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A B S T R A C T   

Reliable counting of glomeruli and evaluation of glomerulosclerosis in renal specimens are essential steps to 
assess morphological changes in kidney and identify individuals requiring treatment. Because microscopic 
identification of sclerosed glomeruli performed under the microscope is labor intensive, we developed a deep 
learning (DL) approach to identify and classify glomeruli as normal or sclerosed in digital whole slide images 
(WSIs). The segmentation and classification of glomeruli was performed by the U-Net model. Subsequently, 
glomerular classifications were refined based on glomerular histomorphometry. 

The U-Net model was trained using patches from Periodic Acid-Schiff (PAS) stained WSIs (n=31) from the 
AIDPATH - a multi-center dataset, and then tested on an independent set of WSIs (n=20) including PAS (n=6), 
and hematoxylin and eosin (H&E) stained WSIs (n=14) from four other institutions. The training and test WSIs 
were obtained from formalin fixed and paraffin embedded blocks with of human kidney specimens each pre-
senting various proportions of normal and sclerosed glomeruli. 

In the PAS stained WSIs, normal and sclerosed glomeruli were respectively classified with the F1-score of 
97.5% and 68.8%. In the H&E stained WSIs, the F1-scores of 90.8% and 78.1% were achieved. Regardless the 
tissue staining, the glomeruli in the test WSIs were classified with the F1-score of 94.5% (n=923, normal) and 
76.8% for (n=261, sclerosed). These results demonstrate for the first time that a framework based on the U-Net 
model trained with glomerular patches from PAS stained WSIs can reliably segment and classify normal and 
sclerosed glomeruli in PAS and also H&E stained WSIs. Our approach yielded higher accuracy of glomerular 
classifications than some of the recently published methods. Additionally, our test set of images with ground 
truth is publicly available.   

1. Introduction 

Digital pathology has advanced with the advent of deep learning 
(DL). The main goal for implementing DL through digital pathology is to 
automate, objectify, speed-up and in improve accuracy of diagnostic 
tasks performed routinely by pathologists still using the light micro-
scope. Implementation of DL techniques in digital pathology is often 
based on convolutional neural networks (CNNs) that can recognize and 
classify regions of interest such as tumors or single cells (Janowczyk and 

Madabhushi, 2016). Since then, numerous advanced applications have 
been developed. For example, Madabhushi and Lee (2016) demon-
strated how machine learning methods can be applied to support routine 
diagnostic tasks in pathology. CNNs can also learn and extract visual and 
sub-visual features and thus help explain biological underpinnings of 
processes in cells and tissues (Angermueller et al., 2016). 

Deep leaning has revolutionized digital pathology (Litjens et al., 
2017) in that the results of histologic slide evaluations by DL pipelines 
became comparable to those by humans. DL has been shown to improve 
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the detection and counting of mitotic figures in breast cancer, grading of 
prostate cancer (Tellez et al., 2018; Bulten et al., 2020), identification of 
lymph node metastases and many other tasks routinely performed by 
pathologists (Swiderska-Chadaj et al., 2019b; Bejnordi et al., 2017). 
Among numerous variants of machine learning methods proposed to 
support digital pathology, the applications basing on CNNs are most 
common as highlighted in recent works and reviews (Madabhushi and 
Lee, 2016; Litjens et al., 2017; Janowczyk and Madabhushi, 2016). 

U-Net introduced by Ronneberger et al. in Ronneberger et al. (2015) 
is one of such universal CNN models that was proven useful in many 
tissue image segmentation and classification tasks. Examples include 
detection of lymphocytes (Swiderska-Chadaj et al., 2019b), segmenta-
tion and counting of cells, analysis of tissue morphometry (Falk et al., 
2019), as well as semantic segmentation and grading of prostate cancer 
(Li et al., 2018; Ing et al., 2018). 

In our study, we focus on segmentation and classification of sclerosed 
and normal (non-sclerosed) glomeruli in digitized histologic kidney 
specimens with the objective to support renal pathologists in the 
quantification of glomerular sclerosis (glomerulosclerosis) - a laborious 
and time consuming task in nephropatholgy. Mature glomeruli are 
complex histologic structures. They comprise four cell types and contain 
networks of capillaries surrounded by glomerular capsule that filter 
blood and form urine during blood circulation. Glomerulosclerosis is a 
histologic lesion that results in scarring and hardening of the glomeruli, 
and is common in many systemic diseases including diabetes, hyper-
tension, hemolytic uremic syndrome or systemic lupus erythematosus 
and compromises the blood filtering capability of the kidney. 

Histologic assessment of glomerulosclerosis requires a careful in-
spection of each glomerulus under the microscope. Because only a 
fraction of all glomeruli may be affected, the pathologist measures the 
percentage of sclerosed glomeruli with respect to the total glomeruli 
present in the specimen. It has been reported that histologic assessments 
depend not only on the number of normal and damaged glomeruli, but 
also on glomerular size and shape (Bertram, 2013). These assessments 
are frequently performed in renal biopsies after kidney transplants and 
the percentage of glomeruli damaged by glomerulosclerosis is one of the 
markers of chronic kidney disease in adult and pediatric patients. Thus, 
the detection and classification of the glomeruli into sclerosed or normal 
is central to many tasks in nephropathology. 

For comprehensive evaluation of kidney specimens, four types of 
staining are commonly used on multiple slides: hematoxylin and eosin 
(H&E), Periodic Acid-Schiff (PAS), Jones’ silver (Jones), and Masson’s 
trichrome (MTC). However, in the next two situations, only H&E stained 
slides are available because of logistical and time constraints: intra-
operative donor kidney evaluation and STAT (urgent/rush) case evalu-
ation. For the donor kidney evaluation, only H&E stained sections 
obtained from frozen samples are available. During the evaluation, the 
number of healthy and potentially pathologic glomeruli is assessed. This 
evaluation is usually performed by a surgical pathologist who may not 
always be the renal pathology specialist. For the STAT cases, there is a 
significant lag time between the availability of the H&E and the other 
stains. H&E stained slides are usually available with 5–6 hrs after 
receiving the wet specimen, the other stains are available much later - 
usually the next day. This significant lag time between the delivery of 
the H&E and other special stainings, particularly in rush cases may 
compromise treatment of the patient who is often in critical condition. In 
this scenario, a tool capable of helping the pathologist to first assess the 
condition of the kidney using the H&E sections, and later using the PAS 
staining would improve the workflow. 

1.1. Related work 

Various techniques, each with its own advantages and limitations, 
have been developed to facilitate visual identification, classification and 
counting of different types of glomeruli in digital images. Hirohashi 
et al. (2014) used rectangular histogram of oriented gradients (R-HOG) 

as a feature vector characterizing glomerular architecture with the goal 
to classify glomeruli. The main problem of this technique was the rigid 
block division of R-HOG that resulted in a significant number of false 
positives. This drawback was later addressed in the approach by Kato 
et al. (2015) who introduced the segmental HOG (S-HOG) with 
non-rigid block division as a feature vector for glomerular architecture 
characterization. In both works, the authors used histologic slides of rat 
kidneys stained with 3, 3-diaminobenzidine (DAB) - a brown tissue 
marker. Marée et al. (2016) proposed an approach to detect glomeruli in 
MTC stained human renal biopsies based on glomerular shape. In this 
approach, an ellipse was first fitted to encircle a candidate glomerulus 
region. The candidate region was then classified as glomerulus or 
non-glomerulus by a support vector machine (SVM) classifier using 
features extracted from the region. Temerinac-Ott et al. (2017) 
compared the detection of glomeruli using HOG features to a CNN-based 
classification in WSIs of kidney biopsies stained with multiple markers. 
They demonstrated that in H&E slides, the detection of glomeruli based 
on HOG features is 10% to 20% less accurate than the CNN-based 
detection. This conclusion was also true for classifications performed 
in Sirus Red, PAS, and Jones’ stained slides. 

Gallego et al. (2018) proposed a robust CNN-based method for 
glomeruli detection in PAS stained slides. The CNN classified image 
patches by sliding a window fitting a patch over the WSI one pixel and a 
time and outputting a probability score for the central pixel in the patch. 
The probability scores were then thresholded to obtain a mask of 
glomeruli in the slide. When evaluated on a separate set of slides, this 
approach yielded F1-score of 93.7% indicating a high performance of 
separating glomeruli from the surrounding background tissues. To 
accomplish the same task, Gadermayr et al. (2017) proposed a cascade 
of CNNs. The first CNN was used to detect glomerular regions of interest. 
In the second step, a U-Net model was applied to segment out and 
classify glomeruli in the regions identified in the previous step. To 
automatically evaluate glomeruli in rat kidney sections stained with 
MTC, Bukowy et al. presented a technique based on two serially ar-
ranged classification CNNs (Bukowy et al., 2018). In the first stage a 
region-based convolutional neural network was used to nominate 
glomerular candidates. A CNN applied in the second stage classified the 
candidates as glomerulus or non-glomerulus. When tested on MTC 
stained human kidney samples, this method of glomerular detection 
yielded the precision and recall of 80.2% and 81.67%, respectively. 

Barros et al. (2017) presented Patho-Spotter-K - one of the first sys-
tems designed to assist pathologists in detecting kidney lesions in digital 
slides. Although their system did not involve CNNs, it could detect 
proliferative glomerular lesions with an accuracy of 88.3% (Barros et al., 
2017). A more advanced technique was proposed by Marsh et al. (2018), 
who developed a deep learning system based on a pre-trained VGG16 
CNN model to detect and segment sclerosed and normal glomeruli in 
WSIs stained with H&E. This method achieved the F1-score of 84.75% 
and 64.92% for normal and sclerosed glomeruli, respectively. More 
recently, Hermsen et al. presented a semantic segmentation based on a 
U-Net ensemble to identify eleven architectural tissue components 
including sclerosed and normal glomeruli in PAS-stained human kidney 
biopsies (Hermsen et al., 2019). Their method detected healthy 
glomeruli and sclerosed glomeruli with the Dice coefficient of 0.93 and 
0.63, respectively. Using a cascade of two CNNs (SegNet-VGG19 +
AlexNet), Bueno et al. (2020a) proposed another two-step CNN-based 
approach for recognition and classification of glomeruli. The first CNN 
was applied to semantically segment out glomeruli from other tissues 
(two-class segmentation). The second CNN classified box-bounded 
glomeruli from the previous step into sclerosed and normal. In this 
application, AlexNet previously trained on other images was fit (fine--
tuned) for glomerular classification. When evaluated on image patches, 
this two-step framework achieved 98.16% accuracy in classifying 
normal and sclerosed glomeruli. 

Except the approach by Hermsen et al. and Bueno et al., all other 
methods were developed and tested using WSIs collected from one 
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medical center. In the context of developing machine learning ap-
proaches for digital pathology, data from a single medical center is 
typically presented to a learning algorithm; part of the available data is 
put aside for testing, and an independent subset of the data is used for 
training. The testing data are used to estimate the generalization capa-
bilities of the learning algorithm to simulate conditions in the final 
operational environment. However, when examining generalization of a 
model in a broader context, achieving good performance on the test set 
that comes from the same institution where the training set was 
collected, does not guarantee the capacity of the model to fully gener-
alize on data collected at another institution. This is due to the specifics 
of the respective dataset generation procedures in histology labs that 
include but are not limited to tissue handling, embedding, slide prepa-
ration and staining protocols. In fact, lack of reproducible staining is a 
frequently encountered problem in histology laboratories. Substantial 
variability in stain color has been experienced in controlled environ-
ments where preanalytical factors (cutting and fixation) have been 
optimized for reproducible staining on consecutive days or consecutive 
slides. Consequently, a machine learning model that was only presented 
with examples collected at one site may perform poorly on data from 
another site. 

Here we propose a U-Net - based framework (Fig. 1) to segment and 
classify glomeruli into normal and sclerosed classes in whole slide im-
ages of human kidney specimens. We use two independent multicenter 
sets of digital slides: one to train and another to test the performance of 
our approach. In contrast to previously published solutions in which 
methods were evaluated using patches containing single glomeruli, in 
our study, evaluation is performed in pathologist annotated large re-
gions of interests (ROIs) picked randomly from digital slides. The digital 
slides in our test set were prepared at four different medical centers, 
each using its own tissue staining protocol. Our CNN model was trained 
using PAS stained slides and evaluated using PAS and H&E stained 
slides. Table 1 characterizes datasets used in the development of ours 
and the above-mentioned reference methods. In this study, we show that 
classification performance of our framework that relies on a single CNN, 
is up to par or outperforms other approaches that are more complex. 
High performance of our framework strongly demonstrates the suit-
ability of U-Net for detecting and classifying glomeruli into sclerosed 
and normal in human renal specimens stained with two distinct histo-
logic stains. 

2. Materials and methods 

2.1. Materials 

For this study, we assembled a repository of 51 digital slides that 
includes 31 WSIs from AIDPATH (DATASET_A_DIB) (Bueno et al., 
2020b) - a publicly available warehouse of PAS stained digitized human 
kidney biopsies contributed by several medical centers in Europe 
(AIDPATH, 2020; Bueno et al., 2020b), and 20 WSIs representing 
various human kidney pathologies acquired from four medical centers 
that did not contribute to AIDPATH. In the set of 20 WSIs there are: (a) 4 
H&E stained slides from the Military Institute of Medicine in Warsaw in 
Poland (MC1), (b) 6 PAS stained slides from Hospital Universitario Vall 
d’Hebron, Barcelona in Spain (MC2), (c) 5 H&E stained slides from 

Cedars-Sinai Medical Center in Los Angeles in the USA (MC3), and (d) 5 
H&E stained slides from the publicly available TCGA repository (MC4) 
(Weinstein et al., 2013). Each subset of WSIs was generated at the 
respective site’s histology labs and digitized using their own instru-
mentation. All slides were prepared from formalin-fixed paraffi-
n-embedded (FFPE) sections with 4 μm of thickness. 

At MC1, the slides were digitized using Pannoramic 250 Flash II 
(3DHISTECH, Budapest, Hungary) whole slide scanner with 20×
magnification objective set for scanning. The slides from MC2 were 
scanned with Hamamatsu NanoZoomer S60 Digital slide scanner with 
20× , and the slides from MC3 and MC4 were digitized using Aperio AT 
Turbo (Leica Biosystems, Vista, CA) with magnification power set at 
either 20× or 40× depending on the slide. Technical properties of WSIs 
and scanning instrumentation are summarized in Fig. 2 and Table 1. The 
tissue area in our WSIs ranged between 8 mm2 (biopsies, 20k× 10k 
pixels, 2 GB of storage space) to 60 mm2 (nephrectomy specimens with 
the largest WSI of 85k× 200k pixels requiring 4.5 GB of storage space). 

Besides the WSIs, the AIDPATH repository provides 1,245 glomer-
ular patches (942 normal and 303 sclerosed) with one glomerulus per 
patch located in the center of each patch (DATASET_B_DIB) (Bueno 
et al., 2020b) (see Table 1 and Table 2). However, delineations of 
glomerular boundaries are not included in this set of patches. Therefore, 
for the purpose of this study, glomeruli in the AIDPATH patches were 
delineated under the supervision of our pathologists, to generate 
glomerular masks; with glomeruli in the foreground and remaining 

Fig. 1. Graphical overview of the proposed method to segment and classify glomeruli in whole slide images (WSI) of renal human tissues.  

Table 1 
Number of slides, slide staining and scanning techniques, and number of 
glomeruli used in the reference studies and in our study. AX - Aperio ScanScope 
XT, HN - Hamamatsu NanoZoomer, AC - Aperio ScanScope CS, AT - Aperio 
ScanScope Turbo, NI - Nikon E600, PA - 3D Histech Pannoramic 250 Flash II, * - 
number of images (not WSIs) captured by a digital camera attached to a 
microscope.  

Author WSIs Stain Scanner #Glomeruli in the 
study 

Hirohashi et al. 
(2014) 

20 DAB AX 1,948 

Kato et al. (2015) 20 DAB AX 1,948 
Marée et al. (2016) 200 MTC HN, 20× 5,780 
Temerinac-Ott et al. 

(2017) 
20 Jones, 

H&E 
AT, 20× 1,088 

Gallego et al. (2018) 108 PAS AX, 20× 4,300 
Bukowy et al. (2018) 87 MTC NI, HN, 20× 28,987 

Barros et al. (2017) 811* PAS, 
H&E 

NI 
811 
(300 norm. 511 
scler.) 

Marsh et al. (2018) 48 H&E AC, 20×

3,867 
(2,997 norm. 870 
scler.) 

Bueno et al. (2020a) 47 PAS AC, 20×

1,245 
(942 norm. 303 
scler.) 

Proposed 51 PAS, 
H&E 

AC, AT, PA, 
HN 2,429 

20× or 40× (1,865 norm. 564 
scler.)  
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tubulointerstitial renal tissues in the background. After the delineations 
were complete, we evaluated the proportion of foreground to back-
ground pixels in the masks. Since the number of foreground pixels was 
much higher than the number of background pixels, a set of 564 random 
image patches representing various non-glomerular renal tissues was 
identified by the pathologist in the AIDPATH WSIs to balance the 
number of pixels. Next, the patches with glomeruli, glomerular masks, 
and patches representing non-glomerular tissue were resized to patches 
with 256× 256 pixels to match the resolution of images the WSIs at the 
5× magnification. 

Subsequently, in the 20 WSIs from the multicenter repository, our 
collaborating pathologist first identified 78 ROIs and then delineated 
1,184 glomeruli within the ROIs: 261 sclerosed and 923 normal. Co-
ordinates of the ROIs’s were saved to mark areas in the WSIs for which 
the pathologist delineations of glomeruli were available as ground truth. 

The patches extracted from the AIDPATH repository were used for 
method development. The WSIs, ROIs and delineated glomeruli from the 
multicenter repository were left for testing. The number of WSIs and 
glomerular and non-glomerular patches from both repositories are 
juxtaposed in Table 2. 

By measuring glomeruli in the patches from the AIDPATH repository, 
the smallest (100 μm) and the largest (350 μm) glomeruli were deter-
mined. These values corresponded closely to those published in (Samuel 
et al., 2007) and we used them to establish non-learnable characteristics 
of glomerular morphometry that we applied in our methods (Fig. 1). 
Example glomeruli from the AIDPATH repository with delineations 

Fig. 2. Repositories used in the study.  

Table 2 
WSI repositories characteristic. The proposed method was trained using image 
patches WSIs from AIDPATH, and tested using WSIs with annotated glomeruli 
from MC1, MC2, MC3 and MC4 medical centers.  

Staining Site WSIs Sclerosed Normal Other 
tissue 

All 

PAS 

AIDPATH 31 303 942 564 1809 
MC2 - Vall 
d’Hebron 

6 38 504 - 542 University 
Hospital, 
Spain  

HE 

MC1 - Military 
Institute 

4 38 128 - 166 
of Medicine, 
Poland 
MC3 - Cedars- 
Sinai 5 174 200 - 374 
Medical 
Center, USA 
MC4 - TCGA, 

5 11 91 - 102 Public 
repository  

Total - 51 564 1,865 564 2429  

Fig. 3. Examples of PAS-stained patches with normal glomeruli (A), sclerosed glomeruli (B), and other kidney tissues (C) from the AIDPATH repository. The 
glomeruli were delineated to provide pixel-level labeling for U-Net training. 
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contributed by our group are shown in Fig. 3. 

2.2. Methods 

For methods development, we chose the U-Net CNN model (Ronne-
berger et al., 2015) for its good performance previously demonstrated in 
tissue image classification tasks (Swiderska-Chadaj et al., 2018; Falk 
et al., 2019; Li et al., 2018; Ing et al., 2018). Like many other semantic 
CNNs, it outputs a probability score and a class label for every image 
pixel of an image patch presented at its input. We modified the basic 
U-Net model (Ronneberger et al., 2015) by extending the model depth 
from three to five levels and adding dropout factor equal to 0.25. The 
dropout layer was added after each convolution block (each convolution 
block consists of two convolution operations one after another) in both 
contracting and expansive paths. The dropout was used to reduce the 
risk of overfitting and increase generalization potential of the U-Net 
model. 

Training of a semantic CNN requires paired and equisized image 
patches and masks. Pixel values in the mask indicate class labels to 
which pixels with identical coordinates in the image patch belong. 
During training, the image patches were presented on input and the 
masks on output. In this study, we trained our U-Net using 256× 256 
pixel patches predominantly containing one normal or one sclerosed 
patch-centered glomerulus, and patches without glomeruli. Occasional 
patches with whole as well as fragmented/cut-through glomeruli were 
also included. Thus, the pixels in the masks were labeled as: (a) sclerosed 
glomeruli, (b) normal glomeruli, and (c) other kidney structures 
(tubulointerstitium) and background. Fig. 3 shows example image 
patches used in the model training. 

To improve the U-Net’s generalization and robustness with regard to 
differences in stain coloration and tissue morphology across WSIs, we 
adapted a data augmentation technique that called several random 
orientation perturbations (rotation and diagonal flip) (Gallego et al., 
2018; Tellez et al., 2019) followed by random stain color and contrast 
perturbations, thus producing 20–36 new patches after each run. The 
rotation by either 0◦, 90◦, 180◦, and 270◦ and vertical flip of each patch 
was followed by the stain color modification (also known as color 
transfer) by the Reinhard’s method (Reinhard et al., 2001). Stain color 
patterns for the Reinhard’s method where drawn from ten slides 
downloaded from the AIDPATH repository. 

In the set of 1,245 glomerular patches AIDPATH (DATASET_A_DIB) 
(Bueno et al., 2020b) the ratio of normal to sclerosed glomerular patches 
was imbalanced due to the higher number of normal glomeruli. To 
reduce this imbalance, the patches with sclerosed glomeruli were 
additionally augmented two more times. This data augmentation strat-
egy yielded a set of 1,126,733 image patches for training and validation; 
80% of these patches were used as the training set, whereas the 
remaining 20% was used in the validation set. 

Our U-Net was trained for 10 epochs and the segmentation perfor-
mance monitored after each epoch by the Dice coefficient on the vali-
dation set. The learning rate, dropout rate and batch size for the 
stochastic gradient descent optimizer were set to 0.01, 0.25, and 3, 
respectively. The training was carried out with a batch of 3 images per 
iteration. Since the training set of images was large, each epoch con-
sisted of 300,462 iterations. This large number of iterations led to good 
model convergence already after the first epoch (Dice coefficient 
monitored on the validation set was equal to 0.8924). Since there was no 
significant change in the Dice coefficient of the model trained up to the 
9th versus up to the 10th epoch, the training automatically stopped, and 
the Dice coefficient was 0.9892. 

The model with the highest Dice coefficient was employed in our 
framework (Fig. 1). To reduce the overall analysis time, the test WSIs 
were analyzed at 5× magnification and in areas where there was enough 
tissue. A tissue masking algorithm was applied (Ing et al., 2018) to a 
gray level WSI image at very low magnification (2× ) to isolate the 
tissue from white optical background. Subsequently, the receptive field 

of the trained U-Net model was slid over the tissue image under the 
mask, with the sliding interval equal to 50% of the receptive field size 
(256 pixels). This approach caused some overlap between masks 
outputted by the U-Net. To determine the class label for pixels in the 
overlapping areas in the outputted masks, the class majority voting was 
applied (Yang, 2017). After the sliding concluded, the masks outputted 
by U-Net were stitched and detected candidate glomerular objects were 
evaluated for size (post-processing) in the stitched image. 

2.2.1. Post-processing 
In the last step (Fig. 1), candidate objects representing sclerosed and 

normal glomeruli under the tissue mask, were filtered by area. Objects 
with the area satisfying the following criterion: 1,400 pixels < object 
area < 22,500 pixels were retained. Objects that did not meet this cri-
terion were considered artifacts and removed (their class labels were 
converted to the class representing other kidney structures and back-
ground). The cutoff area values in the above criterion were obtained 
from the smallest and the largest glomerular sizes established based on 
the training patches from the AIDPATH repository. 

2.3. Workflow performance evaluation 

Our workflow produced a colored map of classified glomeruli 
comprising the WSI. This map was overlaid onto the WSI to facilitate 
evaluation of the glomerular classification, glomerular counting and 
guide pathologists in screening to quickly identify regions with sclerosed 
and normal glomeruli in the WSI. The performance of our workflow was 
assessed in three ways: (a) in each subset of test WSIs from the multi-
center repository, (b) separately for H&E stained WSIs, and separately 
for PAS stained WSIs regardless the site, and (c) for all WSIs in the 
multicenter repository regardless the staining. The performance was 
assessed by precision, recall and F1-score metrics. The metrics were 
calculated in the object-wise (glomeruli) manner using ground truth 
(GT) pathologist annotations available for regions of interest (ROI). 
Using the GT, the TP (correct), FN (misses), FP (false positive) detections 
were counted. We used the F1-score to compare classification accuracy 
between different approaches. For the two-class classification ap-
proaches, the F1-score was calculated based on the standard formula 
from Powers (2015). For the three-class classifications approaches 
including the proposed method and the methods from Bueno et al. 
(2020a) and Marsh et al. (2018), the macro-averaging of single-class 
F1-scores was used. 

3. Results 

Our WSI analysis workflow produced a mask of glomeruli with 
normal and sclerosed glomeruli overlaid onto the WSI with transparency 
and color-labels to visualize the different classes of glomeruli and 
facilitate counting. With these masks, we have performed a qualitative 
and quantitative evaluation of the proposed method in WSIs stained 
with PAS and H&E from the multicenter dataset (Table 1). 

Results of glomerular segmentation and classification in PAS and 
H&E stained slides are presented in Fig. 4 and Fig. 5. Although the tissue 
staining colors varied significantly between the test slides, the glomeruli 
were correctly delineated and classified either as normal or sclerosed. 
Classification metrics for each stain type and for each subset of test slides 
are shown in Table 3. In the normal glomeruli, the F1-score = 94.5%, 
and in the sclerosed glomeruli the F1-score = 76.8% when classifications 
of all glomeruli from the multicenter repository were evaluated 
regardless the staining. Overall, classification accuracy of glomeruli in 
the PAS stained slides was higher (F1-score = 95.8%) than the classifi-
cation accuracy of glomeruli in slides stained with H&E (F1-score =
86.6%). This was likely due to the larger proportion of the sclerosed 
glomeruli in the H&E stained slides (34.7%) when compared to the PAS 
stained slides (7%), and very low classification accuracy of 38 sclerosed 
glomeruli (F1-score = 14.0%) in H&E slides from the MC1 site. 
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Examples of FN (missed or incompletely segmented glomeruli), FP 
(other renal tissue identified as a glomerulus), and misclassifications of 
sclerosed and normal glomeruli caused by the mixture of two class labels 
within a single glomerular region are respectively illustrated in Fig. 6. 
The overall number of ambiguous glomeruli that were incorrectly clas-
sified comprised 6.5% of all normal and 5.17% of all sclerosed 
glomeruli, respectively. Our evaluations were performed in the 78 ROIs 
marked in the 20 WSIs from multicenter cohort of slides by our 
pathologist. 

4. Discussion 

4.1. Model and framework evaluation 

In contrast to recent reports that address the development of accu-
rate CNN models to only identify and count glomeruli in digital slides 
stained with either PAS or H&E Bukowy et al. (2018), Temerinac-Ott 
et al. (2017), Gallego et al. (2018), Marsh et al. (2018), Bueno et al. 
(2020a), we focused on applying and testing the workflow that can 
screen digitized tissue sections and can: reliably delineate glomeruli, 

and identify sclerosed and normal glomeruli in both PAS and H&E 
stained sections. While the majority of recent publications includes the 
evaluation of two-class renal tissue classification approaches (glomer-
ulus vs. other renal tissue components), our workflow was developed to 
simultaneously tackle the separation of glomeruli from the background 
tissue and glomerular classification - a three-class tissue segmentation 
and classification task. F1-scores demonstrating the performance of 
recent two-class and three-class classification approaches are juxtaposed 
with the F1-scores by our method in Table 4. 

We primarily sought to compare our method to the approaches by 
Marsh et al. (2018) and Bueno et al. (2020a) because they also utilized 
semantic CNNs for the three-class renal tissue classification tasks. In the 
approach by Marsh et al, the VGG-16 CNN was applied to H&E stained 
slides generated from frozen tissue, whereas Bueno et al. applied 
SegNet-VGG19 model to PAS stained slides obtained from FFPE tissues. 
These two CNNs yielded the F1-score of 84.7% and 81.9%, respectively. 
However, our workflow based on the U-Net model yielded the F1-score 
of 95.8% for PAS and 86.6% for H&E stained specimens, thus achieving 
more accurate classification results. 

The F1-score achieved by the U-Net model on the PAS slides (95.8%) 
is also higher than the F1-scores yielded by two-class classification 
methods classifying DAB, MTC, PAS or Jones’ stained slides respectively 
described in Hirohashi et al. (2014), Kato et al. (2015), Marée et al. 
(2016), Gallego et al. (2018), Temerinac-Ott et al. (2017) (Table 4), and 
closely matches the F1-sore of 96.9% by the approach utilizing a more 
complex DL model applied to MTC stained slides from Bukowy et al. 
(2018). 

Collectively, our proposed workflow achieved excellent classifica-
tion performance in the PAS stained slides and thus is on a par with or 
exceeds the accuracy of other PAS-based approaches (Table 3, Table 4). 
The performance of our approach in the H&E (n=14) stained slides was 
slightly inferior to that in the PAS stained slides (n=6). We anticipate 
that this decrease of classification accuracy is caused by lack of H&E 
stained patches in the training set. On the other hand, extensive data 
augmentation that we applied to the training set of patches allowed our 
approach to achieve overall very high accuracy of glomerular classifi-
cation in the combined set of PAS and H&E stained slides. This obser-
vation suggests that glomerular detection and classification by a U-Net 
model trained only on PAS - stained images is well generalized onto H&E 
stained slides for which our model was not specifically trained. 

In our study, the classification accuracy of sclerosed glomeruli was 
inferior to the classification of normal glomeruli. Results in Table 4 
suggest that this is mainly due to the inferior sensitivity (recall) of the U- 
Net model which recognized some of the sclerosed glomeruli as normal. 
In fact, in H&E and PAS stained slides there were 32% and 42% (33% on 
average) sclerosed glomeruli classified as normal. As previously 
observed in Gallego et al. (2018), Bueno et al. (2020a), Marsh et al. 
(2018), sclerosed glomeruli are more difficult to identify and can be 
sometimes confused with other structures such as bundles of blood 
vessels, interstitium and renal medullar regions by many models re-
ported to date. Other false positive detections of glomeruli are shown in 
Fig. 6(D). In our experiments, only a small portion of the normal (6.5%) 
and sclerosed glomeruli (5.17%) resulted in partial segmentation 
(Fig. 6). Our test set of images with ground truth is publicly available 
(https://zenodo.org/record/4299694#.X8YsCs1KiUl). The trained 
model can be made available for interested researchers upon request. 

Discrepancies in classification accuracy between slides from 
different sites can be attributed to the tissue quality, variability in 
staining and scanning techniques inherent to each site that our 
augmentation technique could not effectively address. The differences in 
staining color and intensity are evident in the Fig. 5. While a dark 
staining can be simulated by re-coloring of the training patches through 
image augmentation, poor tissue fixation often leading to degradation of 
architecture seen in slides from MC4 and reported elsewhere Gertych 
et al. (2019) is much harder to simulate, thus leading to inferior clas-
sification results in these slides by the U-Net. 

Fig. 4. Example segmentation and classification results in PAS stained WSIs. 
The blue and pink colors respectively highlight normal and sclerosed glomeruli 
identified by our framework in two WSIs from the MC2 set. The WSI in (A) 
contains normal and sclerosed glomeruli. The WSI in (B) does not contain 
sclerosed glomeruli. The yellow squares correspond to the ROIs selected for the 
performance evaluation. 
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Testing a DL model with a diverse set of digital slides is crucial to 
properly assess the model’s ability to generalize segmentation and 
classification tasks on unseen data. This recommendation is often 
extended onto the inclusion of image data from different sites, and has 
been promoted through many digital pathology image analysis chal-
lenges (Aresta et al., 2019; Bandi et al., 2019). In this study, we address 
this recommendation by training the model on WSIs from the AIDPATH 

database and testing on WSIs from four different sites uninvolved in 
AIDPATH. As shown in our past publications (Swiderska-Chadaj et al., 
2019a; Gertych et al., 2019), WSIs from: MC1, MC3 and MC4 have 
different characteristics due to different staining protocols, different 
slide scanners, or both. Thus, by collecting this new set of 20 test WSIs 
for glomerular classification from multiple institutions is a step forward 
towards development of improved methods for glomerular 

Fig. 5. Example segmentation and classification results in H&E stained WSIs. The blue and pink colors respectively highlight normal and sclerosed glomeruli 
identified by our framework in: (A) a WSI from the MC1 and (B) a WSI from the MC3 set. The yellow squares correspond to the ROIs selected for the perfor-
mance evaluation. 
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segmentation and classification. In contrast, the studies by Marsh et al. 
(2018) and Bueno et al. (2020a), utilized training and test WSIs from a 
single database. 

The approach by Bueno et al. (2020a) comprised two models: 
SegNet-VGG16 to segment out glomerular regions from other tissues and 
AlexNet to classify segmented regions into normal or sclerosed 
glomeruli. Although this two-step approach yielded excellent glomer-
ular classifications, it required two separately labeled sets of data to 
train and validate both CNNs to be available. In our study, we imple-
mented one CNN that performs excellent segmentation and classifica-
tion of glomeruli in a single pass, thereby demonstrating that a 
single-CNN workflow can compete with more complex workflows. 

Another important difference between our study and the study by 
Marsh et al. (2018) and Bueno et al. (2020a) is the magnification of 
images that were used to train and test the models. In these two refer-
ence studies, images at 20× magnification (native resolution) were used. 
In our study, the U-Net model was trained and made inference on images 
at lower resolution (5× ). The choice of processing WSIs at lower res-
olution can be substantiated by recent reports (Ing et al., 2018; Mar-
chevsky et al., 2014), where, when compared with 20× images, the 
segmentation and classification of 5× images by several semantic CNNs 

including U-Net yielded higher values of F1-score. Although we did not 
train and test our U-Net model on higher resolution image patches, we 
anticipate that working with the 256× 256 pixel image patches 
extracted from WSIs at 5× magnification is sufficient for this model to 
learn the complexity of glomerular architecture and thus reliably clas-
sify normal and sclerotic glomeruli. This approach also reduces WSI 
processing time and computational costs. 

4.2. Concluding remarks 

According to the report by Jayapandian et al. (2020), for larger renal 
structures such as glomeruli, only 60 glomerular samples are necessary 
to achieve an F1-score of 0.89 (the performance to distinguish glomeruli 
from background tissue), with only 0.02 increase using additional 123 
glomeruli. Since, our glomeruli classification task is more complex (we 
aim to distinguish normal and sclerosed glomeruli form background and 
further distinguish sclerosed glomeruli from normal ones), our training 
set included 1,245 glomerular (303 sclerotic and 942 normal) patches. 
The study by Jayapandian et al. (2020) and earlier publications suggests 
that best performance of glomerular detection can be obtained by 
models trained on images from tissues stained with PAS (best) or H&E 
staining, opposite to models trained on tissues images stained with 
Jones’ silver (poorer performance). However, further studies are needed 
to determine whether a larger dataset of glomerular patches from PAS or 
H&E stained slides could improve the detection of sclerosed glomeruli. 

We believe that the performance achieved by the U-Net model is 
sufficient for medical renal pathology service in intraoperative diagnosis 
for transplant donor kidney. Our approach can support a surgical 
pathologist (who may not be a specialized renal pathologist) in donor 
kidney evaluation during transplant and evaluating only H&E stained 
slides. Another example is the STAT (rush) evaluation of kidney biopsy. 
In this situation, a nephrologist requests an urgent biopsy evaluation for 
a patient who is in critical condition. In a STAT case, there is only H&E 
stain available for renal pathologists because the H&E staining can be 
prepared quicker than other special stains such as PAS. Note that 
comprehensive evaluation of renal tissue still requires staining with all 
four stains: H&E, PAS, Jones’, and MTC on separate slides. In either case, 
the H&E staining alone is difficult for renal pathologists to evaluate. This 
task can be supported by our pipeline with the U-Net model which was 
trained on PAS stained images but can evaluate both PAS and H&E 
stained slides. 

Table 3 
Performance of glomerular classification by our framework in the test WSIs.   

Staining Type Number Recall Precision F1- 
score 

PAS MC2 normal 504 96.6% 98.4% 97.5% 
sclerosed 38 57.9% 84.6% 68.8% 

HE 

MC1 
normal 128 92.2% 96.7% 94.4% 
sclerosed 38 7.9% 60.0% 14.0% 

MC3 
normal 200 83.5% 95.4% 89.1% 
sclerosed 174 82.8% 92.3% 87.3% 

MC4 normal 91 81.3% 98.7% 89.2% 
sclerosed 11 45.5% 99.9% 62.5%  

HE Overall 

normal 419 85.7% 96.5% 90.8% 
sclerosed 223 68.2% 91.6% 78.1% 
both 
classes 642 79.6% 95.0% 86.6% 

PAS Overall 

normal 504 96.6% 98.4% 97.5% 
sclerosed 38 57.9% 84.6% 68.8% 
both 
classes 

542 93.9% 97.7% 95.8% 

PAS and 
HE 

Overall 

normal 923 91.7% 97.6% 94.5% 
sclerosed 261 66.7% 90.6% 76.8% 
both 
classes 1,184 86.1% 96.3% 90.9%  

Fig. 6. Examples of glomerular segmentation and classification errors: (A) incomplete segmentations, (B) misclassifications, (C) false negatives, and (D) false 
positives. For the errors in (A)-(C), the corresponding columns on the right (black background) show pathologist ground truth annotations. Normal glomeruli are 
highlighted by the blue and sclerosed glomeruli are highlighted by the pink color. 
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5. Conclusions 

Classification of normal and sclerosed glomeruli in histologic slides 
by deep learning is challenging and requires reliable tools. To further the 
development of such tools, we proposed a U-Net-based whole slide 
image analysis workflow. Its implementation led to improved classifi-
cation performance of normal and sclerosed glomeruli. If developed 
further, our workflow can become a platform helpful in counting normal 
and sclerosed glomeruli and thus potentially increase efficiency of 
microscopic examination of PAS and H&E - stained tissue sections in 
pathology departments. 
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(2014) 
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glom. 

DAB 82.1% 

Kato et al. (2015) S-HOG + SVM non-glom./ 
glom. 

DAB 86.6% 
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Class. 
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glom. 

MTC 87.0% 
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(2017) 

Mutual info. +
CNN 
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glom. 

Jones, 
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81.3% 

Gallego et al. (2018) AlexNet + pixel 
Class. 

non-glom./ 
glom. 

PAS 93.7% 
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glom. 
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