that often appear in 

cloud imagery. This property is advantageous for identifying phenomena like cirrus streaks, 

cumuliform structures, or regions of dense convection. Nonetheless, CNNs depend on hierarchical 

feature extraction to expand their receptive field, which can limit their ability to capture long-range 

dependencies and global cloud structures without significantly increasing model depth. In contrast, 

ViT mechanisms enable direct modeling of global relationships through multi-head self-attention. 

This structure allows the model to learn spatial dependencies across distant regions of the image, 

making it particularly effective for recognizing large-scale cloud formations such as typhoons, 

frontal systems, or mesoscale convective complexes. Global modeling is essential in meteorology 

because many atmospheric phenomena are not defined solely by local features but by broader 

spatial coherence. For this reason, ViT-based architectures are increasingly explored for remote 

sensing data, though their performance under severe class imbalance remains insufficiently studied. 

Furthermore, the use of vision–language foundation models introduces additional advantages. 

Models such as RemoteCLIP and GeoRSCLIP encode semantic relationships between visual 

features and textual descriptions, enabling better generalization when fine-tuned on limited or 

imbalanced datasets. Parameter-efficient tuning approaches such as adapters or prompt-based 

learning make it possible to adapt these large models without excessive computational cost. Despite 

the promise of these methods, the extent to which CNN and ViT architectures benefit from 

foundation model pretraining especially under a heavily long-tailed label distribution remains an 

open question that this research aims to address. 

The objective of this research is to model and compare CNN and ViT for long-tailed satellite 

cloud image classification using the LSCIDMR dataset. This includes analyzing their performance 

differences, evaluating their suitability for weather system inference, and exploring optimization 

strategies to handle severe class imbalance. The study also aims to implement fine-tuning 

approaches that enhance model robustness in long-tailed scenarios and develop a web-based 

application that deploys the best-performing model for practical meteorological use. Through this 

approach, the research contributes to the improvement of satellite-based weather inference by 

identifying the strengths of both architectures and determining effective optimization techniques for 

imbalanced cloud classification tasks. 

 

II. LITERATURES REVIEW 

Deep learning has become a dominant approach in remote sensing, particularly for analyzing 

satellite and UAV imagery through convolutional neural networks (CNNs) and Vision 

Transformers (ViTs). A key challenge in this field is that many remote sensing datasets exhibit 

long-tailed label distributions, which require specialized strategies to prevent performance 

degradation on minority classes. One of the most widely used datasets for satellite cloud 

classification is LSCIDMR, which contains over 100,000 high-resolution images with single-label 

and multi-label annotations [4]. Benchmark results show that EfficientNet performs best on single-

label configurations, while EfficientNet and AlexNet lead on multi-label tasks. Subsequent studies 

have proposed various optimization strategies on LSCIDMR. A recent study introduced CDC-Net, 

a lightweight CNN that applies depth-wise convolutions, FeatureCopy operations, and local 

importance-based pooling, achieving faster inference and higher accuracy than previous lightweight 

models [5]. A snapshot-based residual network (SnapResNet) was introduced, achieving 97.25% 

accuracy on the 10-class version of LSCIDMR-S, although its performance deteriorated when 
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applied to the full 11-class configuration, highlighting the difficulty of modeling the dataset’s long-

tailed distribution [17]. 

Beyond CNN-based methods, Transformers have been explored as alternative backbones for 

remote sensing tasks due to their ability to capture long-range dependencies. Previous work showed 

that Transformers are not inherently more robust than CNNs under adversarial attacks, but they tend 

to outperform CNNs on out-of-distribution samples when training conditions are standardized, 

suggesting an architectural advantage [4]. Research on long-tailed learning further indicates that 

extensive fine-tuning of foundation models can degrade performance on tail classes; one study 

addressed this issue by proposing LIFT, a lightweight fine-tuning approach that reduces training 

cost while improving predictive performance [18]. ViT-based models have shown strong potential 

in remote sensing applications. A recent study demonstrated that ViT can outperform EfficientNet 

and ResNet in weed and crop classification from UAV imagery, even with limited training data 

[20]. A study developed ForestViT for multilabel deforestation monitoring and reported superior 

performance on minority classes within imbalanced datasets [15]. For multispectral imagery, 

another work designed a ViT-based U-shaped architecture with Transformer Sub-Pixel blocks for 

44-class land-cover classification, achieving high accuracy by effectively modeling spatial–spectral 

dependencies [16]. 

Recent advancements have extended remote sensing into the domain of vision–language 

foundation models. RemoteCLIP was introduced as the first vision–language foundation model 

tailored for remote sensing by converting heterogeneous annotated datasets into image–caption 

pairs [19]. RemoteCLIP, using ResNet-50, ViT-B-32, and ViT-L-14 encoders, consistently 

outperforms base CLIP models across multiple tasks. Similarly, a large-scale remote sensing 

image–text dataset containing five million samples was constructed and used to develop a domain-

pretrained CLIP variant, which demonstrated substantial performance gains across numerous 

downstream benchmarks [21]. CNNs remain relevant in other remote sensing applications, such as 

roof and material classification [22], water-body segmentation using multi-feature extraction 

modules [13], and anomaly detection in photovoltaic power plants with region-based CNNs that 

achieve high true-positive rates and low false positives [23]. Transformer-based approaches have 

also been adapted for meteorological cloud recognition, as demonstrated by UATNet [24], which 

integrates modified Swin Transformer blocks and attention-based fusion mechanisms to achieve 

strong performance on the CRMSCD dataset. Meanwhile, one study reported that deep CNNs 

outperform ViTs for single-stage tropical cyclone intensity estimation, although hybrid ViT–CNN 

approaches can provide slight improvements, suggesting that CNNs may remain preferable for 

certain meteorological tasks [25]. 

Overall, existing studies demonstrate that both CNNs and ViTs are powerful architectures for 

remote sensing, yet their performance can vary across tasks, modalities, and dataset characteristics. 

Despite extensive work on LSCIDMR, most research is still limited to CNN-based models or 

reduced, more balanced subsets of the dataset, often excluding additional classes that contribute to 

the long-tailed nature of the full dataset. It has been noted that incorporating the complete label set 

can result in suboptimal performance, and therefore remains insufficiently explored [17]. 

Consequently, there is no comprehensive comparison of CNN and ViT foundation models under the 

full long-tailed LSCIDMR setting, nor an evaluation of parameter-efficient fine-tuning methods to 

mitigate performance degradation on minority classes. Addressing this gap, the present study 

compares CNN- and ViT-based foundation models on the long-tailed satellite cloud imagery of 

LSCIDMR using the LIFT method, with the aim of assessing their relative performance and 

determining whether ViT-based models can consistently outperform CNNs when both are fine-

tuned under an efficient long-tailed learning framework [18]. 
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III. FRAMEWORK 

 
Figure 1. Framework 

Figure 1 presents the workflow of the study. Given the imbalance within the dataset, a stratified 

data-splitting technique is employed to ensure that both subsets remain representative of the overall 

population. The training subset undergoes a series of simple transformations to align with the 

required input dimensions of the model. Once transformed, the data proceed to the training stage, 

during which the model is fitted and begins learning the inherent features in the dataset. 

The CLIP architecture utilized in this study consists of a text encoder and an image encoder. 

Following the LIFT methodology, the text encoder is used to initialize the classifier’s weights, 

while the image encoder functions as the backbone of the model. After training is completed, the 

model is evaluated using the test set, and its performance is compared against models employing 

ViT- or CNN-based backbones in order to determine which achieves superior results according to 

the predetermined evaluation metrics. Upon completion of the entire training pipeline, the best-

performing model is selected for implementation. 

 

IV. METHOD 

This study employs a secondary dataset sourced from the repository ―https://github.com/Zjut-

MultimediaPlus/LSCIDMR,‖ using the Large-Scale Satellite Cloud Image Database for 

Meteorological Research – Single-Label Annotation (LSCIDMR-S), provided by its original 

developers [4]. The dataset consists of 104,390 satellite image slices categorized into 11 classes and 

sourced from the Himawari-8 geostationary satellite operated through the Japan Aerospace 

Exploration Agency (JAXA) P-tree System. Prior to public release, the dataset creators conducted 

several preprocessing steps to ensure consistent quality. First, channel selection was performed by 

choosing three spectral channels albedo_3, albedo_4, and albedo_5 because these channels provide 

color variations suitable for distinguishing between water clouds and ice clouds, as well as 
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differentiating ocean surfaces, vegetation, and deserts. Second, time selection was conducted by 

capturing images at 00:20 UTC+0, the moment when the subsolar point is centered on the 

composite map, yielding the clearest satellite imagery. Third, position determination restricted the 

dataset to the Northern Hemisphere due to its higher relevance for meteorological research. Fourth, 

slice size determination was applied by partitioning the original full-disk satellite images into 

smaller slices to reduce computational complexity during model training. Finally, slicing naming 

followed a structured format YYYYMMDD_ii_jj.png, where the components represent the date, 

latitudinal slice index, and longitudinal slice index. All labels corresponding to each image slice are 

stored in a CSV file that maps filenames to their respective class annotations. 

LSCIDMR-S contains 11 label classes, each representing a distinct meteorological or surface 

phenomenon. Tropical Cyclone refers to low-pressure systems featuring counterclockwise spiraling 

cloud structures, with inclusion determined by the presence or absence of an identifiable cyclone 

eye. Extratropical Cyclone represents elliptical low-pressure systems in mid to high latitudes, also 

determined by identifiable cyclone-eye features. Frontal Surface captures air mass boundaries 

characterized by cyclonic curvature and north–south cloud bands. Westerly Jet identifies strong 

upper-tropospheric jet streams visible as thin, intense west-to-east wind bands. Snow is recognized 

by dark blue imagery indicating surface-level ice crystal accumulation. High Ice Cloud includes 

cirrus, cirrostratus, and other high-altitude clouds composed primarily of ice crystals, identified 

through blue-tinted regions with inclusion criteria of Area(High Ice Cloud)>50% and 

Area(Else)<20%. Low Water Cloud refers to low-altitude water-droplet clouds appearing pinkish, 

following similar area-based inclusion thresholds. Ocean is represented by predominantly black 

regions covering more than 80% of the slice. Desert appears in varying shades of brown and is 

included when desert-like areas exceed 50% of the slice. Vegetation includes green-tinted regions 

representing forests, grasslands, or wetlands with a majority-area threshold. Lastly, LabelLess 

consists of slices that do not meet any inclusion criteria of the ten defined classes, meaning no 

dominant meteorological system is present. 

The distribution of all 11 label classes within the dataset is presented in Table 1, providing an 

overview of class imbalance characteristics essential for model design. Meanwhile, representative 

examples of the image slices used in this study are illustrated in Table 2 to give a visual 

understanding of the data utilized for model training and evaluation. 
 

Table 1. Distribution of LSCIDMR-S Labels 

Class Count Ratio 

Tropical Cyclone 3905 3,74% 

Extratropical Cyclone 4984 4,77% 

Frontal Surface 634 0,607% 

Westerly Jet 628 0,602% 

Snow 7631 7,31% 

Low Water Cloud 1774 1,70% 

High Ice Cloud 5278 5,06% 

Vegetation 7831 7,51% 

Desert 4518 4,33% 

Ocean 4042 3,88% 

LabelLess 63765 61,07% 

Jumlah 104390 100% 

 

Table 2. Sample Data of LSCIDMR-S 

Class Image Sample 

Tropical Cyclone 
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Class Image Sample 

Extratropical Cyclone 

 

Frontal Surface 

 

Westerly Jet 

 

Snow 

 

Low Water Cloud 

 

High Ice Cloud 

 

Vegetation 

 

Desert 

 

Ocean 

 

LabelLess 

 

 

In the data splitting process, the dataset is divided into training and test sets using an 80:20 

ratio, where 80% of the data is allocated for model training and the remaining 20% is used to 

evaluate model performance. The 80:20 split is one of the most commonly applied proportions in 

machine learning experiments [26]. The splitting procedure is conducted using a stratified approach, 

meaning the dataset is separated into several strata or subgroups based on class labels, and random 

samples are drawn from each subgroup in proportions that reflect their representation in the overall 
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population. Stratified sampling offers the advantage of producing samples that more accurately 

represent the population and enhancing the external validity of studies employing this method [27]. 

Given the long-tailed nature of the dataset, applying stratified sampling during data splitting is 

essential to ensure that minority classes remain adequately represented in both the training and test 

sets, while preserving the original long-tail distribution across both subsets. 

The initial preprocessing stage involves resizing the input images to match the required model 

input dimension of 224 × 224 pixels. This transformation is performed by downscaling the images 

from an intermediate size of 256 × 256 pixels rather than directly from the original 1000 × 1000 

resolution to preserve visual quality and reduce distortion. As illustrated in Figure 2, the original 

image prior to resizing maintains a larger spatial resolution, while Figure 3 shows the resulting 

image after the resizing process has been applied. This resizing step ensures uniformity across the 

dataset and prepares the images for subsequent feature extraction during model training. 
 

 
Figure 2. Image Before Resizing 

 
Figure 3. Image After Resizing 

CLIP Architecture 

 
Figure 4. CLIP Contrastive Pre-training Process 

Source: [28] 

CLIP, or Contrastive Image–Language Pre-training, is an artificial neural network model 

trained on the task of predicting image captions using a contrastive learning approach [28]. CLIP 

employs a dual-encoder architecture consisting of a text encoder and an image encoder, where the 

text encoder is implemented using a Transformer. In the LIFT method utilized in this study, the 

CLIP text encoder is used solely for initializing the classifier’s weights by extracting semantic 

features from the prompts, after which it is no longer employed. The prompts in this research are 

based on the zero-shot experiment template from RemoteCLIP, formulated as ―a satellite image 

showing {class name},‖ with class names manually specified according to Table 3. Meanwhile, the 
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image encoder of CLIP serves as the backbone of the neural network responsible for learning 

features from the input data. 
 

Table 3. Class Name in the Prompt 

Label Class Name 

Desert Desert 

Extratropical Cyclone Extratropical cyclone 

Frontal Surface Frontal surface 

High Ice Cloud High-altitude ice cloud 

Low Water Cloud Low-altitude water cloud 

Ocean Ocean 

LabelLess No dominating weather system or geographical feature 

Snow Snow cover 

Tropical Cyclone Tropical cyclone 

Vegetation Vegetation 

Westerly Jet Westerly jet stream 

 

The hyperparameters used throughout the training process adhere to the default configuration 

recommended in the main results of LIFT. This choice ensures consistency with the original 

framework and provides a reliable baseline for comparing model performance across different 

architectural and loss-function settings. The specific hyperparameter values applied in this study are 

presented in Table 4. 
 

Table 4. Training Hyperparameters and Their Values 

Hyperparameters Value 

PEFT Method Adaptformer (ViT) / Bias Tuning & SSF (CNN) 

Epoch 10 

Batch Size 128 

Loss Function Logit Adjustment 

Momentum 0.9 

Learning Rate 0.01 

Input Size 224*224 

Weight Decay 0.0005 

Classifier Initialisation Text Features 

 

The hardware specifications used during the model training process in this study are presented 

in Table 5. These specifications define the computational environment in which all experiments 

were conducted, ensuring consistency and reproducibility across the evaluation pipeline. The details 

provided in the table also help contextualize model training times and performance outcomes, 

particularly given the computational demands of foundation-model–based architectures. 
 

Table 5. Hardware Specifications 

Hardware Specifications 

CPU AMD Ryzen 5 8600G 

GPU NVIDIA GeForce GTX 1660 Super 

RAM 16GB DDR55 4.8 GHz 

Disk 512 GB SSD + 1TB HDD 

 

The model training process was conducted within the Visual Studio Code environment using 

the Python programming language. Several Python libraries were utilized, including PyTorch for 

various machine learning tasks and, in particular, the torchvision package, which focuses on 

computer vision operations. Additionally, the OpenCLIP library was employed as an open-source 

implementation of CLIP, through which both RemoteCLIP and GeoRSCLIP used in this study are 

provided in the OpenCLIP format. 

In this study, CLIP models from RemoteCLIP and GeoRSCLIP will be utilized [19], [21]. 

RemoteCLIP is available in ResNet-50, ViT-Base-32, and ViT-Large-14 variants, while 
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GeoRSCLIP is available in ViT-Base-32, ViT-Large-14, and ViT-Large-14 with a 336 × 336 input 

size. This research will focus on the ViT-Base-32 configurations from both CLIP models for the 

ViT-based backbone, as well as the ResNet-50 RemoteCLIP model for the CNN-based backbone. 

All models accept inputs with a resolution of 224 × 224. 

The evaluation of model performance in this study was carried out using a Confusion Matrix as 

the primary assessment tool. The Confusion Matrix provides detailed information about correct and 

incorrect classifications across all cloud categories, making it suitable for analyzing behavior under 

long-tailed label distributions. The numerical values derived from this matrix were subsequently 

used to compute multiple performance metrics, including precision, recall, accuracy, F1-score, and 

macro F1-score, which together offer a comprehensive understanding of both overall performance 

and class-level balance. 
 

 
Figure 5. Confusion Matrix Illustration Using the LSCIDMR-S Dataset 

 

V. RESULT 

Table 6 presents a consolidated overview of all model evaluations performed in this study, 

encompassing different backbones, loss functions, and parameter-efficient configurations. The 

results demonstrate clear performance differences between CNN- and ViT-based architectures as 

well as notable shifts in model behavior depending on loss function selection. The default Logit 

Adjustment settings consistently produced majority collapse across all backbones, especially in 

ViT-B-32 and GeoRSCLIP, resulting in low accuracy and calibration issues. In contrast, Cross 

Entropy substantially improved overall accuracy but caused minority collapse, showing its 

limitations in handling long-tailed distributions. Class-Balanced loss delivered the most stable 

performance, offering a stronger balance between overall accuracy and per-class fairness, 

particularly on ViT-B-32 models. Increasing the bottleneck dimension improved performance 

across metrics, although with diminishing returns beyond 64 dimensions. Removing the LabelLess 

class produced significant accuracy gains, aligning the model more closely with earlier benchmark 

results. Finally, extending training to 15 epochs provided minor but consistent improvements in 

both total and per-class accuracy. Collectively, the table highlights how architectural choices, loss 

functions, and fine-tuning strategies interact to influence model robustness in long-tailed satellite 

cloud classification.  
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Table 6. Unified Evaluation Table for All Models (Models 1–18) 
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Table 7 presents a consolidated comparison of all evaluated models, highlighting how 

architectural choices, loss functions, and training configurations influence performance. Among the 

initial models, the RemoteCLIP ViT-B-32 and GeoRSCLIP variants show similar results, although 

overall accuracy remains low due to majority-class collapse. Models trained with alternative loss 

functions exhibit substantial improvements, with ViT CE and ViT Focal achieving higher accuracy, 

while Class-Balanced loss provides stronger per-class balance as reflected in higher Mean and F1 

scores. When the LabelLess class is removed, model performance increases markedly, with ViT CB 

128 Dim. achieving the highest overall metrics across the full comparison. Experiments using 

extended parameters further demonstrate that increasing bottleneck dimensions and training epochs 

enhances model stability and accuracy, particularly for ViT-based models. Overall, the comparison 

shows that ViT architectures paired with Class-Balanced loss and extended parameter 

configurations consistently yield the strongest and most balanced performance. 
 

Table 7. Summary of Model Comparison Results 

No. Category Model Accuracy Mean F1 

1 Initial Models RemoteCLIP ViT-B-32 58.1% 83.9% 54.4% 

2 Initial Models RemoteCLIP RN-50 53.2% 80.0% 50.3% 

3 Initial Models GeoRSCLIP ViT-B-32 57.4% 84.3% 54.2% 

4 Other Loss Functions RN CE 79.4% 56.4% 62.2% 

5 Other Loss Functions ViT CE 82.1% 62.8% 67.7% 

6 Other Loss Functions RN CB 73.3% 75.8% 62.5% 

7 Other Loss Functions ViT CB 74.8% 82.4% 65.5% 

8 Other Loss Functions ViT ½τ LA 75.3% 79.8% 65.9% 

9 Other Loss Functions ViT Focal 81.4% 65.2% 69.1% 

10 Other Loss Functions RN LADE 55.7% 79.1% 51.6% 

11 Without LabelLess Class ViT LA 90.6% 90.4% 85.8% 

12 Without LabelLess Class ViT CB 91.2% 90.7% 87.6% 

13 Without LabelLess Class ViT CB 128 Dim. 93.6% 93.2% 91.1% 

14 Extended Parameters 64 Dim. 62.5% 86.7% 58.0% 

15 Extended Parameters 128 Dim. 63.7% 86.9% 58.8% 

16 Extended Parameters CB 128 78.5% 85.0% 70.6% 

17 Extended Parameters CE 128 84.2% 68.7% 73.0% 

18 Extended Parameters CB 128 15e 79.4% 85.8% 71.8% 
  

 

VI. DISCUSSION 

Based on the consolidated evaluation results, it is clear that the default LIFT configuration 

using Logit Adjustment produces the weakest performance across all tested architectures. The 

initial models RemoteCLIP ViT-B-32, GeoRSCLIP ViT-B-32, and RemoteCLIP ResNet-50 

achieve low accuracies of 58.1%, 57.4%, and 53.2%, respectively, with consistently poor per-class 

performance. The LabelLess class dominates predictions under the 60:40 imbalance ratio, reflecting 

Logit Adjustment’s tendency to overemphasize frequent classes. Because GeoRSCLIP performs no 

better than RemoteCLIP and provides only marginal improvements in class averages, it is excluded 

from further experiments. 

Replacing Logit Adjustment with Cross Entropy substantially improves performance for both 

CNN and ViT architectures, with accuracies rising to 79.4% for ResNet-50 and 82.1% for ViT-B-

32. However, the minority-class performance remains weak, contrasting with findings in [4], where 

the degradation among rare classes was less severe. This difference suggests that CLIP’s contrastive 

pretraining behaves differently on LSCIDMR-S, where high inter-class similarity especially 

between LabelLess and nearby cloud types causes feature entanglement that negatively impacts rare 

classes. 

The Class-Balanced loss experiments produce more balanced performance across classes. 

ResNet-50 reaches 73.3% accuracy and ViT-B-32 reaches 74.8%, with macro-level metrics 

improving to 75.8% and 82.4%, respectively. These outcomes show a stable intermediate pattern 

between LA and CE, aligning with long-tailed learning insights from [29], which highlight CB loss 
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as an effective compromise between overall accuracy and class fairness. The reduced performance 

gap between LabelLess and the remaining classes particularly in ViT-B-32 demonstrates the loss 

function’s suitability for handling highly skewed cloud distributions. 

Reducing τ in Logit Adjustment leads to only partial improvements, increasing overall 

accuracy to 75.3% but decreasing macro-level performance, indicating that the imbalance effect is 

not fully resolved. Focal Loss yields moderate improvements at 81.4% accuracy but still 

underperforms compared to CE and CB, deviating from the expectations outlined in [30], where 

Focal Loss improved minority recognition in other imbalanced scenarios. LADE delivers the 

weakest performance among alternative losses at 55.7%, confirming that some imbalance-focused 

methods do not generalize well to meteorological cloud imagery. 

Substantial performance gains emerge when the LabelLess class is removed. Under this setting, 

ViT-B-32 achieves 90.6% accuracy using LA and 91.2% using CB. The best performance in this 

subset is achieved by CB with a 128-dimensional bottleneck, reaching 93.6% accuracy and a macro 

F1 of 91.1%. Although these results approach previously reported accuracies of 93–97% [4], [5], 

[17], they remain slightly lower due to the parameter-efficient tuning strategy used in this work, 

whereas prior studies relied on fully supervised CNN architectures with larger parameter budgets. 

Increasing the adapter bottleneck dimension provides additional insights. Expanding from 32 to 

64 dimensions increases accuracy to 62.5%, while a 128-dimensional bottleneck yields 63.7%, 

illustrating diminishing returns. When the 128-dimensional adapter is paired with CB loss, accuracy 

rises to 78.5% with a strong macro F1 of 70.6%. With CE at 128 dimensions, accuracy increases 

further to 84.2%, nearly matching earlier studies (84.5%), although at the cost of reduced per-class 

fairness. Extending training to 15 epochs results in slight but consistent performance gains, 

increasing accuracy to 79.4% and macro F1 to 71.8%. 

Overall, the results demonstrate that no single configuration optimizes every performance 

metric simultaneously. However, ViT-based models consistently outperform CNN-based models 

across nearly all experiments, particularly when paired with Class-Balanced loss and larger adapter 

bottlenecks. While earlier high-performing CNN models primarily emphasized maximizing total 

accuracy, this study shows that foundation-model-based ViTs provide more equitable performance 

across both frequent and rare cloud classes. Such balanced recognition is essential in meteorological 

applications, where rare but high-impact weather phenomena require reliable detection. 

After evaluating all models, the best-performing model is deployed in a web interface capable 

of predicting weather systems from satellite cloud imagery. Figure 6 shows the landing page of the 

website, where the background image is an RGB satellite image from Himawari-9 provided by the 

Japan Meteorological Agency under a CC BY 4.0 International license. Users can click a button to 

upload an image and generate predictions. Figure 7 displays the prediction page showing the 

uploaded image along with its prediction probabilities. Figure 8 shows the page displayed when the 

information icon is clicked, providing an explanation of the predicted results. Figure 9 illustrates the 

pop-up that appears when a sample image is selected. 
 

 
Figure 6. Landing Page 

 

 
Figure 7. Prediction Page 
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Figure 8. Explanation Page 

 
Figure 9. Pop-up Page 

These findings have broader implications for the global scientific community and society at 

large. First, improving classification balance across cloud types is essential for supporting more 

reliable automated weather monitoring systems worldwide. As extreme weather events increase due 

to climate change, balanced model performance ensures that rare but impactful weather systems 

such as deep convection, typhoons, or frontal boundaries are not overlooked. 

Second, the study demonstrates how foundation models can enhance meteorological AI 

applications globally, particularly in regions with limited forecasting resources. Lightweight 

parameter-efficient tuning allows the deployment of advanced models without requiring high-

compute infrastructure, making satellite-based nowcasting more accessible to developing countries. 

Third, the research highlights the importance of long-tailed learning for Earth observation more 

broadly. Many environmental datasets naturally exhibit skewed distributions, and the demonstrated 

effectiveness of Class-Balanced loss and ViT-based architectures can inform future work in fields 

such as climate monitoring, disaster detection, and ecological surveillance. 

Finally, by integrating the best-performing model into a publicly accessible web application, 

this work supports global efforts toward democratizing access to meteorological intelligence and 

improving societal resilience to extreme weather conditions. 

 

VII. CONCLUSION 

This study successfully developed and evaluated CNN- and ViT-based models for long-tailed 

satellite cloud image classification using the LSCIDMR-S dataset. The experiments highlighted that 

severe class imbalance presents significant challenges to model performance, especially when using 

default configurations like Logit Adjustment. Through systematic optimization, including 

adjustments to loss functions and parameter-efficient tuning strategies, model stability and accuracy 

were significantly improved. Among the tested architectures, ViT-based models consistently 

outperformed CNN-based models, achieving superior overall and per-class performance, closely 

aligning with results from earlier cloud-classification studies. 

The introduction of larger adapter bottleneck dimensions further enhanced ViT performance, 

underscoring the importance of increased representational capacity in long-tailed scenarios. 

Additionally, Class-Balanced loss emerged as the most effective learning objective, offering a 

balanced trade-off between overall accuracy and equitable performance across both rare and 

frequent classes. These findings demonstrate the potential of foundation-model–based ViT 

architectures, paired with appropriate loss functions and tuning strategies, to provide robust and 

well-balanced classification for satellite cloud imagery in highly imbalanced real-world settings. 
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