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Abstract

By combining unsupervised and supervised machine learning methods, we have proposed a framework, called USmorph, to carry out automatic classifications of galaxy morphologies. In this work, we update the unsupervised machine learning (UML) step by proposing an algorithm based on ConvNeXt large model coding to improve the efficiency of unlabeled galaxy morphology classifications. The method can be summarized into three key aspects as follows: (1) a convolutional autoencoder is used for image denoising and reconstruction and the rotational invariance of the model is improved by polar coordinate extension; (2) uthilizing a pre-trained convolutional neural network (CNN) named ConvNeXt for encoding the image data. The features were further compressed via a principal component analysis (PCA) dimensionality reduction; (3) adopting a bagging-based multi-model voting classification algorithm to enhance robustness. We applied this model to I-band images of a galaxy sample with Imag < 25 in the COSMOS field. Compared to the original unsupervised method, the number of clustering groups required by the new method is reduced from 100 to 20. Finally, we managed to classify about 53% galaxies, significantly improving the classification efficiency. To verify the validity of the morphological classification, we selected massive galaxies with M* > 1010M⊙ for morphological parameter tests. The corresponding rules between the classification results and the physical properties of galaxies on multiple parameter surfaces are consistent with the existing evolution model. Our method has demonstrated the feasibility of using large model encoding to classify galaxy morphology, which not only improves the efficiency of galaxy morphology classification, but also saves time and manpower. Furthermore, in comparison to the original UML model, the enhanced classification performance is more evident in qualitative analysis and has successfully surpassed a greater number of parameter tests. The enhanced UML method will support the Chinese space station telescope in the future.
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1 Introduction
In recent years, with the advancement of observational techniques and the development of observation instruments, several large-scale galaxy mapping projects such as the Sloan Digital Sky Survey (SDSS; Stoughton et al. 2002) and the Cosmic Evolution Survey (COSMOS; Scoville et al. 2007) have been initiated or completed, significantly increasing the number of observed galaxies (Ravindranath et al. 2006; Scoville et al. 2007). The exponential growth of data necessitates the development of more efficient data processing techniques to accomplish galaxy classification tasks.
The application of machine learning methods in classifying galaxy morphology has been increasing. Banerji et al. (2010) used artificial neural networks to classify galaxies labeled by Galaxy Zoo, Dieleman et al. (2015) introduces deep neural network models into galaxy morphology classification, achieving high-precision classification of Galaxy Zoo data. The study by Sreejith et al. (2017) applied four statistical techniques (support vector machines, classification trees, random forest classification trees, and neural networks) to test the feasibility of automated algorithms for galaxy classification. Zhu et al. (2019) proposed a residual-network variant of galaxy morphology classification to be applied to large-scale samples, Ghosh et al. (2020) and Vega-Ferrero et al. (2021) both developed different supervised learning algorithms for the field of galaxy classification.
However, existing supervised machine learning algorithms often necessitate a substantial amount of precisely labeled data (Schmarje et al. 2021), frequently sourced from visual categorization. Training the network typically demands prior knowledge of the labels, which could be time-consuming and computationally intensive, limiting the full exploitation of machine learning advantages (Song et al. 2024). Furthermore, utilizing nearby galaxies as training samples to classify the morphology of high-redshift galaxies is only partially reasonable, as the morphological evolution of galaxies varies across different stages (Tohill et al. 2024). Therefore, we need to develop a new generation of efficient machine learning methods to mitigate labels’ influence on galaxy classification results, such as the impact of uneven label categories and label labeling errors (Tohill et al. 2024).
To achieve the above goal and improve the classification efficiency of machine learning, self-supervised learning (Ericsson et al. 2022; Ozbulak et al. 2023), and unsupervised learning-based (Schmarje et al. 2021; Liu et al. 2023; Dosovitskiy et al. 2021) approaches are proposed. Self-supervised learning models can extract features from intrinsic sample signals without requiring data labeling, thus reducing the dependence on manual labeling. Unsupervised machine learning methods do not require data labeling at all and focus on exploring the inherent structures and patterns within the unlabeled data through various techniques (Hou et al. 2021). This paper aims to introduce a rapid and effective unsupervised machine learning clustering algorithm, which is straightforward and user-friendly, to eliminate the influence of prior labeling on the model.
Some deep clustering frameworks (Ajay et al. 2022) can enhance feature extraction in the absence of data labels, such as SimCLR (Chen et al. 2020), SWAV (Caron et al. 2020), and SCAN (Van Gansbeke et al. 2020). By combining the advantages of traditional convolutional neural networks (CNNs) with modern design improvements, ConvNeXt (Liu et al. 2022) is also an efficient visual model that can proficiently extract features from similar fields. ConvNeXt represents an advance on the ResNet architecture (He et al. 2016), employing a training approach similar to Swin Transformer (Liu et al. 2021). It refines the main structure of ResNet by integrating a patchy layer and broadening the width of the network through convolutional grouping. This design combines the advantages of convolutional networks and Swin Transformer (Liu et al. 2021). By combining the robust feature extraction capability of CNN with the self-attention mechanism of Swin Transformer, long-term dependency relationships can be effectively simulated. ConvNeXt shows superior performance in image classification tasks (Liu et al. 2022). Compared to pure Transformer-based models such as Vision Transformer (ViT; Paul & Chen 2022), ConvNeXt significantly reduces parameter number and computational overhead while maintaining superior performance. By pre-trained the ConvNeXt model with the ImageNet-22K dataset, Liu et al. (2023) developed an effective method for classifying fungi. This demonstrates the effective transfer learning capability of the pre-trained ConvNeXt model and provides a new approach for directly using the pre-trained ConvNeXt model in astronomical image classification.
With long-term efforts, we have established a framework named USmorph for automatic classification of galaxy morphology. Zhou et al. (2022) developed the original bagging-based multi-model voting clustering method (UML), which enables machines to cluster galaxies into 100 highly similar groups. Fang et al. (2023) introduced a supervised algorithm (SML) that integrates polar coordinate unfolding technology with GoogleNet, achieving high accuracy in galaxy classification. Dai et al. (2023) were the first to combine UML and Googlenet models, demonstrating the effectiveness of this combined approach for classification. Song et al. (2024) further expanded the application data by six times by combining UML and SML, validating the model’s robustness and enhancing the clustering capability of the UML algorithm to 50 groups.
In this paper, we improve the original UML model (Zhou et al. 2022) and introduce a technique to encode data using a pre-trained ConvNeXt large-scale model (Liu et al. 2022), thereby enhancing the efficiency of galaxy image feature extraction. The model used in this work is also pre-trained on the ImageNet-22K dataset. We have made the project code available at https://github.com/ydai-astro/eUML. Our method leverages the convolutional autoencoder (CAE; Masci et al. 2011) and adaptive polar-coordinate transformation techniques (APCT; Fang et al. 2023) for data preprocessing to reduce image noise and align image features. The ConvNeXt large model is employed to encode the preprocessed samples for feature extraction, followed by a PCA dimensionality reduction on the encoded data for further feature extraction. The goal is to maximize the extraction of practical information from the data, eliminate redundant information, and achieve dimensional compression. This process enables us to reduce unnecessary resource consumption while preserving only the essential features. We employ a bagging-based multi-model voting clustering method (Zhou et al. 2022) to classify the encoded data, ensuring accurate data classification. Compared to the original UML method, the enhanced UML method reduces the machine clustering groups from 100 to 20, thus conserving more workforce and resources. We finally cluster 20 groups into five categories of galaxy morphology by visual classification. The advantage of unsupervised clustering and visual classification is that it is straightforward and efficient to judge categories with similar characteristics, making the judgment challenging to be biased. We validated the effectiveness of our classification model by data visualization using t-SNE technology and examining the distribution of galaxy morphological parameters (van der Maaten & Hinton 2008; Linderman & Steinerberger 2019). The organizational structure of this paper is as follows. Section 2 describes the dataset and our sample selection. Section 3 details our improved self-supervised machine learning classification model, including data preprocessing techniques, ConvNeXt large model-based coding methods and the Bagging-based multi-model voting techniques. Section 4 mainly shows the clustering results in detail and verifies the validity of the classification results through the galaxy shape parameter test. Section 5 summarizes the main conclusions and offers prospects for future research.
2 Data and sample selection
2.1 COSMOS field
The COSMOS field was strategically designed to delve into the intricate relationships between various cosmic phenomena (Scoville et al. 2007), all within the redshift range of 0.5 < ɀ < 6. This comprehensive survey stands as a remarkable exploration, covering an expansive 2 deg2 and spanning a diverse range of wavelengths from X-ray to radio. Koekemoer et al. (2007) conducted a thorough processing of the images using the STSDAS Multidrizzle software package (Koekemoer et al. 2003). The processed images have a pixel scale of 0″.03.
This study is specifically focused on leveraging the high-resolution images from the Hubble Space Telescope’s Advanced Camera for Surveys (HST/ACS) in the F814W filter. Encompassing an area of approximately 1.64 deg2 within the COSMOS field, these images mark the largest continuous field observed by the HST/ACS. All experimental data in this work are based on HST I-band data.
	[image: thumbnail]	Fig. 1 Distribution of our sample in the I-band magnitude versus red-shift diagram. The grey points represent the distribution of all galaxy samples in the COSMOS2020 Catalogue. In this work, we only consider samples with Imag < 25 and within the redshift range of 0.2 < ɀ < 1.2. In the panels above and to the right of the image, the grey solid lines (yellow bars) show the distributions of Imag and z for all galaxy samples (the sample we selected) in the COSMOS2020 catalog.



2.2 COSMOS2020 catalog
The “Farmer” COSMOS2020 catalog (Weaver et al. 2022) provides extensive photometric data across 35 bands, ranging from the ultraviolet to near-infrared (UV-NIR). This catalog was utilized to characterize various physical properties of galaxies, including photometric redshift and stellar mass, through spectral energy distribution (SED) fitting.
To determine the redshifts, two distinct codes were used: EAZY (Brammer et al. 2008) and LePhare (Ilbert et al. 2006). The findings suggest that these different estimation methods yield consistent results. To enhance reliability within the specific magnitude range under consideration, we adopted the LePhare-derived redshifts (Weaver et al. 2022). This redshift estimation process utilized a library of 33 galaxy templates obtained from Bruzual & Chariot (2003) and Ilbert et al. (2008).
2.3 Sample selection
In this study, our galaxy selection process from the COSMOS2020 catalog adhere to the following criteria: (1) galaxies with Imag < 25 were chosen, excluding those that are too faint for accurate morphological measurements; (2) the redshift range of 0.2 < z < 1.2 was applied to ensure morphological assessments were conducted in the rest-frame optical band; (3) the selection was limited to galaxies with FLAGCOMBINE = 0, ensuring reliability in photometric redshift and stellar mass estimations; and 4) additionally, galaxies with bad pixels and signal-to-noise ratios less than 5 (S/N<5) were excluded from the analysis. The resulting sample comprises a total of 99 806 galaxies. The redshift and Imag distributions of our sample are shown in Fig. 1. The size of the captured image is 100 × 100 pixels. We measured the effective radius of galaxies using GALAPAGOS software (Barden et al. 2012; Häußler et al. 2022), which corresponds to the major-axis of an ellipse. Fig. 2 illustrates the distribution of effective radii across all our samples. Remarkably, 97.5% of the samples exhibit an effective radius of less than 50 pixels, which ensures that our cutouts contain enough information about the galaxies to perform morphology classification.
	[image: thumbnail]	Fig. 2 Histogram of effective radius distribution of galaxies in the selected sample. The effective radius of 97.5% of the samples is less than 50 pixels, it indicates that images with a size of 100 × 100 pixels could store the majority of information about galaxies, which means this cutout is suitable for this work.



3 Enhanced UML method based on large pre-trained ConvNeXt model
In this section we delve into the intricate architecture of the enhanced UML technique. Fig. 3 illustrates the specific process of the enhanced UML method and the main principles of feature extraction. The initial image undergoes preprocessing before being fed into the feature extraction module, where it is subjected to feature extraction and dimensionality reduction processes. Subsequently, a multi-model voting clustering approach is employed. Here, we provide an exhaustive overview.
3.1 Data preprocessing
The CAE mitigates noise by recreating the input images, ensuring the fundamental information of the image is retained while extracting salient features to diminish data dimensions. Given these attributes, we employ CAE as a data preprocessing tool, wherein its competencies in reducing image noise and compressing dimensions are manifested throughout a sequence of preparatory procedures for our work (Zhou et al. 2022; Fang et al. 2023; Dai et al. 2023; Song et al. 2024). In addition, by combining autoencoders and clustering algorithms, the recognition of gravitational lenses (Cheng et al. 2020), and effective morphological classification (Cheng et al. 2021) have also demonstrated the practicality and superiority of CAE in multiple research topics.
In Fig. 4, the left image of each group represents the original image, while the middle image represents the reconstructed image after CAE denoising. The figure shows significantly reduced background noise and preserves the structural characteristics of the galaxy’s interior. Table 1 shows the convolution kernel sizes and structure of the CAE used in this work. The decoding process of the CAE is exactly the reverse of the encoding process. The model performs best when the convolution kernel size in experiments is set to be 5 × 5.
The classification of galaxy morphology should be rotational invariant. To enhance the rotation invariance of the model, traditional data augmentation methods reduce the impact of image angles through simple rotation, sorting, and so on. An image needs to be rotated into multiple images with different angles for data augmentation, which significantly increases the computational burden and cannot eliminate the impact of rotation. The APCT technique developed by Fang et al. (2023) can effectively enhance the rotation invariance of the model, while saving computational power. This technique unfolds the image from the centre’s brightest to the darkest point by adding pixels every 0.05 degrees counterclockwise and mirrors and concatenates the unfolded image. The operation not only enhances the most prominent features in the centre, but also eliminates the angle information in the image, focusing more on the differential information of the image. Compared with traditional data augmentation, it effectively saves computational resources, enhances model rotation invariance and is more suitable for large-scale data surveys. Using APCT technology to process images could highlight the feature differences, which is of benefit to label alignment and thus the subsequent classification.
In Fig. 4, the right column of each image group shows the images processed by APCT and there are significant differences in the morphology of galaxies after APCT processing while retaining distinct features. Galaxies dominated by nuclear spheres have a clear, narrow white channel in the middle of the image after unfolding in polar coordinates, without any other structures. After unfolding, galaxies with both a nuclear sphere and a disk structure have white channels and additional edge information due to different disk shapes. The brighter the nuclear sphere, the more pronounced the white channels are; vice versa, the more pronounced the edge information is. Galaxies with multi-core structures exhibit significant differences from other galaxies after unfolding, except for the white channel. These similar and different features provide a foundation for subsequent model classification.
Overall, the combination of CAE and APCT effectively reduces background noise, extracts compelling features, and eliminates angle information in the images, improving the model’s classification efficiency and rotation invariance.
	[image: thumbnail]	Fig. 3 Our framework for enhancing unsupervised classification and schematic diagram for feature extraction. Panel a represents the improved model flowchart, while Panel b represents the schematic of feature extraction. In the feature extraction process, we use the ConNeXt large model for data encoding to extract compelling features from the data. Subsequently, the next step involves PCA dimensionality reduction to eliminate redundant information in the image. This combination effectively extracts features while retaining only basic information, optimizing computing resources.



Table 1 
CAE architecture used in this work.

	[image: thumbnail]	Fig. 4 Some examples of image preprocessing, including six sets of images showing the comparison between preprocessed images of different shapes of galaxies and the original image. The original image is on the left side of each group of images, in the middle is the image after CAE denoising, and on the right is the image after the polar coordinate unfolding. The data after CAE denoising effectively preserves the characteristics of galaxies while eliminating artifacts such as noise and artifacts in the image. The subsequent APCT processing, after polar coordinate unfolding, inverts the image up and down and concatenates it, enhancing the brightest area in the centre and highlighting the significant differences between different categories of galaxies, thereby enhancing the rotational invariance of the model. From the graph, we can see that galaxies with different morphologies exhibit significant differences after preprocessing.



3.2 Feature extraction and dimensionality reduction
This section primarily elucidates the principles and parameters pertinent to model feature extraction and dimensionality reduction, as delineated below. ConvNeXt was introduced by Liu et al. (2022), representing an evolution beyond ResNet convolutional networks (He et al. 2016). It combines training techniques similar to the Swin Transformer, redefining the ResNet architecture by introducing patch layers and expanding network width through convolutional grouping.
This work uses a pre-trained ConvNeXt model of which the specific structure is shown in Fig. 5. The numbers of channels corresponding to each layer of blocks are 256, 512, 1024, and 2048, respectively, while the numbers of stacked blocks in each layer are 3, 3, 27, and 3, respectively. The convolution kernel sizes of the block and downsampling layers are fixed throughout the ConvNeXt architecture. However, given the increasing dimensions of the block layers during the learning (i.e., from 256 to 2048), the convolution kernel size within each block layer is 7×7 with a step size of 1, and the convolution kernel size of each downsampling layer is 2×2 with a step size of 2. The activation function employed is GELU, which amalgamates the benefits of both convolutional networks and Transformers.
This variation in stride facilitates the network in progressively extracting higher-level features during the learning phase, thereby enhancing the model’s learning efficiency. This not only substantially diminishes the parameters and computational burden but also sustains the robust feature extraction prowess of convolutional neural networks. Upon encoding with the ConvNeXt model, the image is transformed into a 2048-dimensional vector, effectively minimizing redundancies and extracting salient features from the image. To further enhance the efficiency of feature extraction, we aim to retain the differential characteristics between distinct images, while eliminating certain standard features; thereby achieving additional dimensionality reduction. Therefore, we used PCA to further reduce the dimension of feature vectors to achieve efficient feature extraction and save computing resources.
Principal component analysis (PCA; Maćkiewicz & Ratajczak 1993) is a dimensionality reduction and feature extraction method. The method maps the original data to a new coordinate system via a linear transformation to find the data’s main structures and patterns, during which dimensionality reduction is achieved by identifying the principal components of the data and concentrating the variance on a few principal components. The primary objective of using PCA in learning is to minimize the dimensionality of data while maximizing the retention of original data information. PCA accomplishes dimensionality reduction by computing the covariance matrix of the data, along with its eigenvalues and eigenvectors. The eigenvalues signify the variance of the data in various directions, whereas the eigenvectors denote these directions. By selecting the eigenvectors corresponding to the largest k eigenvalues, the original data can be projected onto a new k-dimensional space. By choosing different k values, a balance can be struck between reducing dimensionality and preserving information. Typically, these selected k eigenvalues account for the majority of the variance in the data, thereby preserving the main information of the data. We have calculated the eigenvalues and found that reducing the dimensionality from 2048 to 1500 can preserve the most effective information. Therefore, the final feature vector is extracted to 1500 dimensions, retaining ample effective information.
As shown in Panel b of Fig. 3, we improve the efficiency of model feature extraction by using a two-step strategy. Firstly, we extract compelling features from the image to reduce redundant features. After the convolutional network structure of ConvNeXt, the image features are effectively extracted, and the redundant and repeated features within a single image are removed. After the secondary feature extraction of PCA dimensionality reduction, the same features between different images are removed and the difference features between images are retained (panel b in Fig. 3).
	[image: thumbnail]	Fig. 5 Framework of ConvNeXt model. ConvNeXt adopts a modular design approach similar to Transformer, dividing the network structure into multiple identical modules for easy expansion and maintenance. The network adopts a standardized connection method between each module, which facilitates information transmission and gradient flow. Although ConvNeXt does not introduce particularly complex or novel structures, it achieved good performance by effectively integrating and applying existing methods.



3.3 Clustering process
The bagging-based multi-model voting classification method has been repeatedly proven to have good robustness and provide reliable classification results in previous studies (Zhou et al. 2022; Dai et al. 2023; Song et al. 2024), at the cost of discarding some controversial samples1. Three independent clustering models were used to process data: a hierarchical balanced iterative reduction and clustering algorithm (Zhang et al. 1996; Peng et al. 2020), k-means clustering algorithm (Hartigan & Wong 1979), and hierarchical aggregation clustering algorithm (Murtagh 1983; Murtagh & Legendre 2014). Each model independently classifies samples into 20 groups. The voting clustering algorithm aligns labels by setting the ones generated from the k-means algorithm as the fiducial labels. Once the categories are aligned, a voting classification decision is made. The corresponding groups will be retained only if at least two of the three models reach a consensus, The schematic diagram can be seen in Fig. 4 of Zhou et al. (2022). If no consensus is reached, the group classification is considered unreliable and excluded. Through this mixed clustering voting mechanism, 53 216 galaxies were successfully classified into 20 groups.
During the voting-based clustering process, we experimented with clustering into 5, 10, and 20 groups, respectively. After implementing the feature extraction scheme combining ConvNeXt large model encoding with PCA dimensionality reduction. the clustering algorithm can distinguish ellipsoids from other morphological types when voting for 5 or 10 groups. However, with that small group number, the algorithm failed to separate other galaxy morphologies. When voting for 20 groups, we were able to group images with similar features, demonstrating effective discrimination. Consequently, we settled on 20 groups as the optimal group number. For comparison, the group number adopted in Zhou et al. (2022) with the original UML method is 100. By utilizing the new feature extraction algorithm combined with PCA, only 20 groups are now required to achieve satisfactory classification results.
To further sort the obtained 20 groups into five distinct morphological categories that possess physical significance for future scientific exploration, visual classification is carried out. We randomly select 100 galaxy images from each group and place them on the same panel. Three experts participated in this process, and when two or more experts made consistent judgments on the classification of the group of galaxies, we successfully classified them. Otherwise, it would have been deemed unclassifiable. Finally, the 20 groups of galaxies were classified into five categories with physical significance. Fig. 6 shows this classification process.
These five morphological categories are spherical (SPH), early-type disk (ETD), late-type disk (LTD), irregular (IRR), and unclassified (UNC). SPHs have obvious spherical structures. ETDs have obvious nuclear spheres and smaller, regular disk structures, while LTDs have large and obvious disk structures attached, with visible spiral arms. IRRs do not have obvious regular shapes, and their nuclei are not obvious or have multiple nuclear structures. UNCs usually have low signal-to-noise ratios and cannot distinguish whether they contain galaxies or morphological features.
	[image: thumbnail]	Fig. 6 Visual categorization process diagram. From 20 machine clustering groups, we randomly selected 100 images from each group and placed them on a single canvas. Three experts voted on the classification, ultimately categorizing them into five physically meaningful categories. Within the randomly selected images, there was high similarity within each group and significant differences between different groups. This process demonstrated the high efficiency and convenience of our machine learning method, significantly saving time and effort.



4 Result and discussion
In this section we present the final results of galaxy classification and validate its effectiveness through some tests.
4.1 Classification result
We finally successfully classified 53 612 (54%) galaxies, including 10 049 SPHs, 11 763 ETDs, 8364 LTDs, 14 433 IRRs, and 9103 UNCs. Randomly selected examples of the final classification results are exhibited in Fig. 7, from which we can see that there is a clear differentiation in the morphologies of different types of galaxies.
We used t-distribution random neighborhood embedding (t-SNE; van der Maaten & Hinton 2008) to illustrate the clustering results, which is a high-dimensional data visualization and dimensionality reduction technique. In Fig. 8, we show the t-SNE distribution of the final clustering into five categories, randomly mapping 500, 5000 samples, and a total of 53 612 fully classified data for two-dimensional mapping. The concentrated behavior of galaxies belonging to the same morphological types suggests that both machine clustering and visual classification show good classification performance. The same type of galaxy is distributed in adjacent spaces, while different galaxy mappings have different distribution trends in two-dimensional space. Sampling galaxies at different times ensures no overlapping effect between galaxies. In Panel d of Fig. 8, the contour map represents the trend of galaxy clustering. Among various types of galaxies, 80% of samples do not overlap after t-SNE, indicating the effectiveness of our clustering. Since the t-SNE test can only qualitatively test the distribution of classifications, we will now examine the effectiveness of classification from the perspective of physical properties.
4.2 Test of morphological parameters
Galaxies with different morphologies often possess distinct physical properties, which are intimately linked to the formation and evolution of galaxies (e.g., Ball et al. 2008; Gu et al. 2018). The distributions of galaxy morphology or structure parameters can be used to test the effectiveness of classification results (e.g., Zhou et al. 2022; Dai et al. 2023; Yao et al. 2023). In this section we measure different morphology parameters to test the effectiveness of classification. Due to the unclear evolution mechanism of less massive galaxies, we only selected massive galaxies with M* > 1010 M⊙ for testing. UNC, which has difficult-to-measure morphological parameters, will not be considered for testing.
4.2.1 Parametric measurements
To obtain the morphological parameters of galaxies, we utilized the GALFIT package (Peng et al. 2002) and GALAPAGOS software (Barden et al. 2012; Häußler et al. 2022) to fit the galaxy surface brightness profile with a single Sérsic model. This process allows us to measure the Sérsic index (n) and effective radius (re ) for each galaxy.
In Fig. 9, we provide the distributions of the Sérsic index effective radius among the 53 612 galaxies that are successfully clustered using the improved UML method. The median Sérsic indices for SPHs, ETDs, LTDs, and IRRs are 4.4, 1.3, 1.1, and 0.8, respectively, demonstrating a gradual decrease. For re, the median values are 2.1, 2.8, 4.3, and 4.4kpc for SPH, ETD, LTD, and IRR galaxies, respectively, reflecting a gradual increase. Generally, the distribution of these two parameters aligns with the expected relationship with galaxy morphology (Kartaltepe et al. 2023). This allows for differentiating different galaxy types in parameter space, validating the effectiveness of our clustering approach.
4.2.2 Nonparametric measurements
Using the statmorph_csst (Yao et al. 2023), we calculate the Gini coefficient (G) and the normalized second moment of the brightest 20% of the galactic flux (M20) for all galaxies in the sample, as well as the CAS statistics and MID parameters (Rodriguez-Gomez et al. 2018).
The G represents the degree of uniform distribution of light in the galaxy (e.g., Lotz et al. 2004, 2008). It can be expressed as:
[image: equation](1)
In the context provided, npix is the number of pixels comprising the galaxy, while fi denotes the pixel flux values arranged in ascending order and [image: equation] stands for the mean flux value across all pixels.
M20 represents the second moment of the brightest region of a galaxy (Lotz et al. 2004), it can be expressed as:
[image: equation](2)
[image: equation](3)
where Mtot represents the total second-order central moment, Mi represents the pixel flux values, ftot represents the total flux of the galaxy, fi denotes the flux value of each pixel i, and (xi, yi) signifies the position of pixel i, with (xc, yc) indicating the center of the image (Lotz et al. 2004, 2008).
The concentration (C) quantifies the distribution of light within a galaxy’s central region relative to its outer regions (e.g., Conselice et al. 2000; Conselice 2003). It can be expressed as:
[image: equation](4)
where r20 and r80 represent the radii of circular apertures containing 20 and 80% of the galaxy’s light, respectively (Conselice 2003).
Rosa et al. (2018) introduced the G2, which aims to identify and differentiate between elliptical and spiral galaxies by analyzing the symmetry of the flux gradient. It can be expressed as:
[image: equation](5)
Here, V denotes the total number of local gradient vectors and VA represents the count of asymmetric vectors. The magnitude of the sum of all asymmetric vectors is given by [image: equation], whereas the aggregate of the magnitudes of these asymmetric vectors is expressed as [image: equation].
At the same time, we have also used some new measurement parameters. The multimode statistic (M) quantifies the ratio between the galaxy’s two most prominent mass areas (Freeman et al. 2013; Rodriguez-Gomez et al. 2018). It can be expressed as:
[image: equation](6)
where q is a value between 0 and 1 that represents the threshold for flux values in an image analysis. These represent the areas of the n groups of contiguous pixels sorted in descending order: Aq,1 is the area of the largest group, Aq,2 is the area of the second-largest group, and so on, until Aq,n which is the area of the smallest group among the identified contiguous pixel clusters (Peth et al. 2016).
The intensity statistic (I) indicates the ratio between the light of the galaxy’s two brightest subdomains (Freeman et al. 2013; Rodriguez-Gomez et al. 2018). It can be expressed as:
[image: equation](7)
The deviation statistic (D) signifies deviation, representing the distance between the weighted center of the image and the brightest peak (Freeman et al. 2013; Rodriguez-Gomez et al. 2018). It can be expressed as:
[image: equation](8)
where (xc, yc) is the centroid of the image calculated using the pixels marked by the MID segmentation map, (xl, yl) is the brightest peak detected during the calculation of the I statistic, while nseg is the count of pixels in the segmentation map, which is used to approximate the radius of the galaxy (Freeman et al. 2013).
Through the analysis of these parameters, we find that in Fig. 10 the median G of SPH, ETD, LTD, and IRR galaxies are 0.56, 0.50, 0.48, and 0.45, respectively. This follows a gradually decreasing trend, thus indicating that the luminosity distribution of the galaxy is gradually uneven with these categories. This is consistent with the conclusion of our previous works (Zhou et al. 2022; Fang et al. 2023; Dai et al. 2023; Song et al. 2024). The same trend had also been found by some other previous studies (Conselice et al. 2008; Conselice 2014). Combined with the median trend of the M20 parameter, the values of SPH, ETD, LTD, and IRR increase progressively. The upper and lower quartiles of the two parameters maintain the same trend, which indicates that all kinds of galaxies are well clustered together and galaxies of the same type have similar physical properties. They are distributed in a specific parameter space.
Fig. 11 shows the distributions of different categories of galaxies in the space of parameters C and G2 . In panel a, with the increase of parameter C, the median distribution of SPH, ETD, LTD, IRR, and galaxies gradually decreases to 3.55, 2.97, 2.82, and 2.48, respectively. In panel b, the median values of G2 from SPHs to IRRs are 0.51, 1.55, 1.73, and 1.83, respectively. With the increase of parameter G2, the median of SPHs, ETDs, LTDs, and IRRs gradually increases, respectively. From Fig. 11, we can analyze that from SPH to IRR, the compactness of the galaxy is decreasing. The more compact galaxies tend to be SPH or ETD, and the more sparse galaxies tend to be LTD and IRR.
Fig. 12 suggests that as the ratio of light between two regions within galaxies strengthens and the distance between the image’s light-weighted centre and the brightest peak increases, galaxies exhibit larger values of M, I, and D. Specifically, SPH galaxies exhibit smaller values of M, I and D. ETD, LTD, and IRR galaxies exhibit larger values of M, I and D. Different types of galaxies are clearly distinguished in parameter space, this validates the accuracy of our classification.
Compared to the original UML model (Zhou et al. 2022), our enhanced UML model not only boasts superior classification behaviour, but also significantly reduces machine clustering results from 100 to 20 groups, thereby enhancing convenience for subsequent scientific research on specific galaxies. Notably, the classification between classes exhibits more distinct morphology, as illustrated in Fig. 6. Moreover, qualitative analysis, as depicted in Fig. 8, reveals that when the 1500-dimensional vector encoded by the larger model is projected onto a two-dimensional plane, approximately 80% of the galaxy mappings are disconnected, underscoring sharper discrimination. Furthermore, our model has undergone parameter testing, including assessments based on M, I, D, C, and G2 , among others. These comprehensive tests validate the efficacy and advancement of our approach.
Compared to traditional visual classification (Kartaltepe et al. 2023), deep learning classification based on visual labels (Dieleman et al. 2015), or datasets with available labels such as Galaxy Zoo 2 (Willett et al. 2013), the advantage of our classification model is that it does not rely on visual label data and does not require extensive training to achieve complete classification results. This reduces the bias caused by label data and greatly saves computational resources and time, providing a more efficient and convenient classification method for future scientific work. Lastly, our method of classifying into 20 categories is also beneficial for discovering new subcategories, which can facilitate subsequent scientific analyses.
	[image: thumbnail]	Fig. 7 Randomly selected examples of the five morphological categories. The images vividly illustrate the pronounced morphological distinctions between each galaxy type. SPH galaxies exhibit a unique spherical form with notably centralized brightness, whereas ETD galaxies feature a prominent nuclear sphere accompanied by a smaller disk-like shape. LTD galaxies are characterized by their well-defined spiral arms and a small central sphere. IRR galaxies display an irregular morphology, and UNC galaxies have an extremely low signal-to-noise ratio, which complicates the discernment of encapsulated information.



	[image: thumbnail]	Fig. 8 t-SNE display of the final classification result. We use the t-SNE dimensionality reduction technique to perform two-dimensional mapping on the final classified 5 types of galaxies. Panels a–c respectively display the dimensionality reduction results of randomly selected 500, 5000, and all samples. Panel d represents the contours that contain 20, 50, and 80% of the well-classified samples, respectively.



	[image: thumbnail]	Fig. 9 Box plots of Sérsic index (left) and effective radii (right) for different morphological types of massive galaxies. The bar chart represents the values of Sérsic index and effective radii for different galaxy types. It can be seen that from SPHs to IRRs, the galaxy Sérsic index gradually decreases, and effective radii gradually increase, which further indicates the reliability of our classification results. The end of each box represents the 40% upper and lower quartiles respectively, the ends of the dotted lines represent the maximum and minimum values, and the black horizontal line in the middle of the box represents the median.



	[image: thumbnail]	Fig. 10 Similar to Fig. 9 but for G (left) and M20 (right). It can be seen that from SPHs to IRRs, G gradually decreases, and M20 gradually increases. It is consistent with the morphological evolution of galaxies, which further indicates the reliability of our classification results.



	[image: thumbnail]	Fig. 11 Similar to Fig. 9 but for C (left) and G2 (right) It is evident that from SPHs to IRRs, the C of galaxies gradually decreases, while the G2 gradually increases. Different types of galaxies have significantly different parameter distributions.



	[image: thumbnail]	Fig. 12 Distribution ofM (left), I (middle), and D (right) for different types of massive galaxies. The bars at the top represent the median values of M, I, and D for different galaxy types. It is evident that from SPHs to IRRs, the I of galaxies gradually increases, and the D also gradually increases. There are significant differences in the M, I, and D parameters among different categories of galaxies, which indirectly proves the effectiveness of our classification. (SPH: blue, ETD: orange, LTD: yellow, IRR: purple).



5 Summary
In this paper, we propose an enhanced UML method that significantly expands the effective categories of machine classification from 100 classes to 20 classes. This improvement dramatically enhances the efficiency of visual classification and validates the applicability of our bagging-based multi-model voting strategy for large-scale data. The method can be summarized on the basis of three key aspects. (1) Preprocessing the source data using CAE and APCT techniques to reduce image noise and enhance rotation invariance. (2) Utilizing a pre-trained ConvNeXt model to encode the preprocessed image data, extract features, and further compress them through PCA dimensionality reduction. (3) Employing a bagging-based multi-model voting strategy, we successfully classified 53 612 galaxies into 20 groups. Then, by visual inspection, we successfully classified 20 groups into 5 classes.
This enhancement elevates machine learning performance through visual classification by clustering galaxies into five highly similar feature-based classes: SPH, ETD, LTD, IRR, and UNC. Furthermore, significant differences exist among different galaxy types regarding these parameters. By utilizing visualization tools such as box plots and frequency distribution maps based on a parameter space analysis of classified galaxy morphology images, we can demonstrate their correspondence with various physical properties of galaxies while validating the reliability of our distribution.
Our improved UML method effectively clusters large-scale data using single-band images by grouping highly similar images into one class. This advancement enhances machine classification performance, while saving time in visual classification tasks and reducing labour consumption to a greater extent. Our future research will explore additional possibilities within machine learning methods.
In the future, our endeavors in galaxy morphology classification will pivot around the efficient encoding of large-scale models. We will delve into various feature extraction methods, striving to continually enhance the accuracy of machine learning models. Additionally, we will venture into applying multimodal large-scale models in galaxy morphology classification. We will use dual coding contrastive learning technology to further improve feature extraction accuracy, while striving to further enhance the classification ability of the model and gradually reduce the number of machine clustering categories to 10, with an aim to improve the performance of scientific research. Additionally, we also look forward to using this technology to discover some interesting groups, such as galaxy pairs. Furthermore, we aim to streamline our algorithm into a more user-friendly and understandable software package, facilitating its utilization by future telescopes aboard the Chinese space station.
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1 Note that the discarded galaxies in this step could be re-classify in the SML step of our USmorph framework (see Fang et al. 2023 for more details), which means that none of the galaxies would be discarded finally in our classification scheme.
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	[image: thumbnail]	Fig. 1 Distribution of our sample in the I-band magnitude versus red-shift diagram. The grey points represent the distribution of all galaxy samples in the COSMOS2020 Catalogue. In this work, we only consider samples with Imag < 25 and within the redshift range of 0.2 < ɀ < 1.2. In the panels above and to the right of the image, the grey solid lines (yellow bars) show the distributions of Imag and z for all galaxy samples (the sample we selected) in the COSMOS2020 catalog.
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	[image: thumbnail]	Fig. 2 Histogram of effective radius distribution of galaxies in the selected sample. The effective radius of 97.5% of the samples is less than 50 pixels, it indicates that images with a size of 100 × 100 pixels could store the majority of information about galaxies, which means this cutout is suitable for this work.
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	[image: thumbnail]	Fig. 3 Our framework for enhancing unsupervised classification and schematic diagram for feature extraction. Panel a represents the improved model flowchart, while Panel b represents the schematic of feature extraction. In the feature extraction process, we use the ConNeXt large model for data encoding to extract compelling features from the data. Subsequently, the next step involves PCA dimensionality reduction to eliminate redundant information in the image. This combination effectively extracts features while retaining only basic information, optimizing computing resources.
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	[image: thumbnail]	Fig. 4 Some examples of image preprocessing, including six sets of images showing the comparison between preprocessed images of different shapes of galaxies and the original image. The original image is on the left side of each group of images, in the middle is the image after CAE denoising, and on the right is the image after the polar coordinate unfolding. The data after CAE denoising effectively preserves the characteristics of galaxies while eliminating artifacts such as noise and artifacts in the image. The subsequent APCT processing, after polar coordinate unfolding, inverts the image up and down and concatenates it, enhancing the brightest area in the centre and highlighting the significant differences between different categories of galaxies, thereby enhancing the rotational invariance of the model. From the graph, we can see that galaxies with different morphologies exhibit significant differences after preprocessing.
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	[image: thumbnail]	Fig. 5 Framework of ConvNeXt model. ConvNeXt adopts a modular design approach similar to Transformer, dividing the network structure into multiple identical modules for easy expansion and maintenance. The network adopts a standardized connection method between each module, which facilitates information transmission and gradient flow. Although ConvNeXt does not introduce particularly complex or novel structures, it achieved good performance by effectively integrating and applying existing methods.
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	[image: thumbnail]	Fig. 6 Visual categorization process diagram. From 20 machine clustering groups, we randomly selected 100 images from each group and placed them on a single canvas. Three experts voted on the classification, ultimately categorizing them into five physically meaningful categories. Within the randomly selected images, there was high similarity within each group and significant differences between different groups. This process demonstrated the high efficiency and convenience of our machine learning method, significantly saving time and effort.
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	[image: thumbnail]	Fig. 7 Randomly selected examples of the five morphological categories. The images vividly illustrate the pronounced morphological distinctions between each galaxy type. SPH galaxies exhibit a unique spherical form with notably centralized brightness, whereas ETD galaxies feature a prominent nuclear sphere accompanied by a smaller disk-like shape. LTD galaxies are characterized by their well-defined spiral arms and a small central sphere. IRR galaxies display an irregular morphology, and UNC galaxies have an extremely low signal-to-noise ratio, which complicates the discernment of encapsulated information.
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	[image: thumbnail]	Fig. 8 t-SNE display of the final classification result. We use the t-SNE dimensionality reduction technique to perform two-dimensional mapping on the final classified 5 types of galaxies. Panels a–c respectively display the dimensionality reduction results of randomly selected 500, 5000, and all samples. Panel d represents the contours that contain 20, 50, and 80% of the well-classified samples, respectively.
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	[image: thumbnail]	Fig. 9 Box plots of Sérsic index (left) and effective radii (right) for different morphological types of massive galaxies. The bar chart represents the values of Sérsic index and effective radii for different galaxy types. It can be seen that from SPHs to IRRs, the galaxy Sérsic index gradually decreases, and effective radii gradually increase, which further indicates the reliability of our classification results. The end of each box represents the 40% upper and lower quartiles respectively, the ends of the dotted lines represent the maximum and minimum values, and the black horizontal line in the middle of the box represents the median.
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	[image: thumbnail]	Fig. 10 Similar to Fig. 9 but for G (left) and M20 (right). It can be seen that from SPHs to IRRs, G gradually decreases, and M20 gradually increases. It is consistent with the morphological evolution of galaxies, which further indicates the reliability of our classification results.
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	[image: thumbnail]	Fig. 11 Similar to Fig. 9 but for C (left) and G2 (right) It is evident that from SPHs to IRRs, the C of galaxies gradually decreases, while the G2 gradually increases. Different types of galaxies have significantly different parameter distributions.
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	[image: thumbnail]	Fig. 12 Distribution ofM (left), I (middle), and D (right) for different types of massive galaxies. The bars at the top represent the median values of M, I, and D for different galaxy types. It is evident that from SPHs to IRRs, the I of galaxies gradually increases, and the D also gradually increases. There are significant differences in the M, I, and D parameters among different categories of galaxies, which indirectly proves the effectiveness of our classification. (SPH: blue, ETD: orange, LTD: yellow, IRR: purple).
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        Distribution of our sample in the I-band magnitude versus red-shift diagram. The grey points represent the distribution of all galaxy samples in the COSMOS2020 Catalogue. In this work, we only consider samples with Imag < 25 and within the redshift range of 0.2 < ɀ < 1.2. In the panels above and to the right of the image, the grey solid lines (yellow bars) show the distributions of Imag and z for all galaxy samples (the sample we selected) in the COSMOS2020 catalog.
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        Histogram of effective radius distribution of galaxies in the selected sample. The effective radius of 97.5% of the samples is less than 50 pixels, it indicates that images with a size of 100 × 100 pixels could store the majority of information about galaxies, which means this cutout is suitable for this work.
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        Our framework for enhancing unsupervised classification and schematic diagram for feature extraction. Panel a represents the improved model flowchart, while Panel b represents the schematic of feature extraction. In the feature extraction process, we use the ConNeXt large model for data encoding to extract compelling features from the data. Subsequently, the next step involves PCA dimensionality reduction to eliminate redundant information in the image. This combination effectively extracts features while retaining only basic information, optimizing computing resources.
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	Filter size
	Stride





	Input
	100 × 100 × 1
	…
	…



	Convolution
	100 × 100 × 8
	5×5
	…



	Maxpooling
	50 × 50 × 8
	2×2
	2×2



	Convolution
	50 × 50 × 8
	5×5
	…



	Maxpooling
	25 × 25 × 8
	2×2
	2×2



	Unfolding
	10 000
	…
	…



	Full connection
	40
	…
	…
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        Some examples of image preprocessing, including six sets of images showing the comparison between preprocessed images of different shapes of galaxies and the original image. The original image is on the left side of each group of images, in the middle is the image after CAE denoising, and on the right is the image after the polar coordinate unfolding. The data after CAE denoising effectively preserves the characteristics of galaxies while eliminating artifacts such as noise and artifacts in the image. The subsequent APCT processing, after polar coordinate unfolding, inverts the image up and down and concatenates it, enhancing the brightest area in the centre and highlighting the significant differences between different categories of galaxies, thereby enhancing the rotational invariance of the model. From the graph, we can see that galaxies with different morphologies exhibit significant differences after preprocessing.
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        Framework of ConvNeXt model. ConvNeXt adopts a modular design approach similar to Transformer, dividing the network structure into multiple identical modules for easy expansion and maintenance. The network adopts a standardized connection method between each module, which facilitates information transmission and gradient flow. Although ConvNeXt does not introduce particularly complex or novel structures, it achieved good performance by effectively integrating and applying existing methods.
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        Visual categorization process diagram. From 20 machine clustering groups, we randomly selected 100 images from each group and placed them on a single canvas. Three experts voted on the classification, ultimately categorizing them into five physically meaningful categories. Within the randomly selected images, there was high similarity within each group and significant differences between different groups. This process demonstrated the high efficiency and convenience of our machine learning method, significantly saving time and effort.
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        Randomly selected examples of the five morphological categories. The images vividly illustrate the pronounced morphological distinctions between each galaxy type. SPH galaxies exhibit a unique spherical form with notably centralized brightness, whereas ETD galaxies feature a prominent nuclear sphere accompanied by a smaller disk-like shape. LTD galaxies are characterized by their well-defined spiral arms and a small central sphere. IRR galaxies display an irregular morphology, and UNC galaxies have an extremely low signal-to-noise ratio, which complicates the discernment of encapsulated information.
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        t-SNE display of the final classification result. We use the t-SNE dimensionality reduction technique to perform two-dimensional mapping on the final classified 5 types of galaxies. Panels a–c respectively display the dimensionality reduction results of randomly selected 500, 5000, and all samples. Panel d represents the contours that contain 20, 50, and 80% of the well-classified samples, respectively.
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        Box plots of Sérsic index (left) and effective radii (right) for different morphological types of massive galaxies. The bar chart represents the values of Sérsic index and effective radii for different galaxy types. It can be seen that from SPHs to IRRs, the galaxy Sérsic index gradually decreases, and effective radii gradually increase, which further indicates the reliability of our classification results. The end of each box represents the 40% upper and lower quartiles respectively, the ends of the dotted lines represent the maximum and minimum values, and the black horizontal line in the middle of the box represents the median.
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        Similar to Fig. 9 but for G (left) and M20 (right). It can be seen that from SPHs to IRRs, G gradually decreases, and M20 gradually increases. It is consistent with the morphological evolution of galaxies, which further indicates the reliability of our classification results.
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        Similar to Fig. 9 but for C (left) and G2 (right) It is evident that from SPHs to IRRs, the C of galaxies gradually decreases, while the G2 gradually increases. Different types of galaxies have significantly different parameter distributions.
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        Distribution ofM (left), I (middle), and D (right) for different types of massive galaxies. The bars at the top represent the median values of M, I, and D for different galaxy types. It is evident that from SPHs to IRRs, the I of galaxies gradually increases, and the D also gradually increases. There are significant differences in the M, I, and D parameters among different categories of galaxies, which indirectly proves the effectiveness of our classification. (SPH: blue, ETD: orange, LTD: yellow, IRR: purple).
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