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ABSTRACT

Most automated image segmentation approaches in histolog-

ical analyses are either developed or trained for a specific

histological stain. In this paper, we propose and investigate

a stain independent segmentation framework, which extends

the application of an existing segmentation routine developed

for a specific stain to arbitrary stains. The idea is to bring con-

secutive slides with different stains into spatial alignment to

be able to transfer the location information obtained by seg-

menting images with a particular stain onto the successively

registered images dyed with other stains. In a case study with

renal whole slide images, we perform experiments and com-

pare the results of the proposed method with straight-forward

segmentation (i.e. segmenting the stain, the method had been

developed for) and also evaluated the impact of the remaining

alignment error.

Index Terms— Multi-stain, registration, segmentation,

histology, stain independent

1. MOTIVATION

We address the issue that most automated image segmentation

approaches are developed for very specific application sce-

narios, and training as well as analysis are highly dependent

on manual annotations. We propose and evaluate a segmenta-

tion framework that has the potential to partly overcome these

problems. Here we present a case study with renal histologi-

cal images dyed with different stains.

Stains play a vital role in the analysis of histological im-

ages [1]. The integrated information obtained from differ-

ent stains on the same tissue structure are very valuable in

medical research [2, 3]. However, the application of multiple

stains on the same Whole Slide Image (WSI) is practically

not feasible. Typically different stains are applied on tissue

slides and then relevant structures are segmented. The chal-

lenges faced by automated segmentation procedures erupt at

this stage. Due to the dissimilar appearance of similar tissue
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structures when dyed with different stains, it is difficult to de-

velop a segmentation routine that works well for all stains.

Hence most of the segmentation algorithms developed are

stain-specific [4, 5, 6]. The development of stain-specific seg-

mentation methods would translate into the development of

as many methods as the number of stains, which is practically

unfeasible. This fuels our motivation for this paper because

there exist a lot of segmentation methods but almost none of

them is stain independent. Even the state-of-the-art methods

that employ neural networks do not perform well for stains

other than on which they were trained. In such a case, they

would need manually annotated data for training with every

condition, which is a highly time consuming process. Hence,

we focus on the development of a stain-independent segmen-

tation method, by incorporating deformable image registra-

tion into the segmentation process.

Similar works exploiting a combination of registration

and segmentation have been proposed before, but most of

them focus on segmentation based registration [7, 8] (i.e.

segmentation is used as preprocessing). The work proposed

in [9], focusing on the segmentation of magnetic resonance

images (MRI), is most similar to our approach. In this work,

segmented MRI slices are registered to obtain a 3D segmen-

tation of the prostate. Compared to this previous work, we

need to tackle the additional challenge that the WSI data

needs rotational and translational initial alignment (whereas

consecutive MRI slices are already aligned) and differences

due to changing stains.

Contribution: In this paper, we propose a novel solution

to the problem that most image segmentation applications

in histology are highly domain specific. We propose and

investigate a segmentation framework which increases gener-

alizability with respect to the staining protocol of histological

images. The method first registers WSIs obtained from con-

secutive tissue slides which were dyed with different stains

(one stain, the segmentation method was trained/developed

for and another arbitrary stain). In the second step, segmen-

tations obtained on one image are transferred to the consec-

utive image registered to it. As the method requires only the

transfer of location information from one stain to another,

but not performing a separate segmentation on each stain,



it eliminates the need for stain specific segmentation meth-

ods. However, it does require WSIs of a particular stain for

segmentation, and alternating slides of one defined and one

arbitrary stain, for registration. We perform a case study with

renal histological images with the glomeruli as the regions

of interest (ROI) because they reveal important information

about the physiological condition of the kidney. The goal

of this study is to evaluate the performance of the proposed

pipeline and to individually assess the error which are intro-

duced during segmentation and during registration. We want

to find out if this approach is appropriate for further analysis

and we further focus on identifying the bottleneck.

Image Dataset: Our dataset consists of resected healthy

mice kidneys which show high similarity to human kidneys.

For our purposes, we used nine consecutive WSIs (I1-I9) hav-

ing similar tissue structures. The images were each roughly

of the size 37,000 × 30,000 pixels. Each image was dyed

with one of the three stains, Periodic Acid-Schiff (PAS),

or the ImmunoHistoChemistry (IHC) stains Alpha Smooth

Muscle Actin (αSMA) or CD31 (e.g. Fig. 2(c,d)), such that

every alternate slide is a PAS image (e.g. Fig. 2(a,b)). More

specifically, the images were obtained in the following stain

sequence: PAS - αSMA - PAS - αSMA - PAS - CD31 - PAS -

CD31 - PAS

2. EXPERIMENTAL STUDY

To evaluate the proposed pipeline, we identified three experi-

ments E1, E2, and E3, as shown in Fig. 1. The manual anno-

tations are referred to as the ground truth (GT) and automatic

segmentations to as SEG. The stain of each image is indicated

in the subscript to GT and SEG. GT ′

IHC
refers to the trans-

formed GTIHC after registration of the IHC image with its

consecutive PAS image. The outcome of automatic segmen-
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Fig. 1. Schematic outline showing the experiments per-

formed. GT refers to manual annotations, and SEG refers to

automatic segmentations. E1 evaluates automatic segmenta-

tion on IHC stain, E2 assesses the automatic segmentation on

PAS images, and E3 evaluates registration accuracy between

manually annotated PAS and IHC images.

tation is referred to as SEGIHC (Fig. 2).

Experiment 1 (E1): For evaluating the proposed method, we

compare the glomeruli segmented automatically on PAS im-

ages (SEGPAS) with the ground truth (GT ′

IHC
). In our ex-

periments we utilize a segmentation algorithm that has been

developed for PAS stained WSIs, as explained in section 2.1.

The automatic segmentations on IHC are obtained by trans-

ferring SEGPAS on the IHC images. To transfer the location

information correctly on the IHC images, we bring them into

spatial alignment with their consecutive PAS images by reg-

istration (refer to Section 2.1).

Experiment 2 (E2): In this experiment, we evaluate the seg-

mentation algorithm we used in E1 on our PAS images. A

quantitative evaluation is made to test the similarity between

the manual annotations (GTPAS) and automatic segmenta-

tions (SEGPAS) of PAS images.

Experiment 3 (E3): This experiment evaluates the registra-

tion accuracy on the basis of the manually annotated PAS

(GTPAS) and IHC (GTIHC) images. Here, we calculate

the Dice Similarity Coefficient (DSC) between GTPAS and

GT ′

IHC
. We evaluate the results at each step to determine if

elastic registration makes a significant difference in the reg-

istration accuracy after the initial affine transformation. We

also compare cross-correlation (CC) and mutual-information

(MI) as similarity measures.

2.1. Implementation details

Segmentation: For our purposes, we use the segmentation

routine proposed by [5]. In the paper, the authors worked

exclusively with PAS stained WSIs and focused on the seg-

mentation of glomeruli as the ROIs in healthy kidney im-

ages. From among the several methods proposed and eval-

uated in [5], we chose Single Net 2 (SN2) considering the

state-of-the-art approach based on the U-Net [10]. We used

SN2 to extract the glomeruli on all the PAS stained images.

The time required to segment one WSI on an Intel Core i7-

7700K CPU at 4.20GHz is approximately 60 seconds.

Registration: Considering the typical challenges faced when

registering histological images, we follow a commonly uti-

lized multi-resolution and multi-step approach [11]. To avoid

any bias, we optimize the registration algorithm on a different

data set consisting of five pairs of WSIs (stained with PAS and

αSMA). We initiate the registration process with binary im-

ages containing vessel structures as performed in [12]. The

masks were extracted such that both delineate correspond-

ing vessels, overcoming the issue of different stains. For this

purpose, we matched the histogram of the PAS image to the

IHC image, followed by Otsu thresholding. Feature-based

affine registration first takes care of global deformations on

16× downscaled images. The method relies on the SURF ap-

proach to find corresponding features and RANSAC to filter

out mismatches. To obtain cellular level alignment, elastic

registration with cubic B-Spline based transformation is ap-

plied in the next step [11]. Here we register once with MI



(a) GTPAS (b) SEGPAS (c) GTIHC (d) SEGIHC

Fig. 2. Similar sections extracted from the images used in evaluations (a,b,c) showing annotated glomeruli (red). Differences

in manual annotation (a,c) and automatic segmentation (b) can be noticed. An example of automatic segmentation on an IHC

image is shown in sub-figure (d) for visual comparison with manual annotations (c).

and once with CC as the similarity measure. The following

parameters were optimized: We evaluated the mesh sizes be-

tween 8 and 16 pixels, in steps of 1. The optimum value for

our images was 12 pixels. The registration is carried out se-

quentially at several hierarchical levels [13, 14]. We evaluated

a number of levels between 1 to 7 and observed 3 to be the

best setting. The number of iterations was evaluated between

30 and 100 (steps of 10) and was finally set to 40 as registra-

tion performance did not increase even further. With the same

CPU configuration, it takes 70 seconds for registration.

3. RESULTS & DISCUSSION

For the experiments (E1, E2, E3), we utilize the DSC to re-

port the performances. In all the cases, we report the overall

DSC of each WSI and the DSCs of the individual glomeruli as

well. Some examples DSCs for individual objects are shown

in Fig. 3. In addition, in E3 we also report the distances be-

(a) DSC=0.18 (b) DSC=0.49 (c) DSC=0.73 (d) DSC=0.94

Fig. 3. Example DSCs for individual glomeruli.

tween the centroids of the corresponding glomeruli.

Fig. 4 shows the DSCs for E2 (GTPAS and SEGPAS)

under two conditions. In the first scenario (S1), we calcu-

late the DSCs considering all the glomeruli annotated manu-

ally or detected by the segmentation algorithm on the given

PAS image. However, in the second scenario (S2), we con-

sider only those glomeruli which are marked in both images.

For example, if a particular glomerulus is annotated manu-

ally but not detected by automatic segmentation, we do not

take this glomerulus into consideration when calculating the

DSC of the WSI pairs. This is because small objects are often

not detected even manually which could strongly influence

the final segmentation metric [5]. The overall DSC for each

Fig. 4. Automatic segmentation on PAS images (E2).

WSI increases in S2 compared to S1, as expected. Due to

the glomeruli that were missed in either of the two segmenta-

tions, the DSC values for many observations are zero in S1,

resulting in poorer median values. However a statistical test

(Wilcoxon rank sum test, α = 0.01) does not reveal signifi-

cant difference between S1 and S2. The p-values for I1, I2,

I3, I4 and I5 are 0.4, 0.04, 1, 0.7, and 0.3, respectively. Con-

sequently, we focus only on glomeruli detected automatically

as well as annotated manually (as already explained) in the

further experiments.

In Fig. 5(a), we see the DSCs and in Fig. 5(b), the centroid

distances obtained in E3. The overall DSCs for the WSIs with

affine (initial) registration are lower than those after elastic

(final) registration, with MI having higher values than CC

for all image pairs except I6-I7. The DSCs for individual

glomeruli reflect this increment with higher median values.

MI further shows an additional increase in individual DSCs as

observed by the decrease in the interquartile range, with only

a few outliers showing low DSCs. A similar trend is observed

by a dip in the distances between the centroids of correspond-

ing glomeruli with MI-based elastic registration Fig. 5(b).

However the CC-based method shows higher distances as

compared to MI-based method and affine registration, for



(a) DSCs

(b) Distance between centroids

Fig. 5. Evaluation of registration error between consecutive

slides (E3).

most cases.

Clearly, MI performs better than CC here with higher DSCs

and lower centroid distances. This was expected because

MI handles multi-modal data well. For all further discus-

sions and investigations, we only consider MI-based elastic

registration. Considering the size of a glomerulus in a WSI

(approximately 300 pixels in diameter), distances of about

50 pixels between the centroids of corresponding glomeruli

promise a good possibility of satisfactory segmentation on

registered images. Nevertheless, the outliers are an indica-

tion that the process may not lead to a uniform registration

throughout the WSIs. It can hence be understood that elastic

registration is a necessary step for the following segmentation

procedure as it results in a significantly better alignment of the

WSIs(Wilcoxon signed rank test with p ≤ 0.001). Hence, in

the final experiment, E1, we consider only the outcome after

elastic registration.

In Fig. 6, we see the collective results for E1, E2, and E3.

For the main experiment E1, we obtained a mean DSC of 0.81

on nine WSIs. Based on these values, we can comment that

the proposed approach provides good results. The DSC ob-

Fig. 6. Overall evaluation of the proposed approach.

tained from E2 and E3 provide an upper bound and exhibit

the loss of accuracy due to automatic segmentation (mean

DSC=0.89) and registration (mean DSC=0.82) respectively.

In Fig. 6, it can immediately be noticed that in cases where

the registration did not perform very well, we have poor re-

sults considering the final (IHC) segmentation performance.

Therefore, we can state that the limitation is given by inaccu-

rate registration, which is caused by changes in the structure

of the images as well as by strong deformations of the tissue.

These changes are inevitable because the tissue changes even

between extremely thin slices. This can be a problem during

registration and can also change the outline of the ROIs.

4. CONCLUSION

In this paper, we proposed and evaluated a framework to per-

form a stain-independent segmentation on histological images

by integrating two procedures used extensively in histologi-

cal image processing. We successfully adapted a segmenta-

tion algorithm that was developed for a particular stain to suit

other stains as well. We achieved DSC values of 0.81 in this

endeavor which involved evaluating the efficacy of the solu-

tion on two stain combinations and an evaluation of segmenta-

tion and registration error. Although we identified inevitable

problems of this approach due to the underlying characteris-

tics of the data, the obtained performance (DSC=0.81) can be

assessed as good. We identified the registration process as the

limiting factor.It can be stated that the proposed idea can be

extended to any stain or even to other histological segmen-

tation applications as well. We can hence confidently con-

clude that the method is a straight-forward and simple means

of solving an important problem in the field of histological

image processing. In order to address the inaccuracies due to

registration, in future we will consider image-to-image trans-

lation to virtually convert the stains. This would require us

to train the network on a particular stain and segment other

stains which have been translated to the one the network had

been developed for.
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