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Abstract. The advancing pervasion of digital pathology in research and clini-

cal practice results in a strong need for image analysis techniques in the field

of histopathology. Due to diverse reasons, histopathological imaging generally

exhibits a high degree of variability. As automated segmentation approaches are

known to be vulnerable, especially to unseen variability, we investigate several

stain normalization methods to compensate for variations between different whole

slide images. In a large experimental study, we investigate all combinations of

five image normalization (not only stain normalization) methods as well as five

image representations with respect to the classification performance in two ap-

plication scenarios in kidney histopathology. Finally, we also pose the question,

if color normalization is sufficient to compensate for the changed properties be-

tween whole slide images in an application scenario with few training data.

1 Introduction

Digital pathology is an emerging field requiring automated methods for processing huge

amounts of image data. From a medical point of view, manifold problems have been

identified and addressed by the image processing community in the recent past. Espe-

cially, high effort has been directed towards detecting and segmenting certain regions of

interest, such as cells [1], nuclei [2], gland [3], mitosis [4] as well as renal glomeruli [5].

Mostly, the results of a detection or a segmentation are furthermore utilized as markers

for histopathological research or clinical practice.

However, variations, such as different staining intensity and thickness of the slices

as well as pathological modifications lead to qualitative differences between whole slide

images (Fig. 1), even if all images show kidneys stained with the same dye and originat-

ing from the same scanner. As these variations have effects on color, texture and mor-

phology [6], they can reduce the generalization ability of a classifier trained on images

showing characteristics varying from the characteristics of the image to be evaluated.

The compensation of variability in texture (e.g. due to pathologies) cannot be per-

formed easily in the image domain (and is not considered throughout this work). If

changes in tissue texture should be justified, a normalization on feature level is typi-

cally performed. For this purpose, domain adaptation approaches [7] can be applied.

The differences in staining intensities on the other hand can be corrected effectively

by means of stain-normalization methods [8]. However, it is not clear, if normalization
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Fig. 1: Inter-slide variability between whole slide images stained with α-SMA

generating a perceptual similarity over slides is advantageous for computer-based clas-

sification, because texture feature extraction methods, for example, are often designed

to be robust to illumination changes [9]. Nevertheless, image descriptors containing

specific color information (color features) are expected to profit from a compensation

of the variability. Another question is, if domain specific normalization methods (stain

normalization approaches [8, 10]) which are optimized with respect to perceptual simi-

larity are more appropriate than general purpose normalization approaches [11].

In this work, the focus is on investigating different stain-normalization methods

with respect to tissue classification approaches. Although many approaches for stain-

normalization were proposed [8, 10, 12], there is a lack of a quantitative assessment

with respect to automated image analysis systems. In [13], a study on the impact of stain

normalization on the classification performance with focus on a specific application has

been conducted. However, the focus of this work was on two similar, domain specific

normalization methods only.

Here, we perform experimentation with five normalization methods, six feature

extraction approaches, two differently stained histopathological data sets from renal

pathology and two different experimental settings. We investigate (1) if normalization

is generally advantageous for tissue classification, (2) which normalization method is

most appropriate and (3) the interplay between the normalization method and the im-

age representation. Finally, we also pose the question (4), whether stain normalization

is sufficient in settings with few training samples covering a low variability.

The rest of this paper is organized as follows. In Sect. 2, the medical background

is outlined. Section 3 provides details of the study design. The results are presenting in

Sect. 4 and discussed in Sect. 5. Finally, Sect. 6 concludes this paper.

2 Mecial Background

In this work, the aim is to classify tissue from mouse kidneys. Specifically, the focus is

on determining if the tissue is extracted from renal glomeruli or from other renal tissue

which is the most relevant differentiation in renal pathology.

In the mammalian kidney, a glomerulus is the first segment of a nephron, a func-

tional unit of the kidney. It consists of a tuft of small blood vessels, where blood is fil-
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(a) DB1, PAS stained (b) DB2, αSMA stained

Fig. 2: Example glomeruli in a whole slide image stained with αSMA and PAS. The

dashed contours indicates the outline of the glomeruli.

tered and urine is produced. Several kidney diseases affect and damage the glomeruli,

which results in a loss of the vital filter function. The diagnosis, and thereby also the de-

cision on adequate treatment is currently based on biopsies. There is a strong research

focus on renal diseases and specifically on the analysis of glomerular damage. In re-

search as well as clinical practice, the identification of the glomeruli is a mandatory

first step in histopathological analysis. Since such manual assessment is extremely time

consuming, a computer-aided detection would facilitate research and clinical practice.

We study the differentiation between glomerulus and non-glomerulus tissue in com-

bination with the alpha smooth muscle actin (αSMA) staining as well as with the peri-

odic acid schiff (PAS) staining (Fig. 2).

3 Experimental Study

In this study, we investigate two similar classification scenarios from a pathologist’s

perspective. In both application scenarios, the aim is to classify tissue from mouse kid-

neys as outlined in Sect. 2.

In data set one (DS1), we study this differentiation in combination with the PAS

staining, whereas in data set two (DS2), we study the αSMA staining. Although from

a pathologist’s perspective the problem is quite similar, from an image processing per-

spective it is definitely not. Whereas the PAS stained data can be mostly distinguished

based on color-information, in the case of αSMA, color information is less informative

for discrimination of tissue and texture thereby becomes more relevant. The similarities

considering the general application on the one hand and the dissimilarities from an im-

age processing perspective on the other hand provide incentive for studying these two

data sets in combination with different stain normalization methods as well as varying

image representations.
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(a) DB2 class 1: Glomerulus tissue, αSMA staining

(b) DB2 class 0: Non-glomerulus tissue, αSMA staining

Fig. 3: Example patches of DS2, individually for the two classes.

3.1 Image Representations

In our experiments, the focus is on the traditional classification pipeline consisting of

a separate image representation and a classification model. We consider this scenario

only, as deep-learning based methods require large training data and, furthermore, train-

ing the deep models is computationally expensive. For this large study, we train 10,000

classification models (8 (whole slide images) × 50 (random splits) × 5 (image repre-

sentations) × 5 (normalization methods)) and need to cope with limited training data.

Additionally, by investigating diverse image representations with clear properties, more

insight can be gained.

Specifically, the following five conceptually different feature extraction methods

are investigated consisting of two texture features (1-2), two color features (3-4) and a

convolutional neural network representation (5):

1. Fisher Vectors (FV) [14]: Improved Fisher vectors are utilized based on a dense

SIFT [15] sampling at each second coordinate in the patches. As the classifica-

tion task consists of two classes only, a Gaussian mixture model consisting of 16

components is trained [7].

2. Local Binary Patterns (LBP) [9]: A multi-resolution LBP version, with an eight

sample neighborhood and a radius (distance between center point and neighboring

points) of one and two pixels is deployed.

3. Lab-Color Histogram (HLAB) [16]: For this method, the image is converted to the

CIELAB color space and for each channel, a histogram (binning: 16, linear space)

is computed and finally these histograms are concatenated.

4. RGB-Color Histogram (HRGB) [5]: For this method, a histogram (binning: 16, lin-

ear space) is computed for each color channel in the RGB color space and finally

these three histograms are concatenated building a 48-dimensional image represen-

tation.

5. Convolutional Neural Network (CNN) [17]: For this method, a convolutional neural

network pre-trained on the ImageNet challenge data (http://www.image-net.
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org/challenges/LSVRC/), specifically the VGG-f net [17] is utilized. The

images are fed through the CNN and the outputs of the first fully connected layer

are extracted as feature vectors. We do not further train the net to avoid any bias

due to the training data.

3.2 Stain Normalization Methods

We investigate five different methods to align the color properties of the whole slide

images. Apart from typical methods developed for compensating stain variability in

histopathology [10, 8], we investigate methods not typically applied to whole slide im-

ages for stain normalization. Such methods are investigated because it is not clear if

perceptual similarity or a perceptually high quality of whole slide images leads to high

accuracies in classification. The following established normalization methods are inves-

tigated in this study:

– Stain-Normalization of Reinhard et al. (SR) [10]: This method relies on matching

the color distribution of an image to that of a target image by using a linear trans-

form in a certain perceptual colorspace, specifically the lαβ color space. The aim

is to adjust the mean values as well as the standard deviations of each channel in

the two images in the this color space.

– Stain-Normalization of Marcenko et al. (SM) [8]: In this approach, the stains are

separated first, by means of a so-called stain deconvolution, then normalized, sepa-

rately for each stain and finally combined.

– Gray World (GW) [11]: Gray world is a simple general purpose normalization

method assuming that the average of all pixel values is a neutral gray.

– Histogram Equalization (EQ): HE applies a monotonic mapping to each pixel (sep-

arately for each color channel) in a way that the obtained distribution becomes

approximately evenly distributed.

– Histogram Normalization (NO): In case of HN, min-max-normalization is applied

for each color channel to normalize the image.

Examples images for each normalization method including the original image (OR) are

shown in Fig. 4.

3.3 Evaluation Protocol

For evaluation purposes, we consider the classification of image patches extracted from

whole slide images. The patch size was fixed to 128 × 128 pixels [5]. The patches are

either extracted in regions completely showing tissue of a renal glomerulus or in regions

showing exclusively other tissue. For the experiments, for each whole slide image, 200

patches for both classes are extracted. In case of αSMA, five whole slide images are

considered and in case of PAS, three whole slide images are utilized showing typical

variability. For each configuration considering a certain normalization, a certain image

representation and a data set, we perform two experiments:
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(a)OR (b) NO (c) EQ (d) GW (e) SR (f) SM

(g) OR (h) NO (i) EQ (j) GW (k) SR (l) SM

Fig. 4: Example PAS (a) – (f) (DS1) and αSMA patches (g) – (l) (DS2) processed

with the normalization methods. Whereas the stain normalization approaches (SR, SM)

provide a perceptually consistent normalization, especially the EQ method produces

highly artificial images.

Experiment 1 (E1) We compute the accuracy for training with 80 % of the patches

(for each class) and evaluation with 20 % of the image patches, all originating from

the same whole slide image. Training and evaluation is repeated 50 times with random

selections of the data for training and evaluation and finally only the mean is reported.

This strategy is applied to each whole slide image and both data sets. Finally, the mean

accuracy per staining is reported. This scenario is not practically relevant but required

for studying the effects of normalization. Thereby, we obtain a measure if normalization

destroys distinctive features in an idealistic scenario without stain-variability.

Experiment 2 (E2) In the second experiment, we perform a similar strategy with the

same amount of training and evaluation data, but training and evaluation is performed

on different whole slide images. Thereby, we obtain six combinations (i.e. results) in

case of the PAS staining with three whole slide images, and 20 combinations in case of

the αSMA data set. Again, 50 random splits are applied and finally, the mean over all

splits and the combinations per staining are reported.

Evaluation Details For classification, a linear support vector machine (LIBLINEAR)

is utilized as in previous work on renal tissue classification [5]. Due to the balanced

setting for training and evaluation, the reported accuracies are balanced (i.e. guessing

on average leads to an accuracy of 50 %). To determine whether two settings are sig-

nificantly different, the signed rank-sum test is applied with significance level α=0.05.

All experiments are implemented in MATLAB 2016b. For image normalization, the

stain normalization toolbox [18] is applied. For feature extraction, MatConvNet [19]

and VLFeat [20] are utilized.
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4 Results

In Fig. 5, the mean overall classification rates (accuracies) are shown individually for

each combination of an image representation (horizontal axis) and an image normaliza-

tion technique (vertical axis).
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Fig. 5: This figure shows the mean overall classification rates, individually for each

combination of an image representation (horizontal axis) and an image normalization

technique (vertical axis). It can be differentiated between the two data sets (DS1, DS2)

and the intra- (E1) and the inter-slide experiment (E2).
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Fig. 5 (a) and (b) show the accuracies obtained by the intra-slide experiment E1 for

the two data sets. CNN and LBP exhibit high accuracies independent of the underlying

image normalization method. The features focusing on color (HRGB, HLAB) signif-

icantly lose distinctiveness with certain normalizations, such as NO and EQ, but also

with the domain specific stain normalizations SM and SR. This effect is observed gen-

erally, but it is more distinct in case of DS1, that generally exhibits lower rates. EQ in

combination with HRGB leads to the weakest accuracies, which is because EQ removes

all information which is captured by the HRGB feature. Therefore, this combination is

no longer considered in the following.

Considering the inter-slide experiment E2 (Fig. 5 (c) and (d)), we notice that the ac-

curacies are generally lower, as expected due to the shift in image properties. Not only

color-based features, but in general all combinations lose distinctiveness (the accuracy

differences are shown in Fig. 5 (e) and (f)). We notice that there is not one single stain

normalization method which leads to best rates in general. With LBP, FV (with both

data sets), HLAB (with DS2) and CNN (with DS1), the best results are achieved in

combination with EQ. In case of LBP, FV, HLAB (DS2) and CNN (DS2) the improve-

ments compared to OR are statistically significant (α = 0.05). Considering the different

image representations, we notice that CNNs exhibit the best rates on average and are

outperformed only in isolated cases.

The domain specific stain normalization methods (SM, SR) on average do not out-

perform the non-specific methods EQ and NO. Best outcomes with one of the specific

techniques are obtained only once if combining SR with the HRGB feature.

5 Discussion

In this work, we investigated the interplay between stain-normalization and automated

tissue classification approaches in two histopathological applications.

Applying stain normalization in the experiment with similar staining properties

(E1), we notice that especially color features strongly lose distinctiveness whereas other

representations (LBP, CNN) are in general only marginally affected. For these repre-

sentations (e.g. CNN), stain normalization methods at least do not destroy significant

distinctive information which is an important criterion for real application scenarios.

Interestingly, the non-specific normalization methods perform best in this setting. This

scenario is specifically important because with increasing training data, showing stain-

ing characteristics similar to the evaluation data, the classification model can learn to

tackle the variability. However, if the normalization method would remove discrimina-

tive information, this cannot be compensated.

Considering experiment E2, we observed that even in case of normalized color in-

formation, a distinct loss in accuracy occurs in each configuration. We notice that even

domain specific normalization methods are in general unable to compensate for the

change in image properties in the inter-slide experiment. Contrarily, the rather simple

and non-domain-specific EQ technique leads to the best outcomes on average. Con-

sidering different image representations, we notice that CNN exhibits the highest rates

independent of the normalization method.
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Collecting the experimental results of E1 and E2, we summarize that CNN in combi-

nation with EQ and NO not only provides the best performances in the more realistic E2

setting. By considering the low loss of discriminative power (E1: EQ and NO compared

to OR), indication is provided that in case of larger training corpi, these combinations

still produce the best outcomes.

If looking at the accuracy-differences in case of image normalization (Fig. 5 (e)

and (f)), we need to highlight that the change in (distinctive) image properties between

different whole slide images is obviously not limited to variations in color intensity.

The benefit obtained with normalization is in most cases distinctly lower than the loss

between the two experiments with normalization, providing evidence for further image

specific changes between the whole slide images. Based on the high loss between the

experiments with LBP, we assume that staining variability also leads to changes in

micro-texture, which cannot be compensated by pixelwise color normalization. Finally,

difficulties can arise due to inter-patient variability.

Based on this experimental evaluation, it can be observed that there is no strong

correspondence between perceptual correctness and the classification performance as

methods developed to provide perceptually ”correct” images (SM, SR) do not show

the best accuracies. In future, learning based methods, such as autoencoders, could be

applied to obtain normalized images, optimized with respect to distinctiveness for clas-

sification or segmentation scenarios. By such methods the correction could furthermore

be performed patch- instead of pixelwise to possibly facilitate a micro-texture correc-

tion and, furthermore, a normalization of patient specific properties.

6 Conclusion

Finally, we conclude that image normalization should be considered especially for ap-

plications with relatively small training data. In our experiments, domain-specific meth-

ods do not outperform other basic techniques. The best performances are obtained with

the CNN feature and general purpose normalization techniques (NO, EQ) and even

with increasing training data, it can be expected that these methods perform best. As

the domain shift between slides cannot be compensated completely by means of the

normalization methods, we suggest applying further approaches such as data augmen-

tation and domain adaptation. Finally, image normalization could be performed in a

domain specific way (e.g. by means of auto-encoders) to obtain a normalization which

optimizes the distinctiveness of patches, instead of the visual similarity.
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