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ARTICLE INFO ABSTRACT

Keywords: Prostate cancer (PCa) is one of the deadliest cancers in men, and identifying cancerous tissue patterns at
Histopathology an early stage can assist clinicians in timely treating the PCa spread. Many researchers have developed
Deep learning deep learning systems for mass-screening PCa. These systems, however, are commonly trained with well-

Prostate cancer
Prostate tissues
Incremental learning
Instance segmentation

annotated datasets in order to produce accurate results. Obtaining such data for training is often time and
resource-demanding in clinical settings and can result in compromised screening performance. To address
these limitations, we present a novel knowledge distillation-based instance segmentation scheme that allows
conventional semantic segmentation models to perform instance-aware segmentation to extract stroma, benign,
and the cancerous prostate tissues from the whole slide images (WSI) with incremental few-shot training. The
extracted tissues are then used to compute majority and minority Gleason scores, which, afterward, are used
in grading the PCa as per the clinical standards. The proposed scheme has been thoroughly tested on two
datasets, containing around 10,516 and 11,000 WSI scans, respectively. Across both datasets, the proposed
scheme outperforms state-of-the-art methods by 2.01% and 4.45%, respectively, in terms of the mean IoU score
for identifying prostate tissues, and 10.73% and 11.42% in terms of F1 score for grading PCa according to the
clinical standards. Furthermore, the applicability of the proposed scheme is tested under a blind experiment
with a panel of expert pathologists, where it achieved a statistically significant Pearson correlation of 0.9192
and 0.8984 with the clinicians’ grading.

1. Introduction GP-5), showcasing unique appearances within the whole slide images
(WSI) [9]. Moreover, semantic segmentation, in the context of WSI

Prostate cancer (PCa) is the second deadliest form of cancer in segmentation, involves the extraction of foreground and background
men [1,2], causing a high mortality rate if not treated timely. PCa can information, where the foreground information is related to the tissue
be accurately identified through biopsy tests [3,4], where its severity regions, and the background information is associated with the non-
can be objectively graded by measuring the Gleason scores from the tissue areas. In addition to this, the semantic segmentation networks

majority, and minority distribution of the Gleason patterns as per the
International Society of Urological Pathologists (ISUP) standards [5,6].
The ISUP severity grades were developed in 2014 and range between
1 to 5 [7]. As evident from Table 1, ISUP-1 represents the individual,
discrete well-formed glands, whereas ISUP-5 represents glands that lack
the gland formation or have necrosis with or without poorly formed,
fused, and cribriform patterns [7,8]. The structural deformities within
the prostate tissues (due to PCa) can be analyzed through Gleason
patterns (GPs), which typically range from 3 to 5 (i.e., GP-3, GP-4,

can also solve the multi-class segmentation problems, e.g., extracting
multiple GPs along with the healthy stroma or benign tissues from the
candidate WSI patches [9,10]. However, the semantic segmentation
models produce more false positives than the instance segmentation
models in the context of WSI segmentation [11]. This elevated rate
of false positives (with the semantic segmentation models) is because
of the high similarity within the textural and semantic features of the
WSIs containing the non-cancerous and cancerous regions [11,12] (see
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Fig. 1. (A): A WSI patch that depicts prostate tissues, (B): ground truth of the WSI patch in (A), (C): prostate tissues obtained through semantic segmentation, (D): prostate tissues

segmented through incremental instance segmentation.

Table 1
Definition of PCa grading as per ISUP-2014 standards [7].

Gleason score Gleason pattern ISUP grade Description

<6 <6 1 Contains only individual, discrete well-formed glands.

7 3+4 2 Contains predominantly well-formed glands with lesser
component of poorly formed, fused, and/or
cribriform glands.

7 4+ 3 3 Contains predominantly poorly formed, fused, and/or
cribriform glands with lesser component of well-formed
glands.

8 4+43+55+3 4 1. Contains only poorly formed, fused, and/or cribriform

glands,

2. Contains predominantly well-formed glands with
lesser component of lacking gland formation,

3. Contains predominantly lacking gland formation and
lesser component of well-formed glands. It should be
noted here that poorly formed, fused, and/or cribriform
glands can be a minor component here.

9 or 10 4+55+40r5+5 5

Contains gland that lack formation, or have necrosis, with
or without poorly formed, fused, and/or cribriform glands.

Fig. 1-A). Furthermore, learning together all the pixel-level categories
(via semantic segmentation) requires large-scale and well-annotated
datasets, which is quite costly to procure in the real world [13,14],
especially for the medical imaging problems [15,16]. One approach to
overcome these issues is to develop an incremental instance segmen-
tation approach that, with few-shot learning, can incrementally train
the underlying segmentation model to recognize different instances
(categories) of the tissue regions, especially the GPs.

The recent advances in instance segmentation models have led
many researchers to detect highly correlated and cluttered object in-
stances [17,18] within the conventional photographic [19] and X-
ray [20] imagery. Similarly, researchers have also adopted these mod-
els in histopathological image analysis to identify and extract cellular
communities [11], and tissue nucleuses [21] to grade breast [22], thy-
roid [23], and colorectal cancer [24]. However, such instance segmen-
tation models require extensive training on the large-scale data [25-27]
which makes them an infeasible choice for the spontaneous nucleus
classification and tissue analysis tasks within the clinical settings. Fur-
thermore, thoroughly annotating the histology images (having up to
40x magnification level) to recognize different tissue communities is an
impractical and tedious job for the clinicians and often requires a team
of experts to ensure validity. Here, developing a sophisticated instance
segmentation approach that can provide competitive performance to-
wards recognizing different morphological structures of cellular tissues
(after being trained with a few training examples) is an enticing and
worthwhile alternative.

1.1. Related work

Over the past, many researchers have worked on screening PCa from
histopathology [9] and mp-MRI [28] imagery. The initial methods were
based on classical machine learning schemes [29-31] for extracting the

cancerous tissues. However, the recent frameworks employ deep learn-
ing to accurately segment cancerous tissues to screen PCa [32]. In this
context, Wang et al. [33] provided a noticeable comparison of the deep
learning systems with classical methods. However, the current trend
in grading PCa (especially clinically significant PCa [5]) is moving to-
wards the identification of prostate tissues from the WSI imagery [34].
Towards this end, Arvaniti et al. [10] extracted the class activation
maps from the pre-trained MobileNet [35] to recognize Gleason PCa tis-
sues. Hassan et al. [9] recently developed a dilated residual and hierar-
chically fashioned segmentation network, dubbed DRN, that is trained
via a custom loss function (L,) to extract the Gleason patterns from
the whole slide images. Otalora et al. [36] developed a teacher-student
learning scheme to classify prostate histopathology scans in which
the teacher network (dubbed ResNext50-32 x 4d [37]), having 22M
parameters, is trained in a semi-supervised or semi-weakly-supervised
manner using strongly annotated and weakly annotated labels, respec-
tively. Moreover, the student network (dubbed DenseNet-121 [38]),
having 7M parameters, is trained with four custom strategies, namely,
variant-I, II, III, and a fully supervised baseline. In variant-I, the student
network is tuned with the pseudo-labeled data only. In variant-II,
the student network is pre-trained first on the pseudo-labeled data,
and then it is refined on the strongly labeled data. In variant III,
the student network is trained on the combined pseudo-labeled and
strongly-annotated data, and in the fully supervised baseline variant,
the student network is trained only on the strongly-annotated data
only [36]. Apart from this, Bulten et al. [39] developed a two-staged ap-
proach, where in the first stage, they employed U-Net [40] to segment
healthy and tumorous glands. Afterward, they formulated a rule-based
scheme to classify the biopsy as malignant if at least 10% of the epithe-
lial tissue is identified as cancerous [39]. Strom et al. [41] developed
a two-staged ensemble of deep classification models, where in the first
stage, they classified the WSI patches into benign or malignant, and
in the second stage, they recognized each malignant patch into GP-3,
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GP-4, and GP-5 to grade PCa as per the ISUP standards. Apart from this,
the recent works in the hispathology also leveraged few-shot learning
paradigm to overcome the data limitation [42,43].

Although many frameworks have been proposed in the past that
can extract the cancerous tissues from the WSIs to grade PCa [5,44].
But, to the best of our knowledge, these frameworks cannot be scaled
in clinical settings for PCa grading because either their performance
is low [41], or they require an extensive amount of well-annotated
data for training [10]. Also, as mentioned above, the extraction of
prostate tissues (which are essential for PCa grading) is an instance
segmentation problem that the semantic segmentation networks cannot
solve accurately. Apart from this, we also have a lot of sophisticated in-
stance segmentation frameworks that rely on region-based [19,45,46],
prototype-based [47], and contour-based [20,48] proposals. However,
such models also require large-scale data for training and are not very
scalable for learning new categories in the future with limited training
samples [49].

1.2. Contributions

To overcome the limitations mentioned above, we present a novel
knowledge distillation-based instance segmentation approach in which
a conventional semantic segmentation network is iteratively tuned to
perform instance segmentation for extracting prostate tissues in order
to grade PCa. Unlike its competitors [9,11], the proposed scheme is
adaptable and does not need thorough fine-tuning or re-training efforts.
Furthermore, due to its incremental nature, it can accurately extract
the stroma, benign, and PCa Gleason patterns from the WSI patches (in
any order) when trained with very few training examples. In addition
to this, to the best of our knowledge, this paper presents a first attempt
at developing a knowledge distillation-based instance segmentation
scheme for incrementally learning the stroma, benign, GP-3, GP-4,
and GP-5 tissues extraction tasks (from the WSI patches) to calculate
Gleason scores in order to grade the PCa progression as per the ISUP
standards.

The rest of the paper is organized as follows: Section 2 discusses
the proposed scheme, Section 3 enlists the experimental protocols and
the details about the datasets, Section 4 shows the evaluations of the
proposed scheme and its detailed comparison with the state-of-the-art
methods, and Section 5 presents a detailed discussion on the extent of
the proposed scheme along with its future prospects.

2. Methods

Our approach fuses knowledge distillation-driven incremental learn-
ing with few-shot learning to mold a conventional encoder-decoder,
scene parsing, or fully convolutional network to perform instance seg-
mentation. The purpose of performing instance segmentation is to
accurately extract the stroma, benign, GP-3, GP-4, and GP-5 tissues
from the input WSI samples. Moreover, after obtaining these tissue
regions, we compute the majority and minority distribution of Gleason
patterns within the candidate WSI scans in order to calculate the
Gleason scores. We then use the calculated Gleason scores to grade
the severity of PCa as per the ISUP grades. The block diagram of the
proposed scheme is depicted in Fig. 2. Here, although the segmentation
model is illustrated as an encoder-decoder, but the proposed scheme
can also work with a scene-parsing and fully convolutional network
(as explained in Section 4.1.1). Apart from this, before we present the
detailed description of the proposed approach, we give a brief overview
of knowledge distillation, incremental learning, few-shot learning, and
incremental few-shot learning within the subsequent sections
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2.1. Overview of knowledge distillation

In the context of deep learning, knowledge refers to the model’s
weights and biasing factors, and knowledge distillation is the process
of transferring the knowledge of one model to another during the
training phase to accelerate network convergence [50]. The concept
of knowledge distillation was initially introduced in model compres-
sion [50]. Model compression is a paradigm in which the knowledge of
a dense network, referred to as a teacher, is transferred to small student
models, allowing them to be deployed on the resource-constrained
devices while retaining the teacher network’s performance without a
significant information loss [51]. Similarly, knowledge distillation has
also been introduced within the context of incremental learning, where
it allows the model to distill its prior learned experiences (in the current
increment) while learning new task representations so that it avoids
the catastrophic forgetting phenomena [14,15]. Knowledge distillation,
in incremental learning, is typically accomplished by constraining the
candidate model through multi-objective functions so that it learns new
tasks (in each increment) from the provided examples while retaining
its prior knowledge either through episodic memories [52], the subset
of previously used training samples [51,53], or through previously
trained model instances [14,54].

2.2. Overview of incremental learning

Incremental learning is a paradigm that enables the deep neural
networks to continuously learn new classification (or segmentation)
tasks o, while retaining its existing knowledge about the previously
learned tasks 0, such that o = [0,,0,4]. To learn these tasks, the network
is fed, in each incremental increment i, with I training samples such
that I < co and I = [I,, I,]. I, refers to the training examples related
to the previous classes 0, (learned in increment 1 to i — 1) and I,
represents the training examples used for learning newly stacked classes
0, (in ith increment). Apart from this, the network’s prediction error
in each increment is minimized through the ground truths labels G
corresponding to I in each ith increment. Here, G = [G,,G,], where
G, denotes the ground truths of I,, whereas G, indicates the ground
truths of I,,. Furthermore, in each ith increment, the model produces
the output logits £ such that £ = WF + a, where F defines the feature
representations (feature vector), W signifies the learnable weights, and
« represents the biasing factor. Note here that £ is the aggregation of
two groups of logits, £, and £,, where £, denotes the logits generated
through 7, and £, represents the logits produced through I,. These
logits (£ = [£,, £,]) are subsequently processed by the final activation
functions (such as sigmoid, softmax, etc.) to produce final output
probabilities p(£). For instance, employing softmax activation function,
p(£, ), for xth training sample belonging to yth class is computed as:

exp(EX’y)
T exp(Ly)

where o; represents the total number of classes being learned in the
ith increment. It is emphasized here that p(£) reflects the hard prob-
ability generated by £. Hard probabilities are preferred for traditional
classification (or segmentation) problems because they unambiguously
identify the most desirable result for the input sequence (at the infer-
ence stage). Conversely, in incremental learning, the output logits £ are
usually scaled by the constant factor T (called temperature) to generate
soft probabilities, as expressed below:

exp(el)

—1 . ’
X exp(L],)

P(Ly,) = )

pL]) = @

where £7 = £/7. These soft labels let the network acquire new infor-
mation successfully over time without relying on previously acquired
knowledge [13,14].
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Fig. 2. Block diagram of the proposed scheme. During incremental training, we tune the conventional model E, as E; (in each ith increment) by stacking new prostate tissue
classes and constraining it via £, so that it learns these classes accurately while retaining its previous knowledge. The incremental training is performed in m increments, where
the model E,, is updated to perform m + 1 segmentation tasks related to extracting the background region and the prostate tissues, such as stroma, benign, GP-3, 4, and 5 from
the WSI patches. Moreover, at the inference stage, the input scan is first divided into non-overlapping patches that are given to the E, model for segmenting the prostate tissues.
Afterward, the segmented tissue patches are stitched together to generate the segmented representation of the input WSI sample, which is passed to the PCa grader to compute
the Gleason scores by analyzing the majority and minority distribution of segmented tissues. Moreover, the computed Gleason scores are then utilized for grading the PCa as per

the ISUP standards.
2.3. Overview of few-shot learning

Few-shot learning is a paradigm in which the network is trained
for O classification (or segmentation) tasks using I training samples in
a supervised O—way-I—shot approach [55]. Few-shot learning has the
benefit of generalizing the network to successfully learn the underlying
task(s) given a small amount of training data. Few-shot learning is usu-
ally accomplished through either data or parametric optimizations. In
data optimizations, the model has the ability to supplement (or recon-
struct) their synthesized depictions (typically via adversarial learning)
to generalize well (for the underlying task) in a higher dimensional
feature space using small training data for each category. In parametric
optimizations, the model uses regularized loss functions to learn from
a pool of experiences across the related (and comparable) tasks over
time. In this case, another model (teacher) may be utilized, which is
trained first to encapsulate a large collection of experiences (acquired
from larger datasets) to low parametric space, around which the stu-
dent model optimizes its learning capacity using a small number of
training instances. The parametric optimization approach is also similar
to meta-learning, more precisely model-agnostic meta-learning [16],
where the instructor model is also known as a base-learner, and the
student model is alluded to as a meta-learner.

2.4. Incremental few-shot learning
Incremental few-shot learning is a recently introduced paradigm

that allows the network to learn a particular set of classification tasks
incrementally by using a small number of training instances [56].

Regularization methods (and loss functions) are often used to achieve
incremental few-shot learning by allowing networks to learn new tasks
(in a gradual manner) without abruptly losing the previously acquired
information. Furthermore, incremental learning, especially the one
which is driven via knowledge distillation, is different than traditional
transfer learning or fine-tuning schemes [14,56], i.e., in a traditional
learning schemes, the model is constrained so that its pre-trained
weights allow it to converge faster for the newly fed tasks. However, the
model (after training) loses its capacity to retain its previously learned
knowledge due to the alternation in the network weights as well as by
the removal of prior classes from the last network layers. However, in
an incremental learning scheme, the model is constrained in a way that
it learns new tasks periodically while retaining its knowledge about the
previously learned tasks [14].

2.5. Proposed incremental few-shot learning scheme

Unlike the conventional incremental few-shot learning approaches,
primarily designed for the classification tasks [14], the proposed incre-
mental few-shot learning scheme, as depicted in Fig. 2, modifies the
conventional semantic segmentation network E; to perform instance-
aware segmentation by incrementally learning different categories of
prostate tissues, such as stroma, benign and GP-3, GP-4, and GP-5
from the WSI patches while retaining its previously learned knowledge.
Moreover, the network E; (in ith increment) is constrained through our
proposed knowledge distillation-driven loss function £;;, which enables
it to learn these newly added categories (using their corresponding
training examples) while distilling its prior knowledge about prostate



T. Hassan et al.

Table 2

Tissue categories which are learned and distilled in each increment.

Computers in Biology and Medicine 150 (2022) 106124

Increment New Distilled Description of Loss
categories categories categories function

1 0,1 None 0: Background (BG), 1: Stroma L,

2 2 0,1 0: BG, 1: Stroma, 2: Benign Ly

3 3 0,1, 2 0: BG, 1: Stroma, 2: Benign, 3: GP-3 L,

4 4 0,1,2, 3 0: BG, 1: Stroma, 2: Benign, 3: GP-3, 4: GP-4 L,

5 5 0,1,2 3,4 0: BG, 1: Stroma, 2: Benign, 3: GP-3, 4: GP-4, 5: GP-5 L,

tissues (learned in the increment 1 to i—1) through a small subset of the
previously used examples. At the inference stage, the input WSI scan is
first divided into a set of non-overlapping patches. These patches are
then passed to the E,, model for extracting the stroma, benign, and the
GP-3, 4, and 5 regions, where m denotes the total training increments.
Afterward, the resultant patches are stitched together to generate the
segmented tissue representation of the input WSI sample, which is
passed to the PCa grader block, that first computes the Gleason scores
by analyzing the majority and minority distributions of the prostate
tissues to grade the severity of PCa as per the ISUP standards.

It should be noted here that architecturally, each model instance
E = {(E,,E,,...,E,} is the same (except for the last layer, which
is updated periodically to learn new categories of prostate tissues in
each increment as defined in Table 2). Apart from this, in the ith
increment, the weights of E;_; are first transferred to E;, which are then
refined to recognize the newly added categories of the prostate tissues
while retaining the prior knowledge. The total number of segmentation
tasks that the network learns during incremental training is m + 1.
The extra class here is added to extract the background region from
the patched WSI scans. More details about the proposed incremental
training scheme are presented in Section 2.7.

2.6. Comparison of proposed scheme with existing approaches

Many researchers have worked on developing incremental few-shot
learning schemes over the past to tackle classification and segmentation
problems. Rebuffi et al. [15] developed a class-incremental represen-
tational learning scheme that constrains the classification model via
classification and distillation loss functions to learn the generic image
classification tasks progressively. Tian et al. [57] developed contrastive
representational distillation via Bayesian inference to perform model
compression and classification tasks using photographic imagery. Ar-
slan et al. [52] proposed an averaged gradient episodic memories
(A-GEM) pipeline to perform class-incremental learning tasks using
small chunks of episodic memories. A-GEM [52] allowed the underlying
model to retain its previous knowledge during the incremental training.
Zhang et al. [54] developed a deep model consolidation loss function
that distills the prior knowledge of the classification model (during
training) by minimizing the differences between the latent features of
the previously trained and the currently tuned model instance. Apart
from this, recently, we also developed an incremental few-shot learning
scheme that employs mutual distillation objective function to constrain
the underlying model towards learning the contextual and semantic
similarities within the X-ray imagery in order to perform the desired
classification [58] or segmentation [59] tasks at the inference stage.
Although, there are many similarities between the proposed scheme
and these approaches, including the fact that, during incremental train-
ing, the proposed scheme also distills the prior knowledge using a
subset of previously used examples. However, to avoid catastrophic
forgetting phenomena, the proposed scheme, unlike these approaches,
introduces a # hyperparameter that controls the remembrance capacity
of the underlying model to retain previously learned knowledge repre-
sentations while allowing it to learn new segmentation tasks (related
to prostate tissues extraction). Furthermore, the proposed scheme does
not incur additional computational costs to store the ground truth
supervisions [52] or previously trained model instances [54] to distill
prior knowledge, unlike these state-of-the-art approaches.

2.7. Incremental training

The proposed scheme, unlike other instance segmentation approa-
ches, is based on incremental learning. Incremental learning allows
the deep learning models to periodically learn new categories (classes)
while retaining their prior learned experiences. However, traditional
incremental learning approaches suffer from catastrophic forgetting.
The inability of incremental learning systems to forget their previously
knowledge while learning new information. This phenomenon occurs
due to the alternation in the networks’ weights to accurately learn the
newly added classes (from their provided examples), which makes the
network forget its past knowledge. However, many researchers have
recently proposed contrastive learning [57] and knowledge distilla-
tion [53] based strategies to overcome catastrophic forgetting. These
approaches allow the model to learn new classes while remembering
their past knowledge through multi-objective loss functions [13,56].

In this work, we also propose a novel knowledge distillation ap-
proach towards incrementally training the conventional semantic seg-
mentation network to perform instance segmentation. Such instance-
aware segmentation allows the conventional segmentation models to
distinguish the severity of cancerous prostate tissue within WSI patches
to grade the PCa as per the clinical standards. Furthermore, the pro-
posed scheme does not incur any additional computational or training
cost (like its competitors), and with few-shot incremental learning, it
can effectively extract the prostate tissues. As reported in Table 2, in
the first training increment, the model E, is trained to recognize two
classes, representing the background region and stroma tissues, from
the WSI patches. E; learns this task using the categorical cross-entropy
loss function (£.,). In the second increment, the model E, learns to
distinguish between the background, stroma, and benign tissue regions
depicted within the WSI patches. Consecutively, in the ith increment,
the model instance E; learns i + 1 tasks using a small training set
that contains examples to learn new prostate tissue categories while
distilling the prior representations learned in the increment 1 to i — 1.
The training process continues for m increments, where the network
E,, learns to perform the m + 1 segmentation tasks. In each increment
i where i > 1, the model E; is trained using the proposed loss function
L;;, as expressed below:

Ly=L,+L,, 3
where
5 by—1c,—1
Lo=—3 2 210, log(p(l],)). @
s j=0 k=0
and
: by—1c¢,—1
L= ZO k}:,) a(t; ) 1og(a(t) ) /p(l%). ®)
G e

b, denotes the batch size, ¢, and ¢, denotes the number of old and
new classes, respectively, p(l;?! ) represents the probability of the logit
(I;,k) obtained from the jth training example for the kth class (learned
in increment 1 to i — 1). From Eq. (4), we can see that £, constrains
the model (in ith increment) to its retain prior knowledge, and g is
a hyperparameter that controls its remembrance capacity, i.e., a large
value of g enables the model to focus more on retaining the existing
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Table 3
The number of WSI patches used in the proposed incremental training and conventional
fine-tuning schemes.

Increment Incremental training Fine-tuning

Louisville PANDA Louisville PANDA
1 12.90M 12.70M 64.5M 63.5M
2 2.58M 3.17M
3 2.58M 3.17M
4 2.58M 3.17M
5 2.58M 3.17M

knowledge, while decreasing the f value ensures that the network pays
more attention towards learning newly added categories. The optimal
value of g which gives the best trade-off for learning new classes while
retaining the prior knowledge is determined through extensive ablative
experiments (reported in Section 4.1.3).

Moreover, to effectively learn new prostate tissue categories in
increment i, the E; model is also constrained via £,, as shown in Eq. (5),
where q(t;’ ) is the probability of the true labels (¢} ,) belonging to jth
example of the kth class, and p(l" ) denotes the probablhty of the logit
(l" ) generated from training example Jj for the kth class (learned in the
current ith increment). Apart from this, it should be noted that ‘m’ in
the proposed study is 5, i.e., m = 5, and it is chosen from the pixel-level
labels of prostate tissues (that range from 0 to 5), as reported in Table 2.
Also, unlike the state-of-the-art methods, the proposed scheme, due to
its incremental nature, can learn the prostate tissue extraction tasks
independent of their order. For example, the model E; can be trained to
identify the background and the GP-5 regions, and E, can be modified
to extract GP-4 tissues along with the background and GP-5 regions.
Similarly, E;, E,, and E5 can be tweaked to recognize GP-3, benign, and
stroma regions, respectively, along with retaining the knowledge about
segmenting the GP-4, GP-5, and the background regions. Reversing the
order does not affect much the overall performance of the employed
segmentation model (as it will be evidenced in Section 4.2.5). But the
ability of the proposed scheme to perform out-of-order prostate tissue
extraction is clinically significant because it allows the clinicians to
focus more on screening the early PCa cases or the severe PCa cases, as
per the trend of PCa cancer in their clinics and hospitals. More details
are presented in Section 4.2.5.

Apart from this, we also trained the segmentation model in a
conventional fine-tuning manner to provide the baseline comparison
for the proposed incremental instance segmentation approach. For this
baseline comparison, we first appended six classes in the final layer of
model to extract the background, stroma, benign, GP-3, 4, and 5 regions
from the WSI patches in one go. Moreover, after appending the classes,
we trained the model using £, loss function for 100 epochs (having
512 iterations in each epoch). The comparison between the incremental
instance segmentation and the conventional fine-tuning segmentation is
presented in Section 4.2.3.

2.8. Inference stage

After training the segmentation model till m incremental incre-
ments, we apply it to the test WSI scans, where the scans are first
decomposed into fixed-size non-overlapping patches. These patches are
then passed to the E,, which extracts and identifies the underlying
prostate tissues from it as per the clinical standards defined in Table 1.
Moreover, the segmented patches are then stitched together and are
passed to the PCa grading block to compute Gleason scores in order to
grade the input WSI sample.

2.8.1. PCa grading

We developed a simple yet effective rule to grade the PCa (within
the candidate WSI sample) as per the ISUP standards defined in Ta-
ble 1 [7]. When the stitched scan containing the segmented prostate
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tissues is obtained, we search for the presence of majority and minority
distribution of the prostate tissues (excluding the background region)
to compute Gleason scores, where the majority distribution is the
one that is most frequently observed within the input WSI sample,
and the minority distribution is the second-most frequently observed
prostate tissue representation within the WSI sample. For example,
if the majority distribution is GP-4 (having the label ‘4’), and the
minority distribution has GP-3 (having label ‘3’), then the Gleason score
is computed as 4+3, where the candidate WSI sample will be graded
as ISUP-3 [7]. Also, for the minority distribution to be considered
for the Gleason score calculation, its total area should be more than
3% of the overall tumor tissue area (represented by GP-3, 4, and 5
within the WSI sample). Otherwise, the Gleason score is computed by
multiplying the majority distribution label by 2. For example, if the
majority distribution label is GP-4 and the minority is GP-3, but the GP-
3 area is less than 3% of the total PCa tumoral area, then the Gleason
score would be 4+4, grading the WSI sample as having ISUP-4 level
PCa [7].

3. Experimental setup
3.1. Datasets

We evaluated the proposed scheme on two PCa datasets. The first
one is our local dataset, dubbed the Louisville dataset, and the second
dataset is the popular and publicly available Prostate Cancer Grading
Assessment (PANDA) dataset [60]. The detailed description of each
dataset is presented below:

3.1.1. Louisville dataset

The first dataset on which we tested the proposed scheme is the
Louisville dataset that contains 10,516 digitized H&E stained prostate
cancer histology samples, which are obtained after biopsy examination.
The Louisville dataset has been acquired from the Louisville Hospital,
and it has been extensively marked (both pixel-wise and biopsy-wise)
by the expert pathologists from the University of Louisville School of
Medicine, USA. In addition to this, each WSI has been divided into non-
overlapping patches of 350 x 350 x 3 (yielding around 71.7M patches).
As reported in Table 3, for the conventional fine-tuning (discussed in
Section 4.2.3), we allocated 90% of the data (within the Louisville
dataset) for training and the rest of 10% for testing purposes. Moreover,
for the proposed incremental instance segmentation, we used only 40%
of that 90% training data (that was used in the conventional fine-
tuning), where 50% of that 40% data is used in the first incremental (to
differentiate background and stroma regions), that the rest of the 50%
is used in the subsequent training increments to learn the remaining
prostate tissue categories.

3.1.2. PANDA dataset

The second dataset on which we trained the proposed scheme and
compared it with the state-of-the-art works is the PANDA dataset [60].
PANDA dataset was recently introduced in one of the MICCAI-2020
challenges that have been organized by Radboud University Medical
Center and Karolinska Institute in collaboration with Tampere Univer-
sity. Overall, the dataset contains 11,000 H&E-stained WSI samples that
have been acquired after a thorough biopsy examination. Moreover,
for these samples, detailed mask-level annotations were provided in
order to train and validate the computer-aided diagnostic systems for
extracting the stroma, benign, GP-3, 4, and 5 regions from the WSI
samples. Also, the dataset contains biopsy-level annotations to train
and validate these systems for computing Gleason scores and the ISUP
grades. For extracting the prostate tissues, we divided the dataset into
non-overlapping patches of 350 x 350 x 3 size, which results in around
79.4M patches. Apart from this, for the baseline experiments, we used
80% of the WSI samples for training purposes and the rest of 20%
for testing purposes. However, for incremental instance segmentation,
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we used only 40% of that 80% training data (used in the baseline
experiments). From that 40% data, we used 50% in the first iteration
and the rest of 50% data in the subsequent training increments as
reported in Table 3.

In addition to this, we only used the labels provided with the
PANDA dataset in order to maintain a fair comparison with the state-
of-the-art. Similarly, we discarded those cases for which the pixel-level
annotations were not provided by the dataset authors. The labels
marked in the PANDA dataset range from 0 to 5, where ‘0’ represents
the background region, ‘1’ represents the stroma region, ‘2’ represents
the benign region, ‘3’ illustrates the GP-3 region, ‘4’ represents GP-4,
and ‘5’ represents the GP-5. Furthermore, since the annotations of the
Karolinska institute scans do not differentiate between different Glea-
son pattern labels, therefore, in order to train the proposed framework,
we used a single tag ‘3’ to denote the cancerous tissues for the Karolin-
ska institute scans. Similarly, we used ‘0’ to represent the background
region and ‘1’ to denote stroma/benign tissues. Nonetheless, we believe
that combining the samples of Karolinska and Radboud institutes is not
a good approach, and such an experimental plan can also undermine
the performance of the underlying screening system towards accurately
extracting the prostate tissues. So, in the future, we envisage using only
the Radboud institute scans to grade prostate cancer tissues as per the
ISUP standards.

Moreover, as reported in Table 3, the proposed incremental in-
stance segmentation scheme requires 23.22M patches from the pro-
posed (Louisville) dataset and 25.38M patches from the PANDA dataset
in order to train the model. The number of these patches is around
60% less (or ‘fewer’) than the number of patches required in the
conventional fine-tuning process (as evident from Table 3). Hence,
relative to the traditional training approaches, we dubbed the proposed
scheme as ‘few-shot incremental learning’.

3.2. Implementation details

The proposed scheme is developed using Python 3.7.8, with Keras
2.3.0 and TensorFlow 2.1.0. The machine on which the experiments
were conducted has Intel(R) Core(TM) i9-10940X@3.30 GHz CPU,
160 GB RAM, NVIDIA Quadro RTX 6000 with CUDA v11.0.221, and
cuDNN v7.5. Apart from this, ADADELTA [61] was used as an optimizer
during the training with a default learning and decay rate of 1 and 0.95,
respectively. Also, the training was conducted using a batch size of 16.

3.3. Evaluation metrics

The prostate tissues extraction performance of the proposed scheme

is measured using intersection-over-union (IoU), as expressed below:
Tﬂ
IoU = ————, (6)
T,+F,+F,

where T, denotes the pixel-wise true positives indicating the correct
extraction of prostate tissue instances as compared to the ground truths,
F, denotes the false positives showcasing the incorrect recognition
of background pixels as prostate tissues, and F, represents the false
negatives indicating the incorrect extraction of prostate tissues as back-
ground. Moreover, we also computed the mean IoU (uloU) scores by
averaging the IoU scores of all the prostate tissue categories, respec-
tively. Apart from this, we used the area under the curve (AUC) and
the mean average precision (mAP) scores obtained from the ROC and
PR curves, respectively, to measure the tissue extraction performance.
Also, to measure the PCa grading performance of the proposed scheme,
we used biopsy-level true positive rate (Tpy), positive predicted value
(Ppy ), the F1 scores, and the quadratic weighted kappa, as expressed
below:
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where u represents the number of codes, w represents the quadratic
weights, x represents the predictions, and e represents the ground
truths. We also want to highlight here that we computed the quadratic
weighted kappa score at the ISUP (class) level in this research, where
to calculate kappa for each ISUP grade (class), we decomposed that re-
spective class as positive ‘1’ and the rest of the categories as negative ‘0’.
For example, to compute kappa for ISUP-1, we marked the prediction
of the proposed scheme for ISUP-1 as ‘1’ and the rest as ‘0’. Similarly,
to compute kappa for ISUP-2, we marked the predictions for ISUP-2 as
‘1’ and the rest as ‘0. To calculate kappa for ISUP-3 grade, we kept the
predictions of the proposed scheme as ‘1’ and the rest as ‘0’. To compute
kappa for ISUP-4, we marked its predictions as ‘1’, and the rest as ‘0’.
Moreover, to calculate kappa for ISUP-5, we kept its predictions as ‘1’
and the rest as ‘0’.

We also want to highlight here that in order to maintain a fair
comparison of the proposed framework with state-of-the-art, we used
the same experimental protocols and the evaluation metrics (including
the quadratic weighted kappa) for all the methods to compute their
quantitative scores.

4. Results

To evaluate the proposed scheme, we first conducted a series of
ablative experiments through which we determined the segmentation
network (to be used within the proposed scheme), the optimal back-
bone network to be coupled with the chosen segmentation model, and
the optimal value of the g that produces maximum segmentation perfor-
mance at the inference stage. After discussing the ablative experiments,
we present a comparative study in which we compared the performance
of the proposed scheme with state-of-the-art methods through different
metrics on both datasets. We also want to highlight here that the scores
for all of the experimentation (reported in this section) are obtained
by taking the mean of five consecutive runs. This ensures that these
obtained scores are not random but are statistically significant and
repeatable.

4.1. Ablation studies

The ablation studies which we report for the proposed scheme
relate to (1) determining the best segmentation network for extracting
prostate tissues from the WSI patches, (2) determining the best back-
bone network to give the optimal tissue extraction performance when
coupled with the best segmentation model, and (3) determining the
optimal remembrance factor g within £, objective function to achieve
the best incremental instance segmentation performance.

4.1.1. Choice of segmentation network

The proposed incremental instance segmentation scheme is inde-
pendent of the segmentation model, and thus it can be coupled with
any pre-trained network. To validate this, in the first ablation study,
we plugged different encoder-decoder, scene parsing, and fully con-
volutional networks, such as DRN [9], RAGNet [62], PSPNet [63],
UNet [40], and FCN-8 [64] within the proposed scheme, and deter-
mined the best segmentation network which can accurately extract
prostate tissues from the WSI patches. Moreover, for fairness, all of
the networks are backboned through ResNet-50 [65]. Apart from this,
we incrementally trained these models to extract different categories
of the prostate tissues, such as stroma, benign, GP-3, 4, and 5, and
measured their performance through mean IoU (uloU) scores, as shown
in Table 4. We can observe here that, on both the Louisville and PANDA
datasets, the overall best performance is achieved by the DRN [9]
which is leading the second-best RAGNet [62] by 4.01% and 5.78%,
respectively. Although DRN [9] achieved second-best performance for
extracting GP-5 on the Louisville dataset, and it is lagging behind
PSPNet [63] by 3.11%. But since it is outperforming the PSPNet [63]
for extracting other prostate tissues on both datasets, we chose it as a
candidate segmentation model within the proposed scheme to perform
the rest of the experimentation.
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Table 4
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Performance comparison of different segmentation networks for extracting the prostate tissues as per the
ISUP standards [7]. Bold indicates the best performance, while the second-best performance is underlined.
For fairness, all the segmentation networks are backboned through ResNet-50 [65] with g = 10, and are
trained incrementally using the same experiment protocols.

Dataset Tissues DRN [9] RAGNet [62] PSPNet [63] UNet [40] FCN-8 [64]

Louisville Stroma 0.7803 0.7524 0.7618 0.7296 0.7149
Benign 0.5226 0.4816 0.4652 0.4293 0.3724
GP-3 0.4198 0.4034 0.3759 0.3481 0.3156
GP-4 0.3887 0.3724 0.3497 0.3156 0.2803
GP-5 0.2951 0.2728 0.3043 0.2657 0.2518
uloU 0.4782 0.4598 0.4513 0.4176 0.3870

PANDA [60] Stroma 0.8143 0.7952 0.7748 0.7425 0.7294
Benign 0.5891 0.5176 0.4939 0.4402 0.4106
GP-3 0.4684 0.4482 0.4075 0.3518 0.3268
GP-4 0.4057 0.3940 0.3652 0.3264 0.3142
GP-5 0.3482 0.3271 0.3158 0.2953 0.2853
uloU 0.5251 0.4964 0.4714 0.4312 0.4132

Table 5 Table 6

Comparison of different backbone models, in terms of uloU scores, when plugged within
DRN [9] to extract the prostate tissues. Bold indicates the best performance, while the
second-best performance is underlined. The g value is chosen to be 10.

Performance of the proposed scheme (in terms of uloU score) for extracting prostate
tissues after being incrementally trained with different values of f. Here, the proposed
scheme is driven via DRN [9] with ResNet-50 [65] backbone. Bold indicates optimal

Dataset MobileNet [35] VGG-16 [66] ResNet-50 [65] performance.

Louisville 0.4419 0.4051 0.4782 Dataset s

PANDA [60] 0.4805 0.4638 0.5251 5 10 15 20
Louisville 0.3581 0.4782 0.3653 0.3128
PANDA [60] 0.4786 0.5251 0.4839 0.4452

4.1.2. Choice of backbone

The second series of ablation experiments is related to determining
the best backbone network that can produce distinct feature represen-
tations to optimally drive the DRN model (selected in the previous
ablative study) towards extracting the prostate tissues. For this purpose,
when installed different pre-trained networks, such as, MobileNet [35],
VGG-16 [66], and the ResNet-50 [65] within the encoder end of the
DRN [9], and trained it incrementally to extract the stroma, benign,
GP-3, 4, and 5 tissues. From Table 5, we can observe that, on both
the Louisville and PANDA [60] dataset, the best tissue extraction
performance, in terms of uloU, is achieved when the latent features
are generated through ResNet-50 [65], and it is leading the second-
best MobileNet [35] by 8.21% on the Louisville dataset and 9.28%
on the PANDA [60] dataset. The performance improvements with
ResNet-50 emanate from the fact that it uses more residual operators
to produce richer feature distribution while leading to the best tissue
extraction performance. Although, it uses more parameters than the
MobileNet [35]. But since our focus is on achieving more accurate
results, therefore, we chose ResNet-50 [65] as a candidate backbone
network for the rest of the experimentation.

4.1.3. Optimal remembrance factor

During the incremental training of the proposed scheme, g in L,
constrains the underlying segmentation network to retain its prior
knowledge while learning new segmentation categories. In this experi-
ment, we incrementally trained the selected DRN [9] model by varying
the g value from 5 to 20 in the step of 5 and then evaluated the trained
network on the test WSI scans in order to determine which g values
gives the best prostate tissues extraction performance. From Table 6,
we can see that, on both datasets, increasing g value makes the model
retain its prior knowledge by showing good resistance to catastrophic
forgetting (see the performance gain from f = 5 to f = 10). However,
increasing the value of f too much constrains it towards properly
learning the newly added categories, which results in the performance
degradation (please see the outcome of # > 10 in Table 6 for both
datasets). Therefore, we chose # = 10 as the optimal remembrance
factor for incrementally training the proposed scheme for extracting
the prostate tissues.

4.2. Comparative study

In this series of experiments, we compared the performance of
the proposed scheme with state-of-the-art methods for extracting the
prostate tissues and grading PCa as per the ISUP standards [7]. Fur-
thermore, we also compared the performance of the proposed scheme
with its baseline variant that is trained using the fine-tuning approach
with the dataset reported in Table 3. The purpose of comparing the
incrementally trained proposed scheme with the fine-tuning variant is
to see the extent of performance improvement which we get towards
grading PCa based on our incremental instance segmentation scheme
as compared to conventional semantic segmentation approach. More
details are presented in 4.2.3.

4.2.1. Comparison of prostate tissues extraction

In this experiment, we compared the performance of the proposed
scheme with the state-of-the-art methods on both datasets to extract the
prostate tissue from the WSI patches [6,10]. The comparison is reported
in Tables 7, and 8 where we can see that the proposed scheme outper-
forms the other frameworks by 2.01% on the Louisville dataset, and by
4.45% on the PANDA dataset [60] in terms of uIoU score. Moreover,
on both datasets, the second, and third-best performance is achieved
by the Mask Scoring (MS) R-CNN and the HoVer-Net [11] with the
uloU score of 0.4686 and 0.4667, respectively, and 0.5027, and 0.4960,
respectively. Furthermore, its worth mentioning that the proposed
scheme, although trained incrementally, produces competitive perfor-
mance with the conventional instance segmentation models such as MS
R-CNN [19], HoVer-Net [11], Mask R-CNN [45], and YOLACT [47], as
it can be seen in Tables 7, and 8. It is due to the fact that these models
localize the area of interest either through region-based [11,19,45], or
prototype-based proposals [47], which makes them vulnerable to the
scans having highly correlated structural and textural regions (such
as the prostate tissues within the WSI patches). On the contrary, the
proposed scheme uses DRN [9] for tissue extraction that generates
latent space representations by decomposing the scans across various
scales and then fuses these representations together to preserve the
contextual properties of the prostate tissues [9]. Nevertheless, for ex-
tracting the large regions of prostate tissues (especially GP-4 and GP-5),
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Table 7
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Prostate tissues extraction comparison in terms of (uIoU) on the Louisville dataset. For fairness, the backbone
of all the models is comprised of residual blocks [65]. Moreover, ‘DSRL’ stands for Dual Super-Resolution
Learning [67]. Also, bold indicates the best score, while the second-best performance is underlined.

Tissues Proposed MS R-CNN [19] Mask R-CNN [45] YOLACT [47] DSRL [67] HoVer-Net [11]

Stroma 0.7803 0.7696 0.7619 0.7483 0.6853 0.7641
Benign 0.5226 0.5013 0.4972 0.4628 0.3495 0.5083
GP-3 0.4198 0.3974 0.3906 0.3591 0.2847 0.4016
GP-4 0.3732 0.3746 0.3631 0.3066 0.2416 0.3652
GP-5 0.2951 0.3005 0.2960 0.2423 0.2245 0.2946
uloU 0.4782 0.4686 0.4617 0.4238 0.3571 0.4667

Table 8

Prostate tissues extraction comparison in terms of (uIoU) on the PANDA dataset [60]. For fairness, the
backbone of all the models is comprised of residual blocks [65]. Moreover, ‘DSRL’ stands for Dual
Super-Resolution Learning [67]. Also, bold indicates the best score, while the second-best performance is

underlined.

Tissues Proposed MS R-CNN [19] Mask R-CNN [45] YOLACT [47] DSRL [67] HoVer-Net [11]

Stroma 0.8143 0.7841 0.7984 0.7558 0.7154 0.7796
Benign 0.5891 0.5317 0.5243 0.4981 0.3781 0.5217
GP-3 0.4684 0.4253 0.4386 0.3824 0.3126 0.4452
GP-4 0.4057 0.3984 0.3969 0.3549 0.2843 0.3861
GP-5 0.3482 0.3280 0.3557 0.2756 0.2905 0.3475
uloU 0.5251 0.4935 0.5027 0.4533 0.3961 0.4960

the DRN [9] within the proposed scheme sometimes produces eroded
results, which affects a bit on the PCa grading performance, as shown
in Fig. 5. However, this limitation can be easily addressed through
additional post-processing schemes, as discussed within Section 5.

Apart from this, on the Louisville dataset, we also measured the
performance of the proposed scheme through AUC and mAP scores
generated through ROC and PR curves. From Fig. 4(A and B), we can
observe the proposed scheme achieved the AUC and mAP scores of
0.9658 and 0.9527, respectively, for extracting stroma regions as com-
pared to the rest of the tissues. Similarly, it achieved the AUC and mAP
scores of 0.9631, and 0.9514, for extracting benign regions, 0.9235, and
0.9134, for extracting GP-3 regions, 0.9044, and 0.8964, for extracting
GP-4 regions, and 0.9007, and 0.8852, for extracting GP-5 regions,
respectively. Here, we can also notice that there is a significant gap
between prostate tissues extraction performance in terms of uloU (as
evident from Table 9) and AUC (or mAP) scores (as evident from Fig. 4).
This performance difference emanates from the fact that the AUC
and mAP scores are computed through pixel-wise binary classification,
where the region of respective prostate tissue was assigned one while
the rest of the pixels were assigned zero, which resulted in the lower
number of F, and higher number of 7,. On the contrary, the uloU
scores (in Table 9) are computed through pixel-wise multi-class prostate
tissue segmentation which produces more F,. However, considering the
fact that the proposed scheme outperforms the state-of-the-art despite
being trained incrementally, the performance of the proposed scheme
is appreciable.

4.2.2. Comparison of PCa grading

In the next experiment, we compare the performance of the pro-
posed scheme with state-of-the-art schemes for grading PCa. Here, at
the inference stage, we first divide the candidate WSI sample into non-
overlapping patches and extract the prostate tissues from these patches.
Then we stitch these patches together and search for the presence
of majority and minority distribution of prostate tissues to compute
Gleason scores, where the majority distribution is the one which is
most frequently observed within the stitched WSI landscape, and the
minority distribution is the second-most frequently observed tissue
within the stitched WSI sample. After computing the Gleason scores,
the biopsy-level PCa grading is computed as per the ISUP standards
reported in Table 1. Then, the graded scans (from both datasets) are
evaluated using the Tpg, Ppy, F;, and the quadratic weighted kappa
scores, as reported in Tables 9, and 10. To ensure fairness, we trained

all the competitive methods using the same number of scans and the ex-
perimental protocols which we followed to train the proposed scheme.
From Table 9, we can observe that, overall, the best performance for
grading ISUP-2, ISUP-3, ISUP-4, and ISUP-5 on the Louisville dataset is
achieved by the proposed scheme, where it leads the other frameworks
by 1.24%, 10.73%, 0.458%, and 4.25%, respectively, in terms of F;
score. Similarly, on the PANDA dataset [60], the proposed scheme
achieved the performance improvement of 2.27%, 1.77%, 11.42%,
1.38%, and 4.29% in terms of F; score towards extracting the ISUP-
1, ISUP-2, ISUP-3, ISUP-4, and ISUP-5 PCa, respectively. Although, it
should be noted that on the Louisville dataset, for ISUP-1 grade, the
performance of the proposed scheme lags behind the training variant-IIT
teacher—student topology proposed by Marini et al. [36]. Nevertheless,
considering the fact that the proposed scheme has outperformed all the
competitive frameworks for extracting the rest of the ISUP grades on
the Louisville dataset, which is more critical, and also outperformed the
state-of-the-art towards extracting all the ISUP grades on the PANDA
dataset [60], the performance of the proposed scheme is appreciable.

4.2.3. Comparison with baseline variant

In these series of experiments, we compared the proposed scheme’s
performance with the baseline variant that is trained in a conventional
fine-tuning manner. Here, for each dataset, the number of scans that
we used for training is shown in Table 3. For fine-tuning variant,
we feed the data for all the five prostate tissue categories (plus the
background) at once, where using £, loss function, the selected DRN
model is trained for 100 epochs (containing 512 iterations in each
epoch) with a batch size of 16. Moreover, after training the model, we
applied it to the patched test WSI scan to extract the prostate tissues.
After extracting these tissues, each patch is stitched together, and this
stitched representation is passed to the PCa grading block to assess the
severity of PCa. Apart from this, the incremental instance segmentation
variant is trained using the same protocols as described in Section 2.7.
From Table 11, we can observe that, on the Louisville dataset, the incre-
mentally trained variant achieved 15.21%, 20.46%, 58.16%, 15.87%,
and 38.51% performance improvements over the fine-tuning variant
in terms of F1 score towards grading ISUP-1, ISUP-2, ISUP-3, ISUP-4,
and ISUP-5 PCa, respectively. Similarly, on the PANDA [60] dataset,
the incrementally trained variant achieved 18.42%, 21.70%, 58.46%,
17.42%, and 41.37% improvements in term of F1 score over the
baseline variants for grading ISUP-1, ISUP-2, ISUP-3, ISUP-4, and ISUP-
5 PCa, respectively. These improvements stem from the fact that the
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Table 9

PCa grading comparison with state-of-the-art methods on the Louisville dataset. For
fairness, all the models are trained incrementally using the same scans and experimental
protocols.
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Table 10
PCa grading comparison with state-of-the-art methods on the PANDA dataset [60]. For
fairness, all the models are trained incrementally using the same scans and experimental
protocols.

Method Metric ~ ISUP-1 ISUP-2  ISUP-3  ISUP-4  ISUP-5 Method Metric ~ ISUP-1 ISUP-2  ISUP-3  ISUP-4  ISUP-5
Proposed Tpr 0.602 0.607 0.568 0.742 0.567 Proposed Tpr 0.669 0.608 0.568 0.741 0.567
Ppy 0.327 0.539 0.118 0.311 0.125 Ppy 0.393 0.540 0.118 0.310 0.125
F, 0.424 0.571 0.196 0.438 0.245 F, 0.495 0.572 0.195 0.438 0.243
k 0.238 0.311 0.102 0.257 0.147 k 0.296 0.330 0.106 0.267 0.142
MS R-CNN [19] Ter 0.565 0.598 0.508 0.753 0.684 MS R-CNN [19] Tpr 0.635 0.598 0.508 0.741 0.684
Ppy 0.316 0.534 0.107 0.309 0.141 Ppy 0.382 0.530 0.106 0.305 0.140
F; 0.405 0.564 0.177 0.436 0.235 F; 0.477 0.562 0.175 0.432 0.233
k 0.221 0.303 0.085 0.255 0.131 k 0.277 0.318 0.088 0.259 0.135
HoVer-Net [11] Tpr 0.561 0.575 0.496 0.749 0.673 HoVer-Net [11] Tpr 0.628 0.575 0.496 0.749 0.673
Ppy 0.305 0.520 0.101 0.301 0.135 Ppy 0.371 0.518 0.101 0.299 0.135
F; 0.395 0.546 0.168 0.429 0.226 F; 0.467 0.545 0.168 0.428 0.225
k 0.206 0.280 0.076 0.241 0.121 k 0.262 0.297 0.079 0.250 0.126
Nagpal et al. [34] Tpr 0.549 0.568 0.484 0.736 0.684 Nagpal et al. [34] Tpr 0.597 0.568 0.484 0.746 0.684
Ppy 0.297 0.511 0.097 0.293 0.134 Ppy 0.357 0.504 0.096 0.291 0.133
F; 0.385 0.538 0.162 0.420 0.225 F; 0.446 0.534 0.160 0.419 0.222
k 0.193 0.267 0.069 0.229 0.119 k 0.239 0.280 0.071 0.238 0.122
Arvaniti et al. [10] Tpr 0.669 0.550 0.365 0.733 0.561 Arvaniti et al. [10] Tpr 0.694 0.554 0.365 0.731 0.561
Ppy 0.320 0.511 0.077 0.293 0.116 Ppy 0.370 0.502 0.075 0.288 0.114
F; 0.433 0.530 0.127 0.419 0.192 F; 0.483 0.527 0.125 0.413 0.189
k 0.230 0.263 0.039 0.228 0.091 k 0.264 0.274 0.041 0.232 0.093
Marini et al. [36] Tpr 0.678 0.539 0.377 0.755 0.572 Marini et al. [36] Tpr 0.697 0.541 0.377 0.741 0.572
Ppy 0.324 0.515 0.080 0.298 0.118 Ppy 0.370 0.502 0.077 0.289 0.115
F, 0.438 0.527 0.132 0.428 0.196 F, 0.484 0.521 0.129 0.416 0.192
k 0.236 0.266 0.043 0.237 0.096 k 0.264 0.271 0.044 0.234 0.095
Bulten et al. [39] Tpr 0.557 0.593 0.496 0.747 0.572 Bulten et al. [39] Ter 0.607 0.593 0.496 0.739 0.572
Ppy 0.303 0.517 0.101 0.299 0.119 Ppy 0.361 0.508 0.099 0.293 0.117
F; 0.392 0.552 0.167 0.427 0.197 F; 0.453 0.547 0.165 0.419 0.194
k 0.202 0.280 0.075 0.238 0.097 k 0.246 0.290 0.076 0.239 0.098
Strom et al. [41] Tpr 0.478 0.519 0.334 0.709 0.421 Strom et al. [41] Tpr 0.513 0.519 0.334 0.692 0.421
Ppy 0.234 0.433 0.059 0.249 0.077 Ppy 0.281 0.418 0.057 0.239 0.074
F; 0.314 0.472 0.101 0.369 0.130 F; 0.363 0.463 0.098 0.355 0.126
k 0.100 0.155 0.009 0.155 0.029 k 0.127 0.158 0.009 0.151 0.029

prostate tissues have similar textural representations within the WSI
patches and also have imbalanced data distribution between classes
(e.g., GP-3, 4, and 5 have a low number of samples as compared to
stroma and benign). Therefore, when the model is trained to recognize
all of the prostate tissue categories at once, its performance deteriorates
(especially towards extracting GP-3, 4, and 5). On the other hand, when
the model is incrementally trained with few-shot data distribution,
where it is constrained to equally emphasize on learning the new
categories while retaining the prior knowledge (through g factor), the
proposed scheme produces more robust results towards extracting the
prostate tissues, leading to a better PCa grading performance. Also, due
to the incremental nature of the proposed scheme, it can be deployed in
the clinical settings for grading PCa, where, if needed, it can be easily
adapted to learn new categories of cancerous tissues with few-shot
training, unlike the conventional fine-tuning system, which requires a
thorough training on large-scale and well-annotated data in order to
produce decent screening performance [16].

4.2.4. Qualitative evaluations

Fig. 3 reports the qualitative evaluations in which we can see that
the proposed scheme has decently extracted the prostate tissues from
the WSI patches. For example, see the pairs (A, B, C), (G, H, I), (J, K, L),
(P, Q,R), (S, T, U), and (AB, AC, AD) in Fig. 3. Although, we can notice
that the background region and the dark artifacts in many of the WSI
patches within Fig. 3 are classified as stroma and GP-5, respectively,
by the proposed framework. Nevertheless, such results are obtained
because of the discrepancies within the ground truth annotations,
which the clinicians marked, and since the proposed system is trained
on such data (that has irregular ground truth supervisions), it also
classifies the test WSI patches in a similar way. Apart from this, we also
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Table 11
Comparison between the incrementally trained and fine-tuned version of the proposed
scheme towards grading PCa as per the ISUP standards.

Dataset Variant Metric ISUP-1 ISUP-2 ISUP-3 ISUP-4 ISUP-5
Louisville Increment  Tpy 0.602 0.607 0.568 0.742  0.567
Ppy 0.327 0.539 0.118 0.311 0.125

F; 0.424  0.571 0.196  0.438 0.205

k 0.238  0.311 0.102  0.257  0.107

Fine-tuning  Tpg 0.586 0.504 0.258 0.711 0.471

Ppy 0.268  0.447 0.049 0.258 0.088

F; 0.368 0.474 0.082 0.378 0.148

k 0.149 0.175 0.004 0.170 0.046

PANDA [60] Increment  Tpy 0.669 0.608 0.568 0.741 0.567
Ppy 0.393 0.540 0.118 0.310 0.125

F, 0.495 0.572 0.195 0.438 0.205

k 0.296 0.330 0.106 0.267 0.112

Fine-tuning  Tpg 0.614 0.507 0.258 0.709  0.471

Ppy 0.317 0.437 0.048 0.252 0.086

F, 0.418 0.470 0.081 0.373  0.145

k 0.180 0.185 0.002 0.174 0.048

have some pixel-level misclassifications for extracting GP-4, and GP-5
in Fig. 3(F) compared to Fig. 3(E) but noticing the extreme overlap
between stroma, GP-4, and GP-5 tissues in Fig. 3(D), the extraction of
GP-5 in Fig. 3(E) is quite appreciable.

4.2.5. Reversing the prostate tissue learning order during training

In this experiment, we evaluated the proposed scheme’s capacity
to recognize the prostate tissues when their learning order is reversed.
For example, we trained E; to segment GP-5 and the background
regions in the first increment. Afterward, we modified E, to extract
GP-4, background, and GP-5 tissues. In the next increment, we updated
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' "RLE(AC)

Fig. 3. Qualitative evaluations of the proposed scheme. The first and fourth column shows the original WSI patches, the second and fifth column shows the ground truths, and
the third and sixth column shows the extracted results. Moreover, for better visualization, we have color-coded the scans here, where the black color in the second, third, fifth,
and sixth columns represents the background region, the green color represents the stroma regions, orange color represents GP-3 regions, yellow color represents GP-4 regions,

and the red color represents GP-5 tissues.
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Fig. 4. Performance evaluation of the proposed scheme for extracting prostate

E; to segment GP-3 regions while retaining its previous knowledge
about the background, GP-5, and GP-4. In the fourth increment, E, was
modified to extract benign tissues along with previously learned tissue
categories, and in the fifth increment, E5 was updated to extract the
background, GP-5, GP-4, GP-3, benign, and stroma tissue regions. From
Table 12, we can observe that although there is not much difference
in the overall performance of the proposed scheme (in terms of xIoU)
when the order of prostate tissue learning is reversed across both
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tissue patterns through (A) ROC and (B) PR curves.

datasets. But reversing the prostate learning order gave a considerable
performance boost of 31.40% and 56.96% on the Louisville dataset,
in terms of uloU score, towards recognizing the severe PCa grades
(i.e., GP-4 and GP-5) as compared to the conventional order. Similarly,
on the PANDA dataset [60], reversing the order gave 27.31% and
50.89% performance improvements over conventional order towards
extracting GP-4 and GP-5 regions, respectively. However, it should
also be noted that, at the same time, the overall performance of the
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(C)

Fig. 5. Limitation of the proposed scheme to produce eroded results. (A) original patch, (B) ground truth, and (C) the segmented tissue regions. These eroded results can be

corrected by employing additional morphological post-processing steps.

Table 12
Performance evaluation of the proposed scheme (in terms of uloU) when the order of
learning the prostate tissue extraction tasks is changed.

Dataset GP-5 GP-4 GP-3 Benign Stroma Mean

Louisville 0.6858 0.4904 0.4151 0.3511 0.3626 0.4610

PANDA [60] 0.7091 0.5165 0.4364 0.3702 0.3943 0.4853
Table 13

Clinical verification of the proposed scheme through the statistically significant r,
coefficient (having p-value < 0.05).

Metric Clinician-1 Clinician-2
r, 0.9192 0.8984
p-value 3.71 x 10725 2.12 x 10722

proposed scheme drops significantly for extracting the stroma, benign,
and GP-3 cases when the prostate tissue learning order is reversed (see
Tables 7, 8, and 12).

Within the clinical settings, it is sometimes more critical to yield
detection alarms for the early cancerous cases so that proper and timely
treatment can be given to the subject to diminish the PCa spread.
Similarly, it is equally important to accurately detect the severe PCa
(especially the GP-4 and GP-5 level tissues) to prevent the loss of the
subject’s life. Therefore, deciding the prostate tissue learning order (on
which the proposed scheme must be trained) depends on the clinical
needs. But it is worth noting that the proposed approach, to the best of
our knowledge, is the first PCa grading scheme (to date) that provides
this trade-off and the flexibility to extract prostate tissues independent
of their order due to its incremental nature, which can be tamed for
any clinical needs to timely and effectively treat PCa cases.

4.2.6. Blind testing

We also conducted another series of blind testing experiments
through which we validated the clinical applicability of the proposed
scheme by establishing its correlation with the diagnostics of the
expert pathologists in the clinical settings. Within these experiments,
we randomly passed 60 test WSI samples (from the Louisville and
PANDA [60] datasets) to the proposed scheme and to the pathologists
for PCa grading and measured the relationship between their prognosis
via Pearson correlation coefficient (r.). From Table 13, we can observe
that with both clinicians, the proposed scheme achieved the r, of
0.9192, and 0.8984, which is also statistically significant as p-value <
0.05. This indicates that the proposed scheme possesses the potential
to be deployed within the clinical settings for real-world screening and
grading of PCa progression via WSI biopsies.

4.3. Failure cases

Although, the proposed scheme (driven via DRN [9]) is quite robust
in extracting the prostate tissues to grade the PCa. Nevertheless, there
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are some cases in which the performance of the proposed scheme is
found to be bounded. The first case is related to the limitation of the
proposed scheme to produce eroded results, e.g., see pairs (D, E, F),
(M, N, 0), (V, W, X), and (Y, Z, AA) in Fig. 3, and also (C) in Fig. 5,
which affects the overall performance of the proposed scheme towards
accurately grading the progression of PCa. However, this issue can be
easily addressed through morphological dilation or an opening-based
post-processing mechanism which can be appended at the top of the
employed segmentation network (DRN [9]) during the inference stage.
Moreover, as the frequency of the GP-4 and GP-5 samples are very
less than stroma, benign, and GP-3 regions within both datasets (which
is natural), the segmentation model within the proposed scheme gets
more biased towards correctly predicting the healthy or early cancerous
cases (due to the imbalanced data), producing the second limitation
of the proposed scheme. However, this limitation can remedied in the
future by incorporating some imbalanced learning strategies such as
modulating factors [68], max-margins [69], and gaussian affinity [70,
71], within the proposed L;; loss function.

5. Discussion and conclusion

This paper presents a novel knowledge distillation-based instance
segmentation scheme for the extraction of highly correlated prostate
tissues from the WSI biopsies in order to grade the PCa progression
as per the ISUP standards. To the best of our knowledge, this is the
first attempt to blend knowledge distillation and incremental learning
with instance segmentation in order to extract prostate tissues which
are scarcely distinguishable even by expert pathologists. Moreover,
thanks to its incremental nature, the proposed scheme can robustly
recognize similarly structured prostate tissues (in any desired order)
with few-shot training.

We rigorously tested the proposed scheme under different experi-
mental settings where it outperforms its competitors for both prostate
tissue segmentation and PCa severity grading tasks. For example, from
Tables 7 and 8, we can see that, in terms of uloU score, the pro-
posed scheme outperformed its competitors by 2.01% on the Louisville
dataset, and 4.45% on the PANDA dataset [60] for extracting the
prostate tissues, such as stroma, benign, GP-3, 4, and 5. Similarly,
from Table 9, we can observe that the proposed scheme outperformed
the state-of-the-art by 1.24%, 10.73%, 0.458%, and 4.25% in terms
of F; scores on the Louisville dataset towards grading WSI biopsies
as ISUP-2, ISUP-3, ISUP-4, and ISUP-5, respectively. Also, from Ta-
ble 10, we can observe that on the PANDA dataset [60], the proposed
scheme produced 2.27%, 1.77%, 11.42%, 1.38%, and 4.29% perfor-
mance improvements over state-of-the-art in terms of F; score for
extracting ISUP-1, ISUP-2, ISUP-3, ISUP-4, and ISUP-5 PCa, respec-
tively. Apart from this, under blind testing experiments, the proposed
scheme achieved statistical significance correlation scores with the
expert pathologists towards grading PCa progression, which signifies
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its capacity to be deployed in clinical settings for screening PCa. Fur-
thermore, unlike the competitive methods, the proposed scheme, due
to its incremental nature, can learn the prostate tissue extraction tasks
periodically. For example, in clinical practice, the proposed scheme can
be initially deployed to differentiate between benign and GP-3 tissue
regions. Afterward, with the availability of annotated GP-4 and GP-
5 prostate samples (even in a smaller quantity), the proposed scheme
can learn the new GP-4 and GP-5 extraction tasks while retaining the
previously learned knowledge. To perform this action, the proposed
scheme would only require a small subset of examples (belonging to
both new and old categories) on which it will be constrained via £;; in
a few training increments. On the contrary, the same training behavior
cannot be achieved for the competitive methods as they are built
upon conventional transfer learning and fine-tuning approaches, which
require large-scale and well-annotated data at once to learn the GP
extraction tasks from the WSI patches. Here, if we mold these models
to learn GP extraction tasks in multiple passes. They would still be re-
learning the previously learned tasks using the same amount of data in
order to maintain their performance [53]. For example, if in the first
pass, they use x1 samples to learn t1 tasks. Then in the second pass,
they would need [x1, x2] samples to learn [t1, t2] tasks. However,
the proposed scheme, in the second pass, would only require around
[0.1*x1, 0.1*x2] samples to accurately learn [t1, t2] tasks. Hence,
the proposed scheme is practically more adaptable and scalable to be
deployed in the clinical practice for prostate tissue extraction and PCa
grading tasks as compared to the competitive methods. We also want
to highlight here that the proposed scheme has a trade-off between
retaining its old knowledge or retaining the new one during incremen-
tal training. But this can be tuned through the g hyperparameter that
controls the proposed scheme’s ability to pay more attention to learning
the newly added classes or retaining its prior knowledge. By adjusting
the p parameter accurately, we can improve the trade-off of screening
the severe cancerous cases or the early ones, which can lead to their
timely treatment within clinical settings. This feature also reflects the
adaptability of the proposed scheme for real-world deployment, as the
proposed scheme can be adjusted easily as per the trend of patients that
are more frequently come to the hospital.

We also want to highlight here that, although, the uIoU score within
Tables 4, 7, and 8 is relatively lower than 0.5. The main reason for
these lower values of xIoU is not the random classification. Instead, it
is the extreme class imbalance between stroma, benign, GP-3, 4, and 5
tissues in both datasets. For example, Tables 4, 7, and 8 show that all
the models can decently extract the stroma and benign tissues after the
first two incremental iterations. However, when they are incrementally
trained in the third, fourth, and fifth iterations to recognize GP-3, 4,
and 5, respectively, their performance deteriorates at a much higher
rate because of the imbalanced sample ratios between stroma, benign,
and GP-3, 4, and 5 tissues. Similarly, sometimes, the proposed scheme
produces the eroded results, especially on the imbalanced data, as
discussed in Section 4.3. Nevertheless, these limitations can be easily
addressed in the future by incorporating post-processing measures and
imbalanced resistant objective functions within the £;; loss function.
Also, in the future, we envisage validating the proposed scheme across
other types of cancerous pathologies.
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