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Abstract: The project PRISCA develops digital tools for postoperative monitoring and early detection of wound complications
(e.g., infections) through telemedicine solutions. The approach addresses concrete clinical needs, including the follow-up of
patients discharged from centers of surgical excellence located far from home, the optimization of hospital access, and the
early identification of at-risk situations. The output of the project will be a telemonitoring platform (mobile and web apps),
artificial intelligence modules for wound image analysis, and informative content for patients. The technological architecture
is designed to support timely intervention in case of wound-related complications, while also reducing unnecessary in-person
visits. The project’s main innovation is the use of an Artificial Intelligence module. It aims to enable healthcare professionals
to perform automated analysis of wound images for early detection of post-surgical complications. The limited availability
of public data was tackled by applying a data augmentation method and by integrating a generative Al model. It creates new
synthetic images based on real images and textual prompts. All generated images had been validated by clinicians and then
included in the final dataset. This approach ensures the model learns from a diverse set of images, increasing its robustness
and accuracy. The adopted detection model is YOLOv11, which localizes the wound and performs a pathological/non-
pathological classification. Results show good localization and promising classification accuracy. We performed a comparison
between the model trained on the original dataset and the version enhanced with synthetic data, in order to assess relative
improvements. These comparisons will help refine the model for better performance in real-world scenarios. The first results
show an increase in the performance of the model with augmented data but more systematic comparisons are needed.
Additional real images from a proprietary dataset currently being collected will also be integrated, further enhancing the Al's
ability to identify early complications.
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1. Introduction

Surgical site infections (SSls) represent one of the most common adverse events among patients undergoing
surgical procedures and they can pose serious clinical complications (Haque et al., 2018; Badia et al., 2017). In
addition to infections, other wound-related issues may develop over time, such as wound dehiscence or keloid
formation. Postoperative follow-up protocols involve at least two face-to-face evaluations: one at a local health
center approximately 15 days after surgery, and a second outpatient consultation at the hospital around 30 days
later. However, the detection rate of complications during scheduled visits remains low, with many infections
ultimately diagnosed only in emergency departments. Telemedicine offers new opportunities for remote patient
monitoring, recovery assessment, and timely intervention in postoperative care. A survey conducted among
healthcare professionals in Liguria (Italy) indicates that 71% believe an Al-powered service for automatic wound
complication detection can effectively optimize the postoperative protocol. Then, the idea of developing digital
tools emerges, aiming to transform the current follow-up model through smartphone-based applications. The
objective of this study, conducted as part of the PRISCA project, is therefore to implement an automated system
for the analysis of wound images, enabling early detection of post-surgical complications.

2. Materials and Methods
2.1 Dataset

The dataset used for the study consists of 583 images of post-operative wounds, collected from various sources.
Specifically 189 images, provided by available sources (Fateen, 2017; Oota, Rowtula and Mohammed, 2023) and
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by Casa di Cura Villa Montallegro (Genoa, Italy), were included. They were labeled by expert clinicians from
Ospedale Policlinico San Martino (Genoa, Italy), who classified them as physiological (normal healing phase) or
pathological (with complications). Other 394 images were provided by Redscar© (Gonzalez-Hidalgo et al.,
2019a; Gonzalez-Hidalgo et al, 2019b) with already assigned labels, available online at
http://opendemo.uib.es/datasets/Redscar-database/. To ensure the dataset quality, images containing tattoos
near the wound or belonging to poorly represented phototypes were eliminated. The final dataset consisted of
554 images, with 434 physiological and 120 pathological wounds.

2.2 Generative Al for Data Augmentation

A data augmentation procedure was adopted to increase dataset diversity. Alongside geometric techniques, an
innovative method based on generative Al was introduced, using the open-source Stable Diffusion model to
generate synthetic images by combining real images and descriptive text prompts. The choice of Stable Diffusion
was motivated by its proven ability to generate high-quality images while preserving fine-grained details, even
in domains such as medical imaging. Compared to text-to-image or image-to-image models, Stable Diffusion
supports conditioning on both modalities. Previous studies demonstrated its versatility and robustness in
generating synthetic datasets for clinical applications (Mou et al., 2023; Kazerouni et al., 2023). A critical aspect
concerns balancing conflicting requirements: producing images sufficiently different to avoid overfitting, yet
maintaining a high degree of realism with clinically plausible results. To achieve this, the generative process was
controlled through two parameters: the level of detachment from the original and the adherence to the textual
prompt. By varying them, multiple synthetic versions of each image were generated, altering both skin
representation and wound morphology. Most common variations are: presence/ absence of moles, modified
hairiness, changed skin pigmentation, and different arrangement of stitches. Sometimes, the wounds appear
smoother or more irregular than the original, or have different degrees of secretion and redness.

=

Figure 1: Pathological wound example, left original, right augmented

Atotal of 228 synthetic images of physiological and 91 images of pathological wounds were validated as plausible
by expert clinicians from Ospedale Policlinico San Martino, and were used to augment the training dataset.

2.3 Model and Metrics

For automatic wound detection and classification, the YOLOv11 model was adopted. The choice was motivated
by its ability to achieve high detection accuracy; YOLO models have demonstrated strong generalization
performance in medical applications, including dermatological lesion detection. The process involves a
localization phase, in which the model identifies the bounding box of the wound, followed by a classification
phase, which distinguishes between physiological, pathological, and non-wound regions.
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Figure 2: Pathological wound detection with confidence level
The model was trained in two distinct configurations:

e using only the original real images;
e using an extended dataset with synthetic images.

This choice allows to systematically evaluate the contribution of generative Al to improve system performance
in terms of accuracy, robustness, and generalization ability.

The following metrics were used to evaluate performance:

e precision: measures the percentage of correct positive predictions out of the total positive
predictions;

e recall: measures the percentage of true positive predictions out of the total of positive cases;

e Fl-score: it is the harmonic mean between Precision and Recall, useful when the classes are
unbalanced.

3. Results

To compare performance between the extended and base models, we adopted the Fl-score as the primary
evaluation metric. The F1 confidence curve enabled us to assess the balance between precision and sensitivity
across varying decision thresholds. The extended model reached a maximum Fl1-score of 0.90 (Fig.5),
outperforming the base model, which peaked at 0.81(Fig.4). The improved behaviour observed for both
physiological and pathological classes highlights better generalization and greater sensitivity, particularly in
identifying pathological wounds. These findings indicate that the structured inclusion of synthetic images within
the data augmentation pipeline can contribute positively and measurably to classification outcomes.
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Figure 4: F1-curve for original dataset
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F1-Confidence Curve
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Figure 5: F1-curve for augmented dataset

The highest-performing configuration used the original dataset enriched with synthetic data and geometric
augmentation. This combination produced consistent improvements across all metrics compared with the
model trained exclusively on real images. We report below the normalized confusion matrix obtained on the
test set.

Table 1: Normalized confusion matrix on the test set

Pred/Real Physiological Pathological Background
Physiological 0.93 0.08 0.27
Pathological 0.00 0.92 0.73
Background 0.07 0.00 0.00

The normalized confusion matrix shows good classification capabilities. The physiological class was correctly
identified in 93% of cases, while the pathological class was correctly identified in 92% of cases, with a residual
overlap between the two. However, a residual overlap remains between classes, particularly regarding
pathological areas occasionally misidentified as background. This suggests an underestimation of pathological
lesions when they closely resemble surrounding tissue.

4. Insights and Future Work

Although the results are encouraging, several limitations remain. In particular, the current dataset still offers
moderate size and variability, which may reduce generalizability to more heterogeneous clinical contexts. To
address this, the acquisition of approximately 400 additional post-operative wound images from varied body
regions is planned in collaboration with Ospedale Policlinico San Martino (Genoa, Italy). This expansion aims to
strengthen dataset representativeness and improve model robustness. Nevertheless, further investigation will
be necessary, such as integrating more anatomical sites and including currently under-represented skin
phototypes.

Access to images of the same wound over time paired with clinical outcomes, would also be highly valuable.
Such temporal information could support the development of predictive models for wound evolution and
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healing, broadening the clinical relevance of this approach. While still in an active development phase, this work
shows promising potential to support clinicians and enhance post-operative patient care.
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