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Abstract 

Diabetic foot ulcers (DFUs) are serious complications of diabetes associated with 

delayed healing, infection, and limb amputation. Modelling DFU progression remains 

challenging because publicly available image datasets generally contain independent 

single-timepoint images rather than longitudinal follow-up sequences. This study 

proposes a texture-aware conditional diffusion framework for generating severity- 

conditioned, progression-like synthetic DFU images from a single RGB input. Instead 

of claiming patient-specific temporal prediction, the framework models plausible 

population-level visual transitions across ordinal pseudo-stages derived from clini-

cally relevant severity cues. The full model achieved an SSIM of 0.851 ± 0.020, PSNR 

of 24.76 ± 1.12 dB, and FID of 44.33 ± 5.02, with higher observed SSIM and PSNR 

and lower FID values than the evaluated GAN and VAE baselines across structural 

fidelity and distributional realism. The GAN baseline achieved SSIM 0.782 ± 0.031, 

PSNR 21.98 ± 1.56 dB, and FID 59.13 ± 6.59, while the VAE baseline achieved SSIM 

0.738 ± 0.038, PSNR 19.63 ± 1.83 dB, and FID 69.77 ± 7.44. The framework also 

obtained a Texture Consistency Score of 0.79 ± 0.04 and a Granulation Tissue Fidelity 

Score of 0.76 ± 0.05, indicating preservation of fine-grained texture and granulation- 

related appearance patterns. Ablation results confirmed the contribution of texture 

conditioning and cross-attention to image fidelity. Advanced severity-state analy-

sis produced SSIM values of 0.674, 0.804, and 0.726 across three pseudo-stages, 

supporting severity-aligned structural consistency. Since true longitudinal future-state 

images were unavailable, these metrics indicate synthetic image fidelity and distribu-

tional realism, not longitudinal progression accuracy. Longitudinal DFU cohorts and 

larger clinician-centred validation remain necessary before clinical decision-support 
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use or temporal progression claims can be justified. To assess generalization beyond 

the primary 493-image dataset, external validation was additionally performed 

on an independent DFU dataset under a zero-shot setting, demonstrating stable 

cross-dataset performance with only modest degradation in image fidelity and texture 

consistency. Therefore, the proposed framework should be interpreted as modelling 

cross-sectional severity-conditioned appearance interpolation across independent 

cases, rather than true patient-specific future progression prediction.

1.  Introduction

Diabetic foot ulcers (DFUs) are a critical and frequent complication of diabetes, 
frequently leading to chronic wounds, infection, and even limb amputation if not 
identified and treated early[1]. The precise forecasting of diabetic foot ulcer (DFU) 
progression and the risk of recurrence remains a major and complex challenge for 
clinicians and wound care experts. This challenge is due to the fact that traditional 
assessment techniques often rely heavily on subjective visual inspection or fixed 
risk factors that may differ significantly across practitioners and time. Consequently, 
these traditional methods may not provide sufficiently accurate or reliable assess-
ments, which highlights the necessity of more accurate and objective instruments 
to enhance patient outcomes [2,3]. Recent computational methods have quickly 
improved the discipline, using machine learning and deep neural networks to auto-
matically detect, stage, and predict the outcome of diabetic foot ulcers (DFUs). These 
advanced methods use a variety of imaging modalities, such as photographic, hyper-
spectral, and thermographic imaging, to increase diagnostic accuracy, allow earlier 
intervention, and improve patient outcomes. Consequently, they are becoming an 
increasingly important part of clinical practice, which can help healthcare profes-
sionals better manage this complex condition[4,5]. Machine learning algorithms that 
have been trained on a mix of both clinical data and image-based features, including 
Random Forests, Support Vector Machines (SVMs) and deep neural networks, can 
now accurately predict important outcomes such as ulcer healing, disease progres-
sion and recurrence. As an example, more sophisticated ML algorithms have reached 
classification rates as high as 92.5%, and cluster-based analysis has improved the 
performance of various DFU severity levels, such as mild to severe cellulitis and 
life- or limb-threatening infections [6,7]. These advanced predictive tools are increas-
ingly valuable in personalized treatment planning and improving patient outcomes 
[1,8]. Asymmetries of texture and temperature have been found to be very effec-
tive in detecting pre-ulcerative conditions. Support Vector Machine (SVM) models 
have demonstrated sensitivities exceeding 95%, indicating strong predictive 
performance [9].

The analysis of texture has grown to be a more significant component of wound 
assessment over the last few years. It has been demonstrated that with a combina-
tion of well-designed, traditional texture features and deep learning-based features in 
combination with standard RGB images, wound healing classification and prognosis 
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models can be significantly enhanced in accuracy. This combined method enables the healthcare professional to gain 
more insight into the nature of the wounds and possibly make more decisions regarding treatment [8,9].

Emerging deep learning models, such as convolutional neural networks (CNNs), well-tuned ensemble networks, 
and radiomics-based models are have shown promise in the field. They have demonstrated strong performance, 
particularly when explicit texture and shape features are analyzed and modelled. As an example, the EfficientNet 
architecture has reported a validation accuracy of 95% in the classification of healthy skin and ulcerated tissue, which 
underlines its possible integration into healthcare systems to enable early detection and treatment of ulcerated 
tissue [10,11]. Likewise, the Dense-ShuffleGCANet model, which is based on DenseNet, uses attention and  
channel-centric features to learn the heterogeneous visual properties of DFUs,achieving an accuracy of 86.09%, 
which is higher than that of several state-of-the-art architectures [12]. Moreover, ensemble models and hybrid 
architectures, including CNNs with support vector machines (SVMs) or K-nearest neighbors (KNNs), have also 
been shown to be more precise and robust in the classification of infection and ischemia in DFUs [4,13–15]. These 
advancements are gradually transforming the way we approach complex imaging and diagnostic tasks, providing 
more accurate and insightful results [16,17]. Recent advances also include the use of attention-driven networks, 
Siamese neural networks, and vision transformers, which enable multi-class classification and similarity learning for 
more nuanced DFU categorization, such as distinguishing between infection, ischemia, or both [18,19]. Segmentation 
models like Mask2former and U-Net have been applied for automated wound boundary detection and tissue classifi-
cation, supporting detailed grading of ulcer severity and assisting clinicians in treatment planning [20,21]. In addition 
to mere detection, the clinical community is increasingly focused on predicting progression and recurrence. This 
can be achieved using both clinical and image-based predictors. Such approaches may support earlier interventions 
in informing earlier interventions and building more individualized care plans, ultimately leading to better patient 
outcomes and decreased risk of complications [22,23]. One recent breakthrough in the field is the use of advanced 
generative models, such as Generative Adversarial Networks (GANs) and, more recently, diffusion models. These 
models are used to generate synthetic wound images and the modelling of wound development with time. The diffu-
sion models, specifically, have demonstrated impressive fidelity to generate images of Diabetic Foot Ulcers (DFUs), 
and research has shown that even as many as 70 percent of the synthetic images are viewed by clinical professionals 
as real, which makes them potentially useful in research, training, and diagnostic applications [24]. Notably, current 
developments in conditional diffusion models have significantly advanced the ability to predict infections from single 
wound images. These models have since surpassed most of the current state of the art approaches particularly in 
sensitivity and specificity, which is a significant breakthrough in medical imaging and diagnostic technology [25].

Synthetic medical imaging is currently undergoing a revolution with generative models, which can now not only be 
augmented to make rare wound classes but can also be simulated in silico to model disease progression. In particular, 
diffusion models have become an effective framework to create high-fidelity, realistic, and diverse synthetic images of dia-
betic foot ulcers [24]. These models have outperformed traditional GANs in terms of both realism and the preservation of 
clinically relevant microstructural details, as validated by wound experts [25]. Recent works also demonstrate the feasibil-
ity of using single images to predict future wound progression, leveraging both texture-aware analysis and computational 
modeling to forecast healing or deterioration [26,27].

Despite these advances, a major gap remains: existing models rarely integrate multi-scale, texture-aware encoding 
with robust, diffusion-based synthetic progression modelling from single photographic inputs. Addressing this gap, the 
present study introduces a texture-aware diffusion framework that integrates hand-crafted and deep texture features with 
conditional generative modelling to synthesize clinically interpretable, progression-like DFU appearances from a single 
input image. The proposed approach is positioned as a severity-conditioned visualization framework rather than a defin-
itive temporal prediction system, thereby supporting risk-aware interpretation and methodological development under 
limited longitudinal data availability [14,28,29].
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In response to this gap, the present study introduces a texture-aware conditional diffusion framework for severity- 
conditioned progression-like DFU image synthesis from a single input image. The framework combines local binary pat-
tern descriptors and deep perceptual texture features with a cross-attention-enhanced diffusion architecture to preserve 
clinically relevant ulcer texture and morphology. Since the available datasets do not contain true longitudinal follow-up 
images, the proposed pseudo-progression strategy is not intended to represent deterministic patient-specific temporal 
forecasting. Instead, it provides a weakly supervised approximation of plausible population-level visual transitions across 
severity-aligned ordinal stages. This distinction is essential for ensuring that the proposed method is interpreted as  
progression-like synthetic visualization rather than definitive future ulcer prediction.

2.  Contributions of the study

1.	This study proposes a texture-aware conditional diffusion framework for generating severity-conditioned  
progression-like DFU images from a single RGB input, addressing the lack of longitudinal DFU image datasets while 
avoiding claims of deterministic patient-specific temporal prediction.

2.	 Introduces a hybrid texture encoding strategy combining local binary patterns and deep perceptual features, resulting in 
a Texture Consistency Score of 0.79 ± 0.04 and supporting fine-grained microstructural preservation during  
progression-like DFU synthesis.

3.	 Incorporates a cross-attention mechanism within the diffusion model, achieving an FID of 44.33 ± 5.02 and indicating 
improved alignment with real ulcer image distributions compared with GAN and VAE baselines.

4.	Presents a Granulation Tissue Fidelity Score(GTFS), achieving 0.76 ± 0.05, indicating biologically plausible representa-
tion of granulation-related appearance patterns and supporting preliminary visual interpretability.

5.	Performs detailed ablation studies in which the full model showed the most favorable observed metric values among 
the evaluated configurations, supporting the contribution of texture conditioning and cross-attention to progression-like 
synthesis quality.

6.	  Presents a timestep-wise severity-state analysis to examine how the model preserves structural and textural con-
sistency across synthetic severity-aligned stages, with SSIM scores of 0.674, 0.804, and 0.726 across the evaluated 
stages.

3.  Methodology

This paper introduces a diffusion-based synthetic generation framework that incorporates texture information to produce 
progression-like synthetic images of diabetic foot ulcers (DFUs) under different severity conditions. The methodology aims 
to generate visualisations of possible changes in the appearance of the ulcer from a single input image under weakly 
supervised conditions, especially in the absence of longitudinal follow-up datasets. The entire pipeline combines image 
preprocessing, texture feature encoding, and a conditional diffusion architecture to generate morphologic and textural 
variations at hypothetical pseudo-stages that are aligned with the severity. Each of the phases of the proposed approach 
is explained in detail in the following subsections, and the details of data collection, preprocessing strategies, texture 
encoding techniques, model architecture design, training strategies, evaluation protocols, and implementation specifics 
are shown in Fig 1.

3.1  Phase 1: Data collection

In this study, a publicly available dataset comprising 493 high-resolution RGB images of diabetic foot ulcers (DFUs) 
was obtained from Kaggle [30], as seen in Fig 2. All images show a different type of ulcer, with a wide spectrum of ulcer 
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Fig 1.  Proposed texture-aware severity-conditioned diffusion synthesis framework for DFUs.

https://doi.org/10.1371/journal.pone.0359540.g001

Fig 2.  Sample images from the dataset [30].

https://doi.org/10.1371/journal.pone.0359540.g002



PLOS One | https://doi.org/10.1371/journal.pone.0359540  October 12, 2026 6 / 38

severity and tissue changes from granulation to necrosis and epithelialization. Images were taken in different clinical 
settings, and therefore under a variety of lighting conditions, foot position and ulcer morphology. No longitudinal follow-up 
images were available, so each image was considered as a separate case. The dataset was adequate for modelling ulcer 
texture patterns and morphological characteristics that could be used to create synthetic images of the DFU that mimic 
progression. However, the dataset did not contain repeated observations of the same ulcer over time, so direct supervi-
sion of true ulcer progression over time was not possible.. Thus, pseudo-stages were constructed from cross-sectional 
severity cues rather than from temporal wound trajectories, to create severity-aligned pseudo-stages. This design decision 
is recognized as a methodological limitation and the scope of the proposed framework is limited to a progression-like syn-
thesis based on severity, not to a prediction of the future state. The basic dataset is a collection of 493 photos of diabetic 
foot ulcers from a public Kaggle repository. The data set was split into 345 images used for training, 74 images used for 
validation and 74 images used for testing (70%, 15%, 15%). There was no overlap among the training, validation, and test 
subsets, and the split was performed at the image level using a fixed random seed for reproducibility. A fixed train–vali-
dation–test split was used in all the baseline, ablation, and comparative experiments to provide fair and consistent model 
evaluation under the same data conditions. Patient-wise splitting was not possible as patient identifiers were unavailable 
in the dataset; this is acknowledged as a limitation of the publicly available DFU image collection. It is also noted that the 
relatively small size of the primary dataset is an important constraint when training a diffusion-based generative model. To 
prevent overfitting, the same preprocessing, data augmentation, data splitting and evaluation methods were used for all 
the model variants. However, the small sample size limits the representativeness of the diversity of the DFU presentations 
and is thus a methodological limitation. It is important to note that in this study the independent single-timepoint images do 
not offer temporal supervision. Therefore, the severity pseudo-stages should not be used as chronological stages of the 
same ulcer. Rather, they are cross-sectional severity groupings of independent case based on visual features of the ulcer 
appearance including size, depth, prevalence of granulation tissue and necrotic coverage. Hence, the pseudo-stages 
should be interpreted as appearance interpolations that are conditioned by the severity, not as temporal sequences. This 
definition clarifies the dataset is appropriate for severity-conditioned progression-like synthesis but not for true longitudinal 
progression prediction.

3.2  Phase 2: Data preprocessing

An advanced preprocessing pipeline was used to create a high-fidelity and robust input representation for the diffusion 
model, going beyond the standard resizing and simple augmentations. All images were first resized to a common resolu-
tion of 256 × 256 pixels using aspect-preserving interpolation to minimize geometric distortion, while preserving the struc-
tural integrity of ulcer boundaries. Then adaptive background subtraction was applied to the image “using morphological 
operations and dynamic thresholding to extract the ulcer area, which effectively reduced the interference of background 
noise and irrelevant anatomical information.

To enhance intra-class texture variance while preserving fine-grained morphological cues, a multi-scale tex-
ture enhancement technique was introduced. Specifically, for each image I, a set of Gaussian-filtered versions {
Gσ(I)

∣∣ σ ∈ {1, 2, 4}} was computed, and a composite texture-enhanced image IT  was formulated as equation 1:

	
IT = I +

∑
σ
ασ

(
I –Gσ(I)

)
,

	 (1)

Where ασ  denotes a learnable weight controlling the contribution of each scale, thus accentuating critical textural disconti-
nuities associated with granulation and necrotic spread.

Furthermore, to standardize intensity distributions and compensate for acquisition variations, histogram specification 
was performed to align each image histogram HI  to a canonical reference histogram HR  derived from a severity-aligned 
reference subset, mathematically expressed as equation 2:
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	 I′ = H–1
I

(
HR(I)

)
, 	 (2)

Where H–1
I  denotes the inverse cumulative distribution function of the source histogram.

Finally, a context-preserving elastic deformation was incorporated to simulate realistic variations in skin stretching and 
ulcer expansion, parametrized by a displacement field D(x, y) = (∆x,∆y) governed by a random smooth Gaussian field, 
enabling the model to learn invariant representations under physiologically plausible transformations. These advanced 
preprocessing strategies collectively enriched the dataset, providing a diverse and texture-preserving foundation critical 
for effective progression-like synthesis as seen in Fig 3.

3.3  Phase 3: Texture feature encoding

Following the advanced preprocessing strategies described in Phase 2, a dedicated texture feature encoding scheme 
was designed to capture both fine-grained microstructural details and global morphological patterns crucial for modelling 
severity-associated DFU appearance variation. Each pre-processed and texture-enhanced image, denoted as I′T′  served 
as the foundation for constructing a multi-scale, texture-aware representation that informs the diffusion-based generative 
model.

Initially, local texture variations and severity-associated indicators of ulcer appearance, such as granulation tissue 
spread, slough formation, and necrotic changes, were quantitatively encoded using Local Binary Patterns (LBP). For each 
pixel p, the LBP code LBP(p) was derived as follows in equation 3:

	
LBP(p) =

∑P–1
n=0 s

(
in – ip

)
X 2n, s(x) =

{
1 x ≥ 0,
0 x < 0, 	 (3)

Where ip  represents the intensity at the central pixel and in  denotes the intensity values of its P equally spaced neighbour-
hood pixels. This formulation captures local texture transitions, essential for differentiating healthy tissue from early signs 
of ischemia or infection. To supplement these local features with higher-level semantic and structural information, deep 
perceptual features FVGG(I′T) were extracted using intermediate convolutional layers from a pre-trained VGG-19 network. 
This process can be mathematically represented as equation 4:

	 FVGG
(
I′T
)
=
{
fl
(
I′T
)∣∣l∈L} , 	 (4)

Where fl(.) signifies the feature activation map at layer l, and L is a carefully selected set of layers capturing hierarchical 
texture and shape characteristics. These perceptual features enable the model to understand the ulcer’s broader morpho-
logical context, such as edge irregularity and peripheral tissue degradation. To harmonize and integrate the fine-scale LBP 

Fig 3.  Preprocessing step for ulcer images.

https://doi.org/10.1371/journal.pone.0359540.g003
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features with the deep perceptual features, a unified texture descriptor FT  was constructed. This was achieved through fea-
ture normalization and channel-wise concatenation, followed by a learnable linear projection WT , formulated as equation 5:

	 FT =WT
[
Norm

(
LBP

(
I′T
))
, Norm

(
FVGG

(
I′T
))]

, 	 (5)

where Norm (⋅) denotes feature-wise normalization to ensure scale invariance and stable downstream conditioning. The 
resulting composite feature map FT  was appended as an auxiliary conditioning input to the diffusion model, providing 
explicit guidance to preserve critical ulcer textures and morphological details during progression-like synthesis.

By integrating local texture encodings and high-level semantic features into a unified, learnable representation, this 
phase ensures that the generative diffusion process not only maintains visual fidelity but also respects subtle biologi-
cal cues associated with ulcer severity and tissue appearance. Consequently, the generated progression-like synthetic 
images exhibit high visual and clinical plausibility, making them useful for exploratory visualization and risk-aware interpre-
tation, as seen in Fig 4.

3.4  Phase 4: Diffusion model architecture

Building upon the unified texture representation constructed in Phase 3, a specialized conditional diffusion probabilistic 
model was designed to generate severity-conditioned progression-like synthetic DFU images from a single input image. 
The core framework is grounded in the denoising diffusion probabilistic model (DDPM) paradigm, which iteratively refines 
a noise-initialized latent representation towards a high-fidelity synthetic image by progressively reversing a defined noise 
corruption process. Mathematically, the forward diffusion process corrupts an input image x0  by adding Gaussian noise 
across T time steps, formulated as equation 6:

	
q
(
xt
∣∣xt–1

)
= N

(
xt;

√
1 – βt xt–1,βtI

)
,

	 (6)

Where xt  denotes the intermediate noisy image at step t, βt  represents the variance schedule parameter, and I is the 
identity matrix. The reverse denoising process, parameterized by a neural network ϵθ , estimates the noise component and 
reconstructs the clean image from the corrupted state as equation 7:

	 pθ
(
xt–1

∣∣xt,FT
)
=N

(
xt–1;µθ

(
xt, t,FT

)
,
∑

θ

(
xt, t,FT

))
, 	 (7)

Where FT  is the composite texture feature map introduced as a conditional input, ensuring preservation of ulcer-specific 
micro-textural and macro-morphological cues throughout the generative trajectory. The model backbone is implemented 

Fig 4.  Texture feature extraction and composite descriptor visualization.

https://doi.org/10.1371/journal.pone.0359540.g004
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as a U-Net architecture equipped with cross-attention mechanisms, facilitating the propagation of multi-scale features and 
enabling dynamic focus on critical ulcer regions. In each decoding layer, cross-attention modules integrate the texture 
encoding FT  by learning attention weights α that highlight clinically relevant sub-regions, mathematically expressed as 
equation 8:

	
Attention(Q,K,V) = softmax

(
QKT√
dk

)
V,

	 (8)

where queries Q, keys K, and values V are derived from the intermediate U-Net feature maps and the projected texture 
embeddings, and dk  denotes the dimension of the key vectors. This design allows the model to adaptively focus on ulcer 
structural patterns and their complexity, which may be associated with ulcer severity. Furthermore, a hierarchical skip- 
connection approach is used to retain low-level spatial details and capture high-level semantic appearance variations, 
which ensures structural coherence and textural realism of the final synthetic outputs. The diffusion model was additionally 
extended with an auxiliary feature-consistency loss that is used to enforce the consistency of the intermediate features of 
the generated images with the features of the original input image, which is important for encouraging biological plausibil-
ity in the progression-like synthetic output. The proposed architecture incorporates a texture-conditioned cross-attention 
mechanism into a powerful diffusion model to tackle the problem of modelling plausible changes in DFU appearance from a 
single image when considering severity. This allows for the creation of visually interpretable severity-consistent  
progression-like visualizations that could aid in exploratory risk-aware interpretation, although further validation would be 
required before clinical use , as shown in Fig 5.

3.5  Phase 5: Training strategy

A multi-objective training strategy was carefully designed to effectively learn the complex mappings needed for realistic 
synthetic images that resemble severity-associated progression-like appearances of diabetic foot ulcers (DFUs). The main 
goal was to teach the conditional diffusion model to generate high fidelity progression-like DFU images, while maintaining 
global morphology and fine-grained textural features corresponding to pseudo-stages that reflect severity. However, no real 
longitudinal images of ulcers were available and a pseudo-progression paradigm was therefore used. This method involved 
the categorisation of images and the approximate classification into ordinal pseudo-stages using visual indicators of severity 
such as ulcer size, depth, granulation presence and necrotic coverage. Pseudo-stage labels were defined using a predefined 
heuristic, appearance-based severity grouping scheme derived from cross-sectional visual characteristics of the ulcer region. 
Stage 1 (mild) represented predominantly superficial ulcer appearance with pink granulation and minimal slough; Stage 2 
(moderate) represented partial-thickness appearance with visible slough or exudate and irregular wound borders; and Stage 
3 (severe) represented deeper ulceration with extensive slough and more pronounced tissue damage. Supporting cues 

Fig 5.  Feature attention integration within diffusion model architecture.

https://doi.org/10.1371/journal.pone.0359540.g005



PLOS One | https://doi.org/10.1371/journal.pone.0359540  October 12, 2026 10 / 38

included ulcer size, colour, apparent depth, granulation appearance, exudate/slough, and necrotic coverage. These  
pseudo-stage labels were used only as weak severity-conditioning variables and were not derived from longitudinal follow- 
up, patient outcomes, or a formal clinician-led annotation or adjudication protocol. Accordingly, they should be interpreted as 
heuristic severity groupings rather than clinically validated wound grades or temporal progression labels.

The pseudo-progression paradigm should be viewed as a weakly supervised severity-conditioned ordering para-
digm, and not as a temporal supervision paradigm. The available DFU images are cross-sectional and do not represent 
repeated visits from the same patients., so the model does not learn patient-specific wound evolution over chronological 
time. Instead, it learns population level visual transitions corresponding to the increase or change in ulcer severity. The 
outputs are thus not predictions of the clinical state of a particular ulcer, but rather plausible appearance-like progres-
sions given the severity-related texture and morphology of the ulcer. The term pseudo-progression is used in this study 
to denote the severity conditioned ordinal ordering of independent DFU images. It does not indicate genuine temporal 
progression, patient-level follow-up, or future-state supervision. The pseudo-progression strategy was adopted only as 
a practical workaround for limited longitudinal data availability. Since the ordinal stages are derived from cross-sectional 
images belonging to different cases, the training process models severity-associated appearance interpolation across 
independent patients rather than true patient-specific temporal progression. Accordingly, the generated outputs are 
described as severity-conditioned progression-like synthetic visualizations, not as future progression predictions.

The training process optimized a composite loss function, formulated as equation 9:

	 Ltotal = λ1Lrec + λ2Lperc + λ3Ladv + λ4Lfeat, 	 (9)

where λ
1
, λ

2
, λ

3
, and λ

4
 are weighting coefficients empirically set to balance the contribution of each loss term. The recon-

struction loss Lrec  enforces pixel-wise fidelity between the input image x0  and the generated image x̂0 , and is defined as 
equation 10:

	 Lrec = ∥x0 – x̂0∥
2
2 	 (10)

The perceptual loss Lperc  leverages intermediate feature activations from a pre-trained VGG-19 network to preserve high-
level semantic and textural similarity, expressed as equation 11:

	
Lperc =

∑
l∈L

∥∥ϕl
(
x0
)
– ϕl(x̂0)

∥∥2
2
,

	 (11)

where ϕl  (.) denotes the feature map extracted from layer l, and L represents the selected set of VGG-19 layers used for 
perceptual feature comparison. The adversarial loss Ladv  encourages photorealistic texture synthesis by employing a 
patch-based discriminator D, defined as equation 12:

	 Ladv = Ex[logD(x0)] + Ex̂[log(1 – D
(
x̂0
)
)]	 (12)

Also, to maximize the consistency of the features, an extra feature consistency loss Lfeat  is introduced that matches the 
intermediate features of the generator with those of the input image. This term encourages consistency in the texture 
representation and biologically plausible progression-like texture synthesis by enforcing consistency between the gener-
ated outputs and the feature representation derived from the input. The Adam optimizer with a learning rate of 10-4, weight 
decay of 10-5, and a batch size of 8 was used to train. The learning rate was gradually decreased using a cosine annealing 
scheduler for smoother convergence in later training stages. To enhance robustness to clinical variability and to aid in gen-
eralization across unseen ulcer presentations, extensive data augmentation was performed during the training process, 
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such as elastic deformation and intensity perturbations. To ensure smoother iterative denoising steps in the synthesis pro-
cess, an exponential moving average (EMA) of the model weights was kept with a decay rate of 0.999 to further stabilize 
the diffusion learning process. The training was conducted on an NVIDIA RTX 3090 GPU with convergence taking about 
40 hours.

Texture conditioning, perceptual loss, and feature-consistency loss were incorporated to minimize texture degradation 
during synthesis. However, residual smoothing of very-high-frequency boundary details remained visible in the zoomed-in 
analysis, indicating the need for explicit frequency-aware and boundary-aware texture-refinement strategies in future 
work.

This thorough multi-objective optimization approach allowed the model to be taught detailed patterns of ulcer appear-
ance, while simultaneously minimizing the structural deviations while maximizing the textural realism. Several measures 
were also incorporated to reduce overfitting during training, including extensive data augmentation, weight decay, cosine 
learning-rate scheduling, exponential moving average of model weights, and validation-based monitoring. These strate-
gies were used to improve training stability and generalization under limited data availability. Nevertheless, the dataset 
size remains modest for diffusion-based generative modelling, and external validation was therefore included to further 
examine cross-dataset robustness.

The observed residual smoothing of high-frequency boundary details suggests that future training objectives should 
extend beyond perceptual and feature consistency losses by incorporating frequency-aware losses, high-pass adversarial 
supervision, and boundary-level patch refinement to explicitly preserve micro-textural structures, as seen in Fig 6.

3.6  Phase 6: Evaluation and validation

To evaluate the technical quality and visual plausibility of the progression-like synthetic diabetic foot ulcer images gener-
ated by the proposed diffusion model, an evaluation procedure was used that integrated quantitative image-quality met-
rics, qualitative visual inspection, ablation analysis, and robustness assessment. Quantitative evaluation was conducted 
using two established image quality metrics: the Structural Similarity Index Measure (SSIM) and the Fréchet Inception 
Distance (FID). The SSIM metric, defined as equation 13:

	
SSIM(x, y) = (2µxµy+c1)(2σxy+c2)

(µ2
x+(µ

2
y+c1)(σ2

x+σ
2
y+c2) 	 (13)

Where µx  and µy  represent mean intensities, σ2x  and σ2y  denote variances, σxy  is the covariance between images x and 
y, and c1 , c2  are stabilizing constants, which were used to evaluate perceptual similarity between generated images and 
reference pseudo-progression samples. High SSIM values indicate strong structural fidelity and textural coherence, which 
are essential for clinical interpretability as seen in Fig 7.

FID was employed to quantify the distributional similarity between the generated image set and the real dataset, calcu-
lated as equation 14:

	
FID =

(
Xr, Xg

)
= ∥µr – µg∥22 + Tr

(∑
r +

∑
g –2(

∑
r

∑
g)
1/2

)
,

	 (14)

where (µr,
∑

r) and (µg,
∑

g) represent the means and covariance matrices of features extracted from a pre-trained 
Inception network for real (Xr) and generated (Xg) images, respectively. Lower FID scores indicate higher fidelity and 
better realism. In parallel, qualitative visual inspection was performed to assess the visual plausibility of the generated 
progression-like synthetic images. The generated outputs were examined for morphological coherence, texture continuity, 
ulcer-boundary preservation, and the absence of visually unrealistic artefacts. This qualitative inspection was used only 
to support technical interpretation of the generated images and should not be interpreted as clinician-based validation, 
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diagnostic evaluation, or evidence of clinical decision-support effectiveness. Since no formal specialist review was con-
ducted, no Likert-scale scoring or inter-rater reliability analysis using Cohen’s kappa was performed.

Moreover, visual interpretability was also enhanced by the creation of pixel-level attention maps based on the 
cross-attention modules of the model, which identified areas most important in generating progression-like synthetic 
outputs. These attention overlays supported the straightforward interpretation of the clinical aspects, as certain parts 
of the ulcer and its texture that contributed to the formed outcomes were highlighted. To supplement the quantitative 
and qualitative visual analyses, an ablation study was conducted to examine the importance of the main architectural 

Fig 6.  Training dynamics: loss curves and learning rate schedule.

https://doi.org/10.1371/journal.pone.0359540.g006
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components, including the texture conditioning module and cross-attention mechanisms. Comparisons of metrics such 
as SSIM and FID were made between the variants of the models with and without each of these components, thereby 
confirming the importance and effect of each design element on the realism of progression-like synthesis. Because 
no ground-truth future DFU images were available, the evaluation metrics were not used to measure true longitudinal 
progression accuracy. SSIM and PSNR were used to assess structural and pixel-level similarity between generated 
outputs and severity-aligned pseudo-progression references. FID was used to measure distributional similarity between 
generated images and the real DFU image dataset. Therefore, these metrics quantify synthetic image fidelity, texture 
preservation, and dataset-level realism, rather than chronological progression accuracy or patient-specific future-state 
prediction. In addition to established image-quality metrics, two task-specific supplementary metrics, namely the Tex-
ture Consistency Score (TCS) and Granulation Tissue Fidelity Score (GTFS), were used to evaluate clinically relevant 
appearance characteristics that are not fully captured by generic image similarity measures. TCS was designed to 
assess local micro-textural preservation using LBP-based texture similarity, while GTFS was used to estimate the con-
sistency of granulation-related appearance patterns between generated images and algorithmically derived  
severity-aligned pseudo-reference appearance maps. These metrics were not intended to replace established evalu-
ation standards such as SSIM, PSNR, FID, clinician-led assessment, or prospective clinical validation. Instead, they 
were used as complementary exploratory indicators for assessing texture preservation and granulation-related visual 
plausibility in progression-like DFU synthesis.

Since the pseudo-stages are derived from cross-sectional severity grouping, the evaluation assesses synthetic image 
fidelity and severity-conditioned consistency, not temporal forecasting accuracy.

TCS and GTFS formal definition.  To improve reproducibility, the Texture Consistency Score (TCS) and Granulation 
Tissue Fidelity Score (GTFS) were formally defined and computed using explicit algorithmic steps. These metrics 
were designed as task-specific supplementary indicators for evaluating texture preservation and granulation-related 
appearance fidelity in severity-conditioned progression-like DFU synthesis. They were not used as standardized clinical 
validation metrics.

For each generated progression-like image ̂Iiand its corresponding severity-aligned pseudo-reference image Iri , Local 
Binary Pattern (LBP) maps were first extracted using the same LBP configuration described in the texture encoding stage. 
The corresponding LBP histograms were then normalized to obtain HLBP (̂Ii)and HLBP(Iri ). Texture dissimilarity between the 

Fig 7.  Distribution of SSIM Scores Across Test Samples.

https://doi.org/10.1371/journal.pone.0359540.g007
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generated image and the pseudo-reference image was calculated using the chi-square histogram distance, as expressed 
in equation 15:

	
D(i)

χ2 =
1
2

B∑
b=1

(
HLBP
b (̂Ii)–H

LBP
b (Iri )

)2

HLBP
b (̂Ii)+HLBP

b (Iri )+ε 	 (15)

where D(i)
χ2  denotes the chi-square texture dissimilarity for the ith  image pair, B represents the total number of LBP 

histogram bins, bdenotes the histogram-bin index, and ε is a small numerical constant added to avoid division by zero. 
A lower value of D(i)

χ2  indicates stronger similarity between the local texture distributions of the generated image and the 
severity-aligned pseudo-reference image.

The image-level Texture Consistency Score was then obtained by applying exponential normalization to the chi-square 
distance, as shown in equation 16:

	
TCSi = exp

(
–D(i)

χ2

)
	 (16)

where TCSi  represents the texture consistency score for the ith  generated image. This transformation maps the texture 
dissimilarity into a bounded similarity score, where values closer to 1 indicate stronger preservation of local micro-textural 
patterns.

The final Texture Consistency Score was calculated by averaging the image-level TCS values across all N test sam-
ples, as expressed in equation 17:

	
TCS = 1

N

N∑
i=1
TCSi

	 (17)

where N denotes the total number of evaluated test samples. Higher TCS values indicate stronger preservation of fine-
grained texture patterns, including local tissue roughness, keratinization-like appearance, and necrosis-like texture varia-
tion, between generated progression-like images and severity-aligned pseudo-reference images.

Derivation of the granulation-related appearance map.  The granulation-related appearance map G(I) was 
implemented as a deterministic, non-learned soft colour-appearance map rather than as the output of a trained tissue-
segmentation network. For each preprocessed RGB image I, analysis was restricted to the ulcer-region mask Ωobtained 
using the same adaptive background-subtraction and dynamic-thresholding procedure described in Section 3.2. The 
pixels within Ωwere converted from RGB to the CIELAB colour space. Let L∗(p), a∗(p), and b∗(p) denote the lightness, 
red–green, and yellow–blue components, respectively, at pixel p. Three normalized appearance components were 
computed as equation 18 &19.

	 Ln(p) =
L∗(p)
100 , 	 (18)

	
Ar(p) = clip

(
a∗(p)
127 , 0, 1

)
, By(p) = clip

(
b∗(p)
127 , 0, 1

)
	 (19)

A soft granulation-related appearance response was then obtained as equation 20.

	 G̃(I)(p) = MΩ(p)Ar(p)
[
1 – By(p)

]
Ln(p), 	 (20)

where MΩ(p) is the binary ulcer-region mask. This formulation assigns greater response to relatively red/pink, non-dark, 
and non-yellow pixels, while suppressing darker necrosis-like and yellow slough-like appearance patterns. To reduce 
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isolated pixel-level variation, the response map was smoothed using a 3× 3 Gaussian kernel with σ = 1.0, followed by 
min–max normalization within the ulcer region as equation 21:

	
G(I)(p) =

G̃s(p)–min
Ω
G̃s

max
Ω

G̃s–min
Ω
G̃s+ϵ 	 (21)

Pixels outside the ulcer mask were assigned a value of zero. The identical procedure and parameters were applied 
independently to both the generated image and its severity-aligned pseudo-reference image before calculation of the soft 
Dice-based GTFS. Consequently, G(I) represents a reproducible granulation-like chromatic appearance score rather than 
a clinically validated tissue-segmentation probability map.

For the Granulation Tissue Fidelity Score, the deterministic granulation-related appearance mapping procedure defined 
above was applied separately to each generated progression-like image and its corresponding severity-aligned  
pseudo-reference image. Let Gg  denote the normalized granulation-related appearance map of the generated image and 
Gr  denote the corresponding map of the pseudo-reference image. Both maps therefore lie within the range 

[
0, 1

]
, with 

larger values indicating stronger granulation-like chromatic appearance within the ulcer-region domain.
The image-level GTFS was computed using a soft Dice similarity formulation, as given in equation 22:

	
GTFSi =

2
∑

p∈Ω G(̂Ii,p)G(I
r
i ,p)+ε∑

p∈Ω G(̂Ii,p)2+
∑

p∈Ω G(Iri ,p)
2+ε 	 (22)

where GTFSi  denotes the granulation tissue fidelity score for the ith  image pair, p represents the pixel location, Ω 
denotes the ulcer-region pixel domain, and ε is a small numerical stabilizer. The soft Dice formulation measures the spa-
tial overlap and intensity-level consistency between granulation-related appearance patterns in the generated image and 
the severity-aligned pseudo-reference image.

The final Granulation Tissue Fidelity Score was obtained by averaging the image-level GTFS values across all N test 
samples, as shown in equation 23:

	
GTFS = 1

N

N∑
i=1
GTFSi

	 (23)

Higher GTFS values indicate stronger spatial consistency of granulation-related appearance patterns between generated 
progression-like images and severity-aligned pseudo-reference images. Since the granulation-related maps were derived 
algorithmically from the generated and severity-aligned pseudo-reference images rather than from clinician-verified tissue 
masks, GTFS should be interpreted as a task-specific exploratory measure of granulation-related appearance fidelity 
rather than as a standardized clinical tissue-validation metric.

Algorithmically, TCS was computed by extracting LBP maps from each generated and pseudo-reference image, 
converting these maps into normalized histograms, estimating chi-square histogram dissimilarity, transforming this dis-
tance into an image-level similarity score, and averaging the scores across the test set. GTFS was computed by deriv-
ing deterministic CIELAB-based granulation-related soft appearance maps within the ulcer region for both generated 
and pseudo-reference images, applying identical Gaussian smoothing and normalization, comparing the resulting maps 
using soft Dice similarity, and averaging the image-level scores across the test set. This formulation makes both metrics 
reproducible and clarifies their role as supplementary technical measures for texture preservation and granulation-related 
appearance fidelity.

Finally, the ability of the model to withstand perturbations was evaluated by adding synthetic noise and/or small occlu-
sions to the input images and observing the stability and consistency of the progression-like output images. The ability 
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to maintain coherent progression-like outputs in the presence of such perturbations further confirmed the robustness of 
the proposed synthesis framework. As a combination of these three evaluations, the proposed framework was technically 
effective in generating and visualizing severity-conditioned severity-progression-like DFU appearances from a single 
image, as shown in Fig 8. It should be noted that the evaluation protocol was developed to evaluate image fidelity, distri-
butional similarity, texture preservation and preliminary visual plausibility. These measures are not clinical efficacy, diag-
nostic accuracy, treatment benefit or real-world decision-support performance measures. Qualitative assessment has not 
been formally examined by an expert clinician, and should only be used as a visual plausibility inspection and not as full 
clinical validation. The proposed framework would need to be assessed in a larger multi-centre clinician evaluation, patient 
longitudinal follow-up and prospective clinical outcome analysis before it would be considered clinically deployable.

4.  Algorithmic summary of the proposed framework

4.1  Implementation details

 All model development and experimentation were conducted using Python 3.10 and the PyTorch deep learning frame-
work (version 2.0), providing the flexibility and modularity required to implement the custom conditional diffusion archi-
tecture and advanced texture-encoding mechanisms.High-efficiency batch-level operations and reproducible geometric 
and intensity transformations were achieved by using pre-processing and augmentation pipelines implemented with 
OpenCV and Albumentations library. To ensure generalizable texture and shape representation, the VGG-19 network 
used for perceptual feature extraction and loss computations was initialized with pre-trained weights on ImageNet and 
only intermediate layer activations were used without fine-tuning. Local Binary Pattern (LBP) computations were done with 
scikit-image while feature normalization was done with custom PyTorch modules to ensure smooth integration with the 
training pipeline. The training and inference were carried out on an NVIDIA RTX 3090 GPU with 24GB of VRAM, ensur-
ing that the high resolution of ulcer images and the large intermediate feature maps could be processed without limitation 
of memory. The model was trained for 300 epochs with a batch size of 8, with the Adam optimizer and default values for 
β1 = 0.9 and β2 = 0.999, and an initial learning rate of 10–4 . A cosine annealing learning rate scheduler was employed to 
gradually decrease the learning rate, facilitating smoother convergence towards the later training stages. Weight decay 
with a coefficient of 10–5 was applied to mitigate overfitting and promote generalization. In order to reduce the variance 
of the model weights during training and enhance the output quality, the model weights were stored using an exponential 
moving average (EMA) with a decay factor of 0.999 throughout the training process. To track back and retest if there was 
divergence or instability, model checkpoints were saved at each epoch. Visualizations of intermediate attention maps and 
texture were produced after each 10 epochs as qualitative measures of model interpretability and texture fidelity for the 
progression-like synthesis. All quantitative experiments were automatically repeated with custom Python scripts to ensure 
consistency and minimize human bias in repeated experiments, such as SSIM and FID evaluations.

Fig 8.  Visual comparison: progression-like synthesis, differences, and overlays.

https://doi.org/10.1371/journal.pone.0359540.g008
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4.1.1  Reproducibility and implementation details.  All experiments were performed with the same implementation 
pipeline, promoting reproducibility. All the experimental variants were trained and evaluated using the same 
preprocessing, architecture configuration and optimization parameters. Data partitioning and model initialisation were 
done using a fixed random seed to minimise the variance in the results caused by the stochastic factors as shown in 
Table 1. A diffusion-based U-Net backbone with texture-aware conditioning and cross-attention mechanisms was adopted 
for the proposed framework. The evaluation protocol and the definition of metrics for all baseline models, ablation 
variants and external validation experiments were the same as described in Table 2. To facilitate the fair evaluation 
under the limited dataset setting, the same random seed, preprocessing pipeline, data split, architecture configuration 
and evaluation protocol were adopted for the proposed model, baseline models, ablation models and external validation 
experiments. This design allows for reduced experimental variability, and enables the reproduction of the comparison 
between the model configurations.

4.2  Proposed algorithm

The proposed algorithm is summarized in Algorithm 1. The algorithm starts by extracting texture feature encodings from a 
single pre-processed image of the diabetic foot ulcer and then merges local binary patterns and deep perceptual rep-
resentations to create a single conditioning map. This texture-aware map is used to inform the subsequent conditional 
diffusion process, an iterative denoising process that starts with an initialized latent variable and uses learned texture and 
morphological information to guide the denoising. The final result is a high-fidelity synthetic image that mimics a  
progression-like ulcer appearance, preserving the global structure and micro-textural details that are important for clinical  
interpretation, and aligned to the severity of the ulcer.

Table 1.  Model architecture summary.

Component Specification

Backbone U-Net–based diffusion architecture

Texture Encoding Local Binary Patterns + deep perceptual features

Conditioning Strategy Cross-attention–guided texture conditioning

Input Resolution 256 × 256 RGB

Output Progression-like synthetic DFU images

Diffusion Timesteps 1000

Attention Scope Ulcer-focused spatial attention

https://doi.org/10.1371/journal.pone.0359540.t001

Table 2.  Model architecture summary.

Parameter Value

Optimizer Adam

Learning Rate 1 × 10-4

Batch Size 8

Training Epochs 300

Loss Functions Diffusion loss + texture consistency constraints

Random Seed Fixed (reported)

Hardware Single GPU

https://doi.org/10.1371/journal.pone.0359540.t002
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Algorithm: Texture-aware diffusion-based severity-conditioned ulcer synthesis

Input: Single preprocessed ulcer image I
Output: Severity-conditioned progression-like synthetic DFU image I_progressed
1: # --------------------------
2: # Phase 1: Texture Feature Encoding
3: # --------------------------
4: Compute Local Binary Pattern (LBP) map: LBP_map ← ComputeLBP(I)
5: Extract deep perceptual features from VGG-19: VGG_feats ← ExtractVGGFeatures(I)
6: Normalize LBP_map and VGG_feats: LBP_norm ← Normalize(LBP_map), VGG_norm ← Normalize(VGG_feats)
7: Concatenate features: F_T ← Concatenate(LBP_norm, VGG_norm)
8: Project concatenated features: F_T ← LinearProjection(F

T
)

9: # --------------------------
10: # Phase 2: Diffusion Process Initialization
11: # --------------------------
12: Initialize noisy latent x_T ← SampleFromGaussian(μ = 0, σ = 1)
13: # --------------------------
14: # Phase 3: Reverse Diffusion with Texture Conditioning
15: # --------------------------
16: for t = T down to 1 do
17: Compute noise estimate ε_θ ← NoisePredictor(x_t, t, F_T)
18: Compute mean μ_θ and variance Σ_θ ← ParametrizePosterior(x_t, t, F_T, ε_θ)
19: Sample intermediate latent x_{t-1} ← SampleFromGaussian(μ_θ, Σ_θ)
20: end for
21: # --------------------------
22: # Phase 4: Obtain Progressed Ulcer Image
23: # --------------------------
24: I_progressed ← x_0 # Final severity-conditioned progression-like synthetic image
25: return I_progressed

5.  Experimental results

5.1  Quantitative image quality evaluation

Table 3 summarizes the final performance of the full proposed diffusion model on the primary held-out test set using 
the same evaluation protocol applied in the baseline comparison presented in Table 5 and the full-model configuration 
reported in the ablation analysis in Table 7. Accordingly, the values in Table 3 represent a summary of the same final eval-
uation rather than a separate subset or alternative aggregation procedure.

The quantitative evaluation summarized in Table 3 demonstrates the final performance of the proposed texture-aware 
conditional diffusion framework on the primary held-out test set. The full model achieved an SSIM of 0.851 ± 0.020, indicat-
ing strong structural similarity between the generated progression-like synthetic images and the corresponding  
severity-aligned pseudo-reference images. The FID value of 44.33 ± 5.02 indicates favorable distributional similarity 
between the generated image set and the real DFU image distribution. In addition, the Texture Consistency Score of 
0.79 ± 0.04 demonstrates preservation of local micro-textural characteristics, while the Granulation Tissue Fidelity Score 

Table 3.  Summary of final full-model performance on the primary held-out test set.

Metric Mean ± Standard 
Deviation

Interpretation

SSIM ↑ 0.851 ± 0.020 High structural fidelity relative to severity-aligned pseudo-references.

FID ↓ 44.33 ± 5.02 Strong distributional similarity between generated and real DFU images.

TCS ↑ 0.79 ± 0.04 Good preservation of local micro-textural patterns.

GTFS ↑ 0.76 ± 0.05 Consistent granulation-related appearance fidelity.

https://doi.org/10.1371/journal.pone.0359540.t003
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of 0.76 ± 0.05 indicates consistent representation of granulation-related appearance patterns. These values correspond to 
the same final full-model evaluation reported in Table 5 and Table 7 and therefore do not represent an alternative aggre-
gation or evaluation subset. Since longitudinal future-state images were unavailable, these metrics quantify synthetic 
image fidelity, structural consistency, texture preservation, and distributional realism rather than patient-specific longitu-
dinal progression accuracy. All these quantitative results add to the technical strength and initial visual plausibility of the 
proposed framework. However, they do not independently validate clinical applicability, as image similarity metrics cannot 
measure treatment impact, diagnostic safety, or patient outcome improvement. It is important to clarify that no formal 
clinician-led expert review was conducted in the present study. Therefore, no Likert-scale scores, Cohen’s kappa values, 
or expert-agreement statistics are reported in the experimental results. The qualitative results presented in this section are 
based on visual plausibility inspection, qualitative visual comparisons, attention overlays, heatmaps, and cross-dataset 
visual inspection. These results are intended to support technical interpretation of synthetic image fidelity, texture pres-
ervation, distributional realism, and preliminary visual plausibility, rather than clinician-validated clinical realism or clinical 
decision-support effectiveness.

5.2  Texture consistency and granulation fidelity assessment

The evaluation presented in Table 4 assessed microstructural texture preservation and granulation-related appearance 
fidelity using two task-specific supplementary metrics: the Texture Consistency Score (TCS) and the Granulation Tissue 
Fidelity Score (GTFS). TCS was used to measure local texture-pattern similarity through LBP-based histogram analysis, 
as formally defined in Equations (15)–(17). GTFS was used to estimate the spatial consistency of granulation-related 
appearance patterns between generated images and algorithmically derived severity-aligned pseudo-reference appear-
ance maps using the soft Dice-based formulation defined in Section 3.6. The obtained TCS value of 0.79 ± 0.04 suggests 
that the generated progression-like DFU images preserved fine-grained local texture patterns, including tissue rough-
ness, keratinization-like appearance, and necrosis-like texture variation. Similarly, the GTFS value of 0.76 ± 0.05 indicates 
plausible spatial consistency of granulation-related appearance patterns in the generated images. These findings support 
preliminary visual plausibility and texture fidelity under controlled experimental conditions. The reliability of TCS and GTFS 
was assessed indirectly by examining their consistency with established image-quality metrics, ablation behaviour, and 
external dataset performance. In the ablation study, removal of texture conditioning and cross-attention reduced both TCS 
and GTFS along with SSIM and FID, indicating that these metrics followed the expected degradation pattern when import-
ant architectural components were removed. Similarly, external validation showed only modest reductions in TCS and 
GTFS under domain shift, suggesting preliminary cross-dataset stability. However, TCS and GTFS should be interpreted 
as exploratory task-specific indicators rather than standardized clinical evaluation metrics. These scores are not intended 
to replace established evaluation standards such as SSIM, PSNR, FID, clinician-led assessment, or prospective clinical 
validation. Further clinician-centred validation, larger clinician-annotated DFU datasets, inter-rater agreement analysis, 
and comparison with established wound assessment criteria are required before these metrics can be considered broadly 
reliable or generalizable.

Table 4.  Texture consistency and granulation fidelity metric evaluations.

Metric Mean ± Standard 
Deviation

Interpretation

Texture Consistency Score 
(TCS) ↑

0.79 ± 0.04 High preservation of fine-grained textural 
features.

Granulation Tissue Fidelity 
Score (GTFS) ↑

0.76 ± 0.05 Biologically plausible representation of 
granulation-related appearance variation.

https://doi.org/10.1371/journal.pone.0359540.t004
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5.3  Quantitative image-quality metrics

5.3.1  SSIM, PSNR, and FID comparison.  The descriptive results in Table 5 show that the diffusion model achieved 
the most favorable observed values among the three evaluated models. The diffusion model obtained an SSIM of 
0.851 ± 0.020, compared with 0.782 ± 0.031 for the GAN baseline and 0.738 ± 0.038 for the VAE baseline, indicating 
higher observed structural similarity to the severity-aligned pseudo-progression references. Similarly, the observed 
PSNR was 24.76 ± 1.12 dB for the diffusion model, compared with 21.98 ± 1.56 dB and 19.63 ± 1.83 dB for the GAN and 
VAE baselines, respectively. The diffusion model also produced the lowest observed FID of 44.33 ± 5.02, compared with 
59.13 ± 6.59 for the GAN and 69.77 ± 7.44 for the VAE. These differences represent descriptive performance trends on the 
fixed held-out test set and should not be interpreted as statistically significant superiority because formal inferential testing 
was not performed. Accordingly, the results support a favorable descriptive comparison of synthetic image fidelity for the 
diffusion framework while remaining subject to the statistical limitations described in Section 5.10.

5.3.2  SSIM distribution analysis.  The SSIM distributions in Fig 9 show higher observed similarity values for the 
diffusion model than for the GAN and VAE baselines. The diffusion-model distribution is shifted toward higher SSIM values 
and shows a comparatively narrower observed spread within the evaluated test set. I The data in Fig 9, when the diffusion 
outputs are isolated, shows a median SSIM of 0.852 with an interquartile range of 0.837–0.865. The small IQR values 
indicate that the diffusion model consistently generates images with high structural fidelity, while the larger IQR values for 
GAN and VAE suggest that they may have difficulty maintaining a consistent quality. These results collectively highlight 
the potential of the diffusion model to produce synthetic DFU images with structural features similar to and stable with 
regard to progression.

5.3.3  FID variation across diffusion timesteps.  Fig 10 reveals a clear U-shaped FID profile over the diffusion 
timesteps: at the very beginning (steps 1–2), high FID values (~120–90) indicate that the model’s outputs are overly 
smooth and lack the necessary textural detail; as the process advances into mid-range steps (4–6), FID reaches its 
minimum (~45), signifying the sweet spot where both coarse anatomical structures and fine ulcer textures are most 
faithfully reconstructed; beyond this window (steps 8–10), FID climbs again (~70–120), reflecting under-refinement of key 
features. This timestep-wise analysis reveals that sampling around timesteps 4–6 yields the most perceptually realistic 
images, suggesting that focusing training or early-stopping criteria within this phase can improve the perceptual realism 
and distributional consistency of generated progression-like DFU outputs.

5.4  Qualitative visual comparisons

The qualitative visual comparisons in this subsection are presented as technical visual inspection outputs and should not 
be interpreted as formal clinician-rated assessment.

5.4.1  SSIM overview.  The SSIM values over the three timesteps show a quantitative measure of the model’s 
performance across the pseudo-stages corresponding to the severity levels, as displayed in Table 6. The lowest SSIM 
value is 0.674 for timestep 1, suggesting that the synthetic reconstruction has the greatest difficulty at the very beginning, 
possibly because of the more complicated edge structures and texture gradient variations in the early wound formation. 
However, Timestep 2 has the best SSIM (0.804), indicating that the model performs better in terms of capturing the 
intermediate wound characteristics, which may be due to the fact that these stages contain more stable and less complex 

Table 5.  Comparison of image quality metrics across model baselines.

Model SSIM PSNR (dB) FID

Diffusion 0.851 ± 0.020 24.76 ± 1.12 44.33 ± 5.02

GAN baseline 0.782 ± 0.031 21.98 ± 1.56 59.13 ± 6.59

VAE baseline 0.738 ± 0.038 19.63 ± 1.83 69.77 ± 7.44

https://doi.org/10.1371/journal.pone.0359540.t005
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textures. Some loss of fidelity is seen in timestep 3 with a moderate SSIM of 0.726, especially in reproducing the deep 
central granulation and subtle surface variations typical of more advanced wounds. These findings, combined, indicate 
that the model has a good overall performance and can capture fine structural details and textural nuances well, but there 
is room for improvement in the early and advanced ulcer stages, where the performance was not as good. The values of 
SSIM calculated at each time step are used to indicate structural consistency with pseudo-progression references and are 
not the same as the accuracy of longitudinal progression.

Fig 9.  SSIM distributions comparing models and diffusion outputs.

https://doi.org/10.1371/journal.pone.0359540.g009
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5.4.2  Grid montage: Real vs. Synthetic vs. Difference.  The grid montage provides a step-by-step visualization of 
the proposed model’s ability to synthesize realistic progression-like DFU images, in an intuitive way. In all three timesteps, 
the synthetic outputs are able to accurately replicate the overall shape, wound size and general tissue structure of the 
real images. The absolute-difference heatmaps (right column), however, show areas of difference that are important for 
clinical interpretation. In particular, the model tends to damp down sharp edges of wound lesions and subtle variations in 
texture, resulting in higher error signals at the edges of lesions and at areas of slight tissue variation. For instance, the 
edges of the synthetic ulcer are not as sharp as those of the real image in Timestep 1. In Timestep 3, the central area 
of the wound is only very roughly approximated, while the rich textural details are somewhat lost. These spatial error 
patterns emphasize the need to improve the details of high-frequency reconstruction and preservation of edges. Overall, 
the montage suggests a good accuracy of the diffusion model in the global aspect and provides explicit knowledge about 
the points where the model can be improved on a micro aspect to make it more accurate, as shown in Fig 11.

5.4.3  Texture detail zoom-ins.  The generated progression-like DFU images are assessed visually in terms of the 
model’s ability to preserve micro-level texture details in the images through the 4 × magnified crop in Fig 12. The real 
image patch exhibits better definition of the ulcer margins, higher local contrast and better visibility of fine scale surface 
irregularities. Compared to the synthetic patch, the overall ulcer pattern and overall intensity gradient remain intact, 
but there is some smoothing of high frequency details, especially around the edge of the ulcer and areas of low tissue 

Fig 10.  FID vs Diffusion timestep.

https://doi.org/10.1371/journal.pone.0359540.g010

Table 6.  SSIM values for each timestep.

Timestep SSIM

1 0.674

2 0.804

3 0.726

https://doi.org/10.1371/journal.pone.0359540.t006
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heterogeneity. The observation suggests that the proposed diffusion framework is more successful in maintaining the 
morphology of the ulcers at the macro level, rather than the very fine microstructural texture patterns. This over smoothing 
is a significant technical constraint as the transitions in texture at the edges could affect the visual interpretation of the 
appearance patterns that resemble granulation, slough and necrosis. Hence, the images created should not be regarded 
as complete substitutes of real high-resolution images of wounds, especially in the case of fine texture of the boundaries 
or subtle variation in the tissues. The zoom-in analysis is also presented to explicitly point out this limitation and to provide 
a guideline for future model refinement. Texture preserving techniques like frequency-aware loss functions, multi-scale 
patch-level supervision, boundary-aware conditioning, and edge-preserving post-refinement modules should be added 

Fig 11.  Stepwise montage: real vs synthetic vs error heatmap.

https://doi.org/10.1371/journal.pone.0359540.g011

Fig 12.  High-resolution zoom: real vs synthetic micro-texture details.

https://doi.org/10.1371/journal.pone.0359540.g012
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in future iterations of the framework. The additions could enhance the retention of details that occur at high frequencies 
and preserve the overall structural consistency that is provided by the current model. Therefore, the proposed framework 
is supported by a balanced interpretation as presented in Fig 12, which shows that the framework is morphologically well 
preserved on a global scale, and yet there is a need for further refinement in terms of micro-texture preservation.

This smoothing effect is thus not considered as a small visual artefact, but as a major limitation in the present  
texture-aware framework with respect to texture preservation. In the current model, this is partially solved by explicitly con-
ditioning the texture in the LBP stage, using deep perceptual features to guide the model, focusing on ulcer regions using 
cross-attention, and enforcing feature consistency loss. These components, however, better preserve the morphology at 
a global scale and the organization of the mid-level texture than very high-frequency microstructural detail, as seen in the 
zoom-in analysis. The finding indicates that texture awareness at conditioning level only is not enough for achieving the 
full recovery of texture at boundary level. Thus, future extensions should include explicit high-frequency texture constraints 
including frequency-domain reconstruction loss, Laplacian pyramid loss, boundary-aware texture supervision and local 
patch-discriminator refinement. The additions would directly address the smoothing effect seen in Fig 12 and enhance the 
texture preserving ability of the framework.

5.5  Attention overlay on progression-like synthetic output

The attention overlay in Fig 13 is essential to understand the spatial attention of the diffusion model in the synthetic DFU 
generation. This heatmap is based on the edge-based saliency signals and emphasizes the border of the ulcer as well 
as the central necrotic core with high intensity, and the healthy tissue is not given much attention. This spatial concentra-
tion implies that the model emphasizes the high-frequency textural and structural information closely associated with the 
morphology of ulcers, instead of the irrelevant background pattern. This focused attention gives initial evidence of inter-
pretability; the highlighted regions match the regions of interest in the image, such as the margins and mid-body of the 
ulcer. Furthermore, the uniform localization of attention in various regions is helpful for the robustness and interpretability 
of the model, which facilitates transparent examination of the model behaviour. The visualization shows that when syn-
thesizing DFU images that are more like progressions, the model puts emphasis on visually relevant ulcer regions, which 

Fig 13.  Attention heatmap highlighting clinically relevant ulcer regions in progression-like synthesis.

https://doi.org/10.1371/journal.pone.0359540.g013
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is a confirmation that the model’s outputs are not only superficially realistic, but also supported by feature learning that is 
visually and texturally relevant to the ulcer region.

5.6  Severity-conditioned texture dynamics heatmap on baseline ulcer image

Fig 14 presents a severity-conditioned texture variation heatmap overlaid on the baseline ulcer image to show plausible 
regions of texture variation associated with the severity of the image. The aim of this visualization is to present a meaning-
ful representation of the texture variation of the ulcer region, derived from the model, but keeping the anatomical context 
of the original image. Red-to-yellow areas in the heatmap represent relatively greater texture variation associated with 
severity, while blue-to-cyan areas represent relatively less texture variation associated with severity. This color-coded 
depiction allows visualization of the extent of localization of texture changes in the proposed framework during DFU 
synthesis of progression. In the case presented, the inner edges of the central ulcer bed and the surrounding inner edges 
of the ulcerated area are more texturally varied, indicating visually high change areas in the ulcer bed. The regions could 
be important for future clinically validated interpretation as central wound areas and margins of the ulcers may contain 
relevant visual cues that are important for tissue heterogeneity, surface irregularity and variation in appearance associated 
with the severity of the ulcer. The highlighted areas, however, do not necessarily represent clinical risk areas, areas of 
actual tissue degradation, or the actual areas of treatment. The heatmap is a model-based representation of appearance 

Fig 14.  Severity-conditioned texture variation heatmap highlighting plausible high-change ulcer regions.

https://doi.org/10.1371/journal.pone.0359540.g014
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variation associated with severity and not clinically proven wound progression. The visualization is thus conceived as 
an exploratory research product to investigate model behavior and to gain insight into the spatial representation of the 
changes in texture for severity conditions. It could assist in a qualitative evaluation of whether the model captures the 
ulcer areas that are relevant to the image, rather than non-relevant background areas. Concurrently, care should be taken 
when interpreting this heatmap as it is not based on the longitudinal ground truth progression data or on prospective 
clinical outcome validation. Thus, the severity-conditioned texture dynamics heatmap should not be regarded as a clini-
cally validated decision support tool. Do not use for debridement planning, patient counselling, treatment selection or for 
any type of clinical intervention without formal clinical validation. It is currently used as an exploratory visualizer, technical 
interpretability and analysis of severity-related texture variation in the proposed synthesis framework for progression. 
Future studies should confirm such heatmap outputs with longitudinal cohorts of DFUs, more clinician-centered assess-
ments, and studies with outcomes to establish the clinical relevance of these visual patterns.

5.7  Multi-zonal overlay depicting plausible severity-conditioned tissue composition: Granulation, slough, and 
necrosis

Fig 15 shows a pixel-wise representation of the severity conditioned vision of the possible categories of appearance of the 
wound bed overlaid onto the base ulcer image. The green, yellow and black areas represent the granulation-like, slough-
like and necrosis-like appearance patterns, respectively. These categories are intended to be used as model- 
generated visual appearance labels, and not as definitive clinical tissue diagnosis or direct treatment recommendations. 
The overlay combines these colour-coded appearance regions with the original anatomical context, allowing for explor-
atory examination of the tissue composition associated with severity, whilst maintaining the structural detail of the ulcer. 
The semi-transparency maintains the spatial relationships in the wound bed visible which helps in the interpretation of the 
output generated. Moreover, the region boundaries between various appearance zones allow a better visualization of the 
regional distribution of model identified tissue-like patterns.

Fig 15.  Multi-zonal overlay showing plausible severity-conditioned tissue composition zones.

https://doi.org/10.1371/journal.pone.0359540.g015
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This representation could be used as a visual cue for exploratory analysis of DFU synthesis for progression-like. How-
ever, its interpretation should remain cautious. The regions shown are not considered to be validated evidence of actual 
tissue status, biological progression or clinical risk. Therefore, the overlay should not be used as a replacement for direct 
clinical assessment, clinical expertise or accepted protocols for wound assessment. In the current phase, this visualization 
is to be considered as an interpretability tool for research purposes, for examining model behaviour and the appearance 
variation depending on the severity of the condition in the generated outputs. It is not intended for debridement planning, 
therapeutic decision-making, or any other form of clinical intervention. The possible clinical relevance of such multi-zonal 
overlays would necessitate further validation with larger clinician centered studies, longitudinal follow-up data sets and 
outcome-based evaluation. Hence, the use of this visualization is still restricted to the exploratory and methodological 
analysis, within the proposed progression-like synthesis framework.

5.8  Ablation study results on model components

The descriptive ablation results in Table 7 show that the full model produced the most favorable observed metric values 
among the evaluated configurations, with SSIM of 0.851 ± 0.020, FID of 44.33 ± 5.02, TCS of 0.79 ± 0.04, and GTFS of 
0.76 ± 0.05. Removal of texture conditioning was associated with lower observed SSIM, TCS, and GTFS values and a 
higher FID, suggesting reduced preservation of local micro-textural characteristics and granulation-related appearance 
patterns. Removal of cross-attention also showed lower SSIM and higher FID values relative to the full model, indicating 
reduced structural similarity and distributional alignment. The configuration without either module produced the least favor-
able observed values across all four metrics. Taken together, these descriptive trends suggest that texture conditioning 
and cross-attention both contribute to the observed performance of the complete framework. However, because formal 
statistical significance testing was not performed, the observed differences should be interpreted as comparative trends 
on the fixed held-out test set rather than statistically established between-model effects.

5.9  External dataset validation and cross‑dataset generalization analysis

5.9.1  External dataset description.  To further strengthen the robustness and generalisability of the proposed 
texture‑aware conditional diffusion framework, an additional external validation was conducted using an independent 
diabetic foot ulcer (DFU) image dataset obtained from Kaggle [31]. The external dataset contains 810 training images 
with labels, 200 validation images with labels and 200 test images, acquired in heterogeneous clinical conditions 
such as different light conditions, acquisition devices and ulcer appearance. This external validation was added in 
particular to address concerns regarding overfitting and limited data generalization. The primary dataset has only 493 
DFU images, so the evaluation of the proposed framework using an independent dataset is more representative of the 
ability of the algorithm to learn the patterns of ulcer texture and morphology rather than the visual characteristics of the 
dataset.

More importantly, this external dataset was not used during the training, fine tuning or hyperparameter selection of the 
model, which allowed an unbiased evaluation of cross-dataset performance. The labels given in the dataset were only 
used for severity aligned grouping and evaluation and not as the temporal or longitudinal ground truth. This design is 

Table 7.  Ablation study highlighting contributions of key modules.

Model Variant SSIM (↑) FID (↓) TCS (↑) GTFS (↑)

Full Proposed Model 0.851 ± 0.020 44.33 ± 5.02 0.79 ± 0.04 0.76 ± 0.05

Without Texture Conditioning 0.802 ± 0.027 56.41 ± 6.18 0.69 ± 0.06 0.63 ± 0.07

Without Cross-Attention 0.815 ± 0.023 52.87 ± 5.91 0.72 ± 0.05 0.66 ± 0.06

Without Both Modules 0.778 ± 0.030 61.95 ± 7.02 0.65 ± 0.07 0.59 ± 0.08

https://doi.org/10.1371/journal.pone.0359540.t007



PLOS One | https://doi.org/10.1371/journal.pone.0359540  October 12, 2026 28 / 38

consistent with the pseudo progression paradigm used in the primary dataset and allows for meaningful external valida-
tion when there is a domain shift as demonstrated in Fig 16.

5.9.2  External validation protocol.  No retraining or adaptation was performed for the trained diffusion model on the 
external dataset and it was directly used for inference in a zero-shot setting. To guarantee methodological consistency in 
processing all images, the same pipeline of pre-processing was implemented, as described in Section 3.2, that consisted 
of resolution standardization, background suppression, texture enhancement and histogram normalization. A progression 
of synthetic images was created for each of the external input images with the same diffusion timestep setting used 
in the main experiments. The quantitative evaluation was done by SSIM, FID, Texture Consistency Score (TCS), and 
Granulation Tissue Fidelity Score (GTFS) and thus could be directly compared to the results reported in the primary 
dataset. In addition, qualitative visual inspections were performed to evaluate the plausibility of structural coherence, 
texture continuity and progression in cross dataset conditions.

5.9.3  Quantitative results on external dataset.  The quantitative results in Table 8 show that the proposed framework 
is stable and competitive when tested on a new DFU dataset. Compared with the primary test set, a modest reduction 
in SSIM from 0.851 ± 0.020 to 0.801 ± 0.028 and in TCS from 0.79 ± 0.04 to 0.75 ± 0.05 was observed under external 
domain shift. The FID score is 38.7, which also suggests a high similarity between the distribution of generated images 
and the real image distribution, thereby demonstrating that the diffusion model can be applied to other data sources. The 
small drop in SSIM and TCS for the external dataset shows some sensitivity to domain shift, as one would expect in the 
absence of much training data. The proposed framework, however, is able to preserve reasonable values of FID, TCS and 
GTFS across the datasets, indicating that the framework is not purely memorisation of the primary dataset. The external 
dataset results also offer some initial insights into the generalizability of TCS and GTFS. Both scores dropped marginally 
from the primary data, but remained in a consistent range, suggesting that these scores can be used to measure 

Fig 16.  Sample images from external dataset.

https://doi.org/10.1371/journal.pone.0359540.g016

Table 8.  External dataset validation results.

Metric Mean ± Standard Deviation Interpretation

SSIM ↑ 0.801 ± 0.028 Strong structural preservation under 
domain shift

FID ↓ 38.7 ± 4.9 High perceptual realism across 
datasets

Texture Consistency 
Score (TCS) ↑

0.75 ± 0.05 Robust preservation of micro‑tex-
tural patterns

Granulation Tissue 
Fidelity Score (GTFS) ↑

0.72 ± 0.06 Biologically plausible granulation- 
related appearance representation

https://doi.org/10.1371/journal.pone.0359540.t008
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consistency of appearance under domain shift in terms of texture and granulation. However, validation in larger multi-
centre DFU datasets is needed for these metrics to be used as generalizable evaluation metrics.

5.9.4  Qualitative cross‑dataset analysis.  The external dataset was used to generate synthetic outputs that resemble 
progression; as shown in Fig 17, the boundaries of the ulcers, the central morphology of the wounds and the surrounding 
tissue context are preserved consistently across the progression-like synthetic outputs. Changes in progression appear to 
be spatially coherent, and there are gradual changes in texture rather than abrupt or unrealistic changes. Minor smoothing 
of higher frequency texture details, especially at the margins of ulcers are seen in some cases, as observed in the primary 
dataset, but the overall biological plausibility and clinical interpretability is preserved.

The results suggest that the proposed texture aware diffusion model is not simply memorizing the patterns of the data-
set but instead learning transferable representations of ulcer texture and morphology that are effective on various clinical 
image distributions.

5.9.5  Implications for longitudinal validation.  While the external validation results indicate the robustness 
of the proposed severity-conditioned synthesis framework across the different datasets, they may not be taken as 
evidence of true temporal prediction. The external dataset also does not have patient-level longitudinal follow-up, so the 
validation process also only supports the generalisability of progression-like visual synthesis under domain shift, but not 
chronological wound forecasting. While there is good cross dataset generalisability from external validation, this is not a 
substitute for true longitudinal validation. The primary and external datasets do not have patient level multi visit follow up 
images for direct evaluation of real temporal disease evolution. The pseudo progression framework used in this study is 
thus a weak form of progression, rather than a temporal predictor, such as visual transitions.

Fig 17.  Cross-dataset progression-like DFU synthesis and risk visualization.

https://doi.org/10.1371/journal.pone.0359540.g017
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Longitudinal DFU cohorts in the future will need to be linked to clinically documented timepoints of follow up to directly 
assess temporal consistency, healing trajectories and clinical concordance, which can be validated. Nevertheless, the cur-
rent external validation provides strong evidence that the proposed framework forms a reliable methodological foundation 
for future longitudinal modelling. Similarly, SSIM, FID, TCS, and GTFS values obtained during external validation indicate 
cross-dataset fidelity and texture consistency only. They do not confirm longitudinal progression accuracy because no 
patient-specific longitudinal ground truth was available in the external dataset.

5.10  Statistical considerations

Formal statistical significance testing between models was not performed due to the limited size of the held-out test set 
and the deterministic nature of the fixed data split. Instead, performance was reported using mean ± standard deviation 
across evaluation metrics, complemented by consistent performance trends observed across baseline comparisons, 
ablation studies, progression-stage analysis, and external dataset validation. This multi-faceted evaluation strategy was 
adopted to provide robust evidence of performance stability while avoiding potentially misleading significance estimates 
on small test samples. Additionally, because the pseudo-stages are derived from cross-sectional severity grouping 
rather than actual longitudinal follow-up, statistical comparisons are interpreted in terms of synthetic image fidelity and 
severity-conditioned consistency. They are not intended to validate real temporal prediction accuracy. True progression 
accuracy can only be assessed using longitudinal DFU cohorts with repeated imaging of the same patients over clinically 
documented follow-up intervals. Accordingly, terms implying formal statistical superiority or significance are avoided in the 
interpretation of the baseline and ablation comparisons. Differences in SSIM, PSNR, FID, TCS, and GTFS are reported 
as descriptive numerical trends on the fixed held-out test set and should not be interpreted as statistically significant 
between-model effects.

The absence of longitudinal future-state images also limits the interpretation of image-quality metrics. SSIM and PSNR 
assess similarity to severity-aligned pseudo-progression references, while FID assesses similarity to the overall real- 
image distribution. These metrics are useful for evaluating synthetic image quality but cannot determine whether a gener-
ated output matches the actual longitudinal future state of an ulcer. Therefore, the reported quantitative results should be 
interpreted as evidence of image fidelity and severity-conditioned consistency, not as validation of longitudinal progression 
accuracy.

6.  Discussion

This study presents a texture-aware conditional diffusion framework for generating severity-conditioned progression-like 
synthetic images of diabetic foot ulcers (DFUs) from a single input image. The framework should be interpreted as a 
weakly supervised synthesis approach rather than a true temporal prediction model, because the available datasets 
consist of independent single-timepoint images without patient-specific longitudinal follow-up. By arranging cross-sectional 
images into severity-aligned pseudo-stages, the model learns population-level visual transitions associated with ulcer 
morphology and texture, rather than chronological wound dynamics within the same patient. The pseudo-progression 
assumption also has important physiological limitations. Diabetic foot ulcer evolution is not governed by visual severity 
alone, but is influenced by patient-specific biological and clinical factors, including vascular status, neuropathy, infection 
burden, glycaemic control, pressure redistribution, treatment response, wound care interventions, and systemic comorbid-
ities. Since these factors were not available as longitudinal clinical variables in the dataset, the constructed pseudo-stages 
cannot represent the actual physiological trajectory of a specific ulcer. In addition, true wound progression may be non- 
linear, reversible, treatment-dependent, or interrupted by healing and deterioration events. Therefore, the generated 
outputs should be interpreted as severity-conditioned advanced severity-state visualizations rather than precise tempo-
ral forecasts of future ulcer evolution. For future longitudinal extension, the proposed framework can be adapted using a 
staged validation strategy. First, the current model may be retained as a cross-sectional severity-conditioned pretraining 
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model for learning general ulcer texture and morphology representations. Second, the model should be fine-tuned on 
longitudinal DFU cohorts containing repeated images of the same ulcers across clinically documented follow-up intervals. 
In such a setting, pseudo-stage labels should be replaced or supplemented with actual follow-up targets, visit intervals, 
and available clinical covariates. Third, patient-level data splitting should be used to prevent leakage across training, 
validation, and testing subsets. Finally, generated follow-up images should be compared with real follow-up images using 
image-fidelity metrics, texture-preservation metrics, blinded clinician assessment, temporal consistency analysis, and clin-
ical concordance with healing or deterioration outcomes. This future framework would allow direct assessment of whether 
severity-conditioned progression-like synthesis can be extended toward true patient-specific temporal modelling.

The best-performing variant achieves an SSIM of 0.851 ± 0.020, PSNR of 24.76 ± 1.12 dB, and FID of 44.33 ± 5.02, 
compared with the GAN baseline (SSIM: 0.782 ± 0.031, PSNR: 21.98 ± 1.56 dB, FID: 59.13 ± 6.59) and the VAE baseline 
(SSIM: 0.738 ± 0.038, PSNR: 19.63 ± 1.83 dB, FID: 69.77 ± 7.44). Additionally, the proposed Texture Consistency Score 
(TCS) and Granulation Tissue Fidelity Score (GTFS) further corroborate the biological realism of the generated images, 
with scores of 0.79 ± 0.04 and 0.76 ± 0.05 respectively, showing a good preservation of microstructural detail and plau-
sible representation of granulation-related appearance variation. Ablation studies show the complementary benefits of 
texture conditioning and cross-attention. Explicit texture encoding for DFU synthesis is important as the removing texture 
conditioning reduced SSIM to 0.802 ± 0.027 and increased FID to 56.41 ± 6.18, with lower TCS 0.69 ± 0.06 and GTFS 
0.63 ± 0.07. . Without cross-attention, SSIM is 0.815 ± 0.023, FID 52.87 ± 5.91, TCS 0.72 ± 0.05, and GTFS 0.66 ± 0.06, 
indicating that cross-attention helps to align conditioning signals and generated content in space. The variant with neither 
mechanism is most degraded (SSIM 0.778 ± 0.030, FID 61.95 ± 7.02, TCS 0.65 ± 0.07, GTFS 0.59 ± 0.08), suggesting 
that both mechanisms are important for good progression-like synthesis. Additionally, the progression-stage analysis 
shows that the model can capture the appearance variation from the beginning to the end of the progression, with SSIM 
scores of 0.674, 0.804, and 0.726 for the first, second, and third stage, respectively. Overall, the final full-model evaluation 
yielded an SSIM of 0.851 ± 0.020, FID of 44.33 ± 5.02, TCS of 0.79 ± 0.04, and GTFS of 0.76 ± 0.05, consistently reflect-
ing structural fidelity, distributional similarity, and preservation of severity-related appearance characteristics across the 
reported analyses. However, without the ground truth longitudinal future images, SSIM, PSNR and FID cannot directly 
assess the accuracy of longitudinal progression. The three metrics: SSIM, PSNR, and FID, measure structural and  
pixel-level similarity to pseudo-progression references, and similarity between generated images and the current DFU 
image distribution, respectively. These metrics thus help to evaluate the quality of synthetic images and their realism in 
distribution, but do not prove that the synthetic image is the actual future state of a particular ulcer over time.

Additional support for potential clinical utility is provided by interpretability analyses. However, clinical implications 
of these findings should be interpreted cautiously. The main metrics used in the present validation are image similarity 
metrics, distributional realism metrics, texture-based scores, ablation analysis and qualitative visual plausibility inspection. 
These assessments are helpful in determining the technical quality of images and initial visual plausibility but they are not 
enough to determine the effectiveness of clinical decision support. The suggested framework has not yet been proven 
in potential clinical settings, has not been tested for impact on clinical decision making, and has not been correlated with 
patient-level outcomes like healing rate, infection prevention, or amputation reduction. Attention overlays and risk heat 
maps always focus on clinically relevant areas of ulcer (the central wound bed and peri-ulcer margins) but not on other 
background structures. The high-change regions found in the framework often coincide with the ulcer regions that are 
visually relevant such as necrosis-like, slough-like or granulation-like tissue appearance. The outputs should however 
be used as exploratory visualisations and should not be used as a guide for planning debridement, dressing selection 
or offloading without prospective clinical validation. These visual explanations will help future exploration of interpretable 
wound assessment workflows by providing intuitive, case-specific summaries of visual trajectories and regions that are 
likely to be associated with the severity of wounds, and should be monitored more carefully. An external validation was 
conducted on an independent dataset of DFU images obtained from Kaggle, that includes labelled images collected under 
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varying clinical conditions in order to increase the robustness of the assessment. The proposed model was tested on this 
dataset in a zero-shot learning scenario without retraining or hyperparameter tuning and the same metrics as used for 
the main dataset. The external evaluation resulted in an SSIM of 0.801 ± 0.028, FID of 38.7 ± 4.9, TCS of 0.75 ± 0.05, and 
GTFS of 0.72 ± 0.06 which shows that it performs well under domain shift and only a small degradation compared to the 
primary test set. Qualitative examples showed that the morphology of the global foot and the shape of the ulcer remained 
unchanged, and that any changes that seemed to be progressing were limited to the ulcer bed and margins. These results 
indicate that the framework is not only learning appearance patterns of the datasets, but also learning transferable rep-
resentations of ulcer texture and morphology that are able to generalize across different clinical image distributions. The 
results of the external validation of the proposed framework, presented in Section 5.9, also support the generalisability of 
the framework under different imaging conditions and ulcer presentations. The relatively small size of the primary data set 
is a factor to consider in interpreting the results. Typically, diffusion-based generative models work better with larger and 
more diverse datasets, so that using 493 images might make them more susceptible to overfitting to the imaging condi-
tions of the dataset. This concern was partially mitigated by data augmentation, fixed validation protocols, ablation analy-
sis and zero-shot external dataset validation. The external validation results show a structural and texture similarity under 
domain shift, but further multi-institutional validation is needed.

Several limitations should be acknowledged. First, both the primary and external datasets lack patient-level longitudi-
nal image sequences with clinically documented follow-up time points. The pseudo-progression stages used in this work 
are therefore derived from severity-aligned groupings rather than true temporal observations. As a result, the framework 
should be interpreted as modelling progression-like visual transitions under weak supervision, rather than providing defin-
itive temporal predictions of individual patient trajectories. Second, zoom-in analyses reveal some loss of very fine texture 
elements, particularly at ulcer boundaries, indicating that additional texture-preserving mechanisms such as frequency- 
aware generators, multi-scale refinement modules, or hybrid loss functions that emphasise high-frequency content may 
be beneficial. Third, although external validation supports cross-dataset generalisability, the datasets considered remain 
limited in size and geographic diversity, and performance may be influenced by differences in imaging protocols, lighting 
conditions, and patient characteristics. Although the proposed diffusion framework preserves global ulcer morphology and 
overall texture continuity, the zoom-in analysis in Fig 12 shows residual over-smoothing of high-frequency micro-textural 
details near wound boundaries. This limitation is particularly important for a texture-aware synthesis framework, because 
fine boundary-level texture transitions may influence the visual distinction between granulation-like, slough-like, and 
necrosis-like appearance patterns. The current architecture partially mitigates texture degradation through LBP-based 
texture conditioning, deep perceptual features, cross-attention-guided ulcer-region focusing, and feature consistency con-
straints. However, after iterative denoising these components do not fully recover the very fine high-frequency structures 
completely.

This is a limitation that needs to be addressed in future work specifically with refinement strategies that are frequency- 
and boundary-aware. The inclusion of a Focal Frequency Loss would help to penalize the missing high-frequency spectral 
components, and would encourage reconstruction of the fine surface irregularities, the sharpness of the wound edges and 
the subtle variations of the local tissue. Likewise, high-pass filtering the images before evaluating the discriminator would 
add a high-pass-filter guided adversarial loss, which would require the adversarial loss to be concerned with retaining 
micro-texture, as well as with global photorealism. Furthermore, Laplacian pyramid loss, multi-scale patch-level supervi-
sion, boundary-aware conditioning and an edge-preserving post-refinement module may be added to further enhance the 
preservation of high-frequency details. These additions are anticipated to help decrease smoothing without compromising 
the global structural fidelity that is already attained by the existing model. This study is mainly methodological and tech-
nically validates the methods with publicly available datasets. Structured usability studies with wound care specialists will 
be conducted in the future to assess the interpretability, clinical usefulness, and value of the decision support in real-life 
wound care management.
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Future studies should focus on the inclusion of longitudinal DFU cohorts in which patients are followed across a num-
ber of visits with the same imaging techniques and comprehensive clinical annotations. These types of datasets would 
allow for direct assessment of temporal consistency, progression accuracy and clinical concordance, as well as calibration 
of progression like synthesis to actual healing or deterioration trajectories. Further increases in training and validation 
data to larger multi-institutional datasets would increase robustness and reduce potential biases from single-centre or 
single-source imagery. The explicit inclusion of clinical covariates (e.g., perfusion status, markers of infection, comorbidi-
ties) can also enable the modelling of the progression patterns in images and systemic risk factors together. The proposed 
texture-aware diffusion framework offers a methodological basis for the severity-conditioned progression-like visualization 
of DFU appearances. It should be used for technical synthesis and exploratory interpretation only, however, until larger 
longitudinal data sets, clinician-centred validation, and prospective outcome-based assessment are available. The pro-
posed framework shows consistent improvement on various evaluation measures, but there are a few shortcomings in 
terms of statistical robustness that need to be recognized. Large annotated DFU datasets are not available, which makes 
patient-wise splitting and k-fold cross validation difficult, especially for the diffusion based generative models, which are 
computationally heavy. For this reason, in this study a fixed split strategy was used to guarantee the same and fair com-
parison of the models. In the future, more statistically sound validation methods will be investigated, such as cross valida-
tion and uncertainty aware evaluation, when more and more diverse DFU data sets are available. These will further build 
confidence in the generalisability of the models and their clinical applicability.

6.1  Comparative analysis of state-of-the-art methods

The results of the proposed texture-aware conditional diffusion framework are summarized in Table 9, which compares 
it with other methods. The models based on CNN or hybrid models are able to get good classification and segmentation 
accuracy, but they mainly work on static evaluation instead of progression-like severity-conditioned synthesis. The pro-
posed method, on the contrary, enables the synthesis of a progression-like DFU from a single image, with high structural 
fidelity (SSIM: 0.851), excellent photorealism (FID: 44.33) and good preservation of biological texture (TCS: 0.79, GTFS: 
0.76). Based on these results, the proposed method is expected to be a valuable methodological contribution for the syn-
thesis of diabetic foot ulcers with progression and further validation is required to make generalization and clinical applica-
bility statements.

6.2  Limitations and future validation requirements

A central limitation of the present study is the absence of true longitudinal diabetic foot ulcer image sequences. The data-
sets used in this work consist of independent single-timepoint images rather than repeated follow-up images of the same 

Table 9.  Comparison with state-of-the-art techniques.

Reference Technique / Model Dataset Key Results / Accuracy

[21] Deep learning (GoogLeNet, YOLO v3/v5, EfficientDet, U-Net, 
Mask R-CNN) for classification, detection, segmentation

Multiple DFU data-
sets (review)

Classification: up to 91.95% accuracy; Segmentation: 
U-Net, 94.96% accuracy; Mask R-CNN: precision 0.86

[4] CNN + texture (mapped binary patterns) Two public DFU 
datasets

AUC: 0.981 (healthy/unhealthy), 0.995 (ischaemia), 
0.82 (infection)

[25] Guided Conditional Diffusion Classifier (ConDiff) DFU dataset [15] 81% accuracy, sensitivity 85.4%

[32] Deep Learning (ResNet + Attention) DFUC 2024 F1-score: 60.81%, AUC: 87.37%, Recall of 61.04%, 
and Precision of 61.56%

[33] Thermogram-based SVM + DL INAOE dataset F1-score: 90% (concrete dropout features + SVM)

Proposed 
Method

Texture-aware conditional diffusion framework with hybrid 
texture encoding and cross-attention

Kaggle DFU RGB 
images (493 cases)

SSIM: 0.851 ± 0.020; PSNR: 24.76 ± 1.12 dB; FID: 
44.33 ± 5.02; TCS: 0.79 ± 0.04; GTFS: 0.76 ± 0.05

https://doi.org/10.1371/journal.pone.0359540.t009
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patients. Therefore, the pseudo-progression stages were constructed using cross-sectional severity-related visual cues, 
such as ulcer size, depth, granulation prevalence, and necrotic coverage, rather than actual temporal wound trajectories. 
As a result, the proposed framework does not learn genuine patient-specific temporal progression dynamics. The gener-
ated outputs should therefore be interpreted as severity-conditioned progression-like visualizations, not as deterministic 
predictions of an individual ulcer’s future clinical state.

A related limitation is that the pseudo-progression paradigm effectively represents severity-conditioned appearance 
interpolation across different patients rather than true temporal modelling within the same patient. This limitation arises 
because the ordinal pseudo-stages are derived from cross-sectional DFU images belonging to independent cases, not 
from repeated follow-up observations of the same ulcer. The pseudo-stage labels were not treated as clinician-validated 
annotations; no formal clinician-led annotation or adjudication protocol was used to establish longitudinal or diagnostic 
ground truth for these groupings. Therefore, the term progression-like is used throughout this study to indicate  
severity-conditioned synthetic visualization under limited longitudinal data availability, not actual future progression pre-
diction. True patient-specific temporal progression prediction would require longitudinal DFU cohorts containing repeated 
images of the same ulcers across clinically documented follow-up intervals.

Another limitation is related to the clinical validation of the generated images. The present evaluation is primarily based 
on image-quality and visual-fidelity metrics, including SSIM, FID, TCS, and GTFS, along with qualitative visual plausibility 
inspection. Although these evaluations are useful for assessing structural similarity, distributional realism, texture pres-
ervation, and preliminary visual plausibility, they are not sufficient to establish real-world clinical decision-support effec-
tiveness. These metrics cannot determine whether the generated images improve diagnostic safety, treatment selection, 
healing outcomes, infection prevention, or amputation-risk reduction.

A further limitation is that no formal clinician-led expert validation was conducted in the present study. The qualitative 
assessment was limited to visual plausibility inspection and did not involve blinded review by wound-care specialists, 
Likert-scale scoring, or inter-rater reliability analysis. Therefore, the findings should be interpreted as technical evidence of 
synthetic image fidelity and visual plausibility rather than clinician-validated clinical realism. Future studies should include 
blinded assessment by multiple wound-care specialists, structured rating criteria, inter-rater agreement analysis, and com-
parison with established wound assessment standards.

A further limitation concerns the interpretation of SSIM, PSNR, and FID in the absence of true longitudinal future-state 
images. These metrics are not suitable for assessing the longitudinal future state of a particular ulcer. However, SSIM and 
PSNR measure similarity to pseudo-progression images that are matched to severity, and FID measures distributional sim-
ilarity to the current DFU image database. Thus, the reported metrics should be treated as measures of the image fidelity of 
the synthetic images and the realism of the datasets and not as measures of the accuracy of the longitudinal progressions.

The size and type of publicly available datasets are also limiting the study. While the number of images was limited by 
pre-processing, augmentation, regularization and external validation to address overfitting issues, 493 images are still a 
relatively small dataset to train a diffusion-based generative model. However, the model could be affected by the imaging 
characteristics of the dataset, such as lighting, acquisition conditions, placement of the wound and the way the ulcers 
are presented. Thus, the findings should be considered as preliminary evidence of technical feasibility and cross-dataset 
robustness, not as evidence of generalizability. Future studies should use and validate the framework on larger, multi- 
centre DFU datasets that include a wider variety of imaging devices, patient populations, skin tones, wound locations, and 
clinical severity.

Patient-level identifiers were not available; therefore, patient-wise data splitting could not be performed. This may limit 
the ability to fully assess generalization across independent patients. In addition, the datasets may not capture the full 
diversity of diabetic foot ulcer presentations, imaging devices, lighting conditions, skin tones, wound locations, infection 
states, vascular status, and clinical treatment histories. Although external dataset validation was included to evaluate 
cross-dataset robustness, such validation does not replace longitudinal or prospective clinical validation.
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A further technical limitation is the partial loss of fine micro-textural details observed in some generated images, par-
ticularly near ulcer boundaries. Since edge-level granulation, slough, and necrotic transitions may be clinically important, 
future versions of the framework should incorporate texture-preserving strategies such as frequency-aware loss functions, 
multi-scale refinement modules, boundary-aware conditioning, and patch-level supervision to improve high-frequency 
detail preservation.

A further limitation concerns the proposed Texture Consistency Score and Granulation Tissue Fidelity Score. Although 
these metrics provide task-specific information about micro-texture preservation and granulation-related appearance fidel-
ity, they are newly introduced and should be interpreted as supplementary exploratory measures rather than established 
evaluation standards. Their reliability was supported only indirectly through consistency with ablation trends and external 
dataset performance. Future studies should validate these metrics against larger clinician-annotated datasets, multiple 
wound-care specialists, inter-rater agreement analysis, and established wound assessment criteria before they can be 
considered broadly reliable or generalizable.

Overall, the proposed framework should be considered a methodological and exploratory visualization approach at this 
stage. It provides a foundation for severity-conditioned progression-like diabetic foot ulcer synthesis, but it should not be 
regarded as a validated clinical decision-support system. Future studies should validate the framework using longitudinal 
DFU cohorts with repeated patient-specific images, larger multi-institutional datasets, blinded clinician studies, prospective 
workflow testing, and outcome-based clinical evaluation before clinical applicability or deployment can be claimed.

7.  Conclusion and future scope

 This study proposes a texture-aware conditional diffusion model for synthesizing severity-conditioned, progression-like 
diabetic foot ulcer images from a single RGB input image. The proposed approach combines hybrid texture encod-
ing using local binary patterns and deep perceptual features with cross-attention enhanced diffusion modelling, thus 
addressing key limitations of existing progression-like ulcer synthesis techniques. The framework does not attempt any 
patient-specific temporal forecasting as there is no time-series data of follow-up images. The study, however, shows that 
weakly supervised pseudo-progression modelling can produce plausible visual transitions that are aligned with the sever-
ity of the disease and retain clinically relevant texture and morphology.

The quantitative evaluation demonstrated favorable performance across multiple image-quality measures. The pro-
posed model achieved an SSIM of 0.851 ± 0.020, PSNR of 24.76 ± 1.12 dB, and FID of 44.33 ± 5.02, corresponding to 
higher observed SSIM and PSNR and lower FID values than the evaluated GAN and VAE baselines. The Texture Con-
sistency Score (TCS: 0.79 ± 0.04) and Granulation Tissue Fidelity Score (GTFS: 0.76 ± 0.05) were also computed to 
demonstrate the model’s capacity to retain fine-grained texture and appearance patterns associated with granulation. 
The ablation studies further demonstrated the importance of the texture-conditioning and cross-attention modules, where 
their removal led to a decrease in structural fidelity, texture consistency, and distributional realism. The progression-stage 
analysis further confirmed the ability of the model to portray severity-aligned pseudo-stages with structural consistency at 
timesteps 1, 2 and 3 with SSIM values of 0.674, 0.804 and 0.726, respectively.

The quantitative findings should be interpreted cautiously. In the absence of true longitudinal future-state images, 
SSIM, PSNR and FID can be used to assess the fidelity of synthetic images, the consistency of their structure, and the 
realism of their distribution, but not the accuracy of longitudinal progression. Therefore, these metrics should not be inter-
preted as indicators of whether a generated image accurately represents the future appearance of an individual patient’s 
ulcer. Longitudinal datasets will be needed in the future to determine if the images generated are progression-like images 
of real patients. Likewise, severity-conditioned risk heatmaps and attention overlays are not intended as clinical decision 
support outputs, but rather as exploratory visualizations.

Pseudo-progression stages were derived from predefined cross-sectional visual severity cues rather than longitudi-
nal imaging data. Because these ordinal groupings are based on appearance characteristics rather than patient-specific 



PLOS One | https://doi.org/10.1371/journal.pone.0359540  October 12, 2026 36 / 38

temporal observations, they may not fully represent the biological complexity or temporal variability of diabetic foot ulcer 
progression. Moreover, small loss of micro-level textural details was noticed in zoomed areas, suggesting the requirement 
of texture optimized refinement modules or loss functions emphasizing high-frequency detail preservation. Another key 
constraint of diffusion-based DFU synthesis is the relatively small size of the primary data set. While data augmentation, 
regularization, fixed evaluation protocols, ablation analysis, and external dataset validation were employed to mitigate 
overfitting issues, the remaining 493 images are still relatively small for training a diffusion-based generative model. 
However, the model could be influenced by specific characteristics of the data, such as the lighting conditions, acquisition 
parameters, position of the wounds, and patterns of ulcer presentation.

The cross-dataset robustness was further validated with an external dataset, which helped alleviate the risk of mem-
orizing the primary dataset. But this does not mean that this is a substitute for a more comprehensive multi-institutional 
assessment. Longitudinal image sequences of DFU taken at various clinical follow-up visits should be included in future 
studies to assess the temporal consistency, the patient-specific wound trajectory, and the accuracy of the longitudinal 
progression. In addition, larger multi-institutional DFU image collections are needed to minimize the risk of overfitting, 
increase the robustness over imaging conditions, and enhance the basis for assessing the generalization of  
diffusion-based DFU synthesis models.

The incorporation of multimodal data, such as thermal imaging, 3D surface scans, and clinical data (e.g., vascular 
status, infection markers, treatment history, and comorbidities) would also be valuable for future research. This information 
can improve the interpretability and severity-aware modelling of the image-based appearance patterns, as well as provide 
case-specific interpretability by associating image-based appearance patterns with clinically relevant patient factors. This 
framework would need to be translated into a real-time clinical decision support environment, and validated in a larger 
clinician-centred evaluation and outcome-based assessment before being deployed in the management of DFU. For 
future implementations, uncertainty estimation should also be integrated to provide information on the level of confidence 
of the outputs generated and to enable more confident interpretation of the severity-conditioned progression-like visu-
alization in different clinical imaging settings and datasets. In general, the proposed framework offers a methodological 
base for severity-conditioned progression-like synthesis, risk-aware visualization and future longitudinal DFU modelling, 
highlighting the importance of thorough validation before any clinical claims can be made. Future studies should also 
involve formal validation of TCS and GTFS with larger clinician annotated DFU datasets and existing wound assessment 
standards to assess the reliability, reproducibility and generalizability of TCS and GTFS. While the pseudo-progression 
strategy gives an approximation of the severity-conditioned progression with limited availability of longitudinal data, true 
modelling of the progression over time will require longitudinal DFU datasets with repeated patient-specific images over 
clinically documented follow-up time.

Author contributions

Conceptualization: Pratham Kaushik.

Data curation: Pratham Kaushik.

Formal analysis: Pratham Kaushik.

Funding acquisition: Modafar Ati.

Investigation: Pratham Kaushik.

Project administration: Vinay Kukreja, Shanmugasundaram Hariharan.

Resources: Vinay Kukreja, Eshika Jain.

Software: Eshika Jain.

Supervision: Vinay Kukreja.



PLOS One | https://doi.org/10.1371/journal.pone.0359540  October 12, 2026 37 / 38

Validation: Eshika Jain, Modafar Ati.

Visualization: Eshika Jain, Shanmugasundaram Hariharan.

Writing – original draft: Pratham Kaushik, Vinay Kukreja, Eshika Jain, Shanmugasundaram Hariharan.

Writing – review & editing: Modafar Ati, Shanmugasundaram Hariharan.

References
	 1.	 Sun Y, Zhou Y, Dai Y, Pan Y, Xiao Y, Yu Y. Predictors of post-healing recurrence in patients with diabetic foot ulcers: A systematic review and 

meta-analysis. J Tissue Viability. 2024;33(4):542–9. https://doi.org/10.1016/j.jtv.2024.07.002 PMID: 39004600

	 2.	 Chen T, Yu J, Wang J, Chang Q, Qian C. Elevated serum levels of Lp-PLA2 and IL-18 are associated with progression of diabetic foot ulcers. Clin 
Lab. 2020;6(10):1961–8. https://doi.org/10.7754/Clin.Lab.2020.191253 

	 3.	 Naemi R, Chockalingam N, Lutale JK, Abbas ZG. Predicting the risk of future diabetic foot ulcer occurrence: A prospective cohort study of patients 
with diabetes in Tanzania. BMJ Open Diabetes Res Care. 2020;8(1). https://doi.org/10.1136/bmjdrc-2019-001122 

	 4.	 Al-Garaawi N, Ebsim R, Alharan AFH, Yap MH. Diabetic foot ulcer classification using mapped binary patterns and convolutional neural networks. 
Comput Biol Med. 2022;140:105055. https://doi.org/10.1016/j.compbiomed.2021.105055 PMID: 34839183

	 5.	 Arumuga Maria Devi T, Hepzibai R. Diabetic foot ulcer classification of hybrid convolutional neural network on hyperspectral imaging. Multimed 
Tools Appl. 2023;83(18):55199–218. https://doi.org/10.1007/s11042-023-17710-x 

	 6.	 Gudivaka RK, Gudivaka RL, Gudivaka BR, Basani DKR, Grandhi SH, Khan F. Diabetic foot ulcer classification assessment employing an improved 
machine learning algorithm. Technol Health Care. 2025;33(4):1645–60. https://doi.org/10.1177/09287329241296417 PMID: 39973876

	 7.	 Wang M, Timbol-Cuison L. Machine learning classification techniques for diabetic foot ulcers. In: 2022 4th International Conference on Artificial 
Intelligence and Advanced Manufacturing (AIAM), 2022. 249–55. https://doi.org/10.1109/aiam57466.2022.00054 

	 8.	 Kim RB, Gryak J, Mishra A, Cui C, Soroushmehr SMR, Najarian K, et al. Utilization of smartphone and tablet camera photographs to predict heal-
ing of diabetes-related foot ulcers. Comput Biol Med. 2020;126:104042. https://doi.org/10.1016/j.compbiomed.2020.104042 PMID: 33059239

	 9.	 Saminathan J, Sasikala M, Narayanamurthy VB, Rajesh K, Arvind R. Computer aided detection of diabetic foot ulcer using asymmetry analysis of 
texture and temperature features. Infrared Phy Tech. 2020;105:103219. https://doi.org/10.1016/j.infrared.2020.103219 

	10.	 Jain E, Rathour A. EfficientNet-based deep learning model for accurate diabetic foot ulcer classification. In: 2025 International Conference on Multi-
Agent Systems for Collaborative Intelligence (ICMSCI), 2025. 795–800. https://doi.org/10.1109/icmsci62561.2025.10894417 

	11.	 Almufadi N, Alhasson HF. Classification of diabetic foot ulcers from images using machine learning approach. Diagnostics. 2024;14(16):1807. 
https://doi.org/10.3390/diagnostics14161807 

	12.	 Ajay A, Singh Bisht A, Karthik R. Dense-ShuffleGCANet: An attention-driven deep learning approach for diabetic foot ulcer classification using 
refined spatio-dimensional features. IEEE Access. 2025;13:5507–21. https://doi.org/10.1109/access.2024.3524549 

	13.	 Mohamed TMMS, Huong A, Tay K, Chew CC. Pretrained deep learning networks for Diabetic Foot Ulcer (DFU) classification. In: 2025 24th Interna-
tional symposium INFOTEH-JAHORINA (INFOTEH). 2025. 1–6. https://doi.org/10.1109/infoteh64129.2025.10959253 

	14.	 Alzubaidi L, Fadhel MA, Oleiwi SR, Al-Shamma O, Zhang J. DFU_QUTNet: diabetic foot ulcer classification using novel deep convolutional neural 
network. Multimed Tools Appl. 2020;79(21–22):15655–77. https://doi.org/10.1007/s11042-019-07820-w 

	15.	 Goyal M, Reeves ND, Rajbhandari S, Ahmad N, Wang C, Yap MH. Recognition of ischaemia and infection in diabetic foot ulcers: Dataset and 
techniques. Comput Biol Med. 2020;117:103616. https://doi.org/10.1016/j.compbiomed.2020.103616 PMID: 32072964

	16.	 Santos E, Santos F, Dallyson J, Aires K, Tavares JMRS, Veras R. Diabetic foot ulcers classification using a fine-tuned CNNs ensemble. In: 2022 
IEEE 35th International Symposium on Computer-Based Medical Systems (CBMS), 2022. 282–7. https://doi.org/10.1109/cbms55023.2022.00056 

	17.	 Liang X, Alshemmary EN, Ma M, Liao S, Zhou W, Lu Z. Automatic diabetic foot prediction through fundus images by radiomics features. IEEE 
Access. 2021;9:92776–87. https://doi.org/10.1109/access.2021.3093358 

	18.	 Toofanee MSA, Dowlut S, Hamroun M, Tamine K, Petit V, Duong AK, et al. DFU-SIAM a novel diabetic foot ulcer classification with deep learning. 
IEEE Access. 2023;11:98315–32. https://doi.org/10.1109/access.2023.3312531 

	19.	 Sengottaiyan N, Eswaran M, Sungheetha A, Sharma R, Pravin A, Ghantasala GP. Detection and classification of diabetic foot ulcers via cloud-
based deep learning approach. In: 2024 3rd Ed. IEEE Delhi Sect. Flagsh. Conf. 2024. 1–6. https://doi.org/10.1109/DELCON64804.2024.10867128 

	20.	 Zhou G-X, Tao Y-K, Hou J-Z, Zhu H-J, Xiao L, Zhao N, et al. Construction and validation of a deep learning-based diagnostic model for segmen-
tation and classification of diabetic foot. Front Endocrinol (Lausanne). 2025;16:1543192. https://doi.org/10.3389/fendo.2025.1543192 PMID: 
40270716

	21.	 Zhang J, Qiu Y, Peng L, Zhou Q, Wang Z, Qi M. A comprehensive review of methods based on deep learning for diabetes-related foot ulcers. Front 
Endocrinol (Lausanne). 2022;13:945020. https://doi.org/10.3389/fendo.2022.945020 PMID: 36004341

	22.	 Novida H, Hariftyani AS, Edward M, Mudjanarko SW. Mortality prediction model in patients with diabetic foot ulcer: A case-control study from a 
tertiary referral hospital in Surabaya, Indonesia. J Heal Sci Med Res. 2023;41(1):2022894. https://doi.org/10.31584/jhsmr.2022894 

https://doi.org/10.1016/j.jtv.2024.07.002
http://www.ncbi.nlm.nih.gov/pubmed/39004600
https://doi.org/10.7754/Clin.Lab.2020.191253
https://doi.org/10.1136/bmjdrc-2019-001122
https://doi.org/10.1016/j.compbiomed.2021.105055
http://www.ncbi.nlm.nih.gov/pubmed/34839183
https://doi.org/10.1007/s11042-023-17710-x
https://doi.org/10.1177/09287329241296417
http://www.ncbi.nlm.nih.gov/pubmed/39973876
https://doi.org/10.1109/aiam57466.2022.00054
https://doi.org/10.1016/j.compbiomed.2020.104042
http://www.ncbi.nlm.nih.gov/pubmed/33059239
https://doi.org/10.1016/j.infrared.2020.103219
https://doi.org/10.1109/icmsci62561.2025.10894417
https://doi.org/10.3390/diagnostics14161807
https://doi.org/10.1109/access.2024.3524549
https://doi.org/10.1109/infoteh64129.2025.10959253
https://doi.org/10.1007/s11042-019-07820-w
https://doi.org/10.1016/j.compbiomed.2020.103616
http://www.ncbi.nlm.nih.gov/pubmed/32072964
https://doi.org/10.1109/cbms55023.2022.00056
https://doi.org/10.1109/access.2021.3093358
https://doi.org/10.1109/access.2023.3312531
https://doi.org/10.1109/DELCON64804.2024.10867128
https://doi.org/10.3389/fendo.2025.1543192
http://www.ncbi.nlm.nih.gov/pubmed/40270716
https://doi.org/10.3389/fendo.2022.945020
http://www.ncbi.nlm.nih.gov/pubmed/36004341
https://doi.org/10.31584/jhsmr.2022894


PLOS One | https://doi.org/10.1371/journal.pone.0359540  October 12, 2026 38 / 38

	23.	 Lee S, Mey L, Szymanska AF, Takhar HS, Cuccia DJ, Mazhar A, et al. SFDI biomarkers provide a quantitative ulcer risk metric and can be used to 
predict diabetic foot ulcer onset. J Diabetes Complications. 2020;34(9):107624. https://doi.org/10.1016/j.jdiacomp.2020.107624 PMID: 32522482

	24.	 Basiri R, Manji K, Francois H, Poonja A, Popovic MR, Khan SS. Synthesizing diabetic foot ulcer images with diffusion model. Commun Comput Inf 
Sci. 2025;2136(1):353–60. https://doi.org/10.1007/978-3-031-74640-6_28 

	25.	 Busaranuvong P, Agu E, Kumar D, Gautam S, Fard RS, Tulu B, et al. Guided Conditional Diffusion Classifier (ConDiff) for enhanced prediction of 
infection in diabetic foot ulcers. IEEE Open J Eng Med Biol. 2024;6:20–7. https://doi.org/10.1109/OJEMB.2024.3453060 PMID: 39564561

	26.	 Gupta S, Singh G, Chanda A. Prediction of diabetic foot ulcer progression: A computational study. Biomed Phys Eng Express. 2021;7(6):065020. 
https://doi.org/10.1088/2057-1976/ac29f3 

	27.	 Bloch L, Brüngel R, Friedrich CM. Boosting EfficientNets ensemble performance via pseudo-labels and synthetic images by pix2pixHD for infection 
and ischaemia classification in diabetic foot ulcers. Lecture Notes in Computer Science. Springer International Publishing; 2022. 30–49. https://doi.
org/10.1007/978-3-030-94907-5_3 

	28.	 Alzubaidi L, et al. Towards a better understanding of transfer learning for medical imaging: A case study. Applied Sciences. 2020;10(13):4523. 
https://doi.org/10.3390/app10134523 

	29.	 Alzubaidi L, Fadhel MA, Al-Shamma O, Zhang J, Santamaría J, Duan Y. Robust application of new deep learning tools: an experimental study in 
medical imaging. Multimed Tools Appl. 2021;81(10):13289–317. https://doi.org/10.1007/s11042-021-10942-9 

	30.	 diabetic foot ulcer (DFU). Accessed 2025 July 9. https://www.kaggle.com/datasets/laithjj/diabetic-foot-ulcer-dfu

	31.	 Foot Ulcer. Accessed 2023 October 1. https://www.kaggle.com/datasets/adrijadas267/footulcer

	32.	 Wang J-G, Huang Y-T. Reconstruction residual network with a fused spatial-channel attention mechanism for automatically classifying diabetic foot 
ulcer. Phys Eng Sci Med. 2024;47(4):1581–92. https://doi.org/10.1007/s13246-024-01472-3 PMID: 39222215

	33.	 Hernandez-Guedes A, Arteaga-Marrero N, Villa E, Callico GM, Ruiz-Alzola J. Feature ranking by variational dropout for classification using thermo-
grams from diabetic foot ulcers. Sensors (Basel). 2023;23(2):757. https://doi.org/10.3390/s23020757 PMID: 36679552

https://doi.org/10.1016/j.jdiacomp.2020.107624
http://www.ncbi.nlm.nih.gov/pubmed/32522482
https://doi.org/10.1007/978-3-031-74640-6_28
https://doi.org/10.1109/OJEMB.2024.3453060
http://www.ncbi.nlm.nih.gov/pubmed/39564561
https://doi.org/10.1088/2057-1976/ac29f3
https://doi.org/10.1007/978-3-030-94907-5_3
https://doi.org/10.1007/978-3-030-94907-5_3
https://doi.org/10.3390/app10134523
https://doi.org/10.1007/s11042-021-10942-9
https://www.kaggle.com/datasets/laithjj/diabetic-foot-ulcer-dfu
https://www.kaggle.com/datasets/adrijadas267/footulcer
https://doi.org/10.1007/s13246-024-01472-3
http://www.ncbi.nlm.nih.gov/pubmed/39222215
https://doi.org/10.3390/s23020757
http://www.ncbi.nlm.nih.gov/pubmed/36679552

	Texture-aware diffusion modelling for severity-conditioned synthetic progression-like visualization of diabetic foot ulcers from single images
	1. Introduction
	2. Contributions of the study
	3. Methodology
	3.1 Phase 1: Data collection
	3.2 Phase 2: Data preprocessing
	3.3 Phase 3: Texture feature encoding
	3.4 Phase 4: Diffusion model architecture
	3.5 Phase 5: Training strategy
	3.6 Phase 6: Evaluation and validation
	TCS and GTFS formal definition. To improve reproducibility, the Texture Consistency Score (TCS) and Granulation Tissue Fidelity Score (GTFS) were formally defined and computed using explicit algorithmic steps. These metrics were designed as task-specific 
	Derivation of the granulation-related appearance map. The granulation-related appearance map  was implemented as a deterministic, non-learned soft colour-appearance map rather than as the output of a trained tissue-segmentation network. For each preproces


	4. Algorithmic summary of the proposed framework
	4.1 Implementation details
	4.1.1 Reproducibility and implementation details. All experiments were performed with the same implementation pipeline, promoting reproducibility. All the experimental variants were trained and evaluated using the same preprocessing, architecture configur

	4.2 Proposed algorithm

	5. Experimental results
	5.1 Quantitative image quality evaluation
	5.2 Texture consistency and granulation fidelity assessment
	5.3 Quantitative image-quality metrics
	5.3.1 SSIM, PSNR, and FID comparison. The descriptive results in Table 5 show that the diffusion model achieved the most favorable observed values among the three evaluated models. The diffusion model obtained an SSIM of 0.851 ± 0.020, compared with 0.782
	5.3.2 SSIM distribution analysis. The SSIM distributions in Fig 9 show higher observed similarity values for the diffusion model than for the GAN and VAE baselines. The diffusion-model distribution is shifted toward higher SSIM values and shows a comparat
	5.3.3 FID variation across diffusion timesteps. Fig 10 reveals a clear U-shaped FID profile over the diffusion timesteps: at the very beginning (steps 1–2), high FID values (~120–90) indicate that the model’s outputs are overly smooth and lack the necessa

	5.4 Qualitative visual comparisons
	5.4.1 SSIM overview. The SSIM values over the three timesteps show a quantitative measure of the model’s performance across the pseudo-stages corresponding to the severity levels, as displayed in Table 6. The lowest SSIM value is 0.674 for timestep 1, sug
	5.4.2 Grid montage: Real vs. Synthetic vs. Difference. The grid montage provides a step-by-step visualization of the proposed model’s ability to synthesize realistic progression-like DFU images, in an intuitive way. In all three timesteps, the synthetic o
	5.4.3 Texture detail zoom-ins. The generated progression-like DFU images are assessed visually in terms of the model’s ability to preserve micro-level texture details in the images through the 4 × magnified crop in Fig 12. The real image patch exhibits be

	5.5 Attention overlay on progression-like synthetic output
	5.6 Severity-conditioned texture dynamics heatmap on baseline ulcer image
	5.7 Multi-zonal overlay depicting plausible severity-conditioned tissue composition: Granulation, slough, and necrosis
	5.8 Ablation study results on model components
	5.9 External dataset validation and cross‑dataset generalization analysis
	5.9.1 External dataset description. To further strengthen the robustness and generalisability of the proposed texture‑aware conditional diffusion framework, an additional external validation was conducted using an independent diabetic foot ulcer (DFU) ima
	5.9.2 External validation protocol. No retraining or adaptation was performed for the trained diffusion model on the external dataset and it was directly used for inference in a zero-shot setting. To guarantee methodological consistency in processing all 
	5.9.3 Quantitative results on external dataset. The quantitative results in Table 8 show that the proposed framework is stable and competitive when tested on a new DFU dataset. Compared with the primary test set, a modest reduction in SSIM from 0.851 ± 0.
	5.9.4 Qualitative cross‑dataset analysis. The external dataset was used to generate synthetic outputs that resemble progression; as shown in Fig 17, the boundaries of the ulcers, the central morphology of the wounds and the surrounding tissue context are 
	5.9.5 Implications for longitudinal validation. While the external validation results indicate the robustness of the proposed severity-conditioned synthesis framework across the different datasets, they may not be taken as evidence of true temporal predic

	5.10 Statistical considerations

	6. Discussion
	6.1 Comparative analysis of state-of-the-art methods
	6.2 Limitations and future validation requirements

	7. Conclusion and future scope
	References


