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This study presents an incremental learning framework to enhance the generalization and robustness 
of transformer-based deep learning models for segmenting skin cancer and related tissue structures. 
While deep learning models often perform well on data distributions similar to their training sets, their 
accuracy typically degrades when exposed to novel scenarios–limiting their clinical utility in skin cancer 
diagnosis. To address this, we propose a biologically inspired incremental learning strategy tailored for 
skin cancer classification and segmentation, allowing the model to incorporate new data progressively 
while reducing catastrophic forgetting. Our approach integrates multiple loss functions to preserve 
existing knowledge while adapting to additional magnification levels. Experimental results on the in-
distribution test set demonstrate consistent performance improvements: achieving 89.05% accuracy 
with 10× magnification, 92.68% with 10× and 5× combined, and 95.53% when incorporating 
10×, 5×, and 2× magnifications. These findings highlight the potential of our method to improve 
the adaptability and reliability of deep learning systems for empirical generalization in skin cancer 
classification tasks.
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Evaluating the advances and shortcomings related to the Sustainable Development Goals (SDGs) today is vital 
for decision makers seeking to improve population health1. One of the latest estimates is that the global burden 
of cancer will continue to increase during the next two decades2. Skin cancer is one of the most common diseases 
on the globe. There are two general skin cancer types: non-melanoma skin cancer and melanoma skin cancer. 
In the United States, non-melanoma skin cancers (NMSCs), such as squamous cell carcinoma (SCC) and basal 
cell carcinoma (BCC), make up over 98% of all skin cancer cases3. The Cancer Society of America states that 
melanoma skin cancer makes up just 1% of all cancer cases, and its death rate is higher4. A timely and precise 
diagnosis is still essential for successful treatment5.

Skin cancer diagnosis
To correctly identify and treat skin cancer, pathologists examine several tissue slides that have different 
histomorphological traits. For differentiation among different histological layouts, all excision specimens must 
be focused, cut into 3 mm sections, and dyed with hematoxylin and eosin (H&E)6,7. However, earlier approaches 
that digitize skin cancer diagnosis using binary classification provide limited clinical and economic value, as they 
offer less informative outputs compared to multi-class semantic segmentation. In contrast, segmentation-based 
methods can deliver more detailed insights, enhancing decision-making confidence for both professionals and 
patients, where accurate detection and diagnosis are critical. While multi-class semantic segmentation methods 
offer more detailed reports suitable for clinical decision-making, binary classification methods often lack this 
level of clarity. Furthermore, Fig 1 shows the regions that are the most affected by skin cancer according to global 
statistics, with North America representing approximately fifty percent of all instances8.

Our proposed research uses histology images, and microscopic images of tissues used to analyze the disease, 
particularly in cancer diagnosis. Using the histology images, we proposed an incremental learning semantic 
segmentation of a multi-class framework on NMSC. Our study’s contribution is as follows;
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•	 We propose an innovative incremental learning algorithm that uses Segformer as the baseline model with an 
emphasis on the semantic segmentation of NMSC and tissues.

•	 This strategy combines various loss functions, incorporating novel learning with knowledge distillation (KD) 
to avoid catastrophic forgetting by transfer of knowledge from a previously trained model (teacher) to a new 
model (student), along with joint training for both novel and previously known classes.

•	 Furthermore, a mutual distillation loss function is included in an incremental semantic segmentation ap-
proach, which leads to improved performance in real-world applications.

Literature review
The widespread acceptance of artificial intelligence (AI) in clinical diagnostics, particularly for skin cancer, 
depends not only on algorithmic performance, but also on the development of reliable and adaptive models9. 
Although various machine learning (ML) and deep learning (DL) techniques have shown great accuracy in 
detecting skin cancer, the majority of them depend on static training data and are not well suited to adjust to new 
types of lesions or updated datasets8,10.

Traditional models based on DL do not adequately represent the requirement for continual learning 11–13, 
which has led to the development of incremental learning (IL) as explained in14. Once trained, these models 
require extensive retraining to integrate new classes of leison, which is computationally costly and prone to 
catastrophic forgetting15,16.

A significant problem with IL is the occurrence of catastrophic forgetting, in which previously learned 
information is wiped out. Solutions like Knowledge distillation (KD) and memory-aware loss functions are 
effective techniques17,18. Wu et al. provided an integrated loss strategy for incremental classification that retained 
performance without utilizing previous data. However, most IL techniques have focused on classification, and 
few have investigated their incorporation into semantic segmentation, particularly in healthcare.

Recent research focuses on incremental approaches to semantic segmentation. Michieli et al.19 proposed 
the IL problem solving for semantic segmentation, focusing on pixel-level labeling. Cermelli et al.20 proposed 
weakly incremental learning for semantic segmentation (WILSS), which employs weak supervision to introduce 
additional segmentation classes. These approaches demonstrate the possibility of IL for segmentation, but they 
have not been extensively tested on histopathological images or multiclass skin cancer segmentation, which is 
the primary objective of our research.

Recent advances have used transformer-based models, which are recognized for successfully capturing 
global context in vision tasks. Xie et al.21 developed Segformer, a transformer-based segmentation model that 
is lightweight and highly efficient. Although Segformer has been used in a variety of medical fields, its potential 
for incremental multiclass skin cancer segmentation has yet to be explored. Our study addresses this gap by 
transforming Segformer into an IL method for non-melanoma skin cancer (NMSC) segmentation, using KD 
and mutual distillation methods to reduce forgetting.

Other research has concentrated on employing lightweight encoders or improved CNNs to increase 
segmentation accuracy. Kosgiker et al. 22 proposed SEGCAP (a capsule network architecture for object 
segmentation), which improves the precision of the lesion boundary in noisy pictures. While these approaches 
produce good static efficiency, they cannot adapt in real-time to novel lesion forms that IL provides.

Furthermore, Imran et al.23 presented a transformer-based approach to identify NMSC using histopathological 
images within an incremental learning architecture. While their approach indicates the importance of 
transformers in IL instances, it is primarily concerned with classification tasks and does not dive into semantic 

Fig. 1.  Global distribution of skin cancer rate.
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segmentation or multiclass lesion distinction, both of which are essential for clinical diagnosis and treatment 
planning. However, our proposed method applies incremental learning to semantic segmentation, using the 
Segformer architecture and incorporating a unique mutual distillation loss. This enables our model to maintain 
existing information despite learning new classifications of lesions and improves spatial localization, which is 
vital in clinical processes.

Multiclass segmentation remains challenging24 due to similarities between classes and data imbalance. 
Moradi et al.25 proposed a multiclass visual segmentation technique for skin cancer images that uses a hybrid 
dictionary approach, illustrating adequate performance on a limited dataset. However, such techniques often 
require additional feature design or retraining. Our technique addresses these difficulties by using a single 
transformer-based IL pipeline that allows incremental class addition without the need for manual intervention.

In conclusion, while previous research has improved segmentation and IL independently, few studies have 
combined these areas in the context of multiclass skin cancer detection using histopathology images. Our 
contribution is to provide an IL-based semantic segmentation mechanism using Segformer that can learn new 
skin cancer classifications over time while retaining existing information. This significant development focuses 
on clinical demands for flexible diagnostic algorithms that can evolve in tandem with new data without having 
to retrain from scratch.

Methodology
In this section, we discuss the methodology we used to analyze histological images. The following section details 
the proposed architecture.

Segformer architecture
Our segmentation approach is powerful, fast, and robust, allowing for greater automation while getting 
computationally efficient21. We used segformer21, our baseline model. The transformer-based architecture has 
two modules: encoder and decoder, as shown in Fig 2.

Fig. 2.  The Segformer architecture is used as a backbone in our proposed framework. The Segformer design 
consists of an encoder and a decoder. The encoder comprises overlapping patch embedding, transformer 
blocks, and efficient self-attention methods. The decoder combines MLP and upsampling layers to generate 
better semantic segmentation outcomes. While the fundamental Segformer concept is used as is, our 
innovations are in combining this backbone with an incremental learning approach based on mutual 
distillation (described in Section 3.2).
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The encoder’s self-attention mechanism (SAT) is essential as it enables the model to identify long-distance 
connections between various image regions. SegFormer improves segmentation performance by effectively 
collecting both local and global information through using self-attention as depicted in Fig 3.

Encoder
The encoder is an organized hierarchical structure to acquire coarse and fine attributes with both high and 
low resolution. The decoder module uses a multi-layer perceptron (MLP) that incorporates features from the 
multilayer encoder to offer semantic segmentation of the input image.

The method generates 4 × 4 tiles from an input image with H × W × 3, where H and W refer to height 
and width. The size of the 4× 4 patch is appropriate for tasks requiring segmentation with dense features. The 
4× 4 patches are integrated into a hierarchical encoder that acquires four different features depending on the 
input image size. The MLP decoder utilizes the multi-level extracted features to produce a segmentation of size ⌊
H
4

⌋
×
⌊
W
4

⌋
×Nc, where Nc denotes the total number of subcategories that need to be segmented.

Architecture of proposed mix transformer encoders
We adopt a sequence of Mix Transformer encoders (MiT) having the same architecture and varied sizes, from 
MiT_B0 to MiT_B5. MiT_B0 is a light model for rapid prediction, while MiT_B5 is an extended model for 
optimal performance. MiT design depends on a vision transformer (ViT)27 but is improved for semantic 
segmentation. MiT_B0 to MiT_B5 features include the depth, the number of heads, embedding measurements, 
and several parameters are represented in Table1.

Unlike the ViT model, which produces a single-resolution features map, this module is meant to generate 
multi-level features using the input image, which are comparable to those generated by CNNs. Such multiple-
level characteristics preserve either high-resolution images coarse interpretations or low-resolution fine-grained 
knowledge, which are vital to enhancing semantic segmentation tasks. Patch merging is used to generate the 
hierarchical feature map Fiwith a resolution of H

2i+1 × W
2i+1 × Ci, where i ∈ {1, 2, 3, 4} and Ci+1 and is 

greater than Ci. This hierarchical technique allows for the analysis of multi-scale characteristics across various 
resolutions.

The patch merging method applied to ViT merges21 a N ×N × 3 patch with an image patch to create a 
1× 1× C  vector. A hierarchical mapping of features can be generated by extending this technique to combine 
a 2× 2× Ci feature patch into a 1× 1× Ci+1 vectors. In addition, we can apply an iterative approach to 
each feature map within the hierarchy, reducing our hierarchical characteristics to F1 (with dimensions 
H
4 × W

4 × C1) to F2 (with dimensions H8 × W
8 × C2).

Nonetheless, the original goal of this method was to integrate non-overlapping sections of an image or feature, 
which could lead to an elimination of local coherence surrounding these patches. To overcome this limitation, 
we utilize an overlapping patch merge technique. We indicate three parameters: M , N , and O. The patch size is 
expressed as M , the stride between consecutive patches is indicated by N , and the padding size is indicated by 
O. To achieve overlapping patch merging while retaining feature sizes comparable to those achieved by the non-
overlapping approach, we chose M = 7, N = 4, and O = 3 as one configuration in the tests we performed, and 
M = 3, N = 2, and O = 1 for other in our configuration.

a) Efficient Self Attention
Our SRA, similar to multi-head attention (MHA), gets a query q, a key k, and the value v as input and 

produces a refined feature. The following is an expression for the SRA:
The equation for SRA(q, k, v) is

	 SRA(q, k, v) = Concat (h0, . . . , hNi)WO,� (1)

where

	 hj = Attention(qWqj , SR(K)Wkj , SR(v)Wvj , ).� (2)

Concat( ) represents the concatenation operation of multi-attention heads. The coefficients W j
q , W j

k , and W j
v  

are proportional projection with dimension RCi×dhead , and WO  has dimension RCi×Ci . Ni represents the 
number of heads in the attention layer of Stage i, while the dimensions of each head, dhead, is determined by 
Ci/Ni. Although it decreases the spatial dimensions of k and v before the attention computation, the Spatial 
Reduction Attention (SRA)26 operates similarly to the MHA.

	 SR(x) = Norm(Reshape(x,Ri)WS),� (3)

Here, x ∈ R(HiWi)×Ci  represents the initial sequence, and Ri is the reduction ratio for Stage i. The Reshape(x, 

Ri) operation alters the dimensions of x to 
(

HiWi

R2
i

)
× (R2

iCi). The coefficient matrix WS ∈ R(R2
iCi)×Ci  

transforms the input sequence to Ci dimensions. The Norm( ) function refers to layer normalization.
The self-attention layer in the encoder structure is the primary cause of the computational bottleneck. Here 

is the way the self-attention function is calculated:

	
Softmax

(
qkT

√
dhead

)
= Attention(q, k, v)v.� (4)
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where, the query vectors (q), key vectors (k) and value vectors (v) in the traditional multi-head self-attention 
mechanism all have identical dimensions: N × C , where N = H ×W  indicates the sequence length.

The computational complexity of this approach using equations (1, 3) is O(N2), making it unfeasible at high 
image resolutions. We apply the order reduction method explained in28 to address this issue. The sequence length 
is reduced using a reduction ratio r in this process, resulting in the following transformations: The expression.

Fig. 3.  Design of a self-attention transfer (SAT) approach for incremental semantic segmentation. In every 
transformer encoder block, self-attention maps have been extracted from the final multi-head self-attention 
layer. During incremental segmentation, these self-attention matrices are utilized for knowledge distillation, 
enabling learning within and between classes.
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K̂ = Reshape
(
N

r
,C · r

)
(k),

K′ = Linear(C · r, C)(k̂),
� (5)

where k is the sequence to be decreased, Reshape
(
N
r
, C · r

)
(k) reshapes k to have dimensions Nr × (C · r), 

and Linear(Cin, Cout)(·) indicates a linear transformation that transforms a Cin-dimensional tensor to a Cout
-dimensional tensor. Consequently, the dimensions of the new K  are Nr × C . With this modification, the self-

attention mechanism’s complexity is effectively reduced from O(N2) to O
(

N2

r

)
.

The effective length of the sequence decreases as r grows, which lowers the computational cost and 
immediately impacts the sequence length reduction. We set r in our tests to be to [64, 16, 4, 1] for each of the 
stages 1 through 4.

b) Mix-FFN Transformer-based models often use positioning encoding (PE) to acquire spatial data about 
input attributes. However, if the dimensions of training and test images vary, this technique may result in a 
performance decrease as well. In such cases, the fixed-resolution Positional Embedding (PE)29 has to be 
transformed, which frequently results in reduced model performance. To overcome this challenge, conditional 
positional encoding (CPE)30 provides a driven-by-data positional encoding generator (PEG) that can deal with 
durations longer than those for training models. To implement PEG using a two-dimensional convolution with 
a 3× 3 kernels when used with PE. This method relies on the premise that convolutional neural networks 
(CNNs) intrinsically encode positional information utilizing zero padding and boundaries. Segformer claims 
that explicit PE is insufficient for semantic segmentation problems.

Segformer utilizes a mixed feedforward network with a 3 x 3 convolution kernel, as shown as follows:

	 Xout = MLP(GELU(Conv3×3(MLP(Xin)))) +Xin,� (6)

The efficient self-attention module’s extracted features are expressed by Xin. Combining MLP with 3× 3 
convolution in Mix-FFN provides output enhanced with spatial information, shown in equation (6).

Decoder architecture
SegFormer offers a relatively small decoder based entirely on MLP layers, that reduces the need for the complex 
and highly computational elements employed by previous methods. This decoder becomes simplified by its 
hierarchical Transformer encoder, which offers a larger effective receptive field (ERF) than conventional CNN-
based encoders.

The recommended all-MLP decoder includes four primary stages. To establish uniform channel dimensions, 
the MiT encoder multilevel features (Fi) are transmitted through an MLP layer. The features are subsequently 
upsampled to one-fourth of their original dimension and combined. The third stage involves adding encapsulated 
features (F) to another MLP layer. A multilevel processing (MLP) layer subsequently processes the fused feature 
to predict the segmented mask M  with a resolution of H

4 × W
4 ×Ncls, whereby Nc shows the number of 

classes. The full procedure of the decoder may be described as follows:

	

F̂i =Linear(Ci, C)(Ii), ∀i

F̂i =Upsample
(
W

4 × H

4

)
(Îi), ∀i

F =Linear(4C,C)
(
Concatenate(Îi)

)
, ∀i

Y =Linear(C,N)(F ),

� (7)

Here, Y is the predicted segmented mask, and Linear(Cin, Cout)(·) indicates a linear layer with input and 
output dimension Cin and Cout, accordingly.

Learning without forgetting
To overcome catastrophic forgetting while allowing for multiscale learning, the proposed approach uses 
incremental learning for semantic segmentation. This method enables the model to adapt to novel data 
distributions while keeping previously learned knowledge a critical capacity for whole slide image (WSI) 

Model Number of Depth (Layers) Embedding Dimension Quantity of Heads Parameters (Millions)

MiT-B0 4 [32, 64, 160, 256] [1, 2, 5, 8] 3.4

MiT-B1 4 [64, 128, 320, 512] [1, 2, 5, 8] 13.1

MiT-B2 4 [64, 128, 320, 512] [1, 2, 5, 8] 24.2

MiT-B3 4 [64, 128, 320, 512] [1, 2, 5, 8] 45.6

MiT-B4 4 [64, 128, 320, 512] [1, 2, 5, 8] 60.2

MiT-B5 4 [64, 128, 320, 512] [1, 2, 5, 8] 81.2

Table 1.  A characteristics of mix transformer encoder models.
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segmentation at multiple resolutions. As new resolutions are introduced, relevant self-attention qualities from 
prior training phases are retained using knowledge distillation as shown in Fig 3.

Unlike other techniques such as domain adaptation, self-supervised learning, and meta-learning, we selected 
the incremental route because it allows magnifications to be incorporated stepwise rather than subjecting 
extensive retraining over previous data. This combines flexibility, generalization, and effectiveness, making it 
ideal for medical image segmentation applications.

Data incremental learning enables the model to progressively adapt to new information while maintaining 
performance on previously seen data, improving its generalization across varying data distributions. Fig  4 
illustrates the data incremental learning technique. Initially, the algorithm is trained on data with a certain 
resolution, it learns from both new and prior resolutions, by keeping focus on new ones. This method allows 
the model to evolve data requirements over time. Importantly, the evolution to data incremental learning is 
adaptable, according to the introduction of new classes or changes in data specification.

Fig. 4.  The training steps illustrate the data incremental learning strategy along the axis that is vertical. The 
testing stage of a model displays the evaluation set, which comprises all resolution-based data.
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We gradually train our model, gaining newly acquired information while keeping the previously obtained 
information. To address the difficulty of catastrophic forgetting, we employ a hybrid strategy that involves mutual 
distillation loss. This method offers efficient knowledge distillation by replaying previous data throughout each 
incremental training session. At each stage, the training data contains the newly offered samples from the same 
classes, ensuring balanced retention and continual learning while adjusting to evolving data distributions. As 
seen in Table 2, the training results were obtained by incorporating new and already trained data. The technique 
uses a process with three stages in which data of various resolutions (10x, 5x, and 2x) are used differently at each 
level. In Stage-1, uses 100% of the data at 10x resolution. Stage-2 provides data a 5x resolution, which accounts 
for 75% of the total, whereas only 25% of 10x data is maintained. Finally, in Stage-3, use 50% of the data at a 
resolution of 2x, as well as 25% at a resolution of 10x and 5x.

Class imbalance, especially in rare diseased tissues, is a prevalent problem in skin histology data. Our 
incremental learning technique addresses this by introducing the model to samples at various magnifications, 
reducing the influence of underrepresented classes. Furthermore, rotation-based augmentation (90◦, 180◦, 
270◦) was given to rare classes, increasing their presence. This strategy balances training data and improves 
segmentation efficiency in rare tissue types.

Knowledge distillation and new learning
Knowledge distillation is a model reduction and acceleration approach that employs a teacher model’s guidance 
to improve the accuracy of smaller models31. This technique helps improve the accuracy of the student model 
while maintaining computational efficiency. In the context of incremental learning, knowledge distillation plays 
a crucial role in mitigating catastrophic forgetting by preserving essential information from previous learning 
stages while allowing the model to adapt to new data. During the training stage, we use a combination of two 
loss functions: classification loss Lcls and mutual distillation loss Lmdl to address specific challenges. The loss of 
incremental semantic segmentation Lincremental is stated as:

	 Lincremental = Lcls + Lmdl� (8)

a) Classification Loss The classification loss Lcls is determined using categorized cross-entropy loss, which is 
frequently utilized in the semantic segmentation roles. The classification loss equation,

	
Lcls = − 1

N

N∑
i=1

c∑
j=1

yij log(ŷij)

The classification loss is expressed as Lcls, where N  denotes the total quantity of instances and c the total amount 
of categories. The actual label of instances i and class j is yij , while ŷij  is the projected likelihood that sample i 
relates to class j. The factor 1

N  ensures that the loss is averaged in every sample.
As our dataset incorporates old and new samples from the same classes, the algorithm integrates its prior 

knowledge of categories while acquiring novel ones. The following equation represents the incremental 
classification loss:

	
Lcls = − 1

bsize

bsize-1∑
i=0

Ncls−1∑
j=0

Bt
true(xi,j) log p(As|clsi,j)� (9)

where,

•	 bsize: shows the batch size.
•	 Ncls: reflects the total number of classes acquired for the current task.
•	 Bt

true(xi,j): includes labels from recently acquired classes.
•	 xi,j : the input training sample in the current task (i, j).
•	 As: relates to the representations of already learned classes.
•	 p(As|clsi,j): represents the model’s predicted probability for the true class.
•	 cls: shows the classes in the dataset.

The input for every phase of incremental learning includes color images, designated as x ∈ X2, which comprise 
the training data for the same classes with parameter specifications.

b) Mutual Distillation Loss
The mutual distillation loss Lmdl employs Bayesian inference to evaluate structural and semantic similarities 

among the original and incrementally acquired representation31. By optimizing these distributions together, 

Data Resolution Stage – 1 Stage – 2 Stage – 3

10x 100% 25% 25%

5x - 75% 25%

2x - - 50%

Table 2.  Proposed framework incremental training strategy and respective stages.
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the model ensures that while gaining new knowledge, it maintains previously learned information. The loss 
is determined by corresponding the variances of the previous and new representations to retain information 
during incremental learning as follows in equations (10, 11).

	 p(As, Bt) =p(As | Bt)× p(Bt), � (10)

	 p(Bt, As) =p(Bt | As)× p(As), � (11)

As equation (10) represents the relationship between old (As student) and new (Bt teacher) representations 
with conditional probability. The equation (11) represents the inverse relationship between the old (student) 
ones impacting the new (teacher) representations. Bt and As indicate the feature representations of newly 
acquired and previously acquired knowledge, accordingly.

By including such distributions in the model training process, the model can understand the connection 
between new and original knowledge. This method guarantees that the model acquires new information properly 
while maintaining previously retained knowledge.

This loss evaluates the disparity between the model’s prediction likelihood distribution and the actual label 
distribution. By decreasing the KL divergence, the predictions made by the model become more closely related 
to the true labels. The equations (10, 11), represent the KL divergence of these two probabilities, which could be 
related to the mutual distillation loss: The KL divergence between p(As) and p(Bt) is as follows:

	
KL(As ∥ Bt) =

∑
As

p(As | Bt) log
p(As | Bt)

p(As) � (12)

Also, the reverse KL divergence among p(Bt) and p(As), are:

	
KL(Bt ∥ As) =

∑
Bt

p(Bt | As) log
p(Bt | As)

p(Bt) � (13)

Subsequently, the total of these two KL divergences is the loss of mutual distillation:

	
Lmdl =

1
2 [KL(Bt ∥ As) +KL(As ∥ Bt)]� (14)

c) Final Objective Function
To efficiently train our proposed incremental learning system, we integrate the classification loss and mutual 
distillation loss into a final objective. The final loss function Ltotal is defined as:

	 Ltotal = λ1Lcls + λ2Lmdl� (15)

The hyperparameters λ1 and λ2 balance each loss component’s contribution. These hyperparameters were 
experimentally selected based on performance on the validation set to guarantee consistent learning and 
knowledge retention. This ensures that the test set remained unseen during tuning, preserving the integrity of 
the evaluation. The final aim solves the catastrophic forgetting problem that comes with incremental learning 
by making sure the model learns to categorize new classes and extract information from previously seen data at 
the same time.

Joint training
To improve the learning of acquired data through joint training, we propose that training data at every 
incremental step include instances from both old and new sub-data. Since the model has previously learned the 
old data and maintains prior information via knowledge distillation, the data for the new resolution will make 
up the majority of the training set. Notably, our technique is not a memory constraint. However, we recommend 
utilizing a limited quantity of unseen data from previous data for re-learning.

Experimental implementation
Dataset
The dataset underlying this study is composed of 290 histopathology slides of Queensland University dataset 
32, each one of which has been annotated by a pathologist to determine the tissue sections that are most usual 
of non-melanoma skin cancer. The dataset consists of BCC 140 slides, SCC 60 slides, intraepidermal carcinoma 
(IEC) 90 slides, containing biopsy specimens collected via shave (100), punch (58), and excision (132) process. 
These slides, examined throughout four months from late 2017 to early 2018, contain patients ranging in age 
from 34 to 96, an average age of 70, and a ratio of men to women is 2:1. Utilizing a camera (DP27 Olympus 
microscope) at 10x the magnification, overlapped tiles were merged into high-resolution images mosaics with a 
pixel size of 0.67 µm. Images ranged from 11 million to 500 million pixels.

Ground truth segmentation
Specimen slides indicated twelve classification categories, including carcinomas. These include the following: 
Squamous Cell Carcinoma (SCC), Background (BKG), Basal Cell Carcinoma (BCC), Reticular Dermis (RET), 
Glands (GLD), Hair Follicles (FOL), Inflammation (INF), Hypodermis (HYP), Intraepidermal Carcinoma 
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(IEC), Papillary Dermis (PAP), Keratin (KER), and Epidermis (EPI). The dataset was annotated and categorized 
by dermatologists, and pathologists collaborated to generate pixel-level annotations, which took approximately 
250 hours. Furthermore, they categorize the dataset into 12 classes, represented by pixel color information as 
shown in Fig 5.

The diversity in certain classes, such as the epidermis, which shows a high degree of non-cancerous variation, 
presented a significant challenge for creating these segmentations. To address this, the ideal healthy epidermis 
has been referred to as EPI, while slices with dysplastic keratinocytes and carcinomas were categorized as 
IEC. Certain segmentation boundaries, such as those among the EPI and PAP dermis, were visible at high 
magnification, whereas others, such as those between the PAP and RET dermis, were less clear. In addition, 
pixel-wise classification accuracy provoked uncertainty regarding the maximum achievable performance, as 
100% ground truth correctness cannot be ensured23. To compare, the dataset was downsampled by factors such 
as 2x, 5x, and 10x, showing that the 2x dataset maintained sufficient tissue attributes for analysis, but greater 
downsampling (e.g., 10x) transformed the interpretability of tissue borders as depicted in Fig 5.

Training specifics
The Segformer as a base model used in the proposed work is implemented in Python 3.11.4. To train the model, 
We used incremental segmentation loss as specified in equation (8). The overall loss Lincremental is built by 
integrating the classification loss (Lcls), and the mutual distillation loss (Lmdl) respectively.

The baseline model was trained using the facility provided by the Digital Research Alliance of Canada, in 
addition to the NVIDIA MIT_B4 model. However, for the incremental learning framework, we use 8GB NVIDIA 
GeForce RTX 2070. The model was trained using 50 epochs with a batch size of 2. It used the Adam optimizer 
with a learning rate of 0.0006. The normalizing layers 1× 10−6 were employed for better generalization, 
particularly for lower batches. The original images were far too large to fit straight into the network, consequently 
overlapping patches were generated. We split the data into three sets i.e., testing, validation, and training, with a 
ratio of 10:10:80. Each patch was sized at 256 × 256 pixels. We also applied color the color jitter augmentation 
during training. For incremental learning, we used dataset resolutions of 2x, 5x, and 10x, as well as testing 
and validation at the same resolution. To fix class imbalances throughout training, patches containing these 
categories were enhanced using rotation in 3 angles (90,180,270), improving their presence fourfold.

The dataset was divided using stratified sampling to ensure that all tissue types were represented proportionally 
in the training, validation, and test sets at every magnification level (10x, 5x, and 2x). The data was separated into 
three categories: 80% for training, 10% for validation, and 10% for testing. Stratification helps to reduce class 
imbalance, resulting in a fair and uniform model evaluation.

Fig. 5.  Non-melanoma skin cancer (NMSC) such as SCC, IEC, and BCC at different resolutions with 
corresponding ground truth masks and color palettes. (A) Specimens at 10X resolution with masks. (B) 
Specimens at 5X resolution with masks. (C) Specimens at 2X resolution with masks. (D) Multi-class color 
palette.
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Results and discussion
Initial results
In our studies, we used the Segformer Mit_B4 framework as the baseline for incremental learning semantic 
segmentation. The characteristics of this framework are shown in Table 1. We trained the Segformer model 
on three different resolution-bases,ets that are 10x, 5x, and 2x. This resulted in three distinct trained models, 
each verified against resolution-specific validation data. Then, all models were tested at all resolutions. Table 3 
illustrates the performance evaluation of suggested framework.

From Table  3, the highest performance was achieved by the Segformer model trained on the 10x data 
resolution, having an average accuracy of 89.5%, an IoU of 80.2%, and a DSC of 88.9%. The 5x resolution model 
has 84.1% accuracy, 74.5% IoU, and 85.4% DSC. The 2x resolution model has the lowest, with 80.9% accuracy, 
70.6% IoU, and 82.8% DSC. These findings suggest that higher-resolution images have greater spatial detail, 
leading to improved segmentation ability. In contrast, the suggested incremental learning framework (trained 
successively on 10x, 5x, and 2x) produced the highest overall results, with 95.53% accuracy, 88.7% IoU, and 
94.0% DSC, showing its effectiveness in robust multiresolution segmentation.

Ablation studies
Using Segformer as a baseline, we developed the incremental learning method shown in Fig 4. We used an 
incremental learning method to train all model layers sequentially across phases. The results obtained from this 
framework are summarized in Table 3.

The gained results indicate that our proposed methodology is effective across several phases of incremental 
learning when applied to histopathology data. In Stage-1, a pre-trained Segformer model used 10x resolution data 
and achieved an accuracy of 89.50%. Subsequently, in Stage-2, the data incremental learning technique, which 
included new (5X) and previously viewed data, increased accuracy to 92.67%. Using knowledge distillation, the 
model efficiently preserved existing information while adding new input. In Stage-3, adding 2x resolution data 
to lower amounts of 10x and 5x resolution data improved the model’s performance, resulting in an accuracy of 
95.53%. These findings show that by combining incremental learning with knowledge distillation, the model 
may retain past information while adjusting to new input, resulting in higher performance.

To further show the viability of our strategy, we provide the visual results of the proposed framework in 
Fig 7, which corresponds to Table 3. The figure shows improved prediction accuracy, especially for test samples 
with 5x and 2x resolutions. These visualizations highlight the ability of the model to generalize effectively 
across resolutions while preserving past information, which is essential for the successful segmentation of 
histopathology data.

To assess the efficiency of the proposed framework, we examined class distribution and accuracy in a variety 
of tissues, such as BCC, IEC, SCC, and other tissues. The violin plot Fig 6 compares the class distributions of the 
baseline and suggested frameworks, demonstrating improved balance and representation.

The proposed approach improves prediction performance for BCC, IEC, SCC, and mixed carcinoma cases, as 
seen in the confusion matrices in Fig 8. These findings show the model’s adaptability and generalizability across 
a variety of test settings.

The heatmaps indicate regions of interest related to certain classes (e.g., BCC, IEC, inflammation). The 
heatmap is a visual representation created by the model or process for each class to show activation intensity. 
Fig 9 shows the input images, their masks, and heatmaps for several categories.

Comparative results
Our proposed framework, which incorporates incremental learning, demonstrates improved segmentation 
performance compared to the approach by Thomas et al.32, which employs a UNet-based architecture for 
segmenting skin tissue samples into distinct layers. As shown in Table 4, our baseline Segformer model achieves 
higher average accuracies across different tissue categories and resolutions, indicating its superior ability to 
capture fine-grained histopathological structures while maintaining consistency across magnifications.

A key methodological distinction between the two approaches lies in the learning strategy. Thomas et al. 
use a traditional supervised learning with UNet, training three separate models where each model is capable of 
segmenting single single-resolution image (10X, 5X, and 2X). Instead of training distinct models, our approach 
gradually incorporates new resolution while keeping and refining knowledge derived from previously acquired 
resolutions. This allows the model to avoid catastrophic forgetting and improves generalization across several 
magnifications, resulting in superior segmentation accuracy on complex histological structures.

The performance gains of our baseline model over Thomas et al.32 are shown in Table 4 and are evident across 
all resolutions (10X, 5X, and 2X). We used the same dataset from Queensland University and performed similar 

Data Resolution Model Accuracy IoU DSC

10x

SegFormer (Baseline)

89.5% 80.2% 88.9%

5x 84.1% 74.5% 85.4%

2x 80.9% 70.6% 82.8%

10x, 5x
Proposed Framework

92.68% 85.3% 92.1%

10x, 5x & 2x 95.53% 88.7% 94.0%

Table 3.  Performance comparison between baseline model and proposed model on test dataset multiple 
resoluions.
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preprocessing, data augmentation, and dataset splits. Data were divided into 80% training, 10% testing, and 10% 
validation sets to preserve class balance at all magnifications. Both our Segformer-based model and Thomas et 
al. technique were assessed using the same tissue classifications and resolution levels.

For instance, at 10X resolution, our model outperforms Thomas et al. in key categories such as BCC (0.911 vs. 
0.865), EPI (0.943 vs. 0.831), RET (0.905 vs. 0.702), and INF (0.802 vs. 0.574). Similar trends are observed at 5X 
and 2X resolutions, where our model maintains higher precision, particularly in categories like KER (0.879 vs. 
0.846) and RET (0.908 vs. 0.818). These improvements highlight the effectiveness of the proposed incremental 
learning approach in enhancing segmentation accuracy and robustness across varying resolutions.

While our Segformer-based model generally outperforms Thomas et al., there were a few exceptions for 
particular tissue classes such as GLD (Granular Layer Degradation), HYP (Hyperkeratosis), and KER (Keratin), 
where the U-Net approach performed better at certain resolutions. This can be due to architectural differences: 
Segformer’s Transformer backbone excels at collecting global contextual information but can overlook fine-
grained in texture-specific patterns that are critical for these classes. In contrast, U-Net’s convolutional layout is 
more suited to capturing local textures and intensity variations from these specific classes. Besides, there could 
also be cases of unequal data coverage contributing to that. For example, the classes such as HYP and GLD may 
not be sufficiently available in the basis dataset as a whole for the model to generalize sufficiently from those 
classes to others. This is seen mostly at both 5X and 2X resolution counts, where the difference between these 
pixels is huge.

Table  5 shows that our proposed model outperforms Imran et al.33 in every category. The results of this 
study show that the incremental learning segmentation approach outperforms all other models in terms of 
segmentation accuracy. In short, our findings illustrate the incremental learning framework’s ability to achieve 
greater accuracy in segmentation at various resolutions, illustrating its efficacy as a reliable strategy for clinical 
imaging segmentation.

The proposed incremental learning technique effectively addresses catastrophic forgetting and improves 
segmentation performance across resolutions, as demonstrated by the forgetting and accuracy retention curves 
in Fig. 10. The forgetting curve, determined by IoU scores, starts at 0.802 after training on 10X images, increases 
to 0.853 after incorporating 5X data (Step 1), and then rises to 0.887 after integrating 2X data (Step 2). This 
steady enhancement demonstrates that the model successfully maintains previously learned knowledge while 
also retaining new information. Similarly, the accuracy improves from 0.895 in the first step to 0.926 in Step 1 
and 0.955 in Step 2, indicating a significant generalization across magnifications. These enhancements imply that 
knowledge distillation helps the model to adjust to multiscale traits efficiently. In general, the findings support 
the suggested approach for whole slide image (WSI) segmentation, where learning between magnifications is 
critical to accurate tissue and detection of diseases.

Learning different magnifications allows for precise tissue and disease characterization while maintaining 
previously learned information and gradually improving segmentation performance, making it ideal for 
multiresolution medical image analysis.

The suggested model outperforms the two earlier models by Imran et al.33,23 in terms of segmentation 
accuracy across diverse skin cancer types. Specifically, the suggested model exhibits improved accuracy in classes 
such as BCC, SCC, and EPI, with BCC at 0.953, SCC at 0.975, and EPI at 0.940. Notably, the model excels at 
identifying malignant areas, particularly in difficult categories such as HYP and PAP, where it scores 0.954 and 
0.948 accuracy, accordingly, surpassing the other models by a wide margin. These results illustrate the efficiency 
of the suggested methodology in providing accurate and trustworthy segmentation for varied skin cancer types.

Fig. 6.  The violin plot shows the class distribution across BCC, IEC, SCC, and other tissues for both the 
baseline and the suggested framework, emphasizing the improved class balance produced by the incremental 
learning strategy.
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Conclusion and future directories
One of the biggest challenges for deep learning models is adapting and improving over time. Incremental learning 
solves this by enabling models to grow and adapt through successive learning stages. The proposed structure is 
an adaptable approach for studying histopathology images, allowing the segmentation of multiple groups within 
them. An incremental learning architecture has been included to improve the system’s flexibility and adaptability, 
with a focus on addressing the constraints presented by limited labeled data in healthcare diagnostics. Innovative 
transformer-based models, such as Segformer and ViT, act as the foundation for segmentation tasks, ensuring 
cutting-edge performance. The model provides interpretability by showing uncertainty and attention maps, 
which complements its segmentation skills. When compared to previous benchmark research in the field, the 
proposed framework outperformed them. The study focuses on the connection between model performance 
and data resolution, giving insights for optimizing for better results. In future, the suggested framework can be 
evaluated using skin cancer histology images as a major use case. It has a potential to be used for histopathology 
images of diverse biopsy tissues to assess the performance.

Fig. 7.  Multi-resolution images of non-melanoma skin malignancies such as IEC, BCC, and SCC are shown 
together with ground truth and predictions produced using the data incremental learning framework.
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Fig. 8.  (A) The normalized confusion matrix for squamous cell carcinoma (SCC) test samples. (B) The 
confusion matrix for Basal cell carcinoma (BCC) test samples. (C) The normalized confusion matrix for 
intraepidermal carcinoma (IEC) test samples. (D) The normalized confusion matrix for all test samples.
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Pre-trained Models EPI INF GLD RET FOL PAP HYP KER BKG BCC SCC IEC

Imran et al.23 0.791 0.715 0.897 0.912 0.658 0.748 0.935 0.813 0.987 0.915 0786 0.814

Imran et al.33 0.77 0.715 0.85 0.97 0.83 0.89 0.96 0.90 0.98 0.92 0.96 0.92

Proposed Model 0.94 0.871 0.903 0.927 0.956 0.948 0.954 0.908 0.997 0.953 0.975 0.943

Table 5.  A comparison of segmentation accuracy across multiple models demonstrates the enhanced 
efficiency of the data incremental architecture at various resolutions.

 

Categories

10X 5X 2X

Baseline Model Thomas et al.32 Baseline Model Thomas et al.32 Baseline Model Thomas et al.32

EPI 0.943 0.831 0.765 0.849 0.665 0.746

GLD 0.868  0.873 0.801 0.873 0.701 0.921

INF 0.802 0.574 0.746 0.617  0.701 0.640

RET  0.905 0.702 0.908 0.818 0.887 0.685

FOL 0.891 0.615 0.813 0.619 0.829 0.529

PAP 0.891 0.808 0.798 0.788 0.776 0.773

HYP 0.903 0.962 0.881 0.955 0.807 0.944

KER 0.879 0.846 0.854 0.812 0.821 0.878

BKG  0.995 0.950  0.997 0.939 0.995 0.951

BCC 0.911 0.865  0.881 0.768 0.878 0.807

SCC  0.895 0.857 0.800 0.783 0.781 0.756

IEC 0.858 0.707 0.856 0.565  0.872 0.652

Total Accuracy 0.895 0.799 0.841 0.782 0.809 0.773

Table 4.  Comparison of baseline model classwise segmentation average accuracy and total accuracy with 
Thomas et al.32 across the different resolutions.

 

Fig. 9.  Visualize the Heatmaps produced for several classes using our incremental segmentation approach, 
indicating high activations, the color intensities reveal the model’s prediction confidence.
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Data availability
The dataset used and analyzed during the current study ”Histopathology Non-Melanoma Skin Cancer Segmen-
tation Dataset” is publicly available at https://espace.library.uq.edu.au/view/UQ:8be4bd0.
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