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ARTICLE INFO ABSTRACT
Keywords: This study aims to enhance the robustness and generalization capability of a deep learning transformer model
Al

used for segmenting skin carcinomas and tissues through the introduction of incremental learning. Deep learning
Al models demonstrate their claimed performance only for tasks and data types for which they are specifically
trained. Their performance is severely challenged for the test cases which are not similar to training data thus
questioning their robustness and ability to generalize. Moreover, these models require an enormous amount of

Incremental semantic segmentation
Incremental learning

Continual learning

Knowledge distillation

Mutual distillation loss annotated data for training to achieve desired performance. The availability of large annotated data, particularly
Transformer for medical applications, is itself a challenge. Despite efforts to alleviate this limitation through techniques like
Segformer data augmentation, transfer learning, and few-shot training, the challenge persists. To address this, we propose
Skin cancer refining the models incrementally as new classes are discovered and more data becomes available, emulating the
Non-melanoma skin cancer human learning process. However, deep learning models face the challenge of catastrophic forgetting during

Computational histopathology incremental training. Therefore, we introduce a two-dimensional hybrid incremental learning framework for

segmenting non-melanoma skin cancers and tissues from histopathology images. Our approach involves pro-
gressively adding new classes and introducing data of varying specifications to introduce adaptability in the
models. We also employ a combination of loss functions to facilitate new learning and mitigate catastrophic
forgetting. Our extended experiments demonstrate significant improvements, with an F1 score reaching 91.78,
mlIoU of 93.00, and an average accuracy of 95%. These findings highlight the effectiveness of our incremental
learning strategy in enhancing the robustness and generalization of deep learning segmentation models while
mitigating catastrophic forgetting.

1. Introduction evolution. While humans continuously grow with time in their abilities
and knowledge, AI models fail to evolve. Hence, their application is
1.1. AI models limited not only to a particular set of tasks but also to types of test cases.
Al models perform only those tasks they have been trained for and

Al has gone miles and manifested its impact in almost every field of perform well on test cases similar to their training data.

life since its introduction. It has made life easier in day-to-day living and

enhanced efficiency in professions, businesses, and academia. Its impact

is particularly notable in healthcare and diagnostics. While AI with its 1.2. Growth and robustness of Al models

deep learning models has been able to match human performance in

certain cases and even surpassed in a few, there is a visible limitation of The ability to grow in capabilities and perform more tasks with

these models when compared with humans; these are incapable of acceptable performance is desired from AI models irrespective of their
field of application. Al, whether it is employed for self-driving cars,
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virtual assistance, business analytics, health care, or digital diagnostics,
faces new challenges every day. The discovery of new challenges and
anomalies leaves well-trained and previously well-capable Al models
redundant due to their inability to evolve. Many efforts have been made
to enable models to evolve through incremental learning. However, all
of these efforts are seriously challenged by their inability to retain
previously learned knowledge while learning new one. These models
tend to forget previously gained knowledge while learning new and the
attribute is called catastrophic forgetting [1,2]. Noticeably, while most
initial efforts for incremental learning focused on classification models
[3-10], segmentation models have also been experimented with incre-
mental learning to enable them to segment new types [11-15].

2. Related work
2.1. Incremental learning

Al models experience catastrophic forgetting when trained for new
tasks. To address this challenge, several incremental learning ap-
proaches have been developed. One commonly adopted approach is
knowledge distillation [16], where a new model is trained to replicate
the outputs or representations of the original model while learning new
knowledge [4,14,17-20]. Another approach involves storing exemplars
from representative classes [5,15,21-24], but the selection of appro-
priate exemplars is crucial. Zhuang et al. [25] suggest criteria for
selecting suitable exemplar sets for replay. Smith et al. [26] and Mar-
acani et al. [27] suggest the use of synthetic data for replay instead of
storage. Dynamically expandable networks have also been proposed for
incremental learning [28-30]; these suggest adding a new component at
each subsequent stage of learning along with a method to scale the
network. Joint training of new models using both old and new data to
overcome catastrophic learning has also been used [31]. This is an
exhaustive approach; however, if the major portion of training data
belongs to new tasks with only a small proportion belonging to old ones,
then it really helps alleviate catastrophic forgetting. The classes, how-
ever, that have become obsolete and redundant should be omitted from
training data. Besides catastrophic forgetting and unlike classification,
incremental semantic segmentation faces a critical issue of background
shifting. Background shifting is a phenomenon where a segment iden-
tified by the original segmentation model as background may belong to
a new class introduced later through the incrementally trained model.
Pseudo-labeling is generally the most common approach to address
background shifting where background regions of new training images
are labeled based on the primary knowledge of the original model [13].
Another approach is to identify feature-rich salient segments and iden-
tify them as unknown classes rather than the background [15]. Incre-
mental learning can be classified into three scenarios: task-incremental
learning, domain-incremental learning, and class-incremental learning.
Task incremental learning is a learning paradigm where a model
sequentially learns to solve a series of distinct tasks, with each task
presenting a unique learning objective or problem to be solved. This
approach enables the model to gradually accumulate knowledge and
adapt its capabilities over time to perform new tasks. Domain incre-
mental learning focuses on training a model to solve problems in varying
contexts and domains. In this paradigm, the model learns to generalize
across different environments or datasets, allowing it to perform effec-
tively in diverse real-world situations. In class incremental learning, the
model incrementally learns to discriminate among newly observed
classes while retaining knowledge of previously learned classes. This
learning strategy enables the model to adapt to an expanding set of
classes over time, facilitating continuous improvement and refinement
of its classification abilities [32]. Our proposed work belongs to the
class-incremental learning scenario, believed to be the most challenging
for deep neural networks, particularly without having a memory
component.
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2.2. Semantic segmentation

Automatic semantic segmentation is a computer vision task requiring
each test image pixel to be identified as one of the differentiable cate-
gories, including the background. However, semantic segmentation
cannot determine whether two different pixels belonging to a similar
category are part of the same object. It is a core task in many computer
vision applications such as self-driving cars, autonomous robots, sur-
veillance, medical diagnostics, and image analysis. Many notable se-
mantic segmentation models have been introduced over time and among
these, fully convolutional network (FCN) [33] pioneers the modern se-
mantic segmentation approaches. It employs convolutional layers
instead of fully connected layers, incorporates skip connections for
feature extraction, and has demonstrated high performance at semantic
segmentation tasks. U-net [34] is well known for its ability to identify
subtle and intricate details in images, making it suitable for processing
high-resolution images and thus has been widely used in biomedical
applications. A few more notable models include Deeplab series
[35-371, Segnet [38], Efficient Neural Network (ENet) [39], ResNet
[40], Pyramid Scene Parsing Network (PSPNet) [41] and EfficientNet
[42].

Since their introduction, transformer-based segmentation models
and approaches utilizing attention mechanisms have outperformed
conventional CNN models. Vision Transformer (ViT) [43], Segformer
[44], Swin Transformer [45], SETR [46], and Maskformer [47] have
shown promising results at semantic segmentation. The ability of
transformer-based models to capture global context, long-range de-
pendencies, and relationships between pixels in an image proves them
well-suited for most segmentation tasks.

In addition to the previously highlighted models, TransUnet [48] is
another prominent hybrid model that combines the strengths of both
transformer and U-Net. The high-resolution feature maps of U-Net,
combined with the global context extracted by the transformer,
contribute to its promising performance at segmentation tasks. Pyramid
Vision Transformer (PVT) [49] capitalizes on the best of both CNN and
transformer architectures, making it well-suited for high-resolution
tasks with relatively low computational requirements.

2.3. Incremental semantic segmentation

The segmentation models discussed earlier require knowledge of
classes and training data during the training process, which is conducted
in a single iteration. This constraint limits their robustness and ability to
effectively adapt to new tasks, despite their demonstrated performance
at previous tasks. An attempt to update these models for new classes is
challenged by catastrophic forgetting, which imposes serious re-
strictions on maintaining prior performance. Additionally, these models
exhibit high sensitivity to variations between test data specifications and
the training data. Given the dynamic nature of real-world applications,
characterized by the continual emergence of new classes and diverse
data, there is a growing demand for incremental learning approaches.
Incremental learning aims to develop segmentation models capable of
adapting to new classes, tasks, and domains, thereby enhancing
robustness across different test data specifications.

As already highlighted, most incremental learning research has
focused on classification tasks [3-8,21]. However, recognizing the lim-
itations of existing semantic segmentation algorithms and the potential
benefits of incremental learning, there has been increasing research
interest in incremental semantic segmentation.

Incremental semantic segmentation not only faces the challenge of
catastrophic forgetting like incremental classification but also encoun-
ters the additional challenge of background shifting. Among many ap-
proaches proposed so far, knowledge distillation is the most common
approach to address catastrophic forgetting in which a new model is
made to replicate the results, features, or representations of the old
model. Kirkpatrick et al. [9] employ two loss functions for knowledge
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distillation, one for replicating the intermediate feature space and
another for the output space. Michieli et al. [12] enforce knowledge
distillation by replicating the latent space of the new model with the
older one. Besides, it sparsifies features to accommodate the learning of
new classes and employs contrastive learning for class clustering. Zhao
et al. [50] propose knowledge distillation at the intermediate and output
layers along with contrastive learning to address semantic distribution
shift. Michieli et al. in their work [19,51] have proposed output and
feature-level distillation losses for knowledge distillation. Additionally,
they recommend freezing certain parts of the model to enhance stability
by preventing learning. Douillard et al. [13] introduce a distillation
technique that matches long-term and short-term dependencies of
models at the feature level by comparing output at each intermediate
layer. Oh et al. [52] suggest an adaptive logit regularizer that alleviates
catastrophic forgetting while maximizing the learning of new classes.
Kalb et al. [53] identify biased learning of new classes and semantic
shifts in the background as the main causes of catastrophic forgetting,
proposing an unbiased cross-entropy loss for classification and knowl-
edge distillation as the solution. Cermelli et al. [14] also highlight the
issue of semantic distribution shift associated with incremental semantic
segmentation and propose a distillation framework to tackle it. More-
over, it suggests a method to initialize classifier parameters to ensure
unbiased predictions for both background and new classes. Cha et al.
[15] prevent forgetting by freezing part of the previous model and
employ pseudo-labeling to mitigate catastrophic forgetting. Zhang et al.
[54] suggest knowledge distillation using a representation compensa-
tion module with two branches, one frozen for stability and the other
trainable for learning new knowledge. The method additionally, em-
ploys 3D knowledge distillation by pooling spatial and channel
information.

Another approach to preserve the knowledge of previously trained
models involves replaying examples belonging to old classes. Re-
searchers also employ this technique to preserve knowledge in semantic
segmentation tasks. Cha et al. [15] integrate the replay strategy with
knowledge distillation by storing a selected, class-balanced set of past
data as exemplars. In addition to knowledge distillation and parameter
freezing, Kirkpatrick et al. [9] also suggest replaying a small portion of
data belonging to old tasks to preserve knowledge. Oh et al. [52] suggest
extracting features for each class, averaging them on a per-class basis,
and storing a specific number of features for replay during training at
each incremental stage. Yu et al. [55] also suggest rehearsals for
retaining knowledge about old classes. Unlabeled data is pseudo-labeled
by both the old model and a temporary model trained for new tasks and
fusion of these pseudo-labeled data is employed for replay. Maracani
et al. [27] collect replay data for past classes through web sources and
also generate it through GAN. This replay data is then combined with
new data, and the new model is jointly trained using both old and new
classes. As already highlighted background shift is one of the major
challenges in class incremental semantic segmentation [53]. Goswami
et al. [56] suggest the selection of the most relevant channels from the
background of the previous model and transferring only these weights to
the new model. The approach addresses the background shift problem
and enhances the plasticity of the new model. This improvement aids in
predicting new classes, mitigates background semantic shift, and alle-
viates catastrophic forgetting. Cermelli et al. [57] explicitly suggest
methods to address the background shift problem by introducing new
classification and distillation losses. These losses incorporate both the
new classes and previously seen classes that appeared as background in
new training samples. Additionally, it tackles biased prediction by
introducing a novel weight initialization method at each incremental
step. Yang et al. [58], Douillard et al. [13], and Cha et al. [15] address
background shift through pseudo-labeling.

After the success of transformer models in semantic segmentation,
they are now being utilized in incremental semantic segmentation set-
tings. A pioneering attempt in this direction is [59], which employs
transformers for incremental semantic segmentation. It exploits the
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ability of Segformer [44] to generate self-attention maps and utilizes
them for knowledge transfer to new models. Similarly, Shang et al. [60]
employed Segmenter [61] where the transformer decoder only requires
new class tokens for learning. Besides, the approach suggests an unbi-
ased classification strategy and a distillation approach that solely fo-
cuses on the old classes, thereby improving stability. Apart from
experimental settings, incremental semantic segmentation has also been
employed in practical scenarios like cardiac image segmentation [62]
and diabetic retinopathy lesion segmentation [63].

Skin cancer is a significant global health concern with high incidence
rates worldwide. In cases where it is diagnosed early, skin cancers often
demonstrate high rates of recovery. However, the contrast between
lesion and non-lesion areas in skin cancer images tends to be low.
Therefore, distinguishing between these areas requires expertise, often
leading to differences of opinion among dermatologists during diag-
nosis. Therefore, computer-aided automatic diagnostic systems are
critical for successfully diagnosing skin lesions. However, the automatic
analysis of human skin is challenging due to variations in features such
as roughness, tone, and hair mass, which depend on various factors [64].
Automatic skin lesion analysis typically involves four stages: pre-
processing, segmentation, feature extraction, and classification [65].
The effectiveness of classification relies heavily on the outcomes of the
preceding stages [66]. Segmentation of skin lesions is one of the critical
methods for developing an accurate diagnostic system. Segmentation is
the process of separating a lesion area from a non-lesion area in an image
[67]. Successful segmentation enhances the contextual understanding of
features and diseases needed for the subsequent classification step [68].
Research by Thomas et al. [69], Oztiirk et al. [70], Wu et al. [71],
Kleczek et al. [72], and another study by Wu et al. [73] has lately
contributed to skin lesion segmentation, yielding promising results.
However, their results still fall short of expectations.

In this work, we introduce a 2-dimensional hybrid incremental
learning (2DHIL) framework for semantic segmentation. It combines
knowledge distillation and joint training to overcome catastrophic
forgetting. The capability of the proposed model grows incrementally in
two dimensions. It not only learns to segment more classes but also
grows to test heterogeneous samples of different specifications. We
propose a combination of loss functions for new learning and knowledge
distillation. The proposed knowledge distillation approach employs self-
attention feature maps extracted through multiple transformer blocks of
the hierarchical encoder proposed in Segformer [44]. Moreover, joint
training has also been incorporated for incremental training of the new
model with a major portion of training samples from new classes and a
small portion from old classes. It is however highlighted that data
belonging to old classes has not been previously used in the training of
the original model. The proposed model has been tested through a
complex practical problem of segmenting non-melanoma skin cancer
and tissues from histopathology images. The results of our tests advocate
that the method can be successfully employed for semantic segmenta-
tion in practical applications. The method is particularly useful for ap-
plications where the problem set is expected to change by the
discoveries of new challenges or in cases where specifications of test
samples may vary due to progress in imaging techniques. The contri-
butions of the study are listed as follows:

e We propose a novel 2-dimensional hybrid incremental learning
framework. This framework employs an incremental semantic seg-
mentation loss, developed by combining classification loss, mutual
distillation loss, and KL divergence. The incremental semantic seg-
mentation loss ensures new learning and knowledge distillation,
effectively mitigating catastrophic forgetting. Additionally, the
framework employs joint training with both previously known and
new classes, in appropriate proportions.

e To the best of our knowledge, this is the first incremental learning
semantic segmentation model that employs Segformer for a practical
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Fig. 1. 2-Dimensional hybrid incremental learning (2DHIL) framework for incremental semantic segmentation. (A) Schematic explanation of the training phase
where class incremental learning and data incremental learning progress along the horizontal axis and vertical axis respectively. (B) The testing phase of the model

where the test set includes data of all the classes and specifications.

application and demonstrates performance by segmenting non-
melanoma skin cancer and tissues.

o This study employs a mutual distillation loss function, for the first
time, in an incremental semantic segmentation problem.

3. Methodology

Our proposed incremental learning framework for semantic seg-
mentation, named 2-dimensional hybrid incremental learning (2DHIL),
is configured to train AI models simultaneously in two directions as
shown in Fig. 1. The learning along the horizontal axis is class incre-
mental learning and along the vertical axis, it is data incremental
learning.

3.1. Class incremental learning

Our framework is trained to gain more knowledge and identify more
classes along the horizontal axis as depicted in Fig. 1. This learning is
class incremental learning enhancing the capability of the model and

enabling it to segment more classes and anomalies. The model is origi-
nally trained to identify skin tissues and Intraepidermal carcinoma (IEC)
with training samples and masks of a particular resolution. From this
point onward training proceeds in two directions such that along the
horizontal axis, the model is trained to identify new classes. Moving
along the horizontal axis in the next step, the model is incrementally
trained to recognize a new class of squamous cell carcinoma (SCC) in
addition to already learned classes. In this phase of training the model is
presented with training data and segmentation masks of both previous
and new classes but the major portion of training data belongs to the
new class. In the subsequent step, the model is again incrementally
trained in the same direction for the identification of a novel class, basal
cell carcinoma (BCC) with training data of BCC in greater proportion
however a smaller portion of data pertaining to old classes is also used to
overcome catastrophic forgetting through replay.

3.2. Data incremental learning

In data incremental learning, the model is trained to process and
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Fig. 2. Proposed composition of new and old data for joint training at each incremental stage of learning.

identify classes from data of varying specifications. This learning makes
the model robust addressing its sensitivity to data specifications. Fig. 1
shows data incremental learning along the vertical axis. Data incre-
mental learning for our proposed model is similar to class incremental
learning. Firstly, the model is trained to identify classes through data of
a particular resolution. Later, in each subsequent step training data of
both new and old resolutions is used with a major portion of the new
resolution thus enabling the model to handle data of varying
specifications.

Moreover, it is important to notice that training in a particular di-
rection that is toward class incremental learning or data incremental
learning is not strictly necessary; it may take the course as need be
depending on the discovery of a new class or data of a new specification.

3.3. Training phase

We incrementally train our model to learn new knowledge while
preserving the previously gained one. We employ a hybrid approach to
address catastrophic forgetting, the biggest challenge in incremental
learning. We, for the first time, combine mutual distillation loss function
in incremental semantic segmentation problem for knowledge distilla-
tion along with replay of old classes. We ensure the replay of previously
trained classes at each incremental learning stage. Therefore, the
training data at each incremental stage includes both new classes (not
previously trained) and old classes in proportion, as depicted in Fig. 2.
As shown in Fig. 2, the training strategy is implemented in three phases:
Phase-I, Phase-II, and Phase-III. Each phase employs data from all classes
but of different resolutions. These phases correspond to data incre-
mental learning. Furthermore, each phase is subdivided into three steps,
each corresponding to class incremental learning. As depicted in Fig. 2
Phase-I uses 50% training data of 2x resolution. The training data of this
phase is further divided class-wise in each step. Step-I employs 50% of
IEC training samples to train the model for the identification of skin
tissues and IEC. It is worth noting that in the initial stage of training, all
training data is entirely new, and the model has not been previously

trained to identify any of the classes presented; this data is referred to as
new data. In step-II, 25% of the data belonging to IEC of 2x resolution is
used. As the model has already been trained to identify IEC from images
of 2x resolution, this data is considered old data. Additionally, 50% of
the data for SCC also forms part of the training data and is referred to as
new data. Similarly, Fig. 2 illustrates the composition of new and old
data for training at each stage of incremental learning.

3.3.1. Knowledge distillation and new learning

In each training phase, whether incrementing to learn new classes or
adapting to data of new specifications, we utilize a combination of three
loss functions to enforce three constraints: classification loss, mutual
distillation loss, and Kullback-Leibler (KL) divergence. The incremental
semantic segmentation loss L;; is defined as follows:

Liss = Lc 4+ Ling +Lgg. (@]

L, here is the classification loss, L,,q is the mutual distillation loss and Lg;
is the KL divergence.

3.3.2. Classification loss

The classification loss L. is computed using categorical cross-
entropy, ensuring that the model learns to identify and segment all
classes presented in the current training phase. As our dataset includes
both new and old classes, the model reinforces previously learned
classes while learning new ones. The classification loss is defined as
follows:

L

Nei—

-

w—

,_‘
:t:
L

1 5=

L=

Repnew Xijwh) 108D (Repyqlcl = clijwp) 2
0

o«
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o
&>
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here b represents the batch size and N,; denotes the total number of
classes in the current training phase. W and H stand for the width and
height of the image, respectively. Repis is the representation of a label
pertaining to a new class, Rep, is the representation belonging to a
previously learned class and cl represents classes. Moreover, the input at



M. Imran et al.

each stage of incremental learning is a color image x such that x € R?
that includes training data for both old and new classes and of all
specifications.

3.3.3. Mutual distillation loss

The Mutual distillation loss L4, as proposed by [18], employs
Bayesian inference to evaluate structural and semantic similarities be-
tween representations of the original and incrementally learned
knowledge. It jointly optimizes these representations, ensuring that
while learning new knowledge, the original knowledge of the model is
preserved.

Ly is calculated by jointly optimizing the distributions of previous
and new representations as follows:

p(Repold ) Repnew) = p(Repold ‘Repnew) X p(Repnew) (3)

p(Repnew ) Repold) = p(Repnew ‘Repold) X p(Repold) (4)

Where Rep,,,, and Rep,,, are the feature representations belonging to
new and old knowledge, respectively.

Incorporating the distributions pertaining to representations of
knowledge in model training enables the model to understand the
relationship between both newly acquired knowledge and that of the
original model. This ensures that the model optimally learns new
knowledge while preserving the one already gained by the original
model. Since this knowledge and these representations are about
different classes, incorporating classes in Eqs. (3) and (4) results as
follows:

Ny—-1

= Z p(Repold|Repnew! c= Cli) Xp(Repnew‘Cl = di)

i=0

p(Repuld ) Repnew ‘ Cl)
)
Ny-1

Z p(Repm?W|RepOld’ c= Cli) ><p(Repold‘Cl = Cli)
i=0

P(Rep,,,, Rep ylcl) =
(6)

Ny, as already indicated, is the number of classes.

The class conditional probabilities for representations given partic-
ular classes are approximated through multivariate Gaussian distribu-
tion as follows:

NI X0) = g =50 -7 G m )

where y €y and y = {x|x € RZ} are the color segmentation masks
belonging to training samples of both old and new classes, d is the
dimension of data, y is mean and } is the covariance of distribution and
calculated as follows:

ﬂ:ﬁtzy ®

G-w@-n" ©)

1 N,
Z:th;

Assuming N represents the number of data samples belonging to
class cl; and N, denotes the total number of data samples in the dataset
belonging to all classes, then the prior probability of class cl;, can be
calculated as:

Ncll
N;

p(cl=cl) = 10

Now, Bayes' rule is used to calculate the posterior for each class cl;,
using class conditional probabilities computed using Eq. (7) and prior
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probabilities computed using Eq. (10).

p(Repold Repnew|d = di)p(d = Cli)

cl = cli|Rep,4, Rep,,,,) = an

e R P e e R Repenlel = L)
(el = cliRep,q,. Rep,yg) = P\ EcPrew: RePoulcl = cIp(€l = cl) 12)

Zl ~0 p(Repnew7 Repold‘d = di)

Taking log on both sides of 11 results:
(Rep,ig; RePpey|cl = cli) x p(cl = cL)
1 —cl -1 ol new
ng(d Cll|Repold7Repnew) 0og (RepoldvRepnew‘d — Cli

13

and Lpq for class cl; is calculated by jointly minimizing logp(cl =
Cli‘RepoldvRepnew) and Ing(Cl = CliIRepnew7Repold):

Lma(cly) ZREPozd X; / 7logp(cl
np—1
ZRepnew / rlogp(cl

= cli|Rep,,,,, Rep,,) a4

=cl; |Repold7 Repnew

where 7 is the scaling factor, n, and n, are the number of old and new
samples respectively.

3.3.4. KL divergence

Additionally, we employ KL divergence loss in our model to support
new learning. This loss measures the disparity between the model's
predictions and the true labels by comparing their probability distri-
butions. Minimizing KL divergence aligns the model's predictions with
the true labels. KL divergence is given as:

bs—1 Ng—-1 W-1 H-1

R true -
LKL _ Rep"ew Xiju log ( €Pnew (xl.].w.h) )

P(Repylcl = clijaun)

e

i=0 j=0 w=0 h=0

(15)

3.3.5. Replay through joint training

To ensure the replay of learned classes through joint training, we
propose that training data at each incremental step should include both
old and new classes. Given that the old classes have already been learned
and previous knowledge of the model is also preserved via knowledge
distillation, we recommend that data from new classes should constitute
the majority. It is also pertinent to mention that our approach does not
require any memory component as we do not recommend storing any
data or representations rather we propose using unseen data of old
classes in a limited number for replay. We further propose to eliminate
the replay data for the classes that become obsolete over time.

3.4. Testing phase

The final model, incrementally trained for both class and data in-
cremental learning using our proposed framework, not only can segment
more classes than the original model but it can also handle data of
varying specifications. Our trained model can segment skin tissues and
all three types of non-melanoma skin cancers i.e. IEC, SCC, and BCC
without any strict constraint on the resolution or specifications of test
data. Therefore, our proposed incremental learning framework makes a
segmentation model robust, versatile and provides it with the capability
to evolve with time. It is worth noting that during testing, we employ a
single-head evaluation strategy, where test samples from all classes and
data specifications are evaluated together and scored accordingly.
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Fig. 3. Multi-resolution samples of skin tissues and non-melanoma skin cancers (IEC, SCC, and BCC), corresponding segmentation masks, and color palette. (A) Data
samples and corresponding masks of 10x resolution. (B) Data samples and corresponding masks of 5x resolution. (C) Data samples and corresponding masks of 2x

resolution. (D) All 12 classes with corresponding color palettes.

4. Experiment
4.1. Dataset

The dataset provided by [74], comprising 290 histopathology images
along with corresponding manually created segmentation masks, has
been used in our experiments. The dataset contains 290 slides indicating
specific tissue sections that represent typical instances of non-melanoma
skin cancer. In the dataset, there are 140 slides of BCC, 60 slides of SCC,
and 90 slides of IEC, which represent three different types of non-
melanoma skin cancers in different proportions. Also, the specimens
have been obtained differently; 132 specimens have been extracted
through excision biopsies, 100 through shaving and the remaining 58
have been obtained through punches. The sections of tissues that are
most representative of cancer have been indicated on each slide by the
pathologist. The data collection effort spans over four months starting
from late 2017 to early 2018. The data has been collected from patients
with ages spread over a wide range; the youngest being 34 and the oldest
being 96 with a median age of 70. Besides, male to female ratio among
patients is 2:1. The slides of biopsy samples have been imaged at high
resolution, preprocessed, and saved as TIF images.

4.2. Segmentation and ground truth

The dataset has 12 distinguishable classification categories which
include three types of carcinomas, multiple skin tissues, and back-
ground. BCC, SCC, and IEC are the three carcinomas and skin tissues
include glands (GLD), hair follicles (FOL), inflammation (INF), reticular

dermis (RET), hypodermis (HYP), papillary dermis (PAP), epidermis
(EPI) and keratin (KER). Besides these, background (BKG) is also iden-
tified as a different category. A diligent effort of approximately 250 h has
been put in by trained professionals and pathologists to create seg-
mentation masks for these slides. While creating these masks, each pixel
of the slide has been identified as one of the twelve categories and
painted in a different color. Therefore, each pixel of the resultant mask
has one of the twelve colors for which ImageJ software has been used.
These segmentation masks have been saved in PNG format. All these
categories and respective colors are shown in Fig. 3.

It is interesting to note that while identifying boundaries between
tissues and carcinomas, pathologists do not work on a fixed magnifica-
tion level rather magnification is varied depending on the complexity of
the specimen and density of co-located categories. Moreover, different
imaging equipment held at different labs does not necessarily have
similar magnification capacity hence collection of data on a particular
resolution is although possible but can be very difficult and impractical.
Moreover, a model trained on a fixed resolution or magnification level
may not be accurate enough when presented with a specimen of a
different resolution. To make a model robust and accurate for specimens
collected at different magnifications and resolution levels by different
imaging equipment, it is important to train it on data of varying
magnification and resolution. This is why our proposed framework
makes use of down-sampled images of original data. The original data
has been down-sampled by a factor of 2, 5, and 10 and named as 2x, 5x
and 10x datasets.

A visual analysis of the same samples of 10x, 5x, and 2x as shown in
Fig. 3 reveals that no visible difference is noticed in most cases however,
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Table 1
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Impact of variation in specifications of training data and test data on performance of segmentation models.

Test Data Resolution Model Training Data 10x Training Data 5x Training Data 2x
F1 Score mloU Average Accuracy F1 Score mloU Average Accuracy F1 Score mloU Average Accuracy
2x Segformer 88.34 88 86.45 86.38 85 88.9 89.78 86 90.98
5x Segformer 88.79 89 89.78 89.56 88 91.05 86.78 83 85.78
10x Segformer 90.89 89 92.00 88.76 88 89.09 88.76 88 87.78

extremely minute details may be omitted in certain samples of the 10x
dataset.
4.3. Training and implementation details

We implemented Segformer [44] as the backbone for our incre-
mental semantic segmentation framework using Python 3.11.4. The

incremental semantic segmentation loss L;s;, a combination of loss
functions as described in Eq. (1), has been employed for training the
model. L is developed by combining the classification loss, L., mutual
distillation loss, L4, and KL divergence Lg;, as described in Egs. (2), (14)
and (15) respectively.

We trained our model using NVIDIA GeForce RTX 2070 of 8GB. The
training of the model has been organized in a single batch with 50

(A)

Training data 10x

10x Test sample, mask and prediction

BCC

IEC

scc

5x Test sample, mask and prediction

2x Test sample, mask and prediction

(B)

Training data 5x

10x Test sample, mask and prediction

BCC

IEC

SccC

5x Test sample, mask and prediction

2x Test sample, mask and prediction

(©)

Training data 2x

10x Test sample, mask and prediction

IEC BCC

SCcC

5x Test sample, mask and prediction

2x Test sample, mask and prediction

Fig. 4. Multi-resolution samples of non-melanoma skin cancers (BCC, IEC, and SCC), corresponding segmentation masks and predictions by the model. (A) Pre-
dictions for test cases of all cancers and all resolutions by the model trained on 10x resolution. (B) Predictions for test cases of all cancers and all resolutions by the
model trained on 5x resolution. (C) Predictions for test cases of all cancers and all resolutions by the model trained on 2x resolution.
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Ablation studies: 2DHIL(Partial) - Training partial layers and 2DHIL - training all layers.

Test Data Resolution Model Training Data
10x 5x 2x
F1 Score mloU Average Accuracy F1 Score mloU Average Accuracy F1 Score mloU Average Accuracy
2% 2DHIL(Partial) 87.45 87 87.88 91.32 90 87.65 90.67 88 92.11
2DHIL 85.55 90 89.54 90.56 90 88.88 92.56 91 93.5
5x 2DHIL(Partial) 88.89 87 87.12 92.67 90 93.46 88.56 87 89.87
2DHIL 90.76 90 91.23 93.45 89 94.78 88.96 87 88.89
10x 2DHIL(Partial) 90.54 90 94.76 90.56 89 91.22 89.88 87 88.78
2DHIL 91.78 93 95 90.62 91 90.87 86.66 85 86.89

epochs at each incremental stage. We used Adam optimizer, a learning
rate of 0.0006, and a dropout rate of 0.1 to prevent overfitting. More-
over, we split data with a ratio of 80,10 and 10 for forming training,
validation, and test sets respectively. we created patches of 256 x 256
for our model. We also employed data augmentation by varying
brightness, contrast, saturation, and hue. Furthermore, of all the reso-
lutions available in the dataset we used 2x, 5x, and 10x resolutions for
data incremental learning; the same resolutions were used for validation
and testing.

5. Results and discussions
5.1. Initial results

In our experiments, we employ the Segformer-BO model [44] as the
backbone for the incremental semantic segmentation. The Segformer-B0O
model is the lightest among different Segformer models with 3,319,292
tunable parameters.

We trained our Segformer model using training data of three
different specifications. We used data of 10x, 5x, and 2x resolutions for
training three Segformer models, initially pre-trained on ImageNet [75],
thus we obtained three different trained models. We validated each of
these three models using validation datasets corresponding to their
respective resolutions, and subsequently tested them using data from all
resolutions. We evaluated the performance of the proposed framework
using three performance measures: accuracy, mean intersection over
union (mloU), and F1 score. The results of the experiment are listed in
Table 1.

Table 1 indicates that the model trained on 10x data achieved the
highest accuracy, mloU, and F1 score, with values of 92.0, 89.0, and
90.89, respectively. The next best performance is demonstrated by the
model trained on 5x resolution with an accuracy of 91.05, mlIoU of 88.0,
and F1 score of 89.56. The model trained on 2x resolution manifested
the lowest performance with accuracy dropping to 90.98, mIoU to 86.0,
and F1 score reaching 89.78. It is, however, important to notice that the
F1 score for the least performing model is slightly higher than the model
trained on 5x which may be because of the ways these different per-
formance measures are calculated. It also highlights that the change in
resolution may affect the performance measures vis-a-vis the overall
proportion of classes in test samples. Table 1 further indicates a strong
correlation between the accuracy of the model and the resolution of
training samples. Additionally, it emphasizes that each model performs
best when tested on samples of the same resolution it was trained on. As
reflected in Table 1, for the model trained on 10x resolution, the best
results are given by test samples of 10x. Similar is the case for the models
trained on 5x and 2x resolutions. These results clearly indicate that the
performance of a given model considerably deteriorates with the vari-
ation in the specification of test samples from the data on which the
model is trained. In our case, the maximum decline in performance is
observed when the model trained on 10x resolution is tested for test
samples of 2x resolution manifesting a 6.03% decrease in accuracy
where it reduces from 92.0% for 10x test cases to 86.45% for 2x test
samples. This decrease highlights the lack of robustness in the

segmentation model where a minor variation in the specifications of test
samples from the training samples results in a 6.03% decline in accu-
racy. It is also important to note that the best results are given by the
model trained on the data of the lowest resolution for the test samples of
the same resolution. This suggests that enough information is available
in samples of 10x resolution for the model to make predictions with 92%
accuracy. Further experiments with data samples of different resolutions
may indicate an optimal resolution of data for which our semantic
segmentation model may achieve optimal accuracy. Consequently,
preprocessing of training and test samples to optimal resolution may
help in achieving better segmentation performance. We further present
the visual results of our experiment corresponding to Table 1 in Fig. 4
giving test samples, masks, and corresponding predictions by each
model. We find that the visual analysis of Fig. 4 strongly conforms to the
analytical results given in Table 1.

5.2. Ablation studies

While implementing the 2DHIL framework as given in Fig. 1 using
Segformer as a backbone, we approached the problem at hand in two
different ways. Firstly we implemented the 2DHIL framework while
freezing part of the layers of Segformer and allowed training in only five
layers in each subsequent step; we name this model as 2DHIL(Partial). In
the second attempt, we allowed training in all layers of the Segformer
model while implementing the 2DHIL framework. We name this model
as 2DHIL. The details of each model and corresponding results are dis-
cussed in succeeding paras.

5.2.1. 2DHIL(partial) - training partial layers

In this part of the ablation study, we implemented the 2DHIL
framework with partial layer training, referred to as 2DHIL(Partial).
Using this methodology, we trained the model in three incremental
phases, using data of 2x, 5x, and then 10x resolution sequentially.
Segformer was employed as the backbone of our framework. The results
of this experiment are listed in Table 2. The 2DHIL(Partial) model was
trained in three phases sequentially: first using 2x, then 5x, and finally
with 10x data.

The best results were achieved by 2DHIL(Partial) at the culmination
of training with 10x data, with an accuracy, mloU, and F1 score of
94.76%, 90.00%, and 90.54%, respectively. We find that the next best
result was achieved by 2DHIL(Partial) at the culmination of the second
phase, where the model was trained on 5x data, attaining an accuracy of
93.46%. Additionally, 2DHIL(Partial) demonstrated the lowest accuracy
of 92.11% after the first phase of training with 2x resolution data.

We observe that the accuracy of the model improved with incre-
mental learning. The initial accuracy of 92.11% at the end of the first
phase increased to 94.76% after the third phase, representing a 2.87%
improvement. Furthermore, we observed a correlation between the
resolution of the training data and the test data, as seen in the initial
results. 2DHIL(Partial) gives the best results for test data that are similar
to the respective training data.

Furthermore, we note that even with partial layer training, which
reduces trainable parameters, following the proposed 2DHIL
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Table 3

Comparison of segmentation accuracy among various incremental learning
frameworks employing different loss functions and differently trained segmen-
tation models. The accuracy has been calculated and listed separately for test
samples of 2x, 5x, and 10x resolutions.
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Table 4

Comparison of segmentation accuracy among various incremental learning
frameworks employing different loss functions and differently trained segmen-
tation models. The accuracy has been calculated for a test set containing samples
from all classes and resolutions.

Test Data Model Fine- LwM Ly Lis Test Data Resolution Model Fine- LwM Ly Liss
Resolution tuning [4] [17] tuning [4] [17]
Segformer 87.78 89.67 90.54 90.98 Segformer 83.67 85.67 87.90 88.78
2DHIL 2x, 5x and 10x (Mixed 2DHIL
2x (Partial) 85.89 86.67 88.67  92.11 and randomized) (Partial) 87.78 88.90  89.98 87.78
2DHIL 79.16 80.82 84.45 93.50 2DHIL 86.56 87.89 88.89 89.98
Segformer 89.67 90.32 91.78 91.05
5x ZDHI,L 87.88 89.90 89.76 93.46 . . . . . .
(Partial) in comparison with other incremental learning methodologies. We
2DHIL 82.45 85.68 88.89 94.78 tested fine-tuning, LwM [4] and Ly, [17] in comparison with our pro-
Segformer 92.78 93.78 94.56  92.00 .
ODHIL posed framework for test samples of 2x, 5x, and 10x resolutions.
10x (Partial) 89.99 90.66  90.66  94.76 As shown in Table 3, our proposed 2DHIL framework while
2DHIL 88.76 89.98 90.14  95.00 employing the loss function L;; given in Eq. (1), performs significantly

methodology given in Fig. 1, the accuracy of 2DHIL(Partial) models
improved across all three phases (resolutions) compared to batch
training. Specifically, at the end of the incremental training in the third
phase with 10x data, the accuracy improved by 3% from 92.00% to
94.76%. In the second phase, with training using 5x data, the increase
was 2.64%, improving to 93.46% from 91.05%. Similarly, in the third
phase, the accuracy increased by 1.24%.

5.2.2. 2DHIL - training all layers

Subsequently, we implemented the 2DHIL framework, allowing
training in all layers. Here again, we initiated training in the initial
phase with data of 2x resolution. Later, we incrementally implemented
the 2DHIL framework by training with 5x resolution in the second phase
and with 10x resolution in the third phase. The results of the phase-wise
training of the 2DHIL framework are presented in Table 2, organized
into different columns.

It is noteworthy that the 2DHIL replicated the same trend as in the
case of 2DHIL(Partial). The highest accuracy is achieved at the culmi-
nation of training after the third phase with data of 10x resolution. The
2DHIL framework, after completion of training, achieved an accuracy,
mloU, and F1 score of 95.00%, 93.00, and 91.78, respectively. The next
best accuracy of 94.78% was achieved after the second phase of training
with data of 5x resolution, followed by the first phase, which achieved
an accuracy of 93.5%. It is important to note that the improvement in
accuracy for the 2DHIL model from the first phase to the final phase has
been 1.6%, as the accuracy improved from 93.5% at the end of the first
phase to 95% at the end of the third. These results clearly indicate the
enhanced robustness of the model and its reduced sensitivity to data
specifications.

Furthermore, it is evident that our proposed 2DHIIL framework
achieves the best results, with a segmentation accuracy of 95.00%.
Additionally, the variation in accuracy among test samples of different
resolutions has decreased from 6.01% to 5.7%, as 10x test samples
achieved an accuracy of 95.00% and 2x samples achieved 89.54% ac-
curacy, demonstrating the improvement in the robustness of the pro-
posed framework. It is also important to highlight that the proposed
2DHIL model demonstrated an improvement in overall accuracy as well.
At the completion of incremental training in the third phase, it achieved
an accuracy of 95.00%, compared to 92.00% in the case of batch
training with the Segformer model (Table 1). In the second phase, using
5x data, the accuracy improved by 3.93% to 94.78%, compared to
91.05% in batch training. Similarly, in the first phase with 2x data, the
accuracy increased by 2.69%.

5.3. Comparative results

We present the results of our proposed 2DHIL framework in Table 3
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better than well-known methodologies for test samples of all resolutions.
For 10x resolution test samples, 2DHIL achieved 95.00% accuracy which
is over 6% more than its nearest competitor Ly [17] that achieved an
accuracy of 90.14%. Similarly, 2DHIL performed 7.45% better in the
case of 5x and about 11.6% better in the case of 2x test samples. It is also
noticeable that the 2DHIL(Partial) framework although showed less
performance as compared to the 2DHIL framework, its performance has
been superior to the rest of the competitor benchmarks in test samples of
all resolutions. It is, however, questionable that for the standard Seg-
former model, two loss functions Ly and L being very similar man-
ifested different results, and this difference is particularly pronounced in
the case of 10x where it reaches to 3.3%. To our analysis, this difference
in performance may be due to the difference in the proportion of data
belonging to new and old classes. We further compared the performance
of our proposed framework with other methodologies with a test set
having test samples of all resolutions. The results of this experiment are
listed in Table 4 which shows that the proposed 2DHIL framework ex-
hibits the best performance by achieving an accuracy of 89.98% for
combined samples of all resolutions and all carcinomas. The improved
performance demonstrated by the proposed framework for test samples
of varying specifications indicates improvement in the robustness of the
proposed framework. It is also noticeable that the 89.98% accuracy
achieved by 2DHIL for test data of varying resolutions is better than all
those cases given in Table 1 where test data is different from training
data. We also present the visual results of our proposed model corre-
sponding to Table 4 in Fig. 5 which shows an improvement in pre-
dictions particularly in cases of 5x and 2x test samples.

To further emphasize the efficacy of the proposed 2DHIL framework,
we trained six different segmentation models employing the L;; loss
function and tested them separately with test samples of 2x, 5x, and 10x
resolutions. The results of the experiment are listed in Table 5. These
results highlight that the best segmentation accuracy is achieved by the
2DHIL segmentation framework (highlighted in bold) compared to all
other segmentation models. Additionally, despite part of the 2DHIL
(Partial) model being frozen, it manifested the second-best performance
(underlined). In conclusion, our results demonstrate the effectiveness of
the 2DHIL framework in achieving high segmentation accuracy across
different resolutions, highlighting its potential for robust and adaptable
segmentation in medical imaging.

We, moreover, present a classwise accuracy comparison in Table 6
and Fig. 6 accounting for all the twelve classes including background. As
reflected in Table 6, the 2DHIL framework outperformed benchmark
work [69] using the same data. Out of all twelve classes, the 2DHIL
framework performed better in nine classes. The accuracy improvement
has been between 3% to 54% whereas for six classes the percentage of
improvement has been in double figures. The best improvement of 54%
is noticeable for INF where the model achieved an accuracy of 88% in
comparison with 57% of [69]. The considerable improvement in clas-
sification accuracy for INF may be attributed to the provision of training
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Incremental Learning - 2DHIL

10x Test sample, mask and prediction

IEC BCC

Scc
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Fig. 5. Multi-resolution samples of non-melanoma skin cancers (BCC, IEC, and SCC), corresponding segmentation masks and predictions by 2DHIL framework.

Table 5
Comparison of segmentation accuracy achieved by different models with test
samples of varying resolutions.

Average Accuracy

Model Test Data 10x Test Data 5x Test Data 2x
SegNet [38] 90.12 88.29 86.31
FCN [33] 86.31 84.48 82.50
PSPNet [41] 89.92 88.09 86.11
U-Net [34] 90.17 88.34 86.35
LW-Net 90.97 89.53 88.32
Segformer [44] 92.00 91.05 90.98
2DHIL(Partial) 94.76 93.46 92.11
2DHIL 95.00 94.78 93.5
Table 6

data of multiple resolutions to the model which is analogous to the way
pathologists zoom in or zoom out their scopes during diagnosis. It is also
noticeable that the proposed framework under-performed for GLD and
EPI where the performance degraded by 2% and 7% respectively. The
lowest accuracy achieved by the proposed framework is for EPI which is
about 77%. It is logical to compare that [69] classified four classes i.e.
IEC, INF, RET, and FOL with accuracy lower than this. It is also
encouraging to notice that the proposed framework particularly iden-
tified all carcinomas i.e. BCC, SCC, and IEC with 92%, 96%, and 92%
accuracy manifesting an improvement of 7%, 13%, and 31% respec-
tively in comparison with [69].

It is important to highlight that the proposed framework achieved
the leading segmentation accuracy of 98% for BKG, followed by 97% for
RET and 96% for SCC and HYP. The superior segmentation performance
for these classes can be attributed to their higher representation in the
data as BKG constitutes the largest portion of the data accounting for

Classwise segmentation accuracy of the comparative models. The highest and the next best accuracy achieved by a model for each class is highlighted as bold and
underlined respectively. The percentage difference in accuracy is the difference from S.M. Thomas et al. [69] in comparison with the 2DHIL framework where all
positive values highlighted in bold indicate enhanced accuracy achieved by the proposed 2DHIL framework.

Model BKG BCC ScC IEC EPI GLD INF RET FOL PAP HYP KER
S.M. Thomas et al. [69] 0.95 0.86 0.85 0.70 0.83 0.87 0.57 0.70 0.61 0.80 0.96 0.84
U-Net [34] 0.99 0.91 0.70 0.82 0.70 0.81 0.64 0.91 0.65 0.68 0.85 0.79
2DHIL 0.98 0.92 0.96 0.92 0.77 0.85 0.88 0.97 0.83 0.89 0.96 0.90
Percentage difference 3% 7% 13% 31% 7% —2% 54% 39% 36% 11% 0% 7%

Classwise Accuracy

0.6
04
0.2
0
BKG BCC SCC IEC EPI  GLD
w=@==2 DHIL Unet [34]

INF RET FOL PAP HYP KER

S.M. Thomas et al. [66]

Fig. 6. Classwise accuracy comparison among 2DHIL, U-Net [34], and S.M. Thomas et al. [69].
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Fig. 7. Confusion matrices of predictions by the 2DHIL framework. (A) Confusion matrix for SCC test cases. (B) Confusion matrix for BCC test cases. (C) Confusion

matrix for IEC test cases. (D) Confusion matrix for all test cases.

58.6% of all pixels, followed by RET (19.8%), HYP (9.3%), and INF
(2.8%). Furthermore, among carcinomas, the best performance is
demonstrated for SCC with an accuracy of 96%, while BCC and IEC both
trail behind at 92%. It is worth noting that SCC has the highest pixel
representation among carcinomas with 2.4% of pixels, whereas the
representation of BCC and IEC is 1.1% and 1.0% respectively. Conse-
quently, the performance of BCC and IEC is lower as compared to SCC
and other classes having higher representation in data.

The confusion matrices indicating classwise accuracy achieved by
the proposed model corresponding to test samples of different carci-
nomas are presented in Fig. 7.

6. Conclusion

Acquiring the ability to evolve and grow with time is the biggest
challenge for Al models. Incremental learning, however, can provide
these models with the capability of evolution and enhanced robustness
through learning in sequential steps. The two-dimensional hybrid in-
cremental learning framework for multi-class semantic segmentation,
introduced in this study, demonstrates its successful implementation in a
complex problem of identifying carcinomas and skin tissues from his-
topathology slides. The results of our extended experiments indicate that
after incrementally training through our proposed framework an Al
model, Segformer in our case, becomes adaptable and can be evolved to
segment more and more classes. It is important to note that the model
also evolves to process data of varying specifications and thus by
minimizing its sensitivity to the specification of data it becomes robust
and capable of processing test cases of different specifications with high
prediction accuracy. The successful segmentation of 12 classes with high
accuracy by the proposed framework using a very limited number of

12

training samples at each incremental learning stage demonstrates the
efficacy of our work. It is also noticeable that catastrophic forgetting has
been addressed mainly through a combination of knowledge distillation
and replay of old classes without adding any memory component to the
model. The proposed framework does not require any additional com-
ponents to learn new classes however since the model has fixed tunable
parameters therefore a stage of saturation may come after multiple cy-
cles of incremental training in cases where new classes are continuously
added without dropping any older classes. In the case of an application
where some classes become obsolete over time on the emergence of new
classes, the model may keep adapting indefinitely and the stage of
saturation may come much later.

It is important to note that while implementing the 2DHIL frame-
work, we incrementally presented data in the order of 2x, 5x, and 10x in
three different phases. However, we have not evaluated the effect of
presenting data in different orders. Future studies should explore the
impact of different resolution orders in incremental learning frame-
works. By investigating sequences like 5x, 2x, 10x, and others, re-
searchers can optimize strategies for handling evolving datasets,
enhancing model adaptability in real-world scenarios. This exploration
will provide valuable insights for refining incremental learning meth-
odologies. Furthermore, expanding the evaluation of the proposed
framework to include various Al models beyond Segformer could vali-
date its versatility and applicability across different architectures. The
application of the proposed framework in real-life scenarios in the future
could help in further improvements.
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