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Abstract. The paper describes a new dataset of images to assess Dia-
betic Foot using automated procedures. The dataset is being constructed
(ongoing work) after images obtained with purpose built hardware and
in fully real healthcare settings by healthcare professionals (HP) with
minimal training on the system. The system employs four cameras posi-
tioned above, below, and on both sides of the foot for full coverage. The
device enables healthcare professionals to acquire images at the press of
a button, after which they annotate each case as healthy, mild risk, or
high risk, in a very simple protocol, and can be installed in local health
units and hospitals. This process has been generating a dataset that can
be used for training machine learning models to automatically assess
the risk of diabetes patients developing ulcerations. The data acquisi-
tion procedure and the labelling are detailed, along with metrics that
characterize the dataset.
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1 Introduction

Diabetic Foot is a medical condition commonly resulting from Diabetes Mellitus.
Recent estimates pointed to 10.5% of population has this condition, with 11.3%
in 2030 and 12.2% (around 643 million) in 2045, [5]. However, the updated
estimates for 2025 point to 11.1% of global population (age 29-70 years) is living
with diabetes and a projected 13%, or 858 million, in 2050, [14].

Among the most serious complications are diabetic foot ulcers (DFUs). Ap-
proximately 34 % of people with diabetes will develop a foot ulcer during their
lifetime [1]. Moreover, an estimated 80% of diabetes-related lower-leg amputa-
tions are preceded by DFUs [2,8]. In addition, approximately 40% of patients
developing a new DFU within one year of healing, with over 75% experiencing
recurrence within five years [11], and The 5-year mortality rate for individuals
who develop a DFU is approximately 30%, with rates exceeding 70% among
those undergoing major amputations [2].

This shows that this medical condition, even considering a possible uncer-
tainty in estimates, is increasingly difficult to control and hence there is a strong
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motivation to search for tools that can help in the first line of monitoring and
prevention. Furthermore, the development of simplified /automated tests for the
DF condition may improve the efficiency of human resources usage in the health-
care domain and (ii) simplify the access to an evaluation device to the general
population (current medical guidelines indicate that a patient should take a DF
test every 3 months and hence it is clear that the increase in the number of
people with DF condition is becoming an important economic cost).

The visual analysis of the ulcerations is an area of highly active research
in machine learning (ML). Detecting the presence of ulcerations is a task that
can be accomplished by standard image classifiers in accordance with medical
guidelines. For patients with an already installed ulceration, image analysis will
be useful to estimate the area and severity of the ulceration (see for instance [26]).
For patients without an explicit ulceration, the analysis of the skin condition may
indicate an expected evolution towards an ulceration. The research in this area
tends to be harder as skin tones and textures may mask the future development
of ulcerations [21] and hence provides a motivation to the development of a
dataset focused on the early stage of DF condition.

The DFUC2021 dataset (DF Ulcer Challenge®), for instance, provides 15,683
DFU image patches labeled for infection, ischaemia, both, or control, enabling
multi-class classification research [27]. Other efforts, such as the DFUC2022 seg-
mentation dataset, provide annotated ulcer boundaries to support wound local-
ization studies [10].

In this work we describe a new dataset, that start to be acquired recently in
the context of the DFAA* R&D project. Acquisition is still ongoing, though the
current content is already usable in machine learning applications.

The paper is organized as follows. Section 2 summarizes ideas on visual anal-
ysis of DF. Section 3 describes the acquisition of the images. Section 4 details
the annotation done on the raw images. Section 5 presents the main metrics that
characterize the dataset. Section 6 presents final remarks.

2 Related work

Visual inspection of the feet by HP is prone to subjective analysis (e.g., depend-
ing on how experienced the people performing the analysis are). Current image
analysis techniques, namely those resorting to machine learning (ML) techniques.
[25] promise to reduce this subjective component.

Galdran et al. [6] compared convolutional neural networks (CNNs) and Vision
Transformers for DFU classification using the DFUC2021 dataset, concluding
that CNNs generally outperform Vision Transformers in this task, particularly
with limited data, and that Sharpness-Aware Minimization (SAM) improves
generalization.

3 https://dfu-challenge.github.io/dfuc2021.html
4 Diabetic Foot Automated Assessment, https://sites.google.com/view/dfaa-
pex/home.
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The ulcerations formed under DF conditions depend on multiple factors, from
poor glycemic control to ill-fitting footwear, [17]. Characterizations of severity
have been proposed in the literature, e.g., the Wagner scale, [18]. Moreover, the
pathways for ulceration analysis, following [12], provide the goals for multiple
classifiers, e.g., searching for callus and gangrene. In what concerns the classi-
fication of images to search for ulcerations, multiple pre-trained networks were
already tested (ResNet50, DenseNet121, EfficientNetB2, ResNet101), with the
EfficientNetB2 returning the highest Mean Average Precision (MAP), F1-score,
and Area Under the ROC Curve (AUC), [15]. This shows the potential of au-
tomated visual inspection of the ulcerations, namely the detection of ulcerated
areas and the measurement of their size.

A combination of CNNs and Transformers to classify four classes of severity
degrees of the ulcerations is presented in [24]. The DFUC2021 dataset was used,
which is oriented to the classification of infection and ischaemia of Diabetic Foot
ulcers.

The DFUC2021 dataset [27], central to many classification experiments, com-
prises over 15,600 image patches annotated for control, infection, ischaemia, or
both, and serves as a benchmark with backbones such as VGG16, ResNet, Incep-
tionV3, DenseNet, and EfficientNet. The DFUC2022 segmentation dataset [10]
includes pixel-level ulcer delineations, enabling research into wound localization,
with baseline models such as DeepLabv3+ achieving Dice scores around 0.63.

Also using EfficientNet, [23] used a Kaggle dataset. A VGG16 has been
claimed to be more effective in [20]. The Kaggle dataset is also used in [19],
with the prediction of ulcer pathogenesis being estimated using the classification
results. The use of different networks/datasets used by different researchers in-
duced lack of consistency on final results. Away from the deep learning context,
[20] also tested several models using different combinations of random forest al-
gorithm, logistic regression, principal component analysis, and recursive feature
elimination, to classify ulcers and predict pathogenesis.

3 The DFAA dataset: acquisition of images

In DFAA, the approach taken to obtain images is somewhat different from other
datasets. Instead of providing images with maximal information, i.e., in which
feet are occupying a large portion of the image, which tend to require some
time for proper positioning of the feet, one considers that minimal instructions
are provided to the patient and, hence, it is likely that positioning is far from
optimal. This intends to mimic realistic situations in healthcare scenarios, in
which it will often happen that data acquisition is pressed by time (e.g., because
there are multiple people waiting for evaluation). However, at this point this
prevents a cross-dataset comparison as no other public access dataset for DF
with this same concern is available.

The foot images where acquired using purpose built hardware, shown in
Figure 1, composed by four RGB cameras (resolution 1280x720 pixel) arranged in
a fixed rig structure. The multi-camera setting aims at increasing the possibility
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of obtaining images rich enough, i.e., if a region of the foot covered by one
of the cameras is not adequately covered then the others may provide useful
information. A set of high intensity white LEDs was used to provide adequate
lighting conditions whenever necessary.

|

(a) Device 1 (jpg images) (b) Device 2 (png images)

Fig. 1. Devices to acquire the images of the feet. The fixed rig on the righthand image
is being used to test the integration of additional devices used in the Diabetic Foot
assessment.

Acquisition occurred as an additional step to the regular DF checkup, and
was performed by the same HP in the ULS. Patients were instructed to sit in a
regular chair and put the foot heal at a specific point (indicated in the images
in Figure 1). The device was operated through a single button interface. At the
pressing of the button four images are acquired in sequence. The whole process
for a single foot takes less than 30 seconds, insuring minimum inconvenience for
the HP and patients.

The images were acquired with two different camera types (see Figure 2),
introducing natural variability in the dataset.

Although the acquisition devices incorporated auxiliary high-intensity white
LEDs, the tests were performed in clinical environments where ambient light-
ing is generally well controlled; as a result, the LEDs had a limited impact on
standardizing illumination. Nevertheless, lighting conditions still influence color
consistency, contrast, and the visibility of subtle skin features.

Camera characteristics also play a significant role: the cameras on the second
device in Figure 2 feature a higher resolution, a wider field of view, and a shorter
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focal length compared to the first device. These improvements allow for better
spatial coverage of the foot, enhanced sharpness at closer distances, and more
consistent framing, reducing the likelihood of missing peripheral regions, even
though foot positioning remains a critical factor: depending on how the patient
places the foot, it may appear partially cropped or differently oriented across
images. Additionally, focal distance and camera angle influence image sharpness
and introduce perspective distortion, while shadows, reflections, and background
heterogeneity may add further variability. Together, these factors contribute to
intra-class diversity, reflecting realistic clinical conditions but posing challenges
for automated classification.

Furthermore, there is a general consensus that some cleaning and preprocess-
ing of the data must be made prior its usage (see for instance [16]). Figure 3
shows sample images with the background removed. This is a relatively straight-
forward process (see for instance [22]), using a U-net and a convex-hull filter,
that reduces the level of disturbances in the relevant area (though the slight
increase in the boundary error).

4 Labelling

The labelling of the images was made at the same time of the acquisition by HP.
Consistency is thus directly related with the professional experience of the HP.
Junior HP are always coached by experienced colleagues.

Besides the visual analysis, other tests for DF assessment were also registered
(vibration, temperature, monofilament, and pedal pulse) were also performed
(see for instance [3]). This means that the the labels embed the knowledge of all
the tests and not only the visual analysis. Moreover, no information about the
images (quality or any aspect of the classification) is reported back to the HP
and hence quality does not bias the labels.

The system used by the professionals acquiring the dataset is based on three
labels, oriented to prevention (and not ulceration classification as with the Wag-
ner scale, i.e., oriented to the texture of the skin in areas of potential (future)
ulcerations. These labels are “low risk”, “medium risk”, and “high risk”. This rep-
resents a different strategy from, for example, the system in [24], which aimed at
four labels, namely, “Infection”, “Ischemia”; “Both” and “None” (as in the DFUC
datasets).

5 Dataset features

Currently, images in the dataset are available in two formats, namely jpeg and
png. The vast majority of the images include both the left and right foot. Each
set (left and/or right foot) is of a unique patient i.e., no patient has multiple
images.

As in the results of Table 1, the data set, in its current state, is strongly
imbalanced. Even combining the medium and high risk classes in a single class
yields a skew ratio (see [9]) of 446/48 = 9.3 (or 40.5 and 12.1 if the medium
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(g) Device 2 (h) Device 2

Fig. 2. Image samples
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(a) Raw image (b) Segmented image
Fig. 3. Pre-processing of the images to remove useless background features.

Table 1. Dataset features

Total Images | Images per person Labels
Low risk (L) Medium risk (M) High risk (H)

503 8 446 11 37

and high risk classes are not merged). Such values are not common, though they
have been reported in the literature (see, for instance [9]). Note, however, that
skew ratio has been reported to not to be the best dataset metric. [13] suggest
the Geometry Mean (GM) or the Bookmaker Informedness, or the Matthews
Correlation Coefficient(MCC), as better alternatives.

In general, both the GM and the MCC of a dataset are computed using
the accuracies of all classes to produce a measure relating prediction and reality
(see, for instance, [4]). In our case, having no accuracies available, we can still use
GM, one has GM = (LMH)l/3 = 56.6. This value is, clearly, far from the fully
balanced dataset, at (L+M +H)/3 = 163.7, for the current size. Moreover, when
applied to the raw H,M,L values, GM is affected by the size of the dataset and
hence to enable size independent comparisons one can normalize the quantity as
GM = GM/(L + M + H), with the current value being GM = 0.11. This value
is not that far from the ideal 1/3, though this is a subjective assessment.

As pointed in [7], datasets with “non-representative images”, i.e., images with-
out enough information, may compromise performance statistics “in the real
world”. By training with a dataset obtained in real-world conditions one can
avoid this problem, i.e., performance metrics obtained with the DFAA can be
expected to have a close correspondence to those obtained in real world condi-
tions.

6 Access and final remarks

Currently available datasets are oriented to ulcerations, e.g., Kaggle, and /or im-
pose harsh constraints to used, e.g., DFUC. The DFAA dataset described in
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the paper is an ongoing work, property of ULS-LOD?, a partner of the DFAA
project, and the entity responsible for Ethics clearances. Moreover, the corre-
sponding content and statistics are being updated on a regular basis. Information
to access the dataset can be requested to the corresponding author. As per the
rules of the DFAA project, open access is granted for academic purposes under
CC-BY or ODC-BY licencing.

A distinctive feature of this dataset is that is results from a very practical
considerations, namely, (i) it is obtained without any guideline to the HP re-
garding quality of the images and (ii) it minimizes the overhead of the HP that
supervise the process.

The imbalance is a natural consequence of the DF distribution among the
population. However, given the steady rate increase in the number of images in
the dataset it will be possible to select images to form a balanced sub-dataset
in a near future.

Moreover, future work will include assessing the performance of baseline clas-
sifiers, e.g., using VGG and ResNet.
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