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Wound care management is a major medical challenge, causing a significant clinical, social, and economic burden on global
healthcare systems. To address this, we developed WoundView, an Al-powered app for real-time wound assessment. WoundView
utilizes wound images to provide a risk score and generates tailored treatment plans using advanced Large Language Models
(LLMs). This system was developed using three distinct, publicly available datasets consisting of more than 4,000 images. For
wound classification, a convolutional neural network (CNN) model (ResNet18) was developed, classifying a total of 18 wound
types with a macro-averaged Fl-score of 0.776 and a weighted F1-score of 0.925. To enable accurate wound segmentation, a
SAM2.1-Large model was fine-tuned to precisely identify the region of interest, achieving a prompt-free validation IoU of 0.72
compared to a U-Net baseline of 0.74. This segmentation was used to analyze the wound’s color composition, a key factor in
the diagnostic process. We developed a novel scoring system, the Wound Risk Assessment Score (WRAS), utilizing wound
characteristics, patient demographics, and comorbidities to prompt an LLM to generate a wound risk severity score and tailored
treatment plan. To assess performance, six OpenAl models were compared for 10 cases. Five physicians from various disciplines,
including primary care, podiatry, vascular medicine, and infectious disease, evaluated the responses and identified models using
WRAS as being more predictive of wound severity. WoundView demonstrates the potential of Al to support wound care through
accessible, cost-effective assessments, though prospective clinical validation on real-world data is required before deployment.

Introduction

Chronic wounds affect approximately 7-10 million individu-
als in the United States annually!. Wounds are typically cat-
egorized as either acute or chronic. Acute wounds heal in a
predictable and timely manner, whereas chronic wounds fail
to progress through the normal healing process2. As the pop-
ulation ages, the prevalence of chronic wounds continues to
rise, largely due to comorbidities such as diabetes and venous
insufficiency. Additionally, chronic wounds make up a large
proportion of all wounds, some examples including pressure
injuries, venous ulcers and ischemic wounds®. On the other
hand, injuries such as abrasions, bruises, burns, cuts, and lac-
erations are categorized as acute wounds.

Multiple physiological and environmental factors affect the
healing process of wounds. Risk factors such as age, diabetes,
obesity, peripheral arterial disease and smoking play a major
role in the development and progression of wounds*. Without
timely identification and intervention, acute wounds may tran-
sition to chronic wounds. Early detection and proper treatment
are critical, as untreated wounds can cause serious complica-
tions such as infections and amputations leading to increased
risks of disability and possibly death?.
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Wound care management presents major challenges due to
lack of timely clinical intervention. The nationwide shortage
of wound care specialists further exacerbates this problem9.
In some instances, patients can experience referral delays
greater than 3 months before seeing a specialist, meaning only
the most severe cases typically reach advanced care’. In addi-
tion to these delays, patients face logistical barriers, including
pain-related immobility, transportation difficulties, long wait
times, and high costs of care. These factors discourage many
from seeking early medical care. In addition, due to limited
access to specialized wound care centers, primary care physi-
cians and nurses often serve as the initial point of assessment
and ongoing management, particularly in rural communities
and outpatient settings®. Although initial wound care is typ-
ically handled by general practitioners, the escalating needs
of an aging population make it increasingly difficult to pro-
vide efficient and thorough wound care management®. This
gap in care has significant financial consequences. Medicare
estimates the annual cost of wound treatment in the U.S. to
be ~ $22.5 billion with outpatient services accounting for the
majority of expenditures'. Beyond financial strain, chronic
wounds inflict social and psychological stress on patients and
their family members, especially in underserved populations
who have fewer options for high-quality treatment . As a re-
sult, there is an urgent need for a robust, scalable assessment
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Figure 1: WoundView flowchart and pipeline.

\ primary care doctor ) K /)

This figure shows the pipeline and steps of the WoundView app. It starts with user input and the input image; this information is then used to
generate a prompt that includes key information like wound type from the ResNet18 CNN and colors of the wound bed from SAM2.1

segmentation model.

tool that can accurately predict wound severity and provide
timely treatment recommendations.

The objective of this study was to develop a cost-effective,
user-friendly, and medically reliable wound assessment tool
that can provide rapid results on a smartphone or web-based
platform in minutes. This assessment tool can also be used in
outpatient settings by nurses and residents who may not be ex-
perienced in treating all types of wounds. The goal is not only
to empower patients with clear, personalized advice but also
support clinicians with consistent, data-driven recommenda-
tions that enhance clinical decision-making.

To address this need, we introduce WoundView, an Al-
powered system that provides quick, automated and remote
wound risk assessment from a single image input. Following
deep learning parameters were meticulously tested to improve
the accuracy and diagnosis of wound characterization. Wound-
View combines a ResNetl8-based CNN for wound classifi-
cation, a fine-tuned SAM2.1 segmentation model to isolate
the region of interest, and a Wound Risk Assessment Score

(WRAS) to predict severity of the wound. WRAS is a scor-
ing system (1-100 scale) that integrates patient demograph-
ics, comorbidities, wound type, and color-based analysis in
the HSV space to generate an interpretable wound severity
score. These risk scores were utilized to train LLMs to gen-
erate treatment recommendations. Six different LLMs were
tested for their performance across each case (gpt3.5, gptdo-
mini, gptdo, gpt3.5+, gptdo-mini+, gptdo+). Output from
these LLMs were evaluated by physicians across 120 assess-
ments using a 5-point Likert scale to ensure the model’s per-
formance, accuracy, clinical relevance and reliability.

It is important to note that our comprehensive approach
to wound diagnosis and treatment recommendation is unique
compared to current existing literature. Other groups have
used CNN and segmentation in wound detection by com-
paring different architectures and incorporating wound image
and location as well as tracing a wound area to create accu-
rate assessment 12, However, to our knowledge, no exist-
ing system combines multi-class wound type classification,
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Table 1 Literature comparison

Studies Method Dataset Wound Clinical Validation Treatment Plans
Types
Howell et al. | AI validation framework | 199 photos, 2 11 types Yes, 4 specialists + 6 | No
(202111 for wound area and centers reviewers
granulation tissue
Patel et al. Multi-modal CNN + 946 images 4 types No No
(2024) 12 body location (VGG16,
ResNet152,
EfficientNet-B2)
WoundView ResNet18 + SAM2.1 + 4,338 images 18 types Yes, 5 physicians, Personalized via
WRAS + RAG-LLMs (3 datasets) 120 assessments RAG-LLMs
(r =0:611,
p <0:01)

region-of-interest segmentation, color-based tissue analysis,
and LLM-generated treatment recommendations into a single
patient-facing tool. WoundView integrates all of these com-
ponents alongside a novel, patient-interpretable severity score
(WRAS) applicable across 18 wound types.

Recent Al advances have begun addressing these limita-
tions. Howell et al. (2021) developed a validation method-
ology for Al-based wound assessment tools using 199 pho-
tographs from two wound centers'!. Comparing Al wound
area and granulation tissue measurements against expert hu-
man annotations, they found Al performed statistically simi-
larly to human specialists. However, their study focused on
validation frameworks rather than comprehensive assessment
systems, lacking integration of patient demographics, comor-
bidities, standardized severity scoring, or treatment recom-
mendations.

Patel et al. (2024) introduced a multi-modal network inte-
grating wound images with anatomical location data for clas-
sifying four wound types: diabetic, pressure, surgical, and ve-
nous ulcers'?. Their approach achieved 74.79-100% accu-
racy across various classification tasks, demonstrating that lo-
cation data significantly improved performance. Despite these
advances, the system focused solely on classification without
severity assessment, risk stratification, or treatment planning,
and evaluation relied on computational metrics without physi-
cian validation or real-world deployment.

Both studies reveal several limitations in current AI wound
assessment systems. Dataset sizes remain limited (199 and
946 images for Howell and Patel, respectively), potentially
under-representing wound diversity in clinical practice!’-12,
While classification has advanced, no standardized severity
assessment tool exists that works across wound categories.
Existing scales are wound-specific and not generalizable. No
prior work has developed unified severity scoring applicable to

both acute and chronic wounds incorporating demographics,
comorbidities, and wound characteristics to quantify wound
severity.

Methods

Datasets

An extensive search was conducted to identify publicly avail-
able wound image datasets suitable for model development
and evaluation. A total of six datasets were initially consid-
ered; however, only three were ultimately selected. The re-
maining datasets were excluded due to their specialized fo-
cuses, which did not align with the broader wound categories
targeted in this study. Additionally, several datasets lacked
comprehensive annotations or exhibited limited variability in
wound types, further limiting their utility. The final three
datasets were chosen based on relevance, image quality, and
the presence of detailed labels necessary for training deep
learning models.

All datasets used in this study were publicly available and
previously published with appropriate permissions. Dataset
#1 (Fateen, 2023) is available under open license on Kag-
gle and contains de-identified wound images with no pro-
tected health information (PHI). Dataset #2 (Taher, 2021) is
available under open license on Kaggle with de-identified im-
ages and segmentation masks. Dataset #3 (Krgcichwost et al.,
2021) was published in Computerized Medical Imaging and
Graphics and contains de-identified clinical images with de-
mographic metadata (age and gender only) and no personally
identifiable information.

Dataset #1 contained wound images of the following
types: abrasions, bruises, burns, cuts, diabetic foot, lacera-
tions, normal, pressure wounds, surgical wounds, and venous
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Table 2 Overview of three selected datasets

188 images

Size Resolution Purpose
Dataset #1 2940 images 640 %640 Classification (Abrasions, Bruises, Burns, Cut, Diabetic
(normalized) Foot, Laceration, Normal, Pressure Wounds, Surgical
Wounds, Venous Wounds)
Dataset #2 1210 images 512x512 Segmentation (Image + ROI/Label)
Dataset #3 47 cases/patients 320%240 Classification (Amputation, Arteriovenous Fistula Failure,

Diabetic Foot, Ischemia, Lymphedema, Mastectomy, Venous
Insufficiency, Venous Wounds, Wound Infection, Injury)

Segmentation (Image + ROI/Label)
Demographics (Age & Gender)

wounds 3. Images in this dataset had varying resolutions and
were normalized to 640x640 pixels for training. Dataset #2
contained data in the format of a wound image and the cor-
responding annotation for ROI'*. All images in this dataset
were standardized at 512x512-pixel resolution. In Dataset #1
and #2, the annotation protocols were not specified in the orig-
inal source, nor were the demographic information about the
patients.

Dataset #3 contained data grouped by each patient for clas-
sification (amputation, arteriovenous fistula failure, diabetic
foot, ischemia, lymphedema, mastectomy, venous insuffi-
ciency, venous wounds, wound infection, and injury), segmen-
tation (image + ROI/label), and demographics (age and gen-
der) . All images were captured at 320x240-pixel resolution.
Patient age ranged from 33 to 90 years with a mean of 68.5
years, and the cohort included 34 female and 13 male patients.
All wound segmentation masks in this dataset were manually
delineated by an experienced surgeon who was given unlim-
ited time to carefully outline the wound boundaries on high-
quality photographs. These expert annotations were then con-
verted to binary masks for use in model training and evalua-
tion.

Dataset #1 and Dataset #3 shared two overlapping wound
categories, Diabetic Foot and Venous Wounds; each was
treated as a single class in the combined label set, yielding
18 distinct wound classes from the two 10-label datasets.

Our datasets exhibited significant class imbalance. Dataset
#1 showed moderate imbalance with the largest class (Pres-
sure Wounds, n = 602) being 6 times larger than the smallest
(Cut, n = 100). Dataset #3 demonstrated severe imbalance,
with Venous Wounds (n = 74) being 37 times more repre-
sented than the smallest classes (Mastectomy, Lymphedema,
and Arteriovenous fistula failure, each n = 2). A detailed vi-
sualization of the training and testing data distributions across
all three datasets is provided in Appendix B (Fig. 14).

Data was split 80% training / 20% testing using dataset-

specific strategies to prevent data leakage. For Dataset #1, a
stratified split (StratifiedShuffleSplit, scikit-learn) was used to
ensure each of the 18 wound classes was proportionally rep-
resented in both train and test sets. For Dataset #3, a patient-
level group split (GroupShuffleSplit) was applied using patient
ID (case_N) as the group key, guaranteeing that all images
from a given patient appear exclusively in either the training
or test set, never both. This prevents any patient-level data
leakage that would otherwise inflate performance estimates.
The same random seed (42) was used across all splits for re-
producibility.

Model Architecture
CNN Classifier

In this study, CNNs were employed to classify a diverse set
of 18 wound types. CNNs are a class of deep learning mod-
els that are highly effective for image analysis. They operate
by applying a series of learnable filters, called kernels, to in-
put images in order to detect patterns such as edges, textures,
and shapes '°. These filters move across the image spatially,
producing feature maps that highlight important visual charac-
teristics. As the network deepens, each layer builds upon the
previous one, capturing increasingly complex features. Pool-
ing layers reduce the spatial dimensions, which helps to gen-
eralize patterns and decrease computational load. Activation
functions introduce non-linearity, allowing the model to learn
complex relationships 7. Fully connected layers at the end of
the network combine the extracted features and output a clas-
sification decision.

To select the optimal classification architecture, four CNN
models (ResNetl8, ResNet34, ResNet50, and EfficientNet-
B0) were evaluated under identical conditions: the same
data split, AdamW optimizer with OneCycleLR scheduler, 20
training epochs, and the same image preprocessing pipeline.
Performance across these architectures is summarized in Ta-
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