
Deep learning framework for analyzing birefringence imaging by

incorporating optical polarization overlap in stress-induced

ferroelectric SrTiO3

Hirotaka Manakaa, Shoutarou Katayamaa, Soichiro Hondaa, and Yoko Miurab

aGraduate School of Science and Engineering, Kagoshima University, Korimoto, Kagoshima
890-0065, Japan; bNational Institute of Technology, Suzuka College, Shiroko-cho, Suzuka,
Mie 510-0294, Japan

ARTICLE HISTORY

Compiled September 13, 2025

1. Mahalanobis distance

Figure S1 shows the results of the elbow method, Silhouette score, and gap statistic
for determining the optimal number of clusters using the dataset (3 λ, 1Mh, 233 T ) ×
42,280 pixels. As expected, these methods yield inconsistent results, but k = 2–5 seem
to be the reasonable choices. Figure S2 shows the spatial distribution of clustering
results for k = 2 and 3. The stripe structures observed in Figure 3 are not clearly
visible, regardless of k, in these results. This loss of structure is likely due to the
reduction from the original variables of (3 λ, 2 θ, 2 ϕ, 233 T ) to only (3 λ, 1 Mh, 233
T ).

2. Long short-term memory (LSTM)

Figure S3 shows the Mh(T ) curves at 523 and 543 nm as well as the LSTM pre-
diction results at the positions b1 and b2 in Figure 2(a). These predictions closely
follow the Mh(T ) data. This shows that the LSTM model successfully captures the
underlying T -dependent trends in the optical polarization (OP) states. Figure S4 and
the accompanying video present distributions of the dataset containing (3 λ, 5 PCs,
233 T , 42,280 pixels) obtained using temperature series principal component analysis
(TsPCA). This visualization reveals horizontal stripe structures that were not explic-
itly present in the original LSTM input dataset. This suggests that TsPCA effectively
reconstructs underlying OP variations that may have been masked in the raw data.
The K-shape multivariate clustering method was applied to the dataset (3 λ, 5 PCs,
233 T ) × 42,280 pixels. Figure S5 shows the results of the elbow method and Silhou-
ette score for determining the optimal number of clusters (k). Figure S6 shows the
clustering results for k = 4 and k = 5. These results suggest that LSTM training
enhances the diversity of extracted polarization features, thereby allowing for a more
detailed characterization of temperature-dependent birefringence variations. The suc-
cess of TsPCA-based reconstruction is confirmed by the preservation of key OP trends
in the raw data.



Figure S1. Evaluation of K-shape multivariate clustering with three variables applied to a dataset of (3
λ, 1 Mh, 233 T , 42,280 pixels) as T decreases from 130.0 to 14.1 K. The optimal number of clusters (k) is

determined using (a) the elbow method, (b) Silhouette score, and (c) gap statistic.

Figure S2. Results of K-shape multivariate clustering with three variables applied to a dataset of (3 λ, 1
Mh, 233 T , 42,280 pixels) for (a) k = 2 and (b) k = 3.
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Figure S3. Temperature dependence of the Mahalanobis distance (Mh′) predicted by the LSTM at (a) b1

and (b) b2 for 523 nm and at (c) b1 and (d) b2 for 543 nm. Circles indicate the Mahalanobis distance (Mh)
derived from the experimental data, whereas solid lines indicate the LSTM predictions (Mh′).
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Figure S4. Distributions of the dataset (3 λ, 5 PCs, 233 T , 42,280 pixels) obtained via temperature-series

principal component analysis (TsPCA). These results are also shown in the accompanying movie.
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Figure S5. Evaluation results of K-shape multivariate clustering with 15 variables applied to a dataset

containing (3 λ, 5 PCs, 233 T , 42,280 pixels). The optimal number of clusters k is determined using (a) the
elbow method and (b) Silhouette score.
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Figure S6. Results of K-shape multivariate clustering with 15 variables applied to a dataset (3 λ, 5 PCs,

233 T )×42,280 pixels shown for (a) k = 4 and (b) k = 5.
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3. 3D convolutional autoencoder (3DCAE)

Figures S7 and S8 show the results obtained after applying a 3D convolutional autoen-
coder (3DCAE) to the 575 nm dataset, (PC, T , W , H) = (5, 233, 302, 140). Figures
S7(a) and S8(a) show the epoch-wise evolution of the loss function for the spatial
receptive field (SRF) sizes of 5×5 and 10×10, respectively. These results indicate that
the loss function decreases sufficiently, confirming stable training. Figures S7(b–c) and
S8(b–c) show the prediction results at b1 and b2 for each SRF size. Despite identical
input data, the predictions vary considerably with the SRF sizes. In particular, the
range of variation with respect to T is smaller for the 5×5 case but larger for the
10×10 case. Although the sliding window width along the temperature axis is set to
2.5 K, the response for the 5×5 case is much flatter.

After transforming the five PC ′s obtained from the 3DCAE into a single Maha-
lanobis distance (Mh′′), K-shape multivariate clustering was applied to the dataset
structured as (3 λ, 1 Mh′′, 233 T ) × 42,280 pixels for each SRF size. Figures S9–S11
show the evaluation of the optimal number of clusters (k) using the elbow method,
Silhouette score, and gap statistic for SRF sizes of 3×3, 5×5, and 10×10. As deter-
mining a definitive optimal value of k is challenging, candidate values between k = 2
and 5 are considered. Figures S12–S15 show the detailed clustering results for each
SRF size at k = 2–5, along with summary tables. The segmentation patterns indicate
that the clustering results remain largely consistent across different SRF sizes. In all
cases, the overall clustering trends are similar and effectively delineate the expected
stress-concentration regions. The robustness of these clustering results across different
SRF sizes indicates that the essential structural patterns are consistently extracted,
reinforcing the validity of the clustering approach.
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Figure S7. (a) Evolution of the loss function during the training of 3DCAE using the dataset (5 PCs, 233

T , 302 pixels, 140 pixels) at 575 nm for the 5×5 spatial receptive field (SRF) size. Temperature dependence of

the five principal components (PC′s) predicted by the 3DCAE at (b) b1 and (c) b2.
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Figure S8. (a) Evolution of the loss function during the training of 3DCAE using the dataset (5 PCs, 233 T ,
302 pixels, 140 pixels) at 575 nm for the 10×10 SRF size. Temperature dependence of the five PC′s predicted

by the 3DCAE at (b) b1 and (c) b2.
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Figure S9. Evaluation results of K-shape multivariate clustering with three variables applied to a dataset

containing (3 λ, 1 Mh′′, 233 T ) × 42,280 pixels for the 3×3 SRF size. The optimal number of clusters (k) is
determined using (a) the elbow method, (b) Silhouette score, and (c) gap statistic.

Figure S10. Evaluation results of K-shape multivariate clustering with three variables applied to a dataset

containing (3 λ, 1 Mh′′, 233 T ) × 42,280 pixels for the 5×5 SRF size. The optimal number of clusters (k) is

determined using (a) the elbow method, (b) Silhouette score, and (c) gap statistic.

Figure S11. Evaluation results of K-shape multivariate clustering with three variables applied to a dataset
containing (3 λ, 1 Mh′′, 233 T ) × 42,280 pixels for the 10×10 SRF size. The optimal number of clusters (k)

is determined using (a) the elbow method, (b) Silhouette score, and (c) gap statistic.
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Figure S12. Results of K-shape clustering using the Mahalanobis distance (Mh′′) derived from 3DCAE

outputs at k = 2 for SRF sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The corresponding tables showing the
number of pixels in each cluster.
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Figure S13. Results of K-shape clustering using the Mahalanobis distance (Mh′′) derived from 3DCAE

outputs at k = 3 for SRF sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The corresponding tables showing the
number of pixels in each cluster.
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Figure S14. Results of K-shape clustering using the Mahalanobis distance (Mh′′) derived from 3DCAE

outputs at k = 4 for SRF sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The corresponding tables showing the
number of pixels in each cluster.
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Figure S15. Results of K-shape clustering using the Mahalanobis distance (Mh′′) derived from 3DCAE

outputs at k = 5 for SRF sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The corresponding tables showing the
number of pixels in each cluster.
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Figures S16 and S17 show the effective receptive field (ERF) results for 523 and
543 nm, respectively, and Figures S18 and S19 show the layer-wise relevance prop-
agation (LRP) results for the same wavelengths. The ERF results for the 3×3 and
5×5 SRF sizes distinguish between stress-concentration and uniform regions, and the
stripe structure is also learned. The 10×10 SRF size shows a different trend from
other cases. The LRP results are also consistent with the ERF results under the same
conditions, suggesting that the regions effectively used during training are considered
significant during prediction. This improved both the stability and interpretability
of the model. It also implied a lower tendency for overfitting, as the model learned
meaningful features rather than redundant information.

Figures S20 and S21 show the amplitude spectra of the 2D FFT ERF images for
each SRF size at 523 and 543 nm, and Figures S22–S24 show the amplitude spectra
of the 2D FFT LRP images at 523, 543, and 575 nm. The frequency components
highlighted in red indicate statistically significant modes at the 95% confidence level.
As the ERF and LRP results agree well with each other, the 2D FFT images show
similar trends for each λ and SRF size. Although a significant mode for the 543 nm
images is not clearly visible for the 5×5 case, the significant mode may likely appear
in the top-right diagonal direction based on the results from the other λ. Figures S25
and S26 show the inverse Fourier-transform ERF images reconstructed using only the
statistically significant frequency modes for each SRF size at 523 and 543 nm. Figures
S27–S29 show the inverse Fourier-transform ERF images at 523, 543, and 575 nm,
respectively, wherein stripe structures are visible, albeit with different results for the
10×10 SRF size.

Figures S30 and S31 show the results of occlusion sensitivity analysis (OSA) results
at 523 and 543 nm and reveal similar trends at both wavelengths. Compared with the
results obtained at 575 nm (Figure 20), the patterns for the 3×3 and 5×5 cases show
an opposite trend; however, there is a clear distinction between stress-concentration
and uniform regions. For the 10×10 case, the stress-concentration regions show in-
creased strength; however, the overall trend is different from that in the 3×3 and 5×5
cases. Figures S32 and S33 show the feature maps and feature weight histograms at
523 and 543 nm, respectively. As shown in Figure 13, the convolution layer adopts a
single-layer structure for the 3×3 SRF size, whereas a two-layer structure is used for
the 5×5 and 10×10 cases. In these multilayer configurations, the sign of the features
is reversed between the first and second layers, except for the 5×5 case at 543 nm.
This strongly suggests that the network learns OP states with opposite characteristics,
which enhances its ability to discriminate between stress-concentration and uniform
regions. Finally, the weight histograms in Figures S32(f–h) and S33(f–h) show a sym-
metric distribution centered around zero, confirming that the model captures mean-
ingful representations without overfitting. For 5×5 and 10×10 SRF sizes, the first layer
learns global image trends by assigning a wide range of weights and the second layer
refines the representation by focusing on localized structures with a narrower weight
distribution.

15



Figure S16. Comparison of the effective receptive field (ERF) images for different SRF sizes at 523 nm: (a)

3×3, (b) 5×5, and (c) 10×10.
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Figure S17. Comparison of the ERF images for different SRF sizes at 543 nm: (a) 3×3, (b) 5×5, and (c)

10×10.
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Figure S18. Comparison of the layer-wise relevance propagation (LRP) images for different SRF sizes at

523 nm: (a) 3×3, (b) 5×5, and (c) 10×10.
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Figure S19. Comparison of the LRP images for different SRF sizes at 543 nm: (a) 3×3, (b) 5×5, and (c)

10×10.
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Figure S20. Comparison of the amplitude spectra of 2D fast Fourier-transform (FFT) ERF images at 523 nm

for different SRF sizes: (a) 3×3, (b) 5×5, and (c) 10×10. Red circles indicate frequency components identified

as significant at the 95% confidence level.
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Figure S21. Comparison of the amplitude spectra of 2D FFT ERF images at 543 nm for different SRF sizes:

(a) 3×3, (b) 5×5, and (c) 10×10. Red circles indicate frequency components identified as significant at the
95% confidence level.
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Figure S22. Comparison of the amplitude spectra of 2D FFT LRP images at 523 nm for different SRF sizes:

(a) 3×3, (b) 5×5, and (c) 10×10. Red circles indicate frequency components identified as significant at the
95% confidence level.
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Figure S23. Comparison of the amplitude spectra of 2D FFT LRP images at 543 nm for different SRF sizes:

(a) 3×3, (b) 5×5, and (c) 10×10. Red circles indicate frequency components identified as significant at the
95% confidence level.
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Figure S24. Comparison of the amplitude spectra of 2D FFT LRP images at 575 nm for different SRF sizes:

(a) 3×3, (b) 5×5, and (c) 10×10. Red circles indicate frequency components identified as significant at the
95% confidence level.
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Figure S25. Comparison of inverse Fourier-transform ERF images at 523 nm for different SRF sizes of (a)

3×3, (b) 5×5, and (c) 10×10 using only the statistically significant frequency modes shown in Figure S20.
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Figure S26. Comparison of inverse Fourier-transform ERF images at 543 nm for different SRF sizes of (a)

3×3, (b) 5×5, and (c) 10×10 using only the statistically significant frequency modes shown in Figure S21.
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Figure S27. Comparison of inverse Fourier-transform LRP images at 523 nm for different SRF sizes of (a)

3×3, (b) 5×5, and (c) 10×10 using only the statistically significant frequency modes shown in Figure S22.
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Figure S28. Comparison of inverse Fourier-transform LRP images at 543 nm for different SRF sizes of (a)

3×3, (b) 5×5, and (c) 10×10 using only the statistically significant frequency modes shown in Figure S23.
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Figure S29. Comparison of inverse Fourier-transform LRP images at 575 nm for different SRF sizes of (a)

3×3, (b) 5×5, and (c) 10×10 using only the statistically significant frequency modes shown in Figure S24.

29



Figure S30. Comparison of occlusion sensitivity analysis (OSA) images for different SRF sizes at 523 nm:

(a) 3×3, (b) 5×5, and (c) 10×10.
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Figure S31. Comparison of OSA images for different SRF sizes at 543 nm: (a) 3×3, (b) 5×5, and (c) 10×10.
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Figure S32. Comparison of feature maps at 523 nm for different SRF sizes: (a) 3×3, (b–c) 5×5, and (d–e)

10×10. The 3×3 case includes a single-layer structure, whereas the 5×5 and 10×10 cases include two layers.
Histograms of the feature weights are shown for (f) 3×3, (g) 5×5, and (h) 10×10.
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Figure S33. Comparison of feature maps at 543 nm for different SRF sizes: (a) 3×3, (b–c) 5×5, and (d–e)

10×10. The 3×3 case includes a single-layer structure, whereas the 5×5 and 10×10 cases include two layers.
Histograms of the feature weights are shown for (f) 3×3, (g) 5×5, and (h) 10×10.
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4. Temperature series forest (Tsf)

The initial annotations for the bagging-based temperature series forests (Tsf) are de-
rived from the K-shape multivariate clustering results shown in Figures S12–S15. A
pixel is classified as a ”consistent cluster” if it receives the same winning cluster la-
bel across all four analysis conditions listed in Table 1. Figures S34–S37 show the
clustering results based only on ”consistent clusters” for each initial cluster number
(k) and SRF size, along with a transition matrix that tracks changes from the initial
annotations. These results show that stress-concentration and uniform regions remain
stable, whereas other clusters show greater variability and tend to merge with clusters
in uniform regions. After applying Tsf with cluster confidence-based adaptive learn-
ing (CCAL), which incorporates cluster confidence-based adaptive learning, the final
clustering results for each k and SRF size are shown in Figures S38–S41. In addition,
the transition matrix tracks the label changes between initial annotations, ”consistent
clusters”, and the final cluster labels.

To evaluate the clustering performance results shown in Figures S38–S41, we com-
puted the Silhouette score for two types of T -series datasets: LSTM input features (3
λ, 1 Mh, 233 T , 42,280 pixels), as shown in Figure 5, and 3DCAE output features
(3 λ, 5 PC ′s, 233 T , 42,280 pixels), as shown in Figures 14(b–c). Figure S42 shows
the variation in the Silhouette score as a function of the initial cluster number (k)
using a sliding T window width of 19 T points (9.5 K). The highest Silhouette score
was observed at k = 2 for the SRF sizes of 3×3 and 10×10. For the 5×5 case, the
highest score was obtained at k = 3, but the Tsf process merged three clusters into
two, resulting in a consistent two-group classification across all SRF sizes. Based on
the two-group classifications obtained from the 3×3 case at k = 2 shown in Figure
S38(a), Figures S43 and S44 show the distributions of the retardance (δ) and fast-axis
direction (ψ) at T = 14.1, 40.0, 90.0, and 130.9 K divided into these two groups. The
results for the cases 5×5 with k = 3 in Figure S39(b) and 10×10 with k = 2 in Figure
S38(c) are also shown in Figures S45–S48.
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Figure S34. Distributions of “consistent clusters” derived from Tsf using bagging-based learning for the SRF

sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The initial annotations (k = 2) obtained from K-shape clustering
(Figure S12) are used as the reference. The transition matrix between the initial annotations and the “consistent

cluster” labels is included. Pixels not classified as “consistent clusters” are labeled as N/A (“not applicable”).
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Figure S35. Distributions of “consistent clusters” derived from Tsf using bagging-based learning for the SRF
sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The initial annotations (k = 3) obtained from K-shape clustering

(Figure S13) are used as the reference. The transition matrix between the initial annotations and the “consistent

cluster” labels is included. Pixels not classified as “consistent clusters” are labeled as N/A (“not applicable”).
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Figure S36. Distributions of “consistent clusters” derived from Tsf using bagging-based learning for the SRF
sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The initial annotations (k = 4) obtained from K-shape clustering

(Figure S14) are used as the reference. The transition matrix between the initial annotations and the “consistent
cluster” labels is included. Pixels not classified as “consistent clusters” are labeled as N/A (“not applicable”).
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Figure S37. Distributions of “consistent clusters” derived from Tsf using bagging-based learning for the SRF

sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The initial annotations (k = 5) obtained from K-shape clustering
(Figure S15) are used as the reference. The transition matrix between the initial annotations and the “consistent

cluster” labels is included. Pixels not classified as “consistent clusters” are labeled as N/A (“not applicable”).
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Figure S38. Final clustering results obtained using cluster confidence-based adaptive learning (CCAL) for
the SRF sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The initial annotations (k = 2) derived from the K-shape

multivariate clustering (Figure S12) are used as the reference. The transition matrix between the initial anno-

tations, “consistent cluster” labels, and final cluster labels is included. Pixels not classified as the “consistent
clusters” during the bagging-based learning phase are labeled as N/A (“not applicable”).
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Figure S39. Final clustering results obtained using CCAL for the SRF sizes of (a) 3×3, (b) 5×5, and (c)

10×10. The initial annotations (k = 3) derived from the K-shape multivariate clustering (Figure S13) are used
as the reference. The transition matrix between the initial annotations, “consistent cluster” labels, and final

cluster labels is included. Pixels not classified as the “consistent clusters” during the bagging-based learning

phase are labeled as N/A (“not applicable”).
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Figure S40. Final clustering results obtained using CCAL for the SRF sizes of (a) 3×3, (b) 5×5, and (c)
10×10. The initial annotations (k = 4) derived from the K-shape multivariate clustering (Figure S14) are used

as the reference. The transition matrix between the initial annotations, “consistent cluster” labels, and final

cluster labels is included. Pixels not classified as the “consistent clusters” during the bagging-based learning
phase are labeled as N/A (“not applicable”).
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Figure S41. Final clustering results obtained using CCAL for the SRF sizes of (a) 3×3, (b) 5×5, and (c)
10×10. The initial annotations (k = 5) derived from the K-shape multivariate clustering (Figure S15) are used

as the reference. The transition matrix between the initial annotations, “consistent cluster” labels, and final

cluster labels is included. Pixels not classified as the “consistent clusters” during the bagging-based learning
phase are labeled as N/A (“not applicable”).
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Figure S42. Silhouette scores for different initial numbers of clusters (k) computed using temperature series
forests (Tsf) for the SRF sizes of (a) 3×3, (b) 5×5, and (c) 10×10. The sliding temperature window width is

fixed at 19 points (9.5 K).
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Figure S43. Based on the final clustering results of Tsf with the SRF size of 3×3 and an initial annotation
of k = 2, the distribution of retardance (δ) and fast-axis direction (ψ) is categorized into two groups: (a) δ and

(b) ψ at 14.1 K for 575 nm; (c) δ and (d) ψ at 40.0 K for 575 nm.
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Figure S44. Based on the final clustering results of Tsf with the SRF size of 3×3 and an initial annotation
of k = 2, the distribution of retardance (δ) and fast-axis direction (ψ) is categorized into two groups: (a) δ and

(b) ψ at 90.0 K for 575 nm; (c) δ and (d) ψ at 130.9 K for 575 nm.
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Figure S45. Based on the final clustering results of Tsf with the SRF size of 5×5 and an initial annotation
of k = 3, the distribution of retardance (δ) and fast-axis direction (ψ) is categorized into two groups: (a) δ and

(b) ψ at 14.1 K for 575 nm; (c) δ and (d) ψ at 40.0 K for 575 nm. The domains labeled H2-1, H2-2, and H2-3

show different temperature variation trends.
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Figure S46. Based on the final clustering results of Tsf with the SRF size of 5×5 and an initial annotation
of k = 3, the distribution of retardance (δ) and fast-axis direction (ψ) is categorized into two groups: (a) δ and

(b) ψ at 90.0 K for 575 nm; (c) δ and (d) ψ at 130.9 K for 575 nm. The domains labeled H2-1, H2-2, and H2-3

show different temperature variation trends.
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Figure S47. Based on the final clustering results of Tsf with the SRF size of 10×10 and an initial annotation
of k = 2, the distribution of retardance (δ) and fast-axis direction (ψ) is categorized into two groups: (a) δ and

(b) ψ at 14.1 K for 575 nm; (c) δ and (d) ψ at 40.0 K for 575 nm.
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Figure S48. Based on the final clustering results of Tsf with the SRF size of 10×10 and an initial annotation
of k = 2, the distribution of retardance (δ) and fast-axis direction (ψ) is categorized into two groups: (a) δ and

(b) ψ at 90.0 K for 575 nm; (c) δ and (d) ψ at 130.9 K for 575 nm.

49


