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INTRODUCTION

Computer vision (CV) has been widely 
used for different task automation in the health-
care sector for some time now. [1]. Typical 
use-cases include the utilisation of CV meth-
ods to analyse CT, MRI and PET data [2]. In 
recent years, more researchers and practition-
ers have explored the use of computer vision 
for the tasks of wound imaging [3, 4]. Open-
source datasets of wound images [5] and tools 
to ease and automate dataset annotation [6] are 
being created. This is motivated by some very 
practical needs:
• wound classification, which is required for

faster clinical decision making. Example

– wound classification into one of: diabetic,
pressure, surgical, venous ulcers [3, 4];

• wound segmentation (wound boundary delin-
eation) – helps in monitoring the healing
dynamics. Example – ulcer wound area seg-
mentation [5, 7];

• wound tissue classification – next step further
from wound classification. Example - classi-
fication of wound tissues: epithelialisation,
granulation and necrotic tissues [8].

The majority of the aforementioned tasks are
being approached using deep learning CV mod-
els (variants of convolutional neural networks 
[9] (CNN) or vision transformers [10] (ViT)) that
rely on the supervised learning approach [11].
For supervised learning, annotated data is crucial
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as the whole strategy relies on a “tuning model 
parameters in a way that minimises error between 
predicted and ground truth values” principle. 
This kind of learning requires large amounts of 
annotated data. In a wound imaging setting, this 
means collecting hundreds (better thousands) of 
images, which may require obtaining different 
legal permissions from the patients, hospitals, 
etc. and then annotating them – either allocating 
class labels for each of the images or additionally 
delineating areas of interest (wound area, specific 
tissue area, etc.), which can be correctly done only 
by the doctors and require lots of time and finan-
cial resources. Another common issue with super-
vised learning methods is a lack of generalisation 
to new data. In one of authors’ previous research 
projects, a concrete failure case was reported: a 
supervised segmentation model (U-Net), trained 
on the FUSeg dataset for the wound image seg-
mentation task, can reach a high Dice score on an 
in-domain foot ulcer dataset while being ineffec-
tive on a different wound dataset collected under 
different conditions [12]. 

The aforementioned problems with data and 
models’ poor generalisation abilities, when trained 
in a traditional supervised manner, motivated the 
authors to explore unsupervised, self-supervised, 
and few-shot learning methods that can be adapt-
ed to wound analysis tasks.

This manuscript is a continuation of two 
of authors’ previous studies. First [13], it was 
investigated that the unsupervised SLIC [14] 
method can generate reliable superpixels for 
wound image segmentation, i.e. able to deter-
mine correct SLIC hyperparameters to generate 
superpixels that, when combined, have bound-
aries that coincide with the wound boundaries. 
Second [12] – unsupervised (autoencoder-based) 
and few-shot (Siamese/contrastive learning) 
feature learning from random image crops were 
explored, aiming to obtain the representations 
that clearly separate wound, skin, and back-
ground while generalising well with limited 
annotated data. The core outcome of the latter 
research is that contrastive training produced the 
most discriminative embeddings (patch classifi-
cation accuracy above 93% across variants). At 
the same time, variational and classical autoen-
coders were unstable for discrimination in this 
setting. However, the first study outcome still 
leaves the problem of superpixel classification 
unresolved, which is traditionally a supervised 
learning task that requires annotated data, and 

the second study outcome shows that using unsu-
pervised (reconstructive) approaches with auto-
encoders is insufficient. Contrastive learning, 
while producing promising classifications with 
only a few-shot learning, may fail to generalise 
to unseen data. These results motivated us for the 
current project. Here, the authors delved deeper 
into the self-supervised learning techniques and 
proposed a superpixel-aware self-supervised 
pretraining strategy that treats the wound image 
as a graph of superpixels and learns separate 
superpixel representations by employing a joint 
embedding approach from JEPA [15] and a dis-
criminative approach of SimCLR (contrastive 
learning) [16] thus both learning to distinguish 
the superpixel representations of the known 
domain (wound images) and representations 
“inside” wound images (e.g. wound, skin, back-
ground, etc.).

While some annotated training data is availa-
ble, it is limited in both quality and quantity, and 
that effective self-supervised pre-training is need-
ed to enable the subsequent few-shot supervised 
fine-tuning for the task of interest.

Recent years have shown the capabili-
ties of large language models (LLMs). Argu-
ably, the key to their success is how they are 
trained. GPT-style [17] decoder models – given 
sequence of tokens (x1, ..., xt-1) predict next token 
xt. BERT-style [18] encoder models use masked 
language modelling: mask a few tokens from 
the sequence and predict them from the masked 
input sequence (very simplified explanation). 
Basically, the idea of these methods is to derive 
labels from the data – hide part of the data and 
make the model learn how to predict the hidden 
target data from the context – everything else. 
This makes the model domain aware – learn 
how the data is distributed across the specific 
domain. In the case of LLMs, this worked very 
well, as raw text data is available all over the 
Internet. This and even older approaches from 
natural language processing, like Word2Vec’s 
skip-gram [19]. The model, combined with 
ideas from contrastive and metric learning, 
inspired computer vision researchers to develop 
self-supervised learning methods.

The most prominent self-supervised learn-
ing methods in vision can be divided into two 
main groups:
1.	Contrastive learning.

They are built around the idea of discrim-
inating instances that are considered similar 
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(“positive”) to the “anchor” view versus all or 
some portion of the other views – “negatives”. 
The authors investigated the topic and Nt-Xent 
loss [16] in their previous work [12]. The most 
notable contrastive methods:
	• SimCLR [16], where two “positive” views of 

the “anchor” image are created using augmen-
tations of the “anchor” image and “negative” 
views are all the other images in the training 
batch. The NT-Xent loss is used to push the 
embeddings of the “positive” views closer to 
the “anchor” view and further from the “nega-
tive” views. This method plays a great role in 
our research.

	• MoCo [20] – query and key – two augmented 
views of the same image. During training, the 
query is pushed closer to its key and far from 
the keys of the other images. However, the dif-
ference is that a special queue stores keys from 
many previous images (not only the current 
batch). Uses two encoders: one, trained in a 
typical way, produces query embeddings, and 
the second is a copy of the first but is updated 
much more slowly and generates key embed-
dings. This trick is used to ensure key consist-
ency during training. Many other self-super-
vised approaches use separate networks for 
different embeddings.

2.	Joint-embedding learning.
Unlike the previous group, this focuses on 

bringing similar image embeddings closer togeth-
er without using negatives, so nothing is pushed 
too far. Collapse is prevented using different 
architectural or regularisation techniques.
	• BYOL [21] – very similar to the MoCo, two 

augmentations of the same image, two encod-
ers, one fast (online network), another slow, 
learning not via gradient descent but copy-
ing the exponential moving average (EMA) 
of the weights of the online (target network). 
One view is passed over the network and then 
through the predictor head; the other is passed 
through the target. Embeddings are pushed 
closer, but no negatives are used. The approach 
is very similar to MoCo, but without negatives.

	• DINO [22] – few crops are made from the 
same image: 2 large crops (global views) and 
many small crops (local views). Two net-
works: the student is updated via backprop-
agation, and the teacher uses a copy of the 
student’s EMA weights (a common approach 
in self-supervised learning). Global views are 

passed through the teacher network, which 
produces probability over classes (soft clas-
sification). Global and local views are then 
passed through the student, which also outputs 
probability vectors. Objective: make the stu-
dent model output equal to the teacher vector 
for the same network. This one has an impor-
tant extension from the methods mentioned 
before – it works not with the full images and 
their augmentations, but with the different lev-
els of image crops, thus enhancing local fea-
ture detection.

	• I-JEPA [15] – split image into patches via 
a grid, mask large chunks of patches. Two 
encoders – context and target encoder, the lat-
ter uses EMA weights of the former. Pass the 
visible patches through the context encoder to 
obtain the context embedding, then pass the 
embedding through the predictor to refine it. 
Pass the entire image through the target encod-
er to obtain the target embedding. Loss makes 
the predictor (context) embeddings match the 
target embeddings. Conceptually, the approach 
is similar to masked modelling in BERT-like 
LLMs. This is the second piece of research that 
significantly influences this project.

Some methods use generative or clustering 
approaches, but the two aforementioned groups 
are the most influential. As shown in the meth-
od list above, many self-supervised methods in 
vision use two-network training, where one net-
work is trained by transferring EMA weights 
from the other. This is not the only hack to ensure 
training stability and avoid embedding collapse 
in multidimensional space when training on the 
large general-purpose datasets. Some studies, like 
LeJEPA [23], try to eliminate this problem math-
ematically by forcing embeddings to an isotropic 
Gaussian distribution.

Self-supervised learning approaches in the 
wound imaging domain are underrepresented 
in the research literature. The authors of [24] 
use self-supervised encoder pretraining for 
chronic wound segmentation, using their own 
private dataset of 133000 images with very 
few pixel-level annotated masks. The authors 
selected 88727 images for SSL pretraining and 
400 annotated images for supervised training/
fine-tuning. They compared a ViT pretrained 
with the DINOv2 [25] approach on a large gen-
eral-purpose dataset, their custom small HarD-
Net-DFUS encoder trained from scratch on their 
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annotated dataset, and the same HarDNet-DFUS 
encoder after in-domain DINOv2 SSL on their 
unlabelled wound dataset. They followed pre-
training with the supervised fine-tuning on very 
few masks. The main outcome of the study was 
that in-domain SSL pretraining yielded the larg-
est gains for the small custom model, greatly 
reducing the need for annotation masks (0.76 
Dice score with 70 masks available, compara-
ble to completely supervised training with 280 
annotated images). This is an important study, 
as it demonstrates the capabilities of using small 
custom models with SSL approaches in the 
wound imaging domain. The authors of [26] use 
a different SSL approach: they train the model 
on 110 expertly pixel-level annotated images of 
foot ulcer tissues (granulation, fibrin, callus) in a 
supervised manner, and also use 600 unlabelled 
images. Trained on the labelled dataset, the 
model generates pseudo-labels (predictions) for 
some of the unlabelled examples and uses these 
pseudo-labelled annotations in subsequent train-
ing iterations. If the validation loss increases, 
more pseudo-labelled images are added to the 
training set. Authors used a special combination 
of Dice loss and Focal loss [27]. They achieved 
a Dice Score of 87.64% with their pseudo-la-
bel SSL pipeline, compared with 84.89% with 
supervised-only training. In [28], the authors 
do not train models in an SSL manner but uti-
lise already pretrained by DINOv2 models and 
fine-tune them for wound-type classifications. 
It is also worth noting that SSL utilisation is 
used in medical imaging but not in wound imag-
ing. Authors of [29] utilise a masked image 
modelling SSL approach in the histopathology 
domain. In [30], contrastive learning (MoCo v2 
[31]) is used to pretrain models on chest X-ray 
images, followed by fine-tuning on the pleural 
effusion classification task. However, instead 
of using two separate image augmentations as 
positive pairs, as in MoCo, they use two images 
that are very likely to have the same patholo-
gy. The adjusted MoCo approach is also used by 
the authors of [32] for X-ray imaging – pleural 
effusion detection. A slightly different approach 
was used by the authors of [33]. They utilised 
a contrastive approach for the X-ray imaging, 
but instead of two augmented views of the same 
image, they combined X-ray image embedding 
with its radiology report (text) embedding, this 
is an example of vision language SSL modelling 
in the medical domain. Overall, these studies 

show that in many domains of medical imaging, 
researchers try to utilise pretraining on the unla-
belled data using SSL techniques to eliminate 
the need for expensive expert annotations.

The goal of this work was to develop and 
evaluate a superpixel-graph-based self-super-
vised pretraining method for learning wound 
image representations from unlabelled data, and 
to assess whether the pretrained encoder can 
improve subsequent wound segmentation under 
limited labelled data.

MATERIALS AND METHODS

Data

There are a few publicly available datasets for 
wound image analysis:
	• FUSeg dataset of 1210 foot ulcer images and 

corresponding wound segmentation masks [5].
	• WoundSeg dataset of 2686 wound images and 

corresponding segmentation masks [34].
	• Medetec dataset of 595 wound images, divid-

ed into a few wound classes (no segmentation 
masks) [35].

	• QTDU dataset of 44893 superpixels, annotat-
ed to one of the four classes: wound tissue: 
fibrin (3974), granulation (3284), necrotic tis-
sue (448), healthy skin (37187) from 40 imag-
es of arterial and venous wounds from differ-
ent and unrelated patients [36].

While at first glance the amount of data looks 
solid, close analysis of the datasets reveals mul-
tiple problems in the data:
	• WoundSeg dataset has incorrect annotations 

[37] as well as discrepancies with licenses, 
where in one place [38] MIT license is stated, 
which allows any use and in the other data-
set location [37] Creative Commons Attribu-
tion-NonCommercial 4.0 International (cc-by-
nc 4.0) is used, which prohibits commercial use

	• Medetec has a large class imbalance and no 
segmentation masks.

	• QTDU has a large class imbalance and super-
pixels of very low quality, gathered only from 
40 different wound images.

	• FUSeg does not provide info on license 
(assuming free to use); however, it contains 
the data only on foot ulcer wounds.

The proposed method combines SSL ideas 
of joint-embedding predictive modelling with 
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contrastive learning. It utilises superpixels –
semantic patches that form the boundaries of dif-
ferent objects on the image, to create target and 
context as well as positive and negative views for 
the proposed SSL pretraining method.

Wound image as a superpixel graph

Let us define an RGB image as: I ∈ ℝ3×H×W where 
H and W are the image height and width, respective-
ly, for each image in the training set, we compute 
hard segmentations using the SLIC method:

	 𝑆𝑆 = {𝑆𝑆𝑛𝑛}𝑛𝑛=1
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where:	 the number of superpixels Nsp = max(H, 
W), as per authors’ previous research [13]. 

Now, let us define the superpixel adjacency 
graph. G = (V, E), where each node vn ∈ V cor-
responds to superpixel Sn and edges connect super-
pixels that share common boundaries (Figure 1).

Node representation

Each node vn is an embedding vector, gen-
erated from the output features of authors’ cus-
tom convolutional encoder. The image is passed 
through a lightweight U-Net encoder [39] fθ with 
three downsampling stages L that map image I to 
a feature map Equation 2.
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where:	H' and W' are the corresponding height 
and width of the resulting feature map 
and H' = H/2L, W' = W/2L, L=3, C is the 
number of channels at the output feature 
map, and C = 8 × 2L (Figure 2).

A 512 × 512 × 3 input image I via encoder is 
transformed to the 64 × 64 × 64 feature map F. 
After that, the feature map is upsampled to 512 × 
512 and, for each superpixel, the 64-dimensional 
feature vectors are average over all its pixels:
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By stacking the 64-dimensional vectors 
received, a complete vector representation of the 
graph nodes is received:
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Both the individual feature embeddings from 
the feature map F and the adjacency graph G play 
important roles in the subsequent steps.

Joint-embedding objective

I-JEPA-like complex training protocol with a 
two-encoder setup and weight transfer from one 
network to the other was not employed, but their 
idea of training objective was used, which, in 
general, is as follows:
	• define large context view sc (for example, a 

large random crop from the image I that cov-
ers almost the whole image I);

	• define small target view st (for example, a 
small crop of image I);

	• context and target views do not overlap 
𝑠𝑠𝑐𝑐 ∩ 𝑠𝑠𝑡𝑡 =⊘ 

𝑧𝑧𝑐𝑐′ = 𝑔𝑔𝜃𝜃(𝑧𝑧𝑐𝑐) 

𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖) 

;
	• pass each of them through student and teacher 

encoder networks and receive corresponding 
embeddings: zc = fq'(sc), zt = fθ(st);

	• pass context embedding through a small 
predictor – multi-layer perceptron (MLP): 
𝑠𝑠𝑐𝑐 ∩ 𝑠𝑠𝑡𝑡 =⊘ 

𝑧𝑧𝑐𝑐′ = 𝑔𝑔𝜃𝜃(𝑧𝑧𝑐𝑐) 

𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖) 

;
	• enforce 
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𝑧𝑧𝑐𝑐′ = 𝑔𝑔𝜃𝜃(𝑧𝑧𝑐𝑐) 

𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖) 

 and zt similarity with the L2 loss.

The idea of target and context embeddings 
was taken and combined with the superpixel adja-
cency graph G. During training, after passing the 
whole image I through the encoder, fθ (use only 

Figure 1. Superpixel adjacency graph formed from 
superpixels, generated on the foot ulcer wound image
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one encoder for simplicity), randomly (with equal 
probability for each) one of the two possible set-
ups for target and context views was selected:
1.	Target st is some (randomly selected) superpix-

el (node vn) and its 1-ringh neighbours N(vn). 
Context sc – all other superpixels of the image, 
except for the target ones. This forces the mod-
el to learn global features from local ones.

2.	Target st is some (randomly selected) superpix-
el (node vn) and context sc - its 1-ringh neigh-
bours N(vn). This enforces local smoothness.

After this, the corresponding zc, zt embed-
dings were received using average pooling, as 
described previously, and 

𝑠𝑠𝑐𝑐 ∩ 𝑠𝑠𝑡𝑡 =⊘ 
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𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖) 

 was received, after 
passing zc through the predictor MLP and opti-
mising L2 loss between zt and 

𝑠𝑠𝑐𝑐 ∩ 𝑠𝑠𝑡𝑡 =⊘ 

𝑧𝑧𝑐𝑐′ = 𝑔𝑔𝜃𝜃(𝑧𝑧𝑐𝑐) 

𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖) 

:
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The authors opted with the simpler one-en-
coder approach and not use complex training 
methods, as their main purpose in I-JEPA is to 
ensure stability during training on very large 
image datasets from the whole Internet, and for 
training on smaller datasets, a single-domain 
one-encoder is sufficient.

The authors suggest that, because superpix-
els already represent small but semantic regions 
of the image and can outline objects individual-
ly or in combination with adjacent superpixels, 
defining target and context views via superpix-
els, rather than random rectangular patches, eases 
network training for general understanding.

Contrastive objective

While the joint-embedding objective pro-
vides in-domain learning, authors’ initial exper-
iments show that it is not sufficient for good 
object discrimination. Thus, the authors decided 
to use the experience from their previous studies 
[12] and integrate a contrastive learning regular-
isation term into the joint-embedding objective. 
Contrastive learning requires the definition of 
anchor, positive and negative views. In SimCLR, 
the anchor is a full image itself; positives are its 

augmentations, and negatives are all other images 
in the minibatch. The work is not carried out at 
the image level but at the superpixel level, thus 
defining all these in terms of the adjacency graph 
G nodes. The superpixel node vc embedding was 
used, selected on the previous step (target and 
context definition) as an anchor and its 1-ring 
neighbours as positives. Then negatives were 
selected (same amount as positives or less, if not 
enough nodes available), uniformly distributed 
from all the other nodes in the graph, which are 
further than a specific graph distance (configur-
able parameter d) from the anchor node and cal-
culate NT-Xent loss on all of these embeddings:
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	(6)

where:	

𝑠𝑠𝑐𝑐 ∩ 𝑠𝑠𝑡𝑡 =⊘ 

𝑧𝑧𝑐𝑐′ = 𝑔𝑔𝜃𝜃(𝑧𝑧𝑐𝑐) 

𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖) 
 – set of positives for anchor vc 

(1-ring neighbours), 

𝑠𝑠𝑐𝑐 ∩ 𝑠𝑠𝑡𝑡 =⊘ 

𝑧𝑧𝑐𝑐′ = 𝑔𝑔𝜃𝜃(𝑧𝑧𝑐𝑐) 

𝒫𝒫(𝑖𝑖) 

𝒩𝒩(𝑖𝑖)  – set of sam-
pled negatives for anchor (nodes that are 
far away), vj – positive sample, vk – either 
a positive or a negative sample, τ – tem-
perature parameter. For consistency with 
the joint-embedding loss as a measure of 
distance sim, the L2 loss was used.

Figure 3 shows the visual representation of the 
selection method. The red area around the anchor 
and positives exactly covers the nodes that are ≤ 
the predefined graph distance d. However, two 
questions arise when considering this approach. 
How to prove that 1-ring neighbours should be 
selected as positives, and how to choose the opti-
mal d – “non-negative” zone radius around the 
anchor so it maximises the correct separation for 
the current domain, so that wound superpixels are 
more likely to be grouped with the other wound 
superpixels? To tackle this problem, a small cali-
bration was run on 100 annotated wound images.

Superpixels were labelled as wound if at 
least 80% of their pixels covered the wound 
area in the image. For each image, a super-
pixel adjacency graph was built and randomly 

Figure 2. Encoder architecture
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selected 200 anchors for the test. After that, the 
authors computed:
	• 1-ring label purity – the fraction of 1-ring 

neighbours that share the anchor’s label;
	• boundary edge rate – the fraction of edges 

connecting nodes of different labels (global 
and for edges incident to wound nodes).

The results show near-perfect local consis-
tency for all anchors (global 1-ring purity 0.987, 
median 1.0), confirming that 1-ring neighbours 
are a reliable source of positive pairs. However, 
it should be noted that this value is largely due 
to the fact that wounds occupy a very small por-
tion of the image area, resulting in a severe class 
imbalance that affects the 1-ring label purity. 
For wound anchors, purity is lower (0.809) and 
depends on wound size (by the amount of wound 
superpixels on the image): 0.738 for small 
wounds (20–49 superpixels), 0.866 for medium 
(50–149), and 0.918 for large (≥150), indicating 
that deviations mostly occur near wound bound-
aries in small wounds, which is logical, as small 
wounds may consist only of the boundary super-
pixels. However, even 0.738 purity for the small 
wounds is strong evidence that the 1-ring neigh-
bour is a stable selection for positives.

Globally, boundary edges are rare (0.0129 
of all edges), which may also be caused by the 
class imbalance (wounds are not large). In con-
trast, for wound-incident edges, the boundary-
crossing fraction is much higher (0.300, per-
image mean 0.575), which is consistent with 

many wound superpixels lying on the wound 
contour and with the statement that wounds take 
little space on the image.

To choose d, measuring label consistency 
was proposed across different d-rings: the pro-
portion of superpixels that are d-ring neighbours 
of the anchor superpixel and share the same 
label as the anchor. The authors tested d ∈ {3, 5, 
7} and obtained 0.547, 0.372, and 0.263, respec-
tively, so 3 appears to be the optimal value based 
on the current test. However, empirical tests 
show that using d=5 in many cases yields bet-
ter results; thus, the d-selection approach needs 
further improvement.

Combined objective and experiment setup

The combination of contrastive and joint loss-
es is as follows:
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	 (7)

where:	 λ is a multiplier for the contrastive objec-
tive and, based on the empirical evidence, 
is set to 0.1. Temperature parameter τ for 
contrastive loss, it is set to 0.2 as per [12].

As primary data source, a joint wound data-
set was used [40], which is a combination of the 
aforementioned FUSeg, WoundSeg and Medetec 
datasets and contains 2760 wound images and 
annotation masks (Medetec annotations are done 
by the author of [40]).

To evaluate all three objectives (JEPA, con-
trastive and their combination), the authors built 
on top of the superpixel graph and develop a con-
trolled and reproducible protocol:
	• SSL pretraining – for each of the three seeds 

s ∈ {0,1,2}select 100 non-overlapping images 
from [40] train set;

	• for each of the objectives (jepa, contrastive, 
combination) run SSL pretraining (learning 
rate 1e4, 20 epochs);

	• for each objective, select the best (lowest loss) 
model across the seeds;

	• define test set – 400 wound images with anno-
tations from [40] test set and extract superpix-
els from it;

	• for each of the best models visualise activa-
tions on the random images from the test set; 

	• visualise final model layer embeddings (of 
superpixels from 100 random images from the 
test set) using PCA for dimensionality reduction.

Figure 3. Visualisation of anchor, positives and nega-
tives selection for the contrastive regularisation term
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After visual analysis of the SSL pretraining 
step, a U-Net-like decoder with randomly ini-
tialised weights was added and tested how differ-
ent pretrained encoders affect supervised fine-tun-
ing for the semantic segmentation task. Weighted 
binary cross-entropy and Dice loss were used:
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𝐿𝐿𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 = (𝑠𝑠𝑡𝑡 − 𝑠𝑠𝑐𝑐′)2 
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𝜏𝜏 )

∑ exp𝑘𝑘∈𝒫𝒫∪𝒩𝒩 (𝑠𝑠𝑠𝑠𝑠𝑠(𝑣𝑣𝑐𝑐, 𝑣𝑣𝑘𝑘)
𝜏𝜏 )

 

 

𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐿𝐿𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 + 𝜆𝜆𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

 

𝐿𝐿𝑠𝑠𝑠𝑠𝑠𝑠 = 𝜆𝜆𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + (1 − 𝜆𝜆)𝐿𝐿𝑏𝑏𝑏𝑏𝑏𝑏 	 (8)

where:	Ldice – Dice loss, Lbce – binary cross-entro-
py loss and λ-0.5 – weighting multiplier.

	• supervised finetuning for each of the seeds s – 
define 4 supervised finetuning datasets, each 
with K images, K ∈ {1,3,5,30}, from the 100-
image seed dataset;

	• for each of the supervised datasets – finetune 
model in a supervised manner on top of the 
current JEPA, contrastive and combined SSL 
models (learning rate 1e4, 20 epochs);

	• evaluate models using Dice and IoU metrics;
	• for each seed s, treat a 100-image dataset as 

a supervised dataset, split it into training and 
validation sets at an 80/20 ratio, and train a 
classical supervised segmentation model 
(U-Net). Then compare the IoU and Dice 
scores with those of the fine-tuned models.

RESULTS 

The authors decided to use 100-image dataset 
for the SSL finetuning because current implemen-
tation of the target, context, positive and negative 
views selection based on superpixel adjacency 
graph allows only 1-batch training and pretrain-
ing process, while not being resource-intensive 
in terms of computational capabilities, takes a 
lot of time – approximately 3 hours on Intel Core 
i7-9750H CPU 22.59 GHz, 32 GB DDR4 RAM, 
Nvidia 2060 6 GB VRAM per one training ses-
sion (20 epochs, 1 loss).

Figure 4 shows activations from the different 
stages of the pretrained SSL encoder, using con-
trastive, JEPA, and combined losses, respectively.

The presented visualisations of the activa-
tion functions do not indicate strong segmenta-
tion signals across any of the proposed objectives. 
However, training with a combined objective on 
the 100 epochs (compared to the 20), shows bet-
ter activations, which imply good segmentation 
ability on some of the images (Figure 5). Figure 6 
shows superpixel embeddings in a scatter plot, 
with dimensions reduced from 64 to 2.

Contrastive and combined objectives show 
some signals of wound representation grouping. 

Figure 4. Visualisation of activation maps, top to bottom: contrastive, JEPA, combined JEPA
and contrastive SSL encoder after 20 epochs of training
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Still, they are much more scattered than the JEPA 
embeddings, which, in authors’ opinion, is caused 
by the repulsive part of the contrastive loss. How-
ever, they are still completely overlapped with the 
other superpixels. Thus, it cannot be concluded 
that SSL pretraining alone, in any of the three 
variants, can achieve good wound vs all other 
superpixel separation.

Supervised finetuning Dice metric results are 
presented in Table 1 and IoU results in Table 2 
(averaged over three splits). In a nutshell, these 
results indicate that few-shot finetuning on top 
of the proposed SSL pretraining methods with 
a dataset size K ∈ {1,3,5} do not provide suf-
ficient generalisation capabilities on the 400-
image test set, achieving a maximum metric 
value of 2.8%. Potentially promising results 
start to appear at K=30. Contrastive objective 
learning achieved a mean Dice score of 26.6%. 
For comparison, the supervised U-Net model, 

trained on 100 training images, achieved a Dice 
score of 35.4% and an IoU of 27.9%. Two of the 
metrics are approximately 10% better than the 
best fine-tuning results; however, the amount of 
supervised data used is 3 times larger than in the 
adopted SSL and fine-tuning settings.

When comparing SSL methods, supervised 
fine-tuning on top of contrastive SSL pretrain-
ing yields the best results. However, the ambi-
guity of the activation map and PCA visualisa-
tions suggests that longer pretraining sessions 
(200–300 epochs) are needed to obtain more 
empirical evidence.

CONCLUSIONS

In this manuscript, the authors presented their 
SSL pretraining method based on the superpixel 
adjacency graph and its utilisation for selecting 

Figure 5. Visualisation of activation maps, combined JEPA and contrastive SSL encoder
after 100 epochs of training

Figure 6. Visualisation of superpixel embeddings using PCA (orange – wound, blue – non-wound)

Table 1. Mean Dice score metric values for supervised finetuning on the datasets with different size K
K

Objective 1 3 5 30

Contrastive 0.024 0.109 0.143 0.266

Jepa 0.028 0.087 0.080 0.183

Combined 0.062 0.089 0.170 0.193
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target, context, positive, and negative views for 
JEPA-like and contrastive objectives, and vali-
dated it on the wound segmentation problem. The 
superpixel graph formulation provides a semanti-
cally meaningful alternative to random rectangu-
lar patches for view selection, as confirmed by 
authors’ study, showing 0.987 global 1-ring label 
purity and 0.809 purity for wound-specific anchors. 
The authors experimented on JEPA-like and con-
trastive objectives combinations and in a best case 
received 0.266 Dice score (400 test images), after 
SSL (no label) pretraining on 100 images and fur-
ther supervised finetuning on 30 of them, com-
pared to 0.354 Dice score at fully supervised train-
ing on 100 images (with labels), thus having 0.088 
difference in metric values and more than 3 times 
different in annotated data requirement. The main 
limitation of the current implementation is its long 
execution – the batch-size-one superpixel graph 
construction restricts training throughput, resulting 
in approximately 3 hours per 20-epoch session on a 
mid-range laptop GPU. The 100-epoch experiment 
with the combined objective produced noticeably 
improved activation maps, suggesting that longer 
SSL pretraining can enhance wound-relevant rep-
resentation learning.
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