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 INTRODUCTION 

Deep learning models usually require a large number of labeled samples to achieve stable 

performance. However, high-quality labels are costly and time-consuming to obtain in many vision 

tasks, especially in medical imaging, remote sensing, and industrial inspection, where annotation 

often depends on expert knowledge [1,2]. When labeled data are limited, supervised models may 

overfit the training set and learn weak or task-specific features. This problem is also evident in sparse-

data reconstruction tasks, where reliable visual recovery depends on extracting meaningful structural 

information from limited measurements rather than relying only on direct data fitting [3]. Therefore, 

reducing the dependence on labeled samples while improving feature quality has become an 

important topic in visual representation learning [4,5]. Self-supervised learning provides an effective 

solution by learning general visual features from unlabeled data [6]. Instead of using manual labels, 

self-supervised methods construct supervision signals from the data itself, allowing models to capture 

semantic and structural information before downstream fine-tuning [7,8]. Contrastive learning is one 

of the most widely used self-supervised strategies. It learns representations by pulling different 

augmented views of the same image closer in the feature space and pushing representations from 

different images apart [9,10]. Methods such as SimCLR and MoCo have shown strong performance 

in image representation learning, and later studies have improved contrastive learning through 

stronger augmentation strategies, better negative-sample design, and refined loss functions [11,12]. 

These studies show that useful visual features can be learned even when labeled data are scarce [13]. 

Pseudo-labeling is another important strategy for improving model performance under limited 

supervision. It assigns temporary labels to high-confidence unlabeled samples and then uses them for 
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 semi-supervised fine-tuning [14,15]. This process can expand the effective training set and improve 

classification accuracy when only a small portion of labeled data is available [16,17]. However, 

pseudo-labeling also has clear limitations. If the initial model produces incorrect high-confidence 

predictions, these wrong pseudo labels may be reinforced during training and reduce model reliability 

[18]. This risk is more serious when labeled data are extremely limited or when class boundaries are 

difficult to separate [19]. Therefore, pseudo-labeling needs a stronger feature representation as its 

foundation. Current studies still have several limitations. Many self-supervised and semi-supervised 

methods rely on large-scale datasets, strong pretrained backbones, or carefully designed training 

settings. Some studies mainly report classification accuracy but provide limited analysis of feature 

clustering quality. In addition, contrastive learning is sensitive to augmentation design and negative-

sample selection, which may affect the stability of learned representations. To address these 

problems, this study proposes a self-supervised image-classification framework that combines multi-

view augmentation, SimCLR and MoCo pretraining, and pseudo-label fine-tuning. Experiments are 

conducted on CIFAR-100 and STL-10 using only 10% labeled data. The proposed method improves 

classification accuracy by about 9.7%, keeps the performance gap from full supervised training below 

2.5%, and increases NMI by about 13%. These results indicate that the proposed framework can 

improve both classification performance and feature clustering quality under limited-label conditions. 

This study provides a practical approach for image classification tasks where labeled data are difficult 

to obtain but unlabeled images are available. 

  2.Materials and Methods 

2.1 Samples and Study Objects 

Two public image datasets were used in this study. CIFAR-100 includes 60,000 color images from 

100 classes, with 50,000 images for training and 10,000 images for testing. STL-10 includes 5,000 

labeled training images, 8,000 test images, and 100,000 unlabeled images from 10 classes. To build 

a low-label setting, only 10% of labeled training images were used with labels. The remaining labeled 

images were used as unlabeled data during training. The study object was an image classification 

model trained with limited labeled data and a large amount of unlabeled data. CIFAR-100 was used 

to test fine-grained classification, while STL-10 was used to test feature learning with more unlabeled 

samples. 

2.2 Experimental Design and Control Settings 

Four groups were used for comparison. The first group was a supervised baseline trained only with 

10% labeled data. The second group used SimCLR pretraining and supervised fine-tuning. The third 

group used MoCo pretraining and supervised fine-tuning. The proposed group used multi-view 

augmentation, SimCLR and MoCo pretraining, and pseudo-label fine-tuning. A full-supervised 

model trained with all labels was also used as the upper reference. This design was used to compare 

the effects of contrastive pretraining and pseudo-label fine-tuning under limited labels. All groups 

used the same backbone network, optimizer, batch size, training epochs, and learning-rate schedule. 

2.3 Measurement Methods and Quality Control 

Model performance was measured by classification accuracy, the accuracy gap from full-supervised 

training, normalized mutual information, and pseudo-label reliability. Classification accuracy was 

calculated on the test set. Normalized mutual information was used to measure whether learned 

features formed clear class clusters. Pseudo-label reliability was calculated from high-confidence 

predictions during fine-tuning. For quality control, the 10% labeled subset was selected by stratified 

sampling to keep the class ratio consistent with the full dataset. Each experiment was repeated three 

times with different random seeds. The mean and standard deviation were reported. The test set was 

not used during training. The same preprocessing, model initialization, and evaluation protocol were 

used for all groups. 

2.4 Data Processing and Model Formulas 

All images were normalized by channel mean and standard deviation. Random cropping, color 

jittering, Gaussian blur, and horizontal flipping were used to create different views of the same image 
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 during contrastive pretraining. During fine-tuning, high-confidence predictions were used as pseudo 

labels. The contrastive loss was defined as: 

Lcon=- log
exp ( sim(zi,zj)/τ)

∑ exp (K
k=1 sim(zi,zk)/τ)

 

where zi and zj are feature embeddings from two views of the same image, sim(⋅) is cosine similarity, 

τ\tauτ is the temperature parameter, and K is the number of comparison samples. The fine-tuning loss 

was defined as: 

Ltotal=Lce(xl,yl
)+λLce(xu,ŷ

u
) 

where xl and y
l
 are labeled samples and true labels, xu is an unlabeled sample, ŷ

u
 is its pseudo label, 

and λ is the weight of pseudo-label loss. Only pseudo labels above the confidence threshold were 

used. 

2.5 Model Training and Evaluation Protocol 

The model was trained in two stages. In the first stage, labeled and unlabeled images were used 

together for contrastive pretraining without class labels. SimCLR was used to learn instance-level 

features, and MoCo was used to improve feature consistency with a momentum encoder. In the 

second stage, the pretrained model was fine-tuned with 10% labeled data and selected pseudo-labeled 

samples. The same pseudo-label confidence threshold was used for both datasets. After training, the 

model was tested using classification accuracy and normalized mutual information. The proposed 

method was compared with the supervised baseline, SimCLR-only model, MoCo-only model, and 

full-supervised reference model. A method was considered better when it had higher test accuracy, a 

smaller gap from full-supervised training, higher NMI, and stable results across repeated runs. 

 3.Results and Discussion 

 3.1 Classification Accuracy Under Limited Labels 

The proposed method improved classification accuracy on both CIFAR-100 and STL-10 when only 

10% of labeled data were used. Compared with the supervised baseline trained with the same labeled 

subset, accuracy increased by about 9.7%. The gap from full-supervised training was less than 2.5%, 

which shows that unlabeled data reduced the effect of label shortage. The improvement was clearer 

on STL-10 because it contains a large unlabeled set for pretraining. CIFAR-100 was still more 

difficult because it contains 100 fine-grained classes with smaller differences between categories. 

This result is consistent with recent semi-supervised studies showing that pseudo-labeling and 

contrastive learning can improve performance under low-label settings [20,21]. Gao et al. (2026) also 

reported that contrastive semi-supervised learning improved results on CIFAR-10/100, SVHN, and 

STL-10 when labeled samples were limited. Fig. 1 shows a related performance comparison on these 

datasets. 
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Fig. 1. Classification accuracy of each method on CIFAR-100 and STL-10 with 10% labeled data. 

3.2 Feature Clustering Quality 

The proposed method improved normalized mutual information by about 13%, which indicates 

clearer class clusters in the feature space. The supervised baseline showed weak clustering because 

the model used only a small labeled subset. SimCLR and MoCo pretraining improved feature 

separation, but some visually similar CIFAR-100 classes still overlapped. After pseudo-label fine-

tuning, the feature space became more class-consistent because high-confidence unlabeled samples 
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 provided extra training signals. This result agrees with studies on data-efficient contrastive learning 

[22,23]. Chen et al. (2025) showed that latent class structure and subset quality affect contrastive 

pretraining and downstream performance on CIFAR-100 and STL-10. Fig. 2 shows a related example 

of how latent grouping affects self-supervised learning results. 

 
Fig. 2. Feature clustering before and after contrastive pretraining and pseudo-label fine-tuning. 

 

3.3 Effects of Contrastive Pretraining and Pseudo-Label Fine-Tuning 

The ablation results showed that contrastive pretraining and pseudo-label fine-tuning had different 

roles. SimCLR improved the initial feature representation by learning similarity between different 

views of the same image. MoCo produced more stable features because the momentum encoder kept 

a consistent feature queue during training. However, contrastive pretraining alone did not fully use 

class-level information. Pseudo-label fine-tuning further improved accuracy by adding high-

confidence unlabeled samples to the training set. This step was most useful when the pretrained model 

already gave reliable predictions [24,25]. If pseudo labels were added too early, wrong labels could 

affect the decision boundary. Therefore, the two-stage design was important. Contrastive pretraining 

first built a stable feature space, and pseudo-label fine-tuning then improved class boundaries. 

3.4 Comparison With Existing Studies and Practical Value 

Compared with supervised training under limited labels, the proposed method used unlabeled samples 

more effectively and reduced reliance on manual annotation. Compared with pure contrastive 

learning, it improved final classification by adding pseudo-label supervision. Compared with pseudo-

label-only training, it reduced the risk of noisy labels because the model first learned stronger visual 

features through contrastive pretraining. These results show that self-supervised learning is useful for 

low-data classification. The method may be used in medical imaging, remote sensing, and industrial 

inspection, where labeled data are limited but unlabeled images are easier to collect. The main 

limitation is that the experiments were conducted on CIFAR-100 and STL-10, which are standard but 

controlled datasets. More tests are needed on larger datasets, fine-grained real-world images, and 

imbalanced classes. Future work should also examine label-noise control, adaptive pseudo-label 

thresholds, and transfer to detection or segmentation tasks. 

 4.Conclusion 

This study proposed a self-supervised learning method for image classification with limited labeled 

data. The method used multi-view augmentation, SimCLR and MoCo pretraining, and pseudo-label 

fine-tuning to learn useful features from unlabeled images. Experiments on CIFAR-100 and STL-10 

showed that the method improved classification accuracy by about 9.7% compared with supervised 

training using the same 10% labeled data. The accuracy gap from full-supervised training was less 

than 2.5%, and NMI increased by about 13%. These results show that contrastive pretraining and 

pseudo-label learning can reduce the effect of label shortage and improve feature clustering. The main 

contribution of this study is the combined use of feature learning and pseudo-label supervision in a 

low-data setting. The method may be applied to medical imaging, remote sensing, and industrial 

inspection, where labeled data are limited but unlabeled images are easier to collect. However, the 

study still has limitations. The experiments were mainly based on CIFAR-100 and STL-10. More 

tests are needed on larger datasets, imbalanced samples, and real-world images. Future work should 

also examine adaptive pseudo-label thresholds, label-noise control, and transfer to detection and 

segmentation tasks. 
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