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Abstract: the evaluation of kidney biopsies performed by expert pathologists is a crucial process
for assessing if a kidney is eligible for transplantation. In this evaluation process, an important step
consists of the quantification of global glomerulosclerosis, which is the ratio between sclerotic
glomeruli and the overall number of glomeruli. Since there is a shortage of organs available
for transplantation, a quick and accurate assessment of global glomerulosclerosis is essential
for retaining the largest number of eligible kidneys. In the present paper, the authors introduce
a Computer-Aided Diagnosis (CAD) system to assess global glomerulosclerosis. The proposed
tool is based on Convolutional Neural Networks (CNNs). In particular, the authors considered
approaches based on Semantic Segmentation networks, such as SegNet and DeepLab v3+. The dataset
has been provided by the Department of Emergency and Organ Transplantations (DETO) of Bari
University Hospital, and it is composed of 26 kidney biopsies coming from 19 donors. The dataset
contains 2344 non-sclerotic glomeruli and 428 sclerotic glomeruli. The proposed model consents
to achieve promising results in the task of automatically detecting and classifying glomeruli, thus
easing the burden of pathologists. We get high performance both at pixel-level, achieving mean
F-score higher than 0.81, and Weighted Intersection over Union (IoU) higher than 0.97 for both
SegNet and Deeplab v3+ approaches, and at object detection level, achieving 0.924 as best F-score
for non-sclerotic glomeruli and 0.730 as best F-score for sclerotic glomeruli.
Keywords: semantic segmentation; convolutional neural networks; kidney biopsy; kidney transplantation;
glomerulus detection; glomerulosclerosis

1. Introduction
The spread of Deep Learning (DL) techniques and frameworks has led to a revolution in
the medical imaging field. The assessment of organ viability, by donor kidney biopsy examination,
is essential prior to transplantation. The traditional evaluation of biopsies was based on the visual
analysis by trained pathologists of biopsy slides using a light microscope which is a time
consuming and highly variable procedure. The high variability between the observers resulted
in poor reproducibility among pathologists, which may cause an inappropriate organ discard.
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Therefore, the development of new techniques able to objectively and rapidly interpret donor kidney
biopsy to support pathologist’s decision making is strongly fostered. The increasing availability
of whole-slide scanners, which facilitate the digitization of histopathological tissue, led to a new
research field denoted as digital pathology and generated a strong demand for the development of
Computer-Aided Diagnosis (CAD) systems. As stated in the literature, the application of deep learning
techniques for the analysis of Whole-Slide Images (WSIs) has shown significant results and suggest
that the integration of DL framework with CAD systems is a valuable solution.
In the realm of digital pathology, several recent studies have proposed CAD systems
for glomerulus identification and classification in renal biopsies [1–8]. The eligibility for transplantation
of a kidney retrieved from Expanded Criteria Donors (ECD) relies on rush histological examination of
the organ to evaluate suitability for transplant [9]. The Karpinski score is based on the microscopic
examination of four compartments: glomerular, tubular, interstitial and vascular, in order to assess
the degree of chronic injury. For each compartment is assigned a score from 0 to 3 where 0 corresponds
to normal histology and 3 to the highest degree of, respectively, global glomerulosclerosis, tubular
atrophy, interstitial fibrosis and arterial and arteriolar narrowing [9,10]. The evaluation of global
glomerulosclerosis requires detection and classification of all the glomeruli present in a kidney biopsy,
distinguishing between healthy (non-sclerotic) and non-healthy (sclerotic) ones.
The two fundamental components that characterize a non-sclerotic glomerulus are the capillary
tuft with the mesangium and the Bowman’s capsule. The first one is placed inside the glomerulus
while the second one is peripheral and has the function to contain the tuft. The space between these
two components is called Bowman’s space. From a morphological point of view, the non-sclerotic
glomerulus generally has an elliptic form. The capillary tuft has a pomegranate form, caused
by the contemporary presence of blue points (nuclei of cells), white areas (capillary lumens)
and variable amount of regions with similar tonality and different levels of saturation (mesangial
matrix). A non-healthy glomerulus, from the point of view of Karpinski’s score, is a globally sclerotic
glomerulus, namely a glomerulus where capillary lumens are completely obliterated for increase in
extracellular matrix and Bowman’s space is completely filled by collagenous material. Examples of
non-sclerotic and sclerotic glomeruli are depicted in Figure 1.

Figure 1. Glomeruli. Top row: non-sclerotic glomeruli. Bottom row: sclerotic glomeruli.

Ledbetter et al. proposed a Convolutional Neural Network to predict kidney function (evaluated
as the quantity of primary filtrate that passes from the blood through the glomeruli per minute) in
chronic kidney disease patients from whole-slide images of their kidney biopsies [3]. Gallego et al.
proposed a method based on the pretrained AlexNet model [11] to perform glomerulus classification
and detection in kidney tissue segments [2]. Gadermayr et al. focused on the segmentation of
the glomeruli. The authors proposed two different CNN cascades for segmentation applications with
sparse objects. They applied these approaches to the glomerulus segmentation task and compared them
with conventional fully convolutional networks, coming to the conclusion that cascade networks can
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be a powerful tool for segmenting renal glomeruli [4]. Temerinac-Ott et al. compared the performance
between a CNN classifier and a support-vector machines (SVM) classifier which exploits features
extracted by histogram of oriented gradients (HOG) [12] for the task of glomeruli detection in WSIs
with multiple stains, using a sliding window approach. The obtained results showed that the CNN
method outperformed the HOG and SVM classifier [1]. Kawazoe et al. faced the task of glomeruli
detection in multistained human kidney biopsy slides by using a Deep Learning approach based on
Faster R-CNN [6]. Marsh et al. developed a deep learning model that recognizes and classifies sclerotic
and non-sclerotic glomeruli in whole-slide images of frozen donor kidney biopsies. They used
a Fully Convolutional Network (FCN) followed by a blob-detection algorithm [13], based on
Laplacian-of-Gaussian, to post-process the FCN probability maps into object detection predictions [8].
Ginley et al. proposed a CAD to classify renal biopsies of patients with diabetic nephropathy [7], using
a combination of classical image processing and novel machine learning techniques. Hermsen et al.
adopted CNNs, namely an ensemble of five U-Nets, for segmentation of ten tissue classes from WSIs
of periodic acid-Schiff (PAS) stained kidney transplant biopsies [14].
The analysis of the literature suggests that main works focused on the glomerular detection task
only, without considering the further classification into sclerotic and non-sclerotic [1,2,4,6]. Few papers
considered the assessment of global glomerulosclerosis from kidney biopsies [7,8,14].
In our previous works we focused on other kidney biopsies analysis tasks, such as classification
of tubules and vessels [15] and classification of non-sclerotic and sclerotic glomeruli [5]. In this work,
we propose a CAD system to address the segmentation and the classification tasks of glomeruli,
in order to obtain a reliable estimate of Karpinski histological score. The proposed work allowed us
to obtain better results than the literature in the classification task.
2. Materials
The kidney biopsies dataset analyzed in this paper has been provided by the Department of
Emergency and Organ Transplantations (DETO) of the Bari University Hospital. Slides were digitized
using a high-resolution whole-slide scanner with a scanning objective which has a 20× magnification
corresponding to a resolution of 0.50 µm/pixel. All the biopsies provided by DETO clinicians are PAS
stained sections from formalin fixed paraffin embedded tissue. The complete dataset is composed
of 26 kidney biopsies coming from 19 donors. It contains 2344 non-sclerotic glomeruli and 428
sclerotic glomeruli. The dataset has been split into a train-validation (trainval) set and a test set.
The trainval set has been further split into a train set and a validation set; the last one is used for tuning
hyperparameters and for assessing the trend of the loss function and of accuracy during the training
process. A detailed overview of the dataset is reported in Table 1.
Table 1. Dataset info.
Set

WSIs

Non-Sclerotic

Sclerotic

Ratio

Trainval set

19

1852

341

5.43 : 1

Test set

7

492

87

5.66 : 1

Dataset

26

2344

428

5.48 : 1

3. Methods
3.1. Semantic Segmentation Framework
Convolutional Neural Networks have had a widespread adoption in all kinds of image analysis
tasks, starting from AlexNet which won ImageNet Large Scale Visual Recognition Challenge 2012
(ILSVRC 2012) [16] by a huge margin [11], though pioneering work was already done by LeCun much
earlier for handwritten digit recognition [17].
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Semantic segmentation is a task which consists of classifying all the pixels belonging to an input
image. In order to accomplish this task, most CNN semantic segmentation architectures are based
on encoder-decoder networks. The encoder is devoted to the feature extraction process, shrinking
the spatial dimensions while increasing the depth. The decoder has the task to recover the spatial
information from the output of the encoder. Due to the several application in the medical imaging field,
in this work we considered two main approaches based on SegNet and DeepLab v3+ architectures.
The main SegNet applications regard segmentation tasks such as semantic segmentation of prostate
cancer [18], gland segmentation from colon cancer histology images [19] and brain tumor segmentation
from multi-modal magnetic resonance images [20]. DeepLab v3+ has been used for the semantic
segmentation of colorectal polyps [21] and the automatic liver segmentation [22,23].
SegNet is a CNN architecture for semantic segmentation proposed by researchers at University
of Cambridge [24]. As other semantic segmentation architectures, SegNet is composed of an encoder
network and a corresponding decoder network, followed by a final pixel-wise classification layer. One
clever point of SegNet is that it removes the necessity of learning the upsampling process, by storing
indices used in max-pooling step in encoder and applying them when upsampling in the corresponding
layers of the decoder.
DeepLab is an architecture proposed by Chen et al. [25]. One of the interesting novelties proposed
by the authors of DeepLab is the atrous convolution, also known as dilated convolution. The idea has
been commonly used in wavelet transform before being adapted to convolutions for deep learning.
Atrous convolution consents to broaden the field of view of filters to incorporate larger context. It is,
therefore, a valuable tool to tune the field of view, permitting identification of the right balance
between context assimilation (large field of view) and fine localization (small field of view). We
adopted DeepLab v3+ [26] with ResNet-18 [27] as backbone in our tests.
We replaced the last layer of both SegNet and DeepLab v3+ networks with a pixel-wise
classification layer with 3 output classes (background, sclerotic glomeruli and non-sclerotic glomeruli);
we used inverse class frequencies as class weights and pixel-wise cross-entropy as loss function.
3.2. Proposed Workflow
3.2.1. CAD Architecture
A high-level overview of the proposed CAD is depicted in Figure 2. The physicians can visualize
the WSIs using Aperio ImageScope software. In order to perform supervised learning, we need labelled
data. Pathologists can annotate the slides using ImageScope, and export the results in XML files, which
we can use to feed our neural networks. After having trained our models, we can export the output
in XML files, and physicians can see the CAD annotations always in ImageScope, with seamless
integration. To accomplish the task of calculating the Karpinski histological score, we must make a
careful choice for the architecture of the network. All the models have been trained and validated on a
machine with the characteristics reported in Table 2.

Figure 2. CAD architecture. Physicians can visualize and annotate the WSIs using Aperio
ImageScope software. The developed Deep Learning models can interact with ImageScope through an
XML interface.
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Table 2. System Details.
System Details
GPU

NVIDIA GTX 1060 with 6 GB of RAM

CPU

Intel Core i7-4790 CPU @ 3.60 Ghz

RAM

32 GB

OS

Microsoft Windows 10 Home

Tool

MATLAB R2019a

3.2.2. Semantic Segmentation Workflow
To obtain an estimate of the Karpinski score, we must detect and classify all the glomeruli
which appear in the WSI. We first use a semantic segmentation CNN to obtain a pixel-level
classification, distinguishing between pixels which belongs to background, sclerotic and non-sclerotic
glomeruli. Then, we must turn these pixel-level classifications into object detections, so that we can
count the number of sclerotic and non-sclerotic glomeruli. The general schema for our semantic
segmentation-based glomerular detector is depicted in Figure 3.

Figure 3. Semantic Segmentation approach architecture. The top part describes how to train the CNN.
The bottom part explains how to use the trained model for performing inference, and the related
morphological and clustering post-processing steps.

The first step in our workflow consists of segmenting the sections present in the WSI. At this
purpose, we used classical Image Processing techniques as thresholding, morphological operators,
connected components labelling, and eventually, clustering. A similar preprocessing step has also
been done by Ledbetter et al. [3]. We refer to the module performing this step as Sections Extractor.
To reduce the very large dimension of WSIs, which can be overwhelming for Deep Learning algorithms,
we undersampled the sections by a factor of 4. The original WSIs have a magnification of 20×,
after undersampling it becomes equivalent to a magnification of 5×. This operation leads to an effective
downsampling of the images from a resolution of about 8000 × 8000 pixels to a resolution of about
2000 × 2000 pixels. Since the section obtained this way was still too large to fit in our GPU, we divided
it in patches. During training, we randomly sampled patches of size 656 × 656, with a mechanism
to avoid to take too many patches only with negatives samples. The random patches sampled during
the training process are then fed to a data augmentation block that performs different augmentations,
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as reported in Table 3. Augmentations are generated on-the-fly for each epoch within random ranges,
so the network always processes slightly different input data, thus reducing the risk of overfitting.
In the inference phase, we take patches of size 656 × 656 pixels, with an overlap between successive
windows of 200 × 200 pixels. Please note that in semantic segmentation is important to have a larger
context for performing inference, when the approach involves a sliding window processing [28]. After
we get the predicted masks for glomeruli at patch-level, we project them to the original WSI, to get
the WSI-level predicted mask. At this point, we apply morphological operators to remove noisy points
and smooth the glomeruli shapes. We then analyze shape descriptors to understand if it is necessary
to perform a clustering operation. In the end, the obtained mask is projected to 20× resolution,
corresponding to oversampling by 4, using nearest-neighbour interpolation. Please note that in this
work, all the resizing operations involving the digital pathology images are obtained using bicubic
interpolation, while all the resizing operations involving the categorical masks are obtained using
nearest-neighbour interpolation.
3.2.3. Morphological Operators and Clustering
Adapting a semantic segmentation network to perform object detection poses some challenges.
The task of semantic segmentation consists of labelling only individual pixels, which mainly captures
textural information. In contrast to architectures explicitly tailored to Object Detection, such as Faster
R-CNN [29] or Mask R-CNN [30], where there are anchor boxes, the network does not look for objects,
it just tries to classify individual pixels. To extend the semantic segmentation model into an instance
segmentation one, we must use different morphological operators and clustering algorithms as
post-processing steps.
Morphological operators are applied only to binary masks obtained as the output of the semantic
segmentation networks. First, we smooth the shapes of objects performing a morphological closing
operation, with a disk of radius 5 pixels as structuring element, and with the morphological flood-fill
operation. Then, we delete small objects and noisy points using opening operator, with a disk of
radius 10 pixels as structuring element, and area opening operator, removing connected regions with
an area below 1000 pixels. Examples are depicted in Figure 4, where binary masks are overlapped
to the biopsy images for visualization purposes. Masks relative to non-sclerotic and sclerotic glomeruli
are green and red colored, respectively. Lastly, we analyze the shape descriptors for each of these
objects to understand if there are touching objects we need to cluster. The sequence of morphological
operators used is depicted in Figure 5.

Figure 4. (Left) Semantic Segmentation output. (Right) After Morphological Operators.
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Figure 5. Morphological operators sequence applied to the output masks from the semantic
segmentation network. The output of the morphological post-processing is used for calculating
shape descriptors to eventually perform clustering.

An important observation is that individual glomeruli have convex shapes, so their area is pretty
similar to their convex area. We perform a K-means clustering based on the difference between
the convex area and the area, as specified in Equation (1).
deltaArea = convexHull Area − area

(1)

We decide the number K of clusters according to deltaArea: if deltaArea ≤ 900, K = 1;
if deltaArea > 900 and deltaArea ≤ 5000, K = 2; if deltaArea > 5000, K = 3. The values of
deltaArea and the corresponding K have been empirically determined on the trainval set. Confusion
matrices reported later have been obtained after the clustering with the configuration based on
deltaArea. Examples of glomeruli before clustering are depicted in Figure 6a,c. The corresponding
images after clustering are shown in Figure 6b,d.

(a)

(b)

(c)

(d)

Figure 6. Examples of K-means clustering for both sclerotic and non-sclerotic glomeruli. The number K
of clusters is determined according to deltaArea defined in (1). (a) Sclerotic glomeruli before clustering.
(b) Sclerotic glomeruli after clustering, with K = 2. (c) Non-sclerotic glomeruli before clustering.
(d) Non-sclerotic glomeruli after clustering, with K = 3.

3.2.4. Data Augmentation
Tellez et al. analyzed the problem of stain color variation in digital pathology very deeply [31].
They proposed different solutions for both stain color augmentation and stain color normalization.
In this work, we exploited techniques proposed by them such as morphological transformations
and Hue-Saturation-Value (HSV) shifts. An interesting morphological transformation is the elastic
deformation; it was originally proposed by Simard et al. [32] for the analysis of visual documents,
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and then has had a widespread application in medical imaging, as also shown by U-Net authors [28].
We used elastic deformation to generate plausible alterations of glomeruli shapes, increasing
the variability of training images and thus reducing the risk of overfitting. An example of elastic
deformation applied to our images is depicted in Figure 7. Examples of HSV shift are depicted
in Figure 8.

Figure 7. Elastic deformation example. Left: original image. Right: after elastic deformation with
σ = 6.29, α = 340.

Figure 8. HSV shift examples. Top Left: original image. Top Center: ∆H = +0.18, ∆S = +0.03. Top
Right: ∆H = +0.06, ∆S = −0.06. Bottom Left: ∆H = −0.04, ∆S = −0.02. Bottom Center: ∆H = −0.11,
∆S = +0.10. Bottom Right: ∆H = +0.18, ∆S = +0.09.

A summary of the data augmentation techniques used for the training process is reported
in Table 3. The augmentations in group 1 are independently performed, each with a given
probability p. Resize augmentation used here is slightly different from standard resize; in fact, we apply
mirroring padding (instead of zero padding) when we perform a resize which shrinks the image size.
Augmentations, such as mirroring padding, which alter the morphology of the image are also executed
for the mask. From the augmentations reported in group 2, only one is made. Group 3 contains only
one augmentation, which is performed with a given probability. The augmentations are performed in
the order they compare in the table, i.e., before the four in group 1, then one of group 2 and in the end
the one of group 3.

Electronics 2020, 9, 503

9 of 15

Table 3. Augmentations.
Data Augmentation
Type

Details
Group 1
θ = 90, p = 0.25
p = 0.25
p = 0.25
resize ∈ [0.8, 1.2], p = 0.25

Rotate
Flip left-right
Flip upside-down
Resize

Group 2
σ ∈ [0, 0.01], p = 0.1
σ ∈ [0, 0.1], p = 0.1
σ ∈ [2, 5], α ∈ [100, 300], p = 0.2

Gaussian Noise
Gaussian Blur
Elastic Deformation

Group 3
∆S ∈ [−0.1, 0.1], ∆H ∈ [−0.1, 0.1], p = 0.5

HSV shift

3.2.5. Hyperparameters Tuning
We tried different semantic segmentation network architectures. For SegNet and DeepLab v3+
we tuned hyperparameters according to Table 4. Please note that DeepLab v3+ with ResNet-18
backbone is more lightweight than SegNet, and this allowed us to use a larger mini-batch size,
with eight patches per mini-batch. With our GPU, SegNet was trained with only one patch per
mini-batch. More details about hyperparameters can be found in MATLAB documentation [33].
Table 4. Hyperparameters.
Hyperparameter

SegNet

Deeplab v3+

Optimizer
LearnRateSchedule
LearnRateDropPeriod
LearnRateDropFactor
Momentum
InitialLearnRate
L2Regularization
MaxEpochs
MiniBatchSize
Shuffle
ValidationPatience
ValidationFrequency

SGDM
’piecewise’
10
0.3
0.9
0.001
0.005
30
1
’every-epoch’
10
1 per epoch

SGDM
’piecewise’
10
0.3
0.9
0.001
0.005
30
8
’every-epoch’
10
1 per epoch

4. Experimental Results
We distinguish between the results obtained at pixel-level (semantic segmentation task) and at
object detection level.
In particular, for the semantic segmentation task we group the metrics in Dataset Metrics
and Class Metrics [33].
The group of Dataset Metrics includes semantic segmentation metrics aggregated over the data
set: Global Accuracy, Mean Accuracy (the mean of the accuracies calculated per class), Mean IoU (the mean
of the IoUs calculated per class), Weighted IoU (mean of the IoUs, weighted by the number of pixels in
the class) and Mean F-score (mean of the F-measures calculated per class).
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The group of Class Metrics includes semantic segmentation metrics calculated for each class,
namely: Accuracy (2), IoU (3) and Mean F-score (F-measure for each class, averaged over all images).
Accuracy =
IoU =

TP + TN
TP + TN + FP + FN

(2)

TP
TP + FP + FN

(3)

For the object detection task, confusion matrices are calculated assuming that a true positive
match between predicted mask and ground truth mask has pixel-wise IoU (3) of at least 0.2. Besides
confusion matrices, the metrics used for assessing the results of the object detection task are:
Precision =
Recall =
F1 Score =

TP
,
TP + FP

TP
,
TP + FN

2 · Precision · Recall
.
Precision + Recall

(4)
(5)
(6)

The best results on non-sclerotic glomeruli have been obtained using DeepLab v3+, while
for sclerotic glomeruli the best model was SegNet. An example of the output of our semantic
segmentation framework is depicted in Figure 9.

Figure 9. Top Left: original image. Top Right: ground truth. Bottom Left: SegNet prediction.
Bottom Right: DeepLab v3+ prediction. Sclerotic glomeruli and non-sclerotic ones are white and gray
colored, respectively.

Electronics 2020, 9, 503

11 of 15

4.1. Pixel-Level Metrics
Pixel-level dataset metrics for both SegNet and DeepLab v3+ are reported in Table 5.
The pixel-level class metrics of SegNet and DeepLab v3+ are reported in Tables 6 and 7, respectively.
The normalized pixel-level confusion matrix are in Tables 8 and 9. Pixel-level confusion matrices
are normalized per row; B, NS, S stand for Background, Non-sclerotic and sclerotic, respectively.
Table 5. Dataset Metrics.
CNN

Global
Accuracy

Mean
Accuracy

Mean IoU

Weighted
IoU

Mean
F-Score

SegNet

0.98346

0.86385

0.71352

0.97156

0.81784

Deeplab v3+

0.99179

0.76884

0.72873

0.98434

0.84614

Table 6. Class Metrics SegNet.
Class

Accuracy

IoU

Mean F-Score

Background

0.98636

0.98294

0.99243

Non-sclerotic

0.91925

0.66546

0.83239

sclerotic

0.68594

0.49215

0.69686

Table 7. Class Metrics Deeplab v3+.
Class

Accuracy

IoU

Mean F-Score

Background

0.99690

0.99172

0.96684

Non-sclerotic

0.88199

0.80872

0.93306

Sclerotic

0.42764

0.38574

0.63852

Table 8. Normalized pixel-level Confusion Matrix SegNet.
Prediction

Ground Truth

B

NS

S

B

98.64%

1.26%

0.10%

NS

8.07%

91.93%

0.00%

S

30.97%

0.44%

68.59%

Table 9. Normalized pixel-level Confusion Matrix Deeplab v3+.
Prediction

Ground Truth

B

NS

S

B

99.69%

0.28%

0.03%

NS

11.78%

88.20%

0.02%

S

50.57%

6.67%

42.76%

4.2. Object Detection Metrics
In object detection confusion matrices B, NS, S stand for Background, Non-sclerotic and Sclerotic,
respectively.
The object detection confusion matrices for SegNet and DeepLab v3+ are reported in
Tables 10 and 11, respectively. The detection metrics for both the proposed models and a comparison
with the method proposed by Marsh et al. [8] are reported in Table 12. The SegNet-based model
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obtained a better F-score for both the glomeruli classes. The DeepLab v3+-based model obtained a
better F-score for non-sclerotic glomeruli and a slightly worse F-score for sclerotic glomeruli.
Table 10. Object Detection Confusion Matrix SegNet.
Prediction

Ground Truth

NS

S

B

NS

436

0

56

S

1

58

28

B

86

14

–

Table 11. Object Detection Confusion Matrix Deeplab v3+.
Prediction

Ground Truth

NS

S

B

NS

449

0

43

S

7

41

39

B

24

1

–

Table 12. Performance Comparison for Detection Metrics.
Author

Model

Marsh et al. [8]

FCN + blob-detection

SegNet
Proposed approach
DeepLab v3+

Class

Recall

Precision

F-Score

NS

0.885

0.813

0.848

S

0.698

0.607

0.649

NS

0.886

0.834

0.859

S

0.667

0.806

0.730

NS

0.913

0.935

0.924

S

0.471

0.976

0.636

5. Conclusions and Future Work
The proposed approach allowed us to obtain high performance both at pixel and object detection
level. The semantic segmentation achieved mean F-score higher than 0.81 and Weighted IoU higher
than 0.97 for both SegNet and Deeplab v3+ approaches; the glomeruli detection achieved 0.924 as
best F-score for non-sclerotic glomeruli and 0.730 as best F-score for sclerotic glomeruli. We compared
our obtained performance with the state of the art. As stated in the Section 1, there are three main
works that face the problem of glomerular classification. Ginley et al. considered the glomerular
assessment for patients affected by diabetic nephropathy but not for transplantation purposes [7].
Hermsen et al. considered many tissue classes, but the number of sclerotic glomeruli in their datasets
is too small for a comparison with our method [14]. Marsh et al. considered the problem of global
glomerulosclerosis from kidney transplant biopsies with haematoxylin and eosin (HE) stain [8].
The performance comparison between our proposed methods and Marsh et al. work is reported
in Table 12. The obtained results show an improvement over the work of Marsh et al. Thus,
CNNs for Semantic Segmentation are a viable approach for the purpose of glomerular segmentation
and classification, allowing the obtaining of a reliable estimate of the global glomerulosclerosis.
Assessing the suitability of kidney from ECD donors relies in many centers on the histological
examination of kidney biopsies performed at the time of organ retrieval and processed and evaluated
by on-call pathologist that, not necessarily, is an expert trained in renal pathology. The importance of
training in renal pathology when assessing biopsy of such cases has been evaluated in some studies
reporting better correlation with subsequent allograft outcome of histological scores provided by renal
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pathologists compared to those provided by general pathologist with potential risk of “overscoring”
and the potential of discarding kidneys that could have been potentially transplanted [34–36].
The results were validated by the renal pathologists which assessed the reliability of the proposed
workflow; the applied methodology constitutes a milestone in the creation of a CAD system
for the renal transplant assessment. The proposed system could help pathologists in accomplishing
the laborious task of evaluating the eligibility of a kidney for transplantation, providing a rapid
and accurate result. Future work will include the use of Deep Learning models explicitly designed
for the detection task, such as Faster R-CNN and Mask R-CNN.
Author Contributions: Conceptualization, N.A., G.D.C. and V.B.; Data curation, M.R., F.P. and L.G.; Methodology,
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