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Abstract

Efficient examination of skin tissue specimens is key for pathologists to keep up with an
increasing workload. Normalizing the orientation of tissue cross-sections before manual
assessment could contribute to a more streamlined digital workflow. In this study, we com-
pare multiple deep learning-based approaches for predicting the rotation angle required to
correct the misorientation of skin tissue cross-sections. The models were developed and
evaluated using a dataset of 10,649 H&E-stained and 9,731 IHC-stained cross-section im-
ages from specimens with melanocytic lesions. Our results show that framing rotation
angle prediction as a classification task with the circular target space divided into sepa-
rate classes performed best, reaching mean absolute errors of 2.77° and 3.56° on the test
sets of H&E and IHC-stained cross-sections, respectively, approaching the level of human
annotators. Automated orientation normalization, when implemented in whole slide im-
age viewers, could make tissue examination more efficient and convenient for pathologists,
while also serving as a valuable preprocessing step for the development of position-aware
or multi-stain deep learning models.
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1. Introduction

Whole slide imaging has enabled the transition from conventional, microscope-based tissue
examination to fully digital pathology diagnostics, offering benefits such as digital archiving,
remote working, as well as computational image analysis to assist pathologists (Stathonikos
et al., 2013, 2020). Before a tissue specimen can be examined, however, it undergoes a his-
tological preparation process, which includes tissue fixation, paraffin embedding, microtome
sectioning, and staining. During the preparation process, tissue sections are often placed
on the glass slides with an arbitrary orientation. Unlike tissue sections of most organ types,
cross-sections of skin tissue specimens typically have an ideal orientation (i.e., the epidermis
positioned at the top to reflect the natural outside-to-inside structure) and are, therefore,
frequently misoriented, impeding optimal histological examination.
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To address variation in orientation, earlier work has focused on methods such as data
augmentation and rotation-equivariant convolutional neural networks (Veeling et al., 2018;
Lafarge et al., 2021), which improve model robustness but do not resolve the practical need
of pathologists for consistently oriented tissue cross-sections. Alternatively, cross-sections
can be rotated to their natural orientation prior to examination or downstream analysis.
While this task has not yet been explored in histopathology, several earlier studies have
investigated rotation prediction in the domain of natural images using classification (Hara
et al., 2017; Gidaris et al., 2018), regression (Hara et al., 2017), and hybrid approaches (Fis-
cher et al., 2015).

In this study, we benchmark multiple deep learning approaches for predicting the rota-
tion angle required to correct the misorientation of skin tissue cross-sections. The models
were developed and evaluated based on a dataset of 10,649 H&E-stained and 9,731 IHC-
stained cross-section images from specimens with melanocytic lesions. Providing patholo-
gists with cross-sections that are oriented consistently can streamline tissue assessment, po-
tentially reducing the examination time and facilitating more convenient comparison across
stains. Automated orientation normalization could also form an important preprocessing
step in the development of position-aware or multi-stain deep learning models, as well as
whole slide image (WSI) registration methods. The code and trained model parameters are
made publicly available1.

2. Materials

2.1. Study design

This study was performed using data from the digital archive of the pathology department of
the University Medical Center (UMC) Utrecht, the Netherlands. A total of 3,675 cutaneous
melanocytic lesion cases with H&E-stained and IHC-stained WSIs available, accessioned
between January 1, 2013, and August 31, 2023, were randomly selected with stratification.
The study does not fall within the scope of the Dutch Medical Research Involving Human
Subjects Act (WMO) and therefore does not require approval from an accredited medical
ethics committee in the Netherlands. Nevertheless, an independent quality assessment
(25U-0162) was conducted at the UMC Utrecht to ensure compliance with relevant laws and
regulations, including those related to the informed consent procedure, data management,
privacy, and legal considerations. Cases from patients who opted out of the use of their
data for research purposes were excluded. All data were de-identified.

2.2. Dataset

The dataset curation process is schematically shown in Fig. A1 in the Appendix. At the
start, 3,675 unique skin biopsy and excision specimens with a melanocytic lesion were
identified, consisting of 175 cases for each of the 21 most frequently performed IHC stains
for melanocytic lesions at the pathology department of the UMC Utrecht. To compare
the performance between stains, all available pairs of corresponding H&E-stained and IHC-
stained WSIs were selected in an automated manner based on the WSI metadata.

1. https://github.com/RTLucassen/rotation_normalization
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Figure 1: Pipeline for image preprocessing. Tissue sections were first segmented and sepa-
rated using SlideSegmenter (Lucassen et al., 2024) to crop them from the whole
slide image at 1.25× magnification. After the background was replaced to re-
move artifacts and parts of adjacently positioned sections, the cross-sections were
rotated to their natural orientation and the was padding corrected. Position ma-
trices were finally generated.

Image acquisition was performed using a ScanScope XT scanner (Aperio, Vista, CA,
USA) at 20× magnification with a resolution of 0.50 µm per pixel (slides scanned be-
fore 2016), a NanoZoomer 2.0-XR scanner (Hamamatsu photonics, Hamamatsu, Shizuoka,
Japan) at 40× magnification with a resolution of 0.23 µm per pixel (slides scanned start-
ing from 2016 until May 2022), and a NanoZoomer S360 scanner (Hamamatsu photonics,
Hamamatsu, Shizuoka, Japan) at 40× magnification with a resolution of 0.23 µm per pixel
(slides scanned after May 2022). For the purpose of this study, all WSIs were analyzed at
1.25× magnification, as a trade-off between image detail and computational cost.

Tissue sections in the WSIs were segmented and separated using SlideSegmenter (Lu-
cassen et al., 2024). For segmentation of the IHC-stained WSIs, the SlideSegmenter model
was finetuned on an annotated set of 77 IHC-stained WSIs before use. Manual corrections
to the segmentation and/or separation of the tissue sections were performed if the quality
of the automated method was unsatisfactory. Moreover, we developed a custom annotation
software tool for rotating the cross-sections into their natural orientation and recording the
corrective rotation angle. The angle distributions for the H&E-stained and IHC-stained
cross-sections are shown in Fig. A2 in the Appendix. Image annotation was performed
by three annotators (E.T., E.P., R.L.). In the process, sections of poor quality (e.g., no
epidermis present) or sections without a natural orientation (e.g., tangentially cut tissue
completely surrounded by epidermis) were excluded.

In the end, the dataset included 10,649 H&E-stained and 9,731 IHC-stained cross-section
images for development and evaluation of the rotation angle prediction models. The dataset
was split on a patient level into a training set (70%), a validation set (10%), and a test set
(20%) for independent evaluation. Approximately one-third of the images in each set were
annotated by each annotator.

2.3. Preprocessing

The preprocessing steps are illustrated in Fig. 1. All separate cross-sections were first
cropped from the original WSIs, after which the background was replaced with a uniform
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Approach Predicted variable(s) Loss

Angle regression Angle of rotation in radians Cosine similarity (CS)

Coordinate regression Coordinate on unit circle
Cosine similarity (CS)

Mean squared error (MSE)
Mean absolute error (MAE)

Angle classification Probabilities for angle classes
Categorical cross-entropy (CCE)

Binary cross-entropy (BCE)

Orientation classification Probability of being correctly oriented Binary cross-entropy (BCE)

Table 1: Modeling objectives for the orientation normalization task included in the bench-
mark.

color equal to a representative WSI background. This was done to remove artifacts and
parts of other, closely positioned cross-sections which could affect the model predictions.
The images and corresponding segmentation maps were rotated to normalize the orientation
of the cross-section. Excessive padding at the edges after the rotation was removed, but
also added when necessary to make the dimensions divisible by the tile size used in the deep
learning model. Position matrices were generated to indicate the horizontal and vertical
position of each tile with respect to the centroid of the cross-section (determined using the
binary segmentation map) as the point of origin.

3. Methods

3.1. Model architecture

The Vision Transformer (ViT) (Dosovitskiy et al., 2021) (depth = 14, heads = 4, MLP-
ratio = 5, embedding dimensions = 256) was used as model architecture for all experiments.
Input images were tessellated into non-overlapping tiles of 16× 16 pixels and converted to
feature embeddings. Because the images varied considerably in size, learnable positional
embeddings, which require fixed image dimensions, were unsuitable for this application.
Instead, non-learnable positional encodings were used (Vaswani et al., 2017). The positional
encodings were generated based on the position matrices. Let (px, py) denote the position of
a tile along the horizontal and vertical axes, relative to the tile at the centroid of the cross-
section as point of origin, which was assigned coordinate (0, 0). Both axes were encoded
independently using:

PE(p, i) =


sin

(
p

10000
2i
d/2

)
if i is even

cos

(
p

10000
2i
d/2

)
if i is odd

, (1)

where p is the position of the tile along a single axis with respect to the origin, i is the
encoding dimension, and d is the number of embedding dimensions used by the model.
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The final 2-dimensional positional encoding was obtained by concatenating the encodings
for the horizontal and vertical axis. Unlike their original use in language modeling, where
only positive coordinates were encoded, sinusoidal positional encodings can also represent
negative coordinates, making them suitable for our application.

The parameters of the tile embedding layer, Transformer blocks, and final normalization
layer were initialized based on ImageNet (Deng et al., 2009) pretrained ViT parameters
from timm (Wightman, 2019). The final classification layer was configured with randomly
initialized parameters to accommodate the difference in the prediction task.

3.2. Modeling objectives

We benchmarked multiple regression and classification approaches to predict the rotation
angle for the orientation normalization task, which are listed in Table 1. Starting with
the regression approaches, we investigated predicting the rotation angle θ in radians, and
similar to the work of Hara et al. (Hara et al., 2017), as the corresponding coordinate on the
unit circle v = (sin θ, cos θ) = (x, y). While both formulations are suitable for optimization
using the cosine similarity loss, only the latter is appropriate in combination with the
mean squared error and mean absolute error loss, because optimization problems near the
modulus of 360° in the circular target space are circumvented. The cosine similarity (CS)
loss is defined as

LCS =
1

N

N∑
i=1

(
1− cos(θi− θ̂i)

)
=

1

N

N∑
i=1

(
1 − vi · v̂i

|vi| |v̂i|

)
=

1

N

N∑
i=1

1 − xi x̂i + yi ŷi√
x̂2i + ŷ2i

 , (2)

the mean squared error (MSE) loss is defined as

LMSE =
1

N

N∑
i=1

(
(xi − x̂i)

2 + (yi − ŷi)
2
)
, (3)

and the mean absolute error (MAE) loss is defined as

LMAE =
1

N

N∑
i=1

(|xi − x̂i| + |yi − ŷi|) , (4)

where (xi, yi) and (x̂i, ŷi) are the ground truth and predicted coordinates, respectively, for
image i in a batch of size N . The predicted coordinate v̂ = (x̂, ŷ) can be converted back to
the predicted angle of rotation θ̂ = atan2(ŷ, x̂).

Continuing with the classification approaches, we investigated predicting the rotation
angle class from a set of classes that divide the circular target space. The models were
optimized using the categorical cross-entropy loss in combination with the softmax as final
activation function and the binary cross-entropy with a sigmoid as final activation function.
The categorical cross-entropy (CCE) loss was defined as

LCCE = − 1

N

N∑
i=1

C∑
j=1

(
pij log(p̂ij)

)
(5)
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and binary cross-entropy (BCE) loss was defined as

LBCE = − 1

NC

N∑
i=1

C∑
j=1

(
pij log(p̂ij) + (1 − pij) log(1 − p̂ij)

)
, (6)

where pij and p̂ij are the ground truth and predicted probability, respectively, for image
i in a batch of size N and class j out of the total number of classes C. For all multi-
class classification models, the circular target space was divided into C = 360 angle classes.
The models were optimized with label smoothing, where class labels were sampled from
a wrapped normal distribution centered at the rotation angle θ with a standard deviation
σ = 2.5°. The distribution was normalized for the CCE loss and unnormalized for the BCE
loss. To obtain the predicted angle of rotation, the predicted probability-weighted circular
mean of the center angles of each class was calculated.

Finally, we investigated a binary classification approach, predicting whether the tissue
cross-section in the input image has the correct orientation. The model was optimized
using the BCE loss with C = 1, combined with the same label smoothing as before. Model
predictions across the full circular target space were obtained by rotating the input image
by 1°, predicting if the orientation is correct, and repeating this 360 times. To obtain the
predicted angle of rotation, the predicted probability-weighted circular mean of the angles
across the repetitions was calculated.

3.3. Training

All models were optimized using the same training procedure. During training, randomly
sampled rotations were applied to the cross-section images with normalized orientations,
after which the padding was corrected again and a new position matrix was generated (see
the last two steps in Fig. 1). The models were trained to predict the angle that is needed to
rotate the cross-section back to its natural orientation. Based on preliminary experiments,
we found the deep learning models to perform better when small rotations near the natural
orientation were oversampled. Hence, the sample probability of rotation angles in the ranges
of [0°, 15°] and [345°, 360°] was increased to 0.25, with a probability of 0.75 to sample from
the remaining range of [15°, 345°]. Moreover, on-the-fly data augmentation was applied in
the form of vertical flipping and color changes, including adjustments to the brightness
(± 0.2), contrast (± 0.2), saturation (± 0.2), and hue (± 0.05).

The models were trained until the validation loss had converged (i.e., 500,000 iterations
for regression approaches and 750,000 iterations for classification approaches) using the
AdamW (Loshchilov and Hutter, 2019) optimization algorithm (β1 = 0.9, β2 = 0.999).
Gradients were accumulated over every 20 iterations. The model parameters that resulted
in the smallest loss on the validation set were saved, which was evaluated after every 5,000
iterations. The learning rate was 2 · 10−5 at the start and halved after every five consecutive
evaluations without a decrease in the loss on the validation set. Weight decay was equal
to 1 · 10−2. If the total number of tile embeddings for an image exceeded 15,000, which
was selected as maximum to limit the computational resources required, a subset of the
embeddings equal in size to the maximum was randomly selected. Hyperparameters were
tuned based on the performance on the validation set.
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Figure 2: Bland-Altman plots of ensemble predictions from the best-performing models for
the (A) H&E-stained and (B) IHC-stained cross-sections.

3.4. Experimental setup

For each modeling objective in the benchmark, five model instances were trained using
different random seeds. The same five seeds were consistently used across the modeling
objectives. The performance of the models was evaluated using the mean absolute error
(MAE) and median absolute error (MedAE) between the ground truth and predicted ro-
tation angle, the percentage of cases within 2.5°, 5.0°, and 10.0° of the ground truth, and
Bland-Altman plots (Bland and Altman, 1986). The mean and standard deviation (SD)
of the performance scores for the five model instances were reported as final scores per
modeling objective. All approaches were trained and evaluated on the set of H&E-stained
cross-sections, the set of IHC-stained cross-sections, and the combined set. To put the model
performance into perspective, all tissue cross-sections in the test set were annotated again
by all three annotators (E.T., E.P., R.L.) to assess the inter-annotator variability. One of
the annotators repeated the test set annotation a second time after a wash out period of
two weeks to also assess the intra-annotator variability.

4. Results

The results for the regression and classification approaches are reported in Table 2 and Ta-
ble 4 for the H&E-stained and IHC-stained cross-sections, respectively. For both staining
types, angle classification using the CCE or BCE loss for training reached the best per-
formance, followed by coordinate regression using the MSE or MAE loss. The remaining
approaches, including direct angle regression in radians, coordinate regression using the
CS loss, and binary orientation classification, all performed substantially worse. Across
all approaches, the performance was better for cross-sections stained with H&E than for
cross-sections stained with IHC. Moreover, most of the models trained on the combined set
of H&E-stained and IHC-stained cross-sections reached a better performance than those
trained on a single staining type when evaluated on the IHC-stained cross-sections, but
performed comparably to slightly worse when evaluated on the H&E-stained cross-sections
(see Tables B1 and B2 in the Appendix).
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Approach Loss MAE (°) MedAE (°) % of images within k

k = 2.5° k = 5.0° k = 10.0°

Angle
regression

CS 13.04± 1.68 7.80± 0.89 18.6 34.9 60.2

Coordinate
regression

CS 5.71± 0.49 3.58± 0.29 36.5 63.9 87.7
MSE 4.23± 0.29 2.75± 0.19 46.1 74.5 92.7
MAE 3.65± 0.32 2.27± 0.18 54.1 80.8 94.3

Angle
classification

CCE 2.96± 0.08 1.75± 0.06 63.7 86.3 96.4
BCE 3.12± 0.12 1.82± 0.05 62.0 85.0 95.9

Orientation
classification

BCE 5.93± 0.67 2.36± 0.32 52.3 74.2 87.7

Table 2: Results for the rotation angle prediction approaches, trained and evaluated on
H&E-stained tissue cross-section images. The results represent the mean (and
standard deviation) of five model instances per approach. Note that lower scores
for the mean absolute error (MAE) and median absolute error (MedAE) are better.

For the H&E-stained cross-sections, the best performance was achieved by the angle
classification models trained only on the H&E-stained cross-sections using the CCE loss,
which, when averaged over five model instances, reached a MAE of 2.96± 0.08°. Further
improvements were observed when using the average of the predictions to form a model
ensemble instead, in which case a MAE of 2.77° was reached. The Bland-Altman plot of
the model ensemble predictions is shown in Fig. 2A, demonstrating no bias and few outlier
cross-sections. Visual inspection revealed the presence of separate tissue fragments and the
lack of a complete epidermis among the cross-sections with the largest prediction errors,
as can be seen in Fig. 3A. The inter- and intra-annotator variability for the H&E-stained
cross-sections is reported in Table 3. Between the annotators, the MAE ranged from 2.18° to
2.71°. The model ensemble reached a predictive performance close to the level of consistency
of the annotators. The intra-annotator comparison showed the best level of consistency.

Comparison MAE (°) MedAE (°) % of images within k

k = 2.5° k = 5.0° k = 10.0°

1 vs. 1 1.79 1.03 80.9 94.1 98.5
1 vs. 2 2.18 1.20 74.7 91.1 97.3
1 vs. 3 2.71 1.55 69.4 89.3 96.4
2 vs. 3 2.64 1.48 69.2 88.0 97.4

Table 3: Intra-annotator variability after a 2-week period washout time (row 1) and inter-
annotator variability (rows 2-4) for the H&E-stained cross-sections in the test set.
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Approach Loss MAE (°) MedAE (°) % of images within k

k = 2.5° k = 5.0° k = 10.0°

Angle
regression

CS 19.60± 1.26 10.73± 0.95 13.0 25.7 47.4

Coordinate
regression

CS 9.61± 0.50 5.36± 0.18 26.3 47.1 73.3
MSE 6.39± 0.43 3.74± 0.16 35.1 61.7 85.9
MAE 5.87± 0.49 2.92± 0.27 44.0 70.2 88.8

Angle
classification

CCE 4.46± 0.21 2.21± 0.09 55.1 79.0 92.7
BCE 4.47± 0.17 2.19± 0.03 54.7 78.8 92.3

Orientation
classification

BCE 8.50± 1.12 3.57± 0.44 38.8 62.3 80.8

Table 4: Results for the rotation angle prediction approaches, trained and evaluated on
IHC-stained tissue cross-section images. The results represent the mean (and
standard deviation) of five model instances per approach. Note that lower scores
for the mean absolute error (MAE) and median absolute error (MedAE) are better.

For the IHC-stained cross-sections, the best performance was achieved by the angle
classification models trained on the combined set of H&E-stained and IHC-stained cross-
sections using the BCE loss, which, when averaged over five model instances, reached a MAE
of 3.89± 0.20°. Similarly, further improvements were observed when using an ensemble of
the five models, reaching a MAE of 3.56°. The Bland-Altman plot of the model ensemble
predictions can be seen in Fig. 2B, which shows no bias, but more outliers than for the H&E-
stained cross-sections. Among the IHC-stained cross-sections with the largest prediction
errors, the presence of separate tissue fragments, the lack of a complete epidermis, or sections
almost completely surrounded by epidermis were primarily observed, as can be seen in
Fig. 3B. The inter- and intra-annotator variability for the IHC-stained cross-sections is
reported in Table 5. The MAE ranged from 2.42° to 3.03° between the annotators. A larger
difference was seen between the model ensemble performance and the level of annotator
consistency for the IHC-stained cross-sections than for the H&E-stained cross-sections.

Comparison MAE (°) MedAE (°) % of images within k

k = 2.5° k = 5.0° k = 10.0°

1 vs. 1 1.80 0.92 86.2 95.3 98.4
1 vs. 2 2.42 1.15 77.0 90.7 96.4
1 vs. 3 3.02 1.33 72.9 89.2 96.3
2 vs. 3 3.03 1.52 67.1 86.7 96.0

Table 5: Intra-annotator variability after a 2-week washout period (row 1) and inter-
annotator variability (rows 2-4) for the IHC-stained cross-sections in the test set.
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Figure 3: Three rows of (A) H&E-stained cross-sections and (B) IHC-stained cross-sections
from the test set with the largest prediction errors by the ensemble of five model
instances using the best-performing approach. From left to right: the original
orientation on the WSI, the orientation after applying the predicted rotation
angle, and the natural orientation as provided by one of the annotators.

5. Discussion and Conclusion

In this work, we compared several deep learning-based classification and regression ap-
proaches for predicting the rotation angle required to normalize the orientation of H&E-
stained and IHC-stained skin tissue cross-sections. Among the evaluated approaches, angle
classification in combination with the BCE or CCE loss for training reached the best per-
formance.

For all evaluated approaches, the performance was better for cross-sections stained with
H&E than for cross-sections stained with IHC, which might be due to the higher contrast
of the tissue with respect to the background or because of better tissue quality. This differs
from the level of consistency between the human annotators, which was similar for both
staining types. In addition, training on the combined set of H&E and IHC-stained cross-
sections, compared to training exclusively on cross-sections with a single staining type,
resulted for most approaches in slightly worse performance when evaluated on the test set
of H&E-stained cross-sections, while mostly reaching a better performance on the test set
of IHC-stained cross-sections. Matching corresponding cross-sections across stains after
orientation normalization could be a direction for future work.

In conclusion, the best performance was achieved by approaching rotation angle pre-
diction as a classification task with the circular target space divided into separate classes,
which reached a performance close to the consistency level of human annotators. Automated
orientation normalization could both streamline tissue assessment by pathologists, poten-
tially reducing the examination time and improving convenience, and form an important
preprocessing step for developing position-aware or multi-stain deep learning models.
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Orientation Normalization of Multi-Stain Skin Tissue Cross-Sections

Appendix A. Dataset details

3,675 melanocytic lesion cases

3,651 pairs of H&E-stained and
IHC-stained WSIs  

3,651 H&E-stained WSIs 3,651 IHC-stained WSIs

3,630 H&E-stained WSIs

21 H&E-stained WSIs excluded due to 
     poor tissue or scan quality

3,649 IHC-stained WSIs

2 IHC-stained WSIs excluded due to 
   poor tissue or scan quality

10,649 H&E-stained cross-sections

292 H&E-stained sections excluded 
       due to poor quality or a lack of
       a natural orientation 

23,100 IHC-stained sections10,941 H&E-stained sections

9,731 IHC-stained cross-sections

287 IHC-stained sections excluded 
       due to poor quality or a lack of
       a natural orientation 

13,082 IHC-stained control sections

Figure A1: Flow chart of the dataset curation process.
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Figure A2: Histogram showing the distribution of angles for the H&E-stained and IHC-
stained cross-sections on the corresponding WSIs. The distributions are similar
for the different staining types, both showing peaks at 0°/360°, 90°, 180°, and
270°.
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Appendix B. Results for models trained on combined set of H&E and
IHC-stained cross-sections

Approach Loss MAE (°) MedAE (°) % of images within k

k = 2.5° k = 5.0° k = 10.0°

Angle
regression

CS 15.46± 2.22 9.26± 1.20 15.8 29.4 53.1

Coordinate
regression

CS 7.40± 0.49 4.10± 0.19 32.2 58.0 82.7
MSE 4.61± 0.30 2.86± 0.16 44.8 72.7 91.5
MAE 4.08± 0.59 2.33± 0.22 53.2 79.4 93.4

Angle
classification

CCE 3.49± 0.17 1.89± 0.09 60.6 83.4 94.9
BCE 3.22± 0.21 1.82± 0.08 62.5 85.1 95.7

Orientation
classification

BCE 6.92± 0.36 2.49± 0.09 50.4 72.3 86.5

Table B1: Results for the rotation angle prediction approaches, trained on the combined
set of H&E-stained and IHC-stained cross-sections images, evaluated only on the
H&E-stained tissue cross-section images. The results represent the mean (and
standard deviation) of five model instances per approach. Note that lower scores
for the mean absolute error (MAE) and median absolute error (MedAE) are
better.

Approach Loss MAE (°) MedAE (°) % of images within k

k = 2.5° k = 5.0° k = 10.0°

Angle
regression

CS 20.66± 2.89 11.96± 1.96 12.3 24.2 43.9

Coordinate
regression

CS 9.34± 0.93 5.24± 0.30 26.2 47.9 74.9
MSE 5.85± 0.37 3.57± 0.13 37.2 63.1 87.0
MAE 5.20± 0.67 2.77± 0.18 46.0 72.6 90.2

Angle
classification

CCE 4.31± 0.27 2.18± 0.08 55.4 79.6 92.5
BCE 3.89± 0.20 2.08± 0.10 57.3 81.1 93.8

Orientation
classification

BCE 7.91± 0.61 3.11± 0.10 42.8 65.0 82.1

Table B2: Results for the rotation angle prediction approaches, trained on the combined
set of H&E-stained and IHC-stained cross-sections images, evaluated only on
the IHC-stained tissue cross-section images. The results represent the mean
(and standard deviation) of five model instances per approach. Note that lower
scores for the mean absolute error (MAE) and median absolute error (MedAE)
are better.
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