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Abstract. HER2-positive breast cancer is one of the most aggressive subtypes
and among the most frequently diagnosed. It results from the overexpression of
the HER?2 protein, which is assessed using the ImmunoHistoChemistry (IHC)
score. However, this evaluation is often performed manually, creating opportu-
nities for automation. In this context, this study investigates the impact of the
Reinhard technique compared to mean and standard deviation normalization
methods to quantify protein levels. The results demonstrate the potential of the
proposed approach, achieving an F1-score of 0.89, precision of 0.89, and re-
call of 0.90, whereas the mean and standard deviation normalization method
obtained 0.85 for precision and 0.86 for both F1-score and recall.

1. Introduction

Breast cancer is highly prevalent in Brazil, with 73,610 new cases estimated by the Brazil-
ian National Cancer Institute (INCA, 2022) for the period ending in 2025. Given this
scenario, precise diagnostic tests are essential to guide treatment. Among these, the
evaluation of the Human Epidermal Growth Factor Receptor Type 2 (HER2) stands out
[Cordeiro 2019]], as HER2-positive breast cancer accounts for approximately 20% of all
cases. This subtype is characterized by HER2 protein overexpression, which serves both
as a biomarker and a prognostic factor. However, its analysis is often performed manually,
making it prone to variability and human bias [Yousif et al. 2021]].

Hematoxylin and eosin (H&E) staining is the gold standard for visualizing tissue
cell structure and morphology. The ImmunoHistoChemistry (IHC) scoring system clas-
sifies HER2 expression based on reaction intensity and the number of membrane-positive
cells, using a scale from 0 to 3+ [Cordeiro 2019]. In this context, image processing algo-
rithms and machine learning help automate analysis, with studies improving accuracy and
early diagnosis [Thakur and Kutty 2019]. However, careful pre-processing is often nec-
essary to enhance model performance by reducing intra-class variability and increasing
inter-class distinctions [Wang et al. 2020].

To address classification challenges in HER2-IHC, normalization techniques can
help standardize image features. Among them, the Reinhard technique is a promising
approach, adjusting the color distribution of the source image to match that of the target
image [Reinhard et al. 2001].



This study evaluates the impact of the Reinhard technique on a HER2-IHC dataset
using ResNet50 for classification. The assessment will be conducted in comparison with
normalization by mean and standard deviation. The main contributions of this work in-
clude the proposal of two pipelines, one for each normalization method, and a discussion
of the results obtained for each.

2. Related Works

Over the years, various studies have explored methods for classifying HER2 im-
ages in breast cancer, often incorporating preprocessing techniques such as Reinhard
normalization. One such approach is the modified Reinhard technique proposed by
[Panda et al. 2022] for H&E stained histopathology images, which preserves background
luminance. This method demonstrated high effectiveness, achieving a Pearson correlation
coefficient of 0.96, outperforming other techniques.

Other works have investigated different strategies. The authors
[Assolar1 and de Freitas 2023|] focused on Ki-67 quantification, testing three pre-
processing methods: no preprocessing, CLAHE, and CLAHE combined with Reinhard
normalization. The latter achieved the best results, with a correlation coefficient of
0.83. Additionally, [P et al. 2024]] proposed an ensemble deep learning model for HER2
classification using H&E-stained images, achieving an accuracy of 97.84% and an AUC
of 100% on the Breast Cancer Immunohistochemistry dataset.

Therefore, it is clear that all the studies highlight the effects of normalization
and preprocessing steps on metrics such as correlation and accuracy, emphasizing the
impact of stages prior to classification itself. In contrast to the presented studies, this
work applies the Reinhard technique for image normalization, comparing it to mean and
standard deviation normalization, using the ResNet50 neural network for HER2 image
classification.

3. Methodology

The methodology of this work involves splitting the datasets for training and testing, im-
age normalization, and the subsequent training and testing phases. This section provides
a detailed explanation of each step and the rationale behind the chosen methods. Figure
1 illustrates the adopted pipeline, showing two analysis flows: one applying the Reinhard
technique and the other using the mean and standard deviation, to assess the impact of the
method on the evaluated metrics.

3.1. Dataset

The dataset used contains HER2 samples divided into four classes based on the level of
HER?2 expression. Class O consists of 277 images, representing samples with no or very
low expression of HER2 (negative). Class 1+ includes 387 images, with low HER2 ex-
pression (negative). Class 2+ contains 419 images, which correspond to moderate HER2
expression, while class 34+ comprises 420 images, representing high HER2 expression
(positive). The dataset was split in a 3/4 ratio for training and 1/4 for testing, ensuring
that images from the same patient were kept in the same set to control potential overfitting.
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Figure 1. lllustrative diagram of the adopted pipeline.

3.2. Preprocessing

Initially, for the flow that applies the Reinhard technique, a normalization matrix was
constructed, as shown in Figure 2] which serves as a "template’, with each row containing
images of a specific class. The technique proposed by [Reinhard et al. 2001]] adjusts the
color characteristics of an image to match those of a target image. This involves convert-
ing the image from the RGB color space to LAB (Luminance and Chrominance), using
the LMS (Long, Medium, Short) color space as an intermediate step, with the conversion
values shown in Table[I] The Reinhard technique is then applied using this matrix as the
target, and the normalization process involves calculating the mean and standard deviation
of each RGB channel, followed by normalizing the image based on these values. Algo-
rithm [1| presents the flow of instructions for normalization, and the images normalized
using the Reinhard technique are shown in Figure [3]

Figure 2. Normalization matrix.

Algorithm 1 Normalization of images using Reinhard transform

Input: List of image paths, target image in LAB color space (normalization matrix)
Output: Normalized images
l,a,b « split(target_lab)
target_mean < [mean(l), mean(a), mean(b)]
target_std < [std(l), std(a), std(b)]
for each image_path in list_images do
image < read image from image_path
image + convert(image, BGR to RGB)
normalized_image < Reinhard(image, target_mean, target_std)
end for
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Table 1. Matrices used for RGB — LMS and LMS — LAB transformations.

Transformation Matrix

0.3811 0.5783 0.0402
0.1967 0.7244 0.0782
0.0241 0.1288 0.8444

RGB — LMS

LMS — LAB

Figure 3. Before and after Reinhard normalization.

In order to facilitate convergence and ensure a similar scale within the data, the
flow that does not use the Reinhard technique was normalized, this time using the mean
and standard deviation obtained for the image sample, taking into account the number of
samples, the number of channels, and the number of pixels, so that the data would be on
similar scales, thereby facilitating convergence. For each RGB channel, the mean values
were 0.6972 (R), 0.6460 (G), and 0.6218 (B), while the standard deviation values were
0.1117,0.1153, and 0.1183, respectively.

3.3. Training

For training, the hyperparameters used during the transfer learning of ResNet50 included
a batch size of 32, cross-entropy loss as the loss function, and the Adam W optimizer. The
learning rate was set to 1 x 1074, and the model was trained for 20 epochs. All network
weights were frozen, except for the classification layer, which was specifically trained for
the dataset in this study. Additionally, the output of the classification layer was modified
from 2048 to 4 to match the number of classes in the study. At each epoch, the samples
were randomized, and the best model was saved for use in the testing phase. In total, three
training sessions were conducted.

3.4. Test

This stage focuses on visualizing the model’s performance. The three previously trained
models will be evaluated using precision, recall, and F1 score metrics, both as averages
and in their macro versions. To assess the consistency of the metrics for each model, the
standard deviation will also be calculated.



4. Results and Discussion

The results presented in Table 2] highlight the positive contribution of Reinhard’s nor-
malization technique to the classification task, reflected by the improvement in precision,
recall, and F1-score metrics. The standard deviation of 0.01, obtained from the three runs,
emphasizes the consistency of the achieved results. The improvements in the metrics in-
dicate a reduction in false positives while enhancing the detection of true cases. In the
HER?2 protein analysis, this improvement is particularly crucial, as it minimizes the risk
of incorrect diagnoses, which must be avoided at all costs.

Models performance for each one of the classes is described in Table [3] Despite
the aforementioned overall better performance when applying the Reinhard technique to
the data, it is shown that it had lower precision when classifying 3+ samples. However,
a better recall score means that the Reinhard normalized samples are better classified as
true positives, which can be valuable in the context of HER?2 classification as it is arguably
useful to have a trade-off between precision and recall. Therefore, the lower precision can
be compensated by the better recall and F1 score without significant changes.

Table 2. Overall model performance. Bold values indicate improvements ob-

served.
Class Precision Recall F1
Normalized 0.85+0.01 | 0.86 +0.01 | 0.86 = 0.01
Reinhard-normalized | 0.89 + 0.00 | 0.90 + 0.00 | 0.89 + 0.00

Table 3. Measurements of the macrometrics on normalized and Reinhard-
normalized data. Bold values indicate improvements observed.
Class Reinhard-normalized Normalized
Precision Recall F1 Precision Recall F1
0 0.84 £0.01 | 0.98 =0.01 | 0.90 £ 0.01 | 0.81 £0.01 | 0.96 £0.02 | 0.88 +0.01
1+ 0.88+0.01 | 0.81 £0.02 | 0.84 £0.01 | 0.82+0.01 | 0.73+0.04 | 0.77 £0.01
2+ 0.89 +0.01 | 0.85+0.02 | 0.87 £0.01 | 0.81 £0.02 | 0.82 £0.02 | 0.81 £0.00
3+ 093 +£0.01 | 0.96 =0.00 | 0.95+0.00 | 0.97 £0.00 | 0.95+0.00 | 0.96 = 0.00

Figure [] presents the confusion matrices for the two tested scenarios, aiming to
further illustrate the classification performance. As previously mentioned, the model us-
ing the Reinhard technique is more successful in correctly classifying true positives, es-
pecially for the 3+ class, although it shows minimal confusion between this class and the
2+ class. This confusion may be due to similarities between some images from these two
classes. Additionally, for the intermediate expression levels of 1+ and 2+, both models
exhibit significant errors, with confusion with other classes. However, the model using
the Reinhard normalization technique still demonstrates better performance.

5. Conclusion

In conclusion, Reinhard normalization significantly enhances performance metrics com-
pared to method without normalization. This image preprocessing technique is effective
due to its low computational cost and the improved results it yields. Future work will
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Figure 4. Confusion matrices for both tested scenarios .

focus on evaluating its application to different datasets and neural network models to fur-
ther validate the findings. Additionally, the proposed pipeline is expected to contribute to
disease diagnosis by reducing testing time and offering a precise, automated method for
IHC. The codes used in this study are available at this GitHub Repository.
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