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1. Introduction

Tokamak plasmas are typically distinguished into two primary confinement modes: L-mode
and H-mode, distinguished by the presence of an Edge Transport Barrier (ETB). H-mode has
been adopted as the baseline operational scenario for the ITER [1] due to its enhanced
confinement properties. Accurate classification of these modes is critical for stable tokamak
operation and plasma control, particularly to predict disruptions like those caused by the
Greenwald density limit, which show H-to-L back transition precursors [2]. Identifying these
precursors via plasma state classification enables early warning systems, emphasizing the need
for mode classification.

Plasma state classification has been studied using supervised deep learning (DL) methods with
diagnostics like line-averaged density (71, ), D, emission, plasma current (I,), and Mirnov Coil
signals (MC) [3-9]. However, human-labelled data introduces errors and limits temporal
resolution. In future DEMO reactors, high-energy neutron fluxes may impair diagnostics,
requiring methods with minimal diagnostic reliance. This study proposes an unsupervised DL
framework using only MC signals, planned for DEMO plasma control [10]. An autoencoder
compresses MC data into a latent vector, processed via Uniform Manifold Approximation and
Projection (UMAP) [12], achieving L- and H-mode classification comparable to existing

methods without human intervention.

2. Methods
An autoencoder-based DL model compresses MC signals from the KSTAR tokamak into latent
vectors capturing essential plasma state information. These vectors are processed using the

UMAP dimensionality reduction algorithm to classify L-mode and H-mode plasma states.
2-1. Mirnov Coil Data from KSTAR

MC signals from KSTAR, measuring edge magnetic fluctuations (dB/dt) at 2 MHz in toroidal
and poloidal arrays, are used to classify confinement modes. For simplicity, this research

employs signals from channels 14 and 16 of the toroidal array. The signals are downsampled by

a factor of four and processed via Fast Fourier Transform (FFT). For MC signal dBd;Et) from i-th

channel, the complex Fourier transform is denoted as X;(f). Cross power is defined as P =

Im(X;x])

|X iX jJr| and cross phase is defined as § = tan™? ( ), where X jJr is the complex conjugate of

Re(xix}‘)

j -th channel’s Fourier transform, and Re and Im denote the real and imaginary parts,
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respectively. Data from 7,665 KSTAR shots (2017-2022) yielded 1,241,538 chunks.

2-2. Optimal Autoencoder System for Instability Study

The Optimal Autoencoder System for Instability Study (OASIS) is an autoencoder that
processes 50 ms chunks of cross power and cross phase data. The encoder compresses these
inputs into latent vectors, compressing about 100-times, while the decoder reconstructs original
inputs from these latent vectors, confirming the vectors capture plasma state information. To
enhance performance, the encoder uses a path aggregation network (PAN) [13], which, unlike
conventional CNNs that rely on high-level features, integrates features across all levels.
Originally developed for image segmentation to handle varying object scales, PAN effectively

captures both low- and high-frequency mode information in the latent vector.

[s12x16] [256x32] [128x64) [64x129] (48x258) [129x48x2)

[64x256]

» 1x1 Conv / 1D Conv (k=1) —» Concat
— Conv (k=3) = Fully Connected

» 2x Upsampling + Sum = 2x Upsampling + Conv (k=3)
Frequency (500kHz)  [129%48x2) * Conv (k=3 s=2) + Sum

Figure 1. OASIS model architecture.
2-3. Clustering Latent Vectors to Classify Plasma States

The UMAP algorithm processes the 128-dimensional latent vectors from the OASIS
autoencoder into a three-dimensional representation for visualisation. This maintains structural
integrity while clustering similar plasma states. As shown in Fig. 3, L- and H-modes are

distinctly separated using a threshold of 2.5 on the first UMAP axis.
Results

3-1. Reconstruction Performance of OASIS
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Figure 2. Three random test cases of OASIS from independent test dataset.

The performance of the OASIS model is evaluated by comparing reconstructed outputs with
ground truth data. As illustrated in Fig. 2, three test cases demonstrate that the predicted
reconstructions closely match the ground truth, with consistent MHD mode signals observed in
both. The difference between ground truth and predictions exhibits only minimal noise without
structured patterns, indicating robust model performance. To assess the effectiveness of the PAN
structure in the encoder, a performance comparison was conducted with a conventional CNN-
based autoencoder. As reported in Table 1, the OASIS model with PAN encoder outperforms
the CNN-based model across MSE, SSIM and PSNR, where these metrices are defined as:

Mean Squared Error, MSE = ﬁ}:ﬁlzyﬂ([ (i,j)) — K, j))z, measures the average squared

difference between reconstructed and original signals. Here, I(i, j) is the original image pixel,

K (i, ) is reconstructed image pixel and N, M are the image size. Structural Similarity Index,

(Zﬂxﬂy+cl)(20xy+cz)
(HE+US+C)(0F+05+C2)

SSIM(x,y) =

evaluates the similarity in luminance, contrast, and structure
between them. Here, u, and p,, are the means, 0?2 and 033 are the variances, ay,, is the covariance
of the original and reconstructed signals, and C; and C, are constants to stabilise the division.

2
Peak Signal-to-Noise Ratio, PSNR =10 -log,, (ﬁ), is the ratio of the maximum signal

power to the noise in the reconstruction. Here, L is the maximum possible signal value, and

MSE is the mean squared error.

Encoder Model Decoder Model MSE(]) SSIM(1) PSNR(1)

PAN CNN 0.298 0.670 18.66
PAN PAN 0.336 0.663 17.96
CNN CNN 2471 0.571 9.36

Table 1. Model comparison

3-2. Results of Plasma State Classification
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Figure 3. (Left) L- H- mode label on UMAP projection. (Right) Mode classification result of KSTAR # 28633.

The plasma state classification performance was evaluated using human-labelled data from 40
shots conducted in 2021, sourced from [8]. The model achieved 98.9% accuracy, correctly

predicting 4,941 out of 4,995 test cases.
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Furthermore, as shown in Fig. 3, analysis of shot 28633 reveals that the model correctly
identified three out of four intermittent H-L back transitions induced by impurity seeding. The
missed transition is likely due to its duration being shorter than the 50 ms chunk length used in
the OASIS framework. Future work will investigate reducing the chunk length to 1-2 ms to

determine if this enhances the detection of such back transitions.

Conclusion

The OASIS autoencoder compressed KSTAR MC data into a latent space, which was
visualised in 3D using UMAP, achieving 98.9% accuracy in distinguishing L- and H-modes.
This unsupervised approach, without labelled data, effectively identified both L-H transitions
and H-L back transitions, demonstrating robust plasma state classification for tokamak control.
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