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Abstract: Distinguishing galaxies as either fast or slow rotators plays a vital role in understanding
the processes behind galaxy formation and evolution. Standard techniques, which are based on the
AR-spin parameter obtained from stellar kinematics, frequently face difficulties to classify fast and
slow rotators accurately. These challenges arise particularly in cases where galaxies have complex
interaction histories or exhibit significant morphological diversity. In this paper, we evaluate the
performance of a Convolutional Neural Network (CNN) on classifying galaxy rotation kinematics
based on stellar kinematic maps from the SAMI survey. Our results show that the optimal CNN
architecture achieves an accuracy and precision of approximately 91% and 95% on the test dataset,
respectively. Subsequently, we apply our trained model to classify previously unknown rotator galaxies
for which traditional statistical tools have been unable to determine whether they exhibit fast or slow
rotation, such as certain irregular galaxies or those in dense clusters. We also used Integrated Gradients
(IG) to reveal the crucial kinematic features that influenced the CNN's classifications. This research
highlights the power of CNNs to improve our comprehension of galaxy dynamics and emphasizes
their potential to contribute to upcoming large-scale Integral Field Spectrograph (IFS) surveys.

Keywords: galaxy; kinematics; classifications; CNN

1. Introduction

One of the key factors in investigating galaxy formation and evolution is defining the spin of
the galaxy (rotation). As outlined by [1], the spin parameter (Ag) provides a robust way to quantify
the stellar angular momentum in galaxies. This parameter enables a clear distinction between fast
and slow rotators, representing different evolutionary paths and formation mechanisms [2—4]. Fast
rotators, characterized by high A values, are thought to have formed through gas-rich minor mergers
or secular processes, including the inflow of external gas [5]. In contrast, slow rotators, characterized
by low AR values, are believed to result from dissipationless processes, such as dry minor mergers
[6,7]. Furthermore, they note that the distribution of Ag values in different environments can provide
insights into the role of galaxy interactions and environmental effects on galaxy evolution [8-13].

The methods for measuring galaxy spin have evolved significantly over the years, encompassing
both observational and theoretical approaches. A significant advancement came with the introduction
of the V /o parameter [14], which compared the ratio of rotation velocity to velocity dispersion and
was introduced as an indicator of the observed rotation [15]. In this method, integrated quantities such
as (V2) and (0?) are measured, representing the sky-averaged values of V (velocity) and ¢ (velocity
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dispersion)', as observed using integral-field spectrographs like SAURON [1]. However, this method
has limitations. For instance, galaxies such as NGC 3379, which exhibits global rotation, and NGC
5813, which shows spatially confined non-zero velocities, yield similar V /o values despite having
distinct kinematic structures. On the other hand, the advent of integral-field spectroscopy, allowing for
spatially resolved kinematics across entire galaxies. This led to the development of the A parameter
by [1], which provided a more robust measure of specific angular momentum.

The origin of angular momentum captured by the kinematic parameter Ag, has been a topic of
significant theoretical interest. For instance, [16] propose an explanation for the origin of angular
momentum in dark matter halos. On the theoretical front, numerical simulations have played a
crucial role in understanding the origins and evolution of galaxy spin. In particular, [17] conducted
hydrodynamical simulations to show that the topology of the merging regions (specifically the number
of intersecting filaments), accurately predicts the spin of both dark matter and gas. They found that
halos located at the centres of knots exhibit low spin, whereas those at the centres of filaments exhibit
high spin.

Upcoming sky surveys, such as the Hector instrument [18,19] and the Wide-field Spectroscopic
Telescope (WST) [20], are expected to provide even larger databases with billions of galaxies. However,
identifying slow /fast rotators within such an enormous number of galaxies cannot be achieved using
traditional statistical methods and requires specialized tools. Convolutional neural networks (CNNs)
[21], a branch of machine learning models, have gained prominence in cosmology and astronomy. Their
power lies in elucidating patterns within complex datasets, proving to be highly effective for diverse
scientific tasks. In the field of exoplanet detection, CNN methods have been employed to enhance
the process of identification and examination of potential exoplanets from large-scale datasets [22,23].
In radio astronomy, deep learning approaches like DECORAS [24] has been applied to differentiate
and characterize radio-astronomical sources. They have also been helpful in Active galactic nuclei
(AGNs) data [25] such as detection and classification of AGN host galaxies [26]. They have also been
valuable in strong lensing searches [27-29], improving efficiency by reducing the time required while
enhancing accuracy. Furthermore, CNNs have proven to be valuable in cosmology, showing potential
to address computational limitations faced by conventional statistical methods in dark energy [30-32],
dark matter [33-35], Cosmic Microwave Background (CMB) maps [36-38], and Gravitational Wave
(GW) [25,39,40]. These applications showcase the remarkable versatility and capability of CNNs
n deepening our understanding of the universe. [41-43] provided an extensive overview of CNN
applications in addressing a wide range of astronomical and cosmological challenges.

In this study, we leverage CNNs to classify galaxies as slow or fast rotators based on their stellar
kinematics maps. We adopt a supervised learning approach, utilizing labeled data from the SAMI
catalog as our training, testing, and validation datasets’. Through this process, we seek to find the
best CNN architecture, achieving an accuracy of approximately 91% on the test dataset. Subsequently,
we apply our trained model to classify previously unknown rotators galaxies for which traditional
statistical tools have been unable to determine whether they exhibit fast or slow rotation. We utilized
interpretability techniques, including Integrated Gradients (IG), to uncover the key kinematic features
that guided the CNN’s classification decisions. Ultimately, this work highlights the effectiveness of
CNN:s in distinguishing between slow and fast rotators, demonstrating their potential to advance our
understanding of galaxy dynamics and informing future observational strategies.

The structure of this paper is organized as follows. In Section 2, we describe the data source,
preprocessing steps, and dataset preparation from the SAMI survey [44,45], which are used for the
CNN-based classification of slow and fast galaxy rotators. In this section, we also provide a detailed
explanation of the network architecture, data preprocessing, and evaluation methods. Our results and

1 The angle brackets indicate a sky-average weighted by surface brightness.

2 We obtained results similar to those from the MaNGA dataset; however, we prefer to focus on the SAMI survey for this study,
as it offers the advantage of higher signal-to-noise stellar kinematics in galaxies compared to MaNGA. While we did apply
our method to a small sample of MaNGA data with known A and ellipticity values, the limited sample size and lower
signal-to-noise ratio in MaNGA made it less valuable for inclusion at this stage.
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their physical interpretations are discussed in Section 3. In this Section, we also present a series of
studies aimed at elucidating how our CNN model makes decisions when classifying images. Finally,
we discuss and summarize the main results of this work in Section 4.

2. Dataset and Machine Learning Methods

The data source used in this study is the SAMI survey. The SAMI instrument [44] was installed on
the 3.9 meter Anglo-Australian Telescope (AAT) and connected to the AAOmega spectrograph [46-51].
This setup provides a median resolution of FWHMy,,e = 2.65 in the range of 3700 — 5700 A and
FWHM,4q = 1.61 in the range of 6300 — 7400 A [52]. We concentrate on a sample that includes stellar
kinematics, selecting only the Brightest Group Galaxies (BGGs) with stellar masses of Mgtar 2 10195M,,
ensuring the inclusion of massive galaxies with high signal-to-Noise (S/N > 5). In our study, we
processed a dataset comprising 2,444 galaxies containing stellar kinematics data from the SAMI survey.
We systematically iterated through the directory containing the galaxies FITS (Flexible Image Transport
System) files, and extracting relevant information from each file. Specifically, we retrieved the primary
data array from each FITS file and associated it with a unique identifier derived from the its filename.
Then, we stored these data arrays and their corresponding identifiers in separate files.

For our data processing pipeline, we applied several crucial steps to ensure data quality and
relevance for our analysis of galaxy stellar kinematics. First, we addressed the issue of duplicated
labels in our dataset and removed any duplicate entries from our label array, ensuring each galaxy in
our sample was represented uniquely. Thereafter, we handled missing values in our stellar kinematics
data by replacing NaN values with zeros, a common practice in astronomical data processing when
dealing with regions of low signal-to-noise ratio. We categorised galaxies based on their rotational
properties. Based on the spin-ellipticity relations from [53], we categorized each galaxy as either a
fast rotator (designated as 1) or a slow rotator (designated as 0). Finally, to standardize our spatial
analysis, we extracted a central region of each galaxy’s kinematic map, creating a consistent spatial
scale across our sample. By selecting a square region of 40 x 40 pixels centered on each galaxy, we
ensured that our analysis focused on the most relevant and well-measured parts of each galaxy while
maintaining a uniform spatial coverage across our sample. These data processing steps were crucial
in preparing a clean, consistent, and well-characterized dataset for making our training, test and
validation datasets. These datasets can used in our CNN binary classification problem. Then, we
applied a CNN to classify stellar kinematics maps that were previously labeled as fast or slow rotators.

2.1. Convolutional Neural Network Architecture

CNN:s is a highly effective and widely used technique for object recognition and classification in
the field of Machine Learning (ML) [54]. These neural networks employ a hierarchical architecture
consisting of multiple layers, including convolutional and pooling operations. Through this architec-
ture, the CNN can automatically learn and extract meaningful features from input images, enabling it
to process complex visual data with remarkable accuracy [55]. In our study, we applied a CNN on
two-dimensional stellar kinematics maps to distinguish fast/slow rotators.

We employed a systematic approach to design an optimal CNN architecture for classifying
galaxies based on their stellar kinematic properties. We utilized Keras Tuner [56], an automated
hyperparameter optimization framework, to explore a wide range of model configurations efficiently.
We varied the number of convolutional layers (between 1 and 4), the number of filters in each layer
(from 32 to 256 in steps of 32), and the learning rate (choosing from le-2, le-3, or le-4). This approach
enabled us to systematically evaluate different model complexities and training parameters. The
resulting optimal architecture, as determined by Keras Tuner is showed in Table 1.
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Table 1. Summary of the Convolutional Neural Network (CNN) architecture, including layer types, output shapes,
and parameter counts.

Layer Type Output Shape Parameters
Conv2D (None, 38, 38, 64) 640
MaxPooling2D (None, 19, 19, 64) 0
BatchNormalization (None, 19, 19, 64) 256
Conv2D (None, 17,17, 128) 73,856
MaxPooling2D (None, 8, 8, 128) 0
BatchNormalization ~ (None, 8, 8, 128) 512
Conv2D (None, 6, 6, 256) 295,168
MaxPooling2D (None, 3, 3, 256) 0
BatchNormalization  (None, 3, 3, 256) 1,024
Flatten (None, 2304) 0
Dense (None, 96) 221,280
Dropout (None, 96) 0
Dense (None, 32) 3,104
Dropout (None, 32) 0
Dense (None, 1) 33

In the CNN architecture, our goal is to minimise the binary cross-entropy loss. To achieve this,
we employ the Adam optimiser [57] with a learning rate of 0.0002 and a beta parameter () of 0.9.
Additionally, we implemented two checkpoints in the model. The first one is the ModelCheckpoint,
which saves the best model during training based on the validation accuracy. The second one is the
ReduceLROnPlateau, which reduces the learning rate when there is no progress in training. Moreover,
we incorporate the EarlyStopping callback, which stops the training process if the validation accuracy
does not improve. To monitor the training progress, we recorded the loss function and accuracy
computed on the training data after each epoch. We also calculate the validation loss and accuracy on
a separate validation dataset. These metrics provide insights into the performance of the model during
training and helped track its progress.

2.2. Data Preprocessing

We enhanced our dataset using a custom data augmentation function. This function takes
the original data and labels as input and applies various transformations to generate additional
training samples, thereby increasing the diversity of the training set. Specifically, we utilized the
ImageDataGenerator from Keras, configured with parameters such as a rotation range of 360 degrees,
width and height shifts of up to 4 pixels, zoom range from 1.0 to 1.05, and horizontal flipping, with the
fill mode set to nearest to maintain the integrity of the images. To balance the number of fast and slow
rotator samples in the dataset, the function performed seven times more augmentations on the slow
rotator samples. These transformed images were added to the dataset along with their corresponding
labels, ensuring an equal representation of fast and slow rotators.

After preprocessing, the dataset consists of 1,112 samples, with 980 classified as fast rotators
and 132 as slow rotators. To address the class imbalance, we applied data augmentation, specifically
aimed at balancing the number of slow and fast rotators. As a result, the final dataset comprises
19,332 samples, with 9,603 fast rotators and 9,729 slow rotators, ensuring a more balanced distribu-
tion for training the model. Then we divided it into three subsets: 70% for training, 15% for testing,
and the remaining for validation. This split ensured that the model was trained on a substantial
portion of the data, while also being evaluated and validated on separate, unseen subsets to gauge its
performance and generalization capabilities. This augmentation and splitting strategy was crucial for
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improving the robustness and accuracy of our CNN in classifying stellar kinematics maps as fast or
slow rotators.

2.3. Loss Function

Loss functions are used to evaluate our network’s accuracy by measuring the inequality between
predicted and true class labels. For our binary classification problem of distinguishing fast from slow
rotators, we employed the Binary Cross Entropy (BCE) [58] loss function. Optimization was carried
out using the Adam optimizer with a learning rate of 0.001 and the BCE loss function is formulated as:

1
N :
1

™M=

BCE = — lyilog pi + (1 —y;) log(1 — p;)],

1

In this context, y; corresponds to the actual class label of the ith sample within our dataset of N training
samples, and p; is the probability predicted by the model for the ith sample being a fast or slow rotator.

2.4. Evaluation Criteria

To evaluate and compare the effectiveness of the CNN on the test dataset, it is crucial to establish
appropriate evaluation criteria. In the context of stellar kinematics maps, which is treated as a
classification problem distinguishing between fast/slow rotators samples, we can utilize the following
confusion matrix for evaluation purposes:

True Data

[ Fast Slow
Test Results Fast | TP  FP
Slow | FN TN

In this context, True Positive (TP) indicates correctly identified fast rotator, True Negative (TN) cor-
responds to accurately recognized slow rotator, False Positive (FP) denotes misclassification of slow
rotator sources as fast one, and False Negative (FN) refers to fast rotator missed by the algorithm and
classified as slow one.

These terms allow us to define various evaluation metrics. Accuracy measures the fraction of
correctly identified samples (TP and TN) out of the total number of samples. Precision quantifies the
ratio of true positives to the sum of true positives and false positives, showing the reliability of positive
predictions [59]. These metrics are defined as:

Accuracy = TP+ TN

TP+FN+ TN + FP (1)
Precision = I

TP+ FP

The Receiver Operating Characteristic (ROC) curve [60] is another useful metric, which depicts the
trade-off between TP and the FP for the CNN model. Each point on the ROC curve corresponds
to a different threshold for categorizing samples as slow or fast rotator based on their predicted
probabilities. By analyzing the ROC curve, we can determine how well the model distinguishes
between fast and slow rotator samples. A model with superior performance will have a curve that
closely approaches the top-left corner of the plot, signifying a higher TP rate and a lower FP rate for
various thresholds.

3. Results

In this section, we present the results that show the performance of our CNN-based model in
classifying fast and slow rotator using the stellar kinematics maps from the SAMI survey. We first
investigate the model’s classification performance through the confusion matrix and the ROC curve,
and analyse the distribution of the model’s predictions. Afterward, we apply the CNN model to
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unknown rotational samples and analyze the key features in the stellar maps that influence its decision-
making process. To achieve this, we utilize an explainable CNN approach, including Integraded
Gradients (IG).

3.1. Training CNN on Galaxies with Known Fast/Slow Rotation

Using SAMI observations, the stellar kinematics maps of galaxies can be estimated and the
parameter AR is used as a proxy for the spin parameter. Following [1] it is calculated using:

Yi(Fi-Ri-|Vi])
Li(Fi-Ri-\/VZ +07)

where the subscript 7 refers to the ith spaxel within the ellipse, F; is the flux of the ith spaxel, V; is the

AR = 2)

stellar velocity in km s, and ¢; is the velocity dispersion in km s~!. We train the CNN on a training
data including stellar kinematics maps with the defined 7697 fast and 7835 slow rotators which
defined by the parameter Ag.

In Figure 1 we show the confusion matrix for the CNN model which is demonstrates a strong
performance of the model, especially in terms of precision, suggesting that it effectively minimizes false
positives for the slow rotator category. The overall accuracy further reinforces the model’s reliability in
making predictions between the two classes. Since the model output represents the probability of an
object being a fast rotator, ranging between 0 and 1, setting a threshold is necessary to classify objects
into two classes: fast and slow rotators. Figure 2 illustrates the ROC plot which is followed a steep
ascent, quickly reaching high TP rates even at low FP rates, which is indicative of a strong classifier.
The Area Under the ROC Curve (AUC) is reported as 0.95, which is very close to the ideal value of 1.0.
This high AUC score suggests that the model has excellent discriminative ability between the slow /fast
rotator category. Figure 3 reveals a distribution for both the CNN predictions (blue) and the real data
(pink). There are two prominent peaks at the extreme ends (0 and 1) for both distributions, indicating
that the model is making confident predictions for a large number of samples, classifying them as
either strongly slow rotators (close to 0) or strongly fast rotators (close to 1). The CNN's predictions
closely align with the real data distribution, especially at the extremes. This suggests that the model is
performing well in identifying clear-cut cases. However, there are some discrepancies in the middle
range (around 0.2 to 0.8), where the CNN shows more varied predictions compared to the real data.
This could indicate that the model is less certain about borderline cases and produces a wider range of
probability estimates for these samples.

Irue Labels

Fast -

Sléw Fast
Predicted Labels

Figure 1. Confusion matrix illustrating model performance with an accuracy of 91% and a precision of 95%,
highlighting its effectiveness in classifying slow and fast rotators.
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0.51 —— ROC curve (area = 0.95)
1.6&-03

oN — o
| | (@]
o o —
— —i

FP rate

Figure 2. The ROC plot demonstrates how the CNN model perform in distinguishing between fast/slow rotators
samples across various thresholds, balancing true positive (TP) and false positive (FP) rates. The plot uses a
logarithmic scale for the x-axis (FP rate), allowing for a more detailed view of the model’s performance at low FP
rates

I CNN
L2701 Test data

0.0 0.2 0.4 0.6 0.8 1.0
Probability

Figure 3. This distribution plot compares the predictions made by the CNN model against the real test data.
The x-axis represents the prediction probability from 0 to 1, while the y-axis shows the number of samples on a
logarithmic scale.

Figure 4 displays different visualizations of false positive samples from the CNN model. Each
visualization represents a different instance where the model incorrectly classified a slow rotator
sample as a fast one. Figure 5 displays visualizations of false negative samples from the CNN model.
Each visualization represents a different instance where the model incorrectly classified a fast rotator
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sample as a slow one. These false positive and false negative cases are crucial for understanding where

and why the model is making mistakes. They could represent edge cases or challenging inputs that

share some characteristics with positive samples, leading to misclassification. Analyzing these false

positives can provide insights into the model’s decision-making process and highlight areas where it

might be overfitting or misinterpreting certain features. This information is valuable for refining the

model, adjusting its architecture, or enhancing the training data to improve overall performance and

reduce such misclassifications in future iterations.
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Figure 4. These images presents distinct visualizations of false positive samples generated by the CNN model.
Each visualization illustrates a different instance where the model mistakenly identified a slow rotator sample as

fast one.
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Figure 5. These images presents distinct visualizations of false negative samples generated by the CNN model.

Each visualization illustrates a different instance where the model mistakenly identified a fast rotator sample as
slow one.
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3.2. Testing the CNN on Unknown Rotators

Figure 7 illustrates the CNN prediction probabilities for unknown fast and slow rotator samples.
Traditional techniques that rely on the Ag-spin parameter derived from stellar kinematics often face
significant challenges, including the misclassification of galaxies with complex rotation patterns and
the inability to effectively analyze low surface brightness galaxies [61]. These limitations stem from the
conventional methods’ struggles to capture the intricate details of stellar motion across diverse galaxy
environments. For example, galaxies with non-axisymmetric features or those affected by interactions
with neighboring galaxies can yield misleading Ar values. Moreover, low surface brightness galaxies,
which often exhibit considerable structural complexity, may fall below the detection thresholds of
standard techniques, resulting in gaps in our understanding of their dynamics.

Among the 1,112 samples in the SAMI catalogue, a significant portion, 854 samples were not
classified as either slow or fast rotators due to these limitations. To tackle these complexities, we
utilize the strengths of CNNs, which are adept at recognizing patterns in high-dimensional data. By
training our CNN on stellar kinematic maps, we can effectively identify subtle variations in rotational
dynamics that traditional methods might miss. In Figure 7, we present the probability distribution
of our CNN model’s predictions for the unknown samples. In this analysis, we consider samples
with a probability greater than 0.95 as fast rotators and those with a probability lower than 0.05 as
slow rotators. Based on this criterion, our model identifies 678 fast rotators and 39 slow rotators.

The CNN's capability to learn from extensive datasets enables it to discern and classify intricate
rotational signatures, thereby enhancing the accuracy of galaxy classification. This methodology
not only improves our ability to categorize fast and slow rotators but also allows us to investigate
previously ambiguous cases involving complex rotations or low surface brightness galaxies, ultimately
advancing our comprehension of galaxy formation and evolution.

:Nslow = 39 Ntast = 678: —

Rotator
=== Fast (=0.95)
-== Slow (=< 0.05)

102

101 ;

Number of Unknown Samples (N)

e ——Em o ___

it TR
I

0.0 0.2 0.4 0.6 0.8 1.0
Probability

Figure 6. Histogram of CNN prediction probabilities (P) for unknown samples. The distribution is marked by
two threshold regions: fast rotators (P > 0.95, red dashed line) and slow samples (P < 0.05, blue dashed line).
The total count of fast (Ny,s) and slow (Ngjo;y) samples are 678 and 39 respectively.
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Figure 7. These images showcases various visualizations of the unknown rotators samples that are face significant
challenges in deriving Ar-spin parameter. Our CNN model applied on these images and the probability predicted
by CNN reported on the top of each image.
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3.3. Interpretability of the Model’s Classifications

This subsection outlines a series of studies aimed at elucidating how our CNN model arrives
at its decisions when classifying images. Two primary techniques are used to gain insight into the
decision-making processes of the CNN model:

(i) Measuring the clustering of velocity variations in the stellar kinematics maps using Global
Moran’s I (GMI) tool [62,63].

(ii) Utilizing Integrated Gradients (IG) [64] to emphasize the areas of input images that signifi-
cantly respond to the fast or slow classes.

We analyze the histograms of GMI values for the fast and slow rotators, emphasizing the sig-
nificance of clustering in high- and low-velocity stars for defining these categories. Afterwards, we
employ IG to identify key regions within the velocity stellar maps that influence the decision-making
process of our CNN model. Finally, we investigate the model’s decisions for true positives and true
negatives cases, exploring the relationship between clustering in velocities of stars and the IG values
outcomes.

3.3.1. Clustering of High- and Low- Velocity Stars

Visual inspection of the velocity variations in the stellar kinematics maps reveals a more pro-
nounced clustering of high- and low-velocity stars in fast rotators compared to slow rotators. In this
direction, we utilize the GMI tool to assess the spatial autocorrelation of stellar maps by considering
both the locations and values of features simultaneously. Specifically, these observed patterns indicate
a clustering of high- and low-velocity stars within the stellar maps. GMI index value measure the
spatial autocorrelation, which quantifies how similar or dissimilar data values are based on their spatial
proximity. It’s often used in spatial statistics to determine whether there is clustering, dispersion, or
randomness in a data sample. The formula for the GMI index is:

n Yty X wij(xi — %) (x; — %)

it N wij Yitq(xi — %) '

where 7 is the number of observations, x; is the value of the variable of interest at location i, ¥ is the

I= 3)

mean of the variable, w;; is the spatial weight between locations i and j. The interpretation of the GMI
index value can be categorized as follows:

(i): Positive GMI index (close to +1): Indicates clustering or positive spatial autocorrelation,
meaning similar values (either high or low) tend to be close to each other.

(ii): Negative GMI index (close to -1): Indicates dispersion or negative spatial autocorrelation,
suggesting that high and low values are intermixed and tend to avoid clustering.

(iii): Zero or near-zero GMI index: Suggests a random spatial pattern with no clear clustering or
dispersion.

Figure 8 shows the histograms of GMI values for fast and slow rotators. The distribution shows
that there are significantly more slow rotators in the lower ranges (0.0 to 0.4) of Moran’s I. The fast
rotators more prominently in the middle to higher ranges (approximately 0.4 to 1.0), suggesting a dif-
ferent distribution pattern between the two categories. In Figure 9 we show the spatial autocorrelation
in star velocities maps for two fast rotators from the SAMI dataset which is predicted correctly by our
CNN model. The central scatter plot presents Moran scatter plot for each fast rotator, where the spatial
lag of standardized velocity is plotted against the standardized star velocity. High Moran’s I values
(0.910, and 0.930) indicate strong spatial autocorrelation in all cases, suggesting coherent kinematic
structures within these fast rotators. The top row shows spatial velocity maps, with red and blue
regions indicating higher and lower velocities, respectively. In contrast, in Figure 10 we show the
previous analysis for the two slow rotators. Lower Moran’s I values (0.385, and 0.180) suggest weaker
spatial autocorrelation, indicating less coherent kinematic structures compared to the fast rotating
galaxies.
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Figure 8. Distribution of Moran’s I for slow and fast rotators, illustrating differences in spatial autocorrelation.
Slow rotators (blue) exhibit a narrower distribution centered around lower values, while fast rotators (red) display
a broader distribution at higher values.
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Figure 9. Spatial autocorrelation of star velocities for two fast rotators from the SAMI dataset predicted by our
CNN model. The central scatter plot shows the Moran scatter plot for each fast rotator, where the spatial lag
of standardized velocity is plotted against the standardized star velocity. The top row presents spatial velocity
maps, with red and blue regions representing higher and lower velocities, respectively. The right row displays
the Integrated Gradients (IG) values for each pixel, where positive IG values contribute positively to the model’s
decision.
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Figure 10. Spatial autocorrelation of star velocities for two slow rotators from the SAMI dataset. The central
scatter plot shows the Moran scatter plot for each slow rotator, where the spatial lag of standardized velocity is
plotted against the standardized star velocity. Lower Moran’s I values (0.385 and 0.180) suggest weaker spatial
autocorrelation, indicating less coherent kinematic structures compared to the fast rotators analyzed in Figure 9.
The bottom row displays the Integrated Gradients (IG) values for each pixel, highlighting that the majority of IG
values are concentrated in regions with weaker spatial autocorrelation, further indicating less coherent kinematic
structures in the slow rotators.

The examination of stellar kinematics and the Global Moran’s I (GMI) index reveals substantial
differences between fast and slow rotators in terms of velocity distribution. Fast rotators exhibit more
distinct clustering of both high and low velocities, with GMI values between 0.4 and 1.0, indicating a
higher degree of spatial autocorrelation and more uniform kinematic structures. Conversely, slow rota-
tors display lower GMI values (0.0 to 0.4), pointing to weaker spatial autocorrelation and less coherent
velocity distributions. This suggests that fast rotators have more cohesive velocity arrangements than
slow rotators, which exhibit more scattered and irregular distributions.

3.3.2. Integrated Gradients

Integrated Gradient (IG) [64] is a systematic method used to evaluate the contribution of indi-
vidual pixels or regions in an input image to the model’s final classification decision. To thoroughly
understand IG, it is crucial to explore the concept of alpha, a key parameter in this approach. Alpha,
is a real number ranging from 0 to 1. It establishes a path along which the gradients of the model’s
predicted probabilities are evaluated. Specifically, « dictates the proportional contribution of informa-
tion from a baseline image relative to the target image being analysed. This proportional contribution
is calculated as an integral along the defined path. Recently IGs has numerous applications in
astronomy, including strong lensing searches [65] and weak lensing analysis [66].

IG is applied on the slow and fast rotators in the Figures 9 and 10, respectively. In Figure 9, in the
right row of each sample, we show the IG value for each pixels of these samples. It should be noted
that pixels with IG values higher than zero have positive effect on the our model decision and vice
versa. The majority of these IG images highlight the pixels in the coherent kinematic structures in the
image. So according to this analysis we can say one of the the CNN model features that is used in
distinguishing fast and slow rotators is the coherent kinematic structures in the fast rotators. While,
in Figure 10, slow rotators IG images the majority of pixels are concentration in the weaker spatial
autocorrelation, indicating less coherent kinematic structures.
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4. Discussion and Conclusions

In this work, we have demonstrated the success of convolutional neural networks (CNNs) in
effectively classifying galaxies into fast and slow rotators based on their stellar kinematic maps.
Using data from the SAMI survey, we developed and fine-tuned a CNN architecture that delivered
an accuracy of 91% and a precision of 95%, proving its reliability in distinguishing between the
two categories. These results illustrate the the potential of the CNNs to overcome challenges in
galaxy classification, particularly when traditional methods relying on Ag-spin parameters, encounter
uncertainties.

The analysis of stellar kinematics using the Global Moran’s I (GMI) index reveals distinct differ-
ences between fast and slow rotators in their velocity distributions. This suggests that fast rotators
have more organized and structured velocity fields, whereas slow rotators exhibit more scattered and
irregular distributions, highlighting fundamental differences in the kinematic properties of slow and
fast rotators. The interpretability of CNN classifications is a important component of this study. By
applying Integrated Gradients, we uncovered the primary kinematic feature that that significantly
effected the model’s outputs. Our findings indicate that the CNN focuses on coherent kinematic
structures within stellar velocity maps to classify galaxies, confirming its ability to detect meaningful
physical patterns. Using this interpretable CNN model we can enhance confidence in the model’s
predictions.

The scalability and adaptability of CNNs are essential given the emergence of current and
future large-scale integral field spectroscopy (IFS) surveys, such as the Hector instrument [18,19]
which is designed to characterize 15,000 galaxies and Wide-field Spectroscopic Telescope (WST) [20],
which generate datasets comprising billions of galaxies. Under this condition, traditional statistical
approaches will face significant challenges in handling such extensive data effectively. Our findings
highlight the vital role of CNNs for processing and analysing stellar kinematic patterns in these large
datasets, establishing their importance for the next generation of astronomical exploration.

Although the findings are promising, the study highlights some limitations. The model showed
uncertainty in borderline cases, as shown in the probability distribution of predictions. Addressing this
will need for larger and more diverse training datasets. Future research could aim to include expanding
the approach to account for advanced kinematic features, like higher-order velocity moments, or
leveraging transfer learning with pre-trained models on similar datasets. Furthermore, employing
more explainable CNN models allows us to identify the most significant features in the decision-making
process. This understanding can be leveraged to enhance the model’s accuracy by incorporating
attention layers [67], which focus on the most relevant aspects of the data. We intend to broaden our
analysis by investigating CNN alongside traditional machine learning classifiers, including random
forests [68], support vector machines [69], and Naive Bayes [70], with a focus on both accuracy and
model interpretability.
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