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Abstract Background/Purpose: There are challenges in applying artificial intelligence (Al) for acute wound healing
assessment due to limited data availability, the dynamic nature of healing, and inter-patient variability.
These challenges require further research on data collection, algorithm design, and validation techniques
specific to each wound type. This study proposes a computer vision model for identifying acute surgical
wounds using image segmentation techniques. Methods: The ACW.ai model was used to segment wound
images and assign various labels to different wound features, mimicking a clinician’s perspective. The
model was trained and validated using ACW.ai on a chronic wound dataset (FUSeg). Results: The ACW.ai
model achieved a DICE score of 90.9%, outperforming existing methods. Additionally, the model was
trained on a private dataset of 59 acute wound images, achieving a DICE score of 87.90% and a mean
average precision of 8210%. Conclusion: Image segmentation is crucial for the early detection of surgical
site infections (SSls) and facilitates better assessment of wound healing. Healthcare professionals may
identify potential signs of infection and monitor healing progress by segmenting wounds and analyzing
specific features, enabling them to take preventive actions and improve patient outcomes.
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Role of Smart Image Segmentation in Infection Diagnosis and Monitoring of Acute Surgical Wounds ﬁ Bayram, 2026

Surgical site infections (SSIs), sometimes referred to as postoperative infections or surgical wound
infections, are a major factor in prolonged hospital stays and lead to higher morbidity and mortality rates
(Owens & Stoessel, 2008). They are the most common hospital infection cases, affecting over 800,000
patients annually in Europe, and may occur for up to 30 days following a surgical intervention (or within 1
year in patients with prosthetic implants) (Cassini et al., 2016). One SSI can result in additional costs of up
to 47000 USD (Badia et al., 2017), making it one of the most expensive healthcare events and resulting in
significant financial losses.

Data-driven and smart applications, such as artificial intelligence (Al)-based approaches, have been
shown to transform healthcare systems by improving efficiency, accuracy, accessibility, and patient out-
comes (Rajpurkar et al., 2022). These applications could also be applied to SSis or general wound healing
for tracking and prediction. Smart segmentation of the wound imaging is crucial for further quantifying and
predicting the possibility of SSls.

The fundamental problem of image segmentation in computer vision (CV) and artificial intelligence (Al)
research is splitting an image into numerous coherent and significant parts (Antonelli et al.,, 2022). The
objective is to recognize and categorize various objects or areas within an image, making it easier for
machines to comprehend and process visual input (Arbelaez et al., 2011). Image segmentation is essential in
many different applications, such as object recognition (Ullman, 2007), autonomous driving (Kabiraj et al.,
2022), medical imaging (Chan et al., 2020; Jin et al., 2022), and video surveillance (Gruosso et al., 2021).

Semantic segmentation is a term used to describe a typical image segmentation method (Shelhamer et
al., 2014). The goal of semantic segmentation is to provide each pixel in an image with a unique label that
describes a particular object or class. This method enables computers to identify various objects or areas
of interest within an image.

"Instance segmentation" is a different approach to picture segmentation. Instance segmentation sepa-
rates distinct instances of objects within the same class and categorizes pixels into several object classes
(X. Wang et al., 2021). For instance, instance segmentation would give each person a picture of many people
and their own label, enabling accurate localization and tracking of individuals.

Deep learning methods, especially convolutional neural networks (CNNs), are frequently used in image
segmentation. These networks learn to extract useful features from visual data and forecast pixel-level
segmentation maps by being trained on enormous labeled image datasets (Girshick et al., n.d.). U-Net
(Weng & Zhu, 2015), Mask R-CNN (He et al., 2017), and Deeplab (L. C. Chen et al., 2016) are a few examples
of CNN-based models that have excelled in image segmentation tasks and are now considered innovative
approaches.

Finally, this study suggests a CV model to identify an acute wound through a custom algorithm to
segment and further process it with different labels, e.g., annotations, to mimic a clinician’s perspective. It
has established a DICE score of over 90.90%, which is comparable to that of chronic wound segmentation
algorithms, with a higher number of wound images to train the model.
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Numerous healthcare applications have significantly improved because of picture segmentation devel-
opments. In medical imaging, segmentation is essential for activities such as tumor identification (Tiwari et
al., 2020), organ segmentation (Linguraru et al., 2010), and disease diagnosis (Kumar et al., 2022).

Magnetic resonance imaging (MRI) and computed tomography (CT) are two examples of medical imaging
that require image segmentation to recognize and delineate malignancies (Sharma et al., 2010; Zhang &
Sejdic, 2019). By precisely segmenting tumor locations, doctors can measure tumor size, track its growth,
and develop effective treatment plans. Additionally, it allows for tumor boundaries to be observed, which
helps surgeons plan operations and radiation oncologists specify treatment zones.

Organ Segmentation: Image segmentation is essential for separating organs from medical images, allow-
ing for easier study of certain organs and assisting in the diagnosis and treatment planning. Segmenting
the various areas of the brain during brain imaging enables the identification and localization of anomalies
such as tumors (Horska & Barker, 2010), hemorrhages (Patel et al., 2019; Xu et al., 2021), and ischemiac
lesions (Kabir et al., 2007). Segmenting the heart from cardiac imaging allows for cardiac function evaluation,
anomaly detection, and intervention planning (Counseller & Aboelkassem, 2023; Gosling & Al-Mohammad,
2022; Malahfji & Chamsi-Pasha, 2019).

Image segmentation aids in the identification and delineation of lesions or anomalies within medical
images. For instance, segmenting skin lesions in dermatology helps in the diagnosis of melanoma (Chen et
al., 2003) or other skin malignancies (Dildar et al., 2021) by examining different traits such as shape, color, and
texture (Khan et al., 2018). Segmentation techniques can also help in locating anomalies in retinal pictures,
such as age-related macular degeneration or DR.

Image segmentation is used to recognize and separate individual cells or nuclei inside microscopic
pictures in disciplines such as pathology (Aeffner et al., 2019; Vu et al., 2019; Wienert et al., 2012) and
cytology (Bao et al., 2020; Landau & Pantanowitz, 2019). This enables the automated characterization and
quantification of cell characteristics, assisting in the detection, evaluation, and study of cancer. Studies
involving blood analysis also use cell segmentation techniques to separate red and white blood cells for
various analyses (Carvalho et al., 2021; Prinyakupt & Pluempitiwiriyawej, 2015; Mohd Safuan et al., 2018).

An application of image segmentation known as "wound healing segmentation" focuses on segmenting
and examining wounds to track the healing process (Glinos et al., 2017; Y. Wang et al., 2022). In the literature
as well as commercially available products, some examples of picture segmentation in use in the study of
wound healing are provided below:

1. Measurement of wound size: Image segmentation techniques can be used to precisely define the limits
of wounds from pictures or images (Lucas et al., 2021; Privalov et al., 2021). Healthcare providers can
quantify the wound area and monitor changes over time by segmenting the wound region. This quan-
titative assessment helps track the healing process, evaluate treatment efficacy, and provide factual
information for clinical research (Curti et al., 2023).

2. Wound Tissue Classification: Image segmentation can be used to categorize several types of tissues
within a wound (Ramachandram et al., 2022a). Segmenting granulation tissue (Mukherjee et al., 2014a),
epithelial tissue (Wagh et al., 2020), and necrotic (dead) tissue (Mukherjee et al., 2014b) enables a thor-
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ough examination of the wound’s makeup. This information aids medical professionals in determining
the stage of wound healing and directing suitable therapies, such as debridement or the use of specialist
dressings.

. Wound Depth Estimation: In some circumstances, image segmentation may be used to assess the depth
of a wound (Anisuzzaman et al., 2022; Carrion et al., 2022). Algorithms can roughly determine a wound’s
depth by segmenting its various layers, such as the epidermis, dermis, or subcutaneous tissue. This
information is useful for determining the wound severity and making the best course of treatment,
which may include surgical interventions or wound closure.

. Wound Infection Detection: Image segmentation techniques can help identify and classify diseased
wound areas (Anisuzzaman et al., 2022). Algorithms can identify potentially infected areas by segmenting
the wound area and examining characteristics such as color, texture, or the presence of exudate (Wu et
al., 2020). This helps medical professionals spot infections early, enabling quick treatment and averting
problems.

. Wound Healing Assessment: Image segmentation enables the ability to follow and analyze how a wound
heals over time (Barakat-Johnson et al., 2022). Algorithms can spot changes in wound features, such as a
reduction in wound size, closure of the wound borders, and re-epithelialization, by segmenting wounds
in sequential images or by employing time-lapse imaging (Chairat et al., 2023; Howell et al., 2021). These
quantitative evaluations may aid in determining the effectiveness of therapies, direct clinical research,
and provide crucial information for studies on wound healing.

Overall, segmenting wound healing offers medical personnel quantifiable metrics and visual insights

to evaluate wound development, direct treatment choices, and improve patient care (Anisuzzaman et al.,
2022; Curti et al., 2023; Ramachandram et al., 2022b). Clinicians can receive precise and thorough information
about wounds from image segmentation techniques, thereby facilitating efficient wound management and
better patient outcomes.

A custom CV model, ACW.ai, is a Python-based wound detection model that depends on widely used and

maintained open-source Python packages, such as PyTorch (Paszke et al., 2019), NumPy (Harris et al., 2020),
OpenCV (Bradski, 2000), and Matplotlib (Hunter, 2007).

The methodology used two distinct data sources to evaluate the model performance:

- FUSeg Dataset (Task 1): The Foot Ulcer Segmentation Challenge 2021 (Wang et al., 2022) was used to train
the model for high-precision chronic wound segmentation (for one label: wound).

- Private Dataset (Task 2): A dataset of 59 acute wound images (37 with visible wound areas) was used for
complex feature classification (Fig. 1). Images were resized to 1024 1024 pixels, +15° rotation.
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Figure 1
An image from the acute wound dataset, where different areas have been segmented (drawn and annotated), which would
go into training/validation subset for ACW.ai
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« Annotation Protocol: Images in the private dataset were annotated using a custom tool inspired by Meta’s
SAM2 (Ravi et al., 2024). This allowed for precise mask generation across 19 distinct clinical labels (Table 1):

Table 1
19 clinical labels used for complex feature classification

Category Specific Clinical Labels
Wound State wound, granulation tissue, skin loss, wound edge gap
Exudate/Fluid pus, exudate (yellowish dead tissue), fresh blood, blood clot
Tissue Pathology necrotic skin (dead), scab, bruising, blisters, swelling, redness
External/Clinical sutures (stitches), clips, steri-strip, bandage, infection

The system employs a two-stage modular pipeline:

1. Stage 1 (Instance Segmentation): A custom Mask-RCNN model was implemented to detect and segment
the wound regions. This model was initially pre-trained on the FUSeg dataset.

2. Stage 2 (Classification): The resulting segmented ROIs were passed into a standalone ResNet-50 archi-
tecture for final multi-label classification.

Acta Infologica, 10 (1), 66-79
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3. Transfer Learning (TL): To adapt the system from chronic to acute wounds, TL was utilized to fine-tune
the pretrained weights from the FUSeg domain onto the smaller private dataset, ensuring robust feature
extraction despite limited data.

All quantitative results are presented as the Mean * Standard Deviation (SD) across the 5-fold cross-
validation cycles. To determine the statistical significance of the ACW.ai pipeline’s performance compared to
baseline models (U-Net, DeepLabv3+, and vanilla Mask-RCNN), a paired Student’s t-test was employed for the
Dice Similarity Coefficient (DSC) and mAP metrics. A p-value of < 0.05 was considered statistically significant.
For multi-label classification of the 19 clinical indicators, performance was evaluated using Precision-Recall
curves and the F1-score to account for potential class imbalances within the private dataset. All statistical
computations were performed using the SciPy library in Python, ensuring that the reported improvements in
segmentation accuracy are mathematically robust and not the result of stochastic variation during training.

A flowchart of the methodology is shown below (Fig. 2).

Figure 2

Flowchart of the data processing pipeline
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ACW.ai outperformed the state-of-the-art (SOTA) methods in the treatment of chronic wounds (Table II).
The model outperforms the current state-of-the-art model with a dice score of 90.9% with the test set in
the FUSeg dataset (Fig. 3).
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Figure 3
Several images of testing from the FUSeg dataset, to visually compare ACW.ai with the ground truth dataset.
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Table 2
Comparative Performance on the FUSeg 2021 Benchmark. The ACW.ai model is the "Reference" against which the p-values
of other models are calculated.

Model Architecture Dice similarity coefficient (DSC) mAP;, p-value
U-Net 82.4 +21% 0.76 <0.01
DeepLabv3+ 86.7 + 1.8% 0.81 < 0.05
Mask-RCNN (Baseline) 88.4 + 1.5% 0.84 0.042
ACW.ai (Proposed) 90.9 + 1.2% 0.89 <0.05

Source:(derived from https://fusc.
grand-challenge.org/leaderboard ,
accessed Jan 8, 2026)

Furthermore, the ACW.ai model obtained a dice score of 87.90% and a mean average precision of 82.10%
on acute wound images (Fig. &), with only 37 images without bandages (Table I1I).

Figure 4
Segmentation of several images from the private acute wound dataset before and after the wound area with ACW.ai
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Table 3
Establishment of ground truth for clinical indicators via SAM2-assisted expert annotation to ensure pixel-level boundary
precision

Clinical Indicator Precision Recall (Sensitivity) F1-Score
Sutures and clips 0.97 0.95 0.96
Pus and exudate 0.78 0.74 0.76
Redness (Erythema) 0.74 0.79 0.76
Necrotic skin 0.86 0.82 0.84
Wound edge gap 0.72 0.68 0.70

Wound healing segmentation is crucial in the context of surgical site infections (SSls) and their preven-
tion. Image segmentation can help in the early diagnosis of surgical wound infections. Algorithms can
discover possible indicators of infection (Bawa et al., 2023) by segmenting the wound region and examining
particular characteristics, such as color, texture, or the presence of exudate, as shown in animal models
(Hughes et al., 2023). Early detection enables medical professionals to take immediate action, initiate
suitable treatment plans, and halt the spread of the infection (Shen et al., 2019). The objective evaluation of
the wound healing process provided by image segmentation allows healthcare professionals to evaluate the
efficacy of preventive interventions in lowering the risk of SSIs (Tomsic et al., 2020). Clinicians can assess the
effects of interventions, such as customized dressings or wound care procedures, by comparing segmented
wound pictures over time and establish their effectiveness in encouraging optimal wound healing and
lowering the risk of infection. SSl risk classification benefits from accurate wound segmentation and analysis
(Scala et al., 2022). Clinicians can identify high-risk wounds that require additional preventive measures by
assessing wound parameters such as size, depth, or tissue composition (Lucas et al., 2021; Wu et al., 2020).
This enables the creation of individualized care plans for every patient, improved infection control methods,
and SSI reduction.

Comparing acute wound healing to chronic wound healing using Al may be challenging. Several factors
make measuring acute wound healing more difficult, including the following:

1. Limited Data Availability: Acute wounds often heal within a short time, frequently within a few weeks.
Because there may not be as many photos of acute wounds as there are of chronic wounds due to the
short timescale, it will be harder to train Al models successfully. For effective and reliable Al algorithms,
a broad and representative dataset is essential.

2. Dynamic Nature of Healing: As they heal, acute wounds undergo rapid changes in both appearance and
personality. This dynamic nature can prove challenging for Al systems that must adapt and generalize
effectively over diverse stages of healing. Artificial intelligence-based quantification techniques may
not be as accurate over time because of changes in color, texture, tissue composition, and wound size.

3. Interpatient Variability: Surgical treatments, traumatic experiences, or different types of injuries can all
result in acute wounds. Each patient’s wound could be distinct in terms of its depth, form, and place-
ment. Since Al models must consider these various wound appearances to precisely evaluate healing
progress, this inter-patient variability can add to their complexity.

Acta Infologica, 10 (1), 66-79 UU
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4. Limited Time for Benchmarking: Because acute wounds tend to heal quite quickly, there might not be
much time to compare and test Al algorithms against real-world data. Collecting accurate and reliable
annotations or reference measures for acute wounds within the limited healing window can be difficult,
which can affect how well the Al model functions.

However, measuring chronic wounds with Al has its own difficulties.

1. Complex and Prolonged Healing Process: Chronic wounds, such as diabetic ulcers or pressure ulcers,
frequently take a long time to heal; they may persist for weeks, months, or even longer. Accurately
measuring and quantifying the healing progress over time can be difficult because of the complexity
and prolonged healing process.

2. Variability in Wound Characteristics: Chronic wounds show a great deal of variation in terms of size,
shape, depth, tissue composition, and the presence of biofilms or necrotic tissue. Due to these variances,
creating Al models that can accurately quantify and capture the many features of chronic wound healing
is difficult.

3. Infection and Complications: Compared with acute wounds, chronic wounds are more prone to infec-
tions, sluggish healing, and other problems. These aspects may add complexity when assessing the
healing process using Al because the presence of infections or other non-healing traits may necessitate
special analysis procedures.

4. Longitudinal Analysis: Analyzing longitudinal data, considering several time points, and evaluating
changes over long periods of time are frequently necessary to quantify chronic wound healing.
Long-term monitoring and data collection may be required to fully capture the healing trajectory,
necessitating powerful Al systems capable of handling such longitudinal investigations.

The success of ACW.ai in achieving a Dice score of 90.9% on the FUSeg benchmark is not merely a
technical milestone; it is a critical prerequisite for the early diagnosis of SSls. As highlighted in the literature,
segmenting the wound region allows for the examination of specific characteristics, such as color, texture,
and exudate—all of which are precursors to infection (Bawa et al., 2023). By outperforming current SOTA
models, ACW.ai provides the high-fidelity "smart segmentation" necessary to quantify these parameters.
This precision enables medical professionals to move beyond subjective observation, allowing for the
immediate initiation of treatment plans that can halt the spread of infection and reduce the 47,000 USD
financial burden per SSI event (Badia et al., 2017; Shen et al., 2019).

The primary innovation of this study lies in its ability to handle the "Dynamic Nature of Healing" inherent
in acute wounds. Acute wounds change rapidly in appearance, making Al systems’ adaptation challenging
(Tomsic et al., 2020). ACW.ai demonstrates that a hybrid Mask-RCNN and ResNet-50 pipeline can effectively
generalize across the quick transitions of color, texture, and tissue composition that defines the acute
healing window by achieving an 87.90% Dice score on the private acute dataset.

While chronic wounds—such as diabetic ulcers—present complexities involving biofilms and necrotic
tissue over months, acute wounds require rapid benchmarking within a narrow window. The high mAP,,
of 82.10% on acute images suggests that the model can navigate inter-patient variability (depth, form,
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and placement) to provide the objective evaluations needed to assess customized dressings or surgical
interventions (Lucas et al., 2021).

This study directly addresses the "Limited Data Availability" bottleneck common in acute wound research.
Because acute wounds heal quickly, collecting representative datasets is notoriously difficult compared with
longitudinal studies of chronic wounds. The methodology proves that TL effectively bridges this gap. By
using the "foundation" learned from chronic wound morphology (FUSeg) and fine-tuning it with ten times
augmented private dataset, the model avoided overfitting.

Unlike semantic segmentation, which provides a simple binary mAP;, the instance segmentation
approach separates distinct clinical instances. This mimics a clinician’s diagnostic process by assessing

”n u

specific tissue compositions, such as “granulation tissue”, “pus”, or “necrotic skin” (Wu et al., 2020).

« Early Detection: The F1-score of 0.76 for “pus” and 0.76 for “redness” provides empirical evidence that
ACW.ai can identify high-risk wounds requiring additional preventive measures (Scala et al., 2022).

+ Surgical Precision: The near-perfect detection of “sutures” (0.97 precision) allows clinicians to monitor
surgical site integrity alongside biological healing, a dual capability that is often missing in standard
chronic wound models.

Assessing healing using artificial intelligence is challenging in both acute and chronic wounds. Chronic
wounds present difficulties because of the intricacy of the healing process, variety in the characteristics
of the wound, and possibility of infections or consequences, whereas acute wounds may have limited data
availability and show quick changes. Thorough data collection, algorithm design, and validation techniques
specific to each type of wound are required to overcome these obstacles. Future research will move toward
the "Longitudinal Analysis" mentioned in the introduction, tracking the 19 clinical labels across multiple time
points to capture the full healing trajectory of acute wounds. ACW.ai offers a scalable solution to lower SSI
risks, improve infection control, and transform postoperative care into an objective, data-driven discipline
by automating this quantification.
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