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a b s t r a c t

Histopathological analysis of chronic wounds is crucial for clinicians to accurately assess wound heal-

ing progress and detect potential malignancy. However, traditional pathological tissue sections require

specific staining procedures involving carcinogenic chemicals. This study proposes an interdisciplinary

approach merging materials science, medicine, and artificial intelligence (AI) to develop a virtual stain-

ing technique and intelligent evaluation model based on deep learning for chronic wound tissue pathol-

ogy. This innovation aims to enhance clinical diagnosis and treatment by offering personalized AI-driven

therapeutic strategies. By establishing a mouse model of chronic wounds and using a series of hydrogel

wound dressings, tissue pathology sections were periodically collected for manual staining and healing

assessment. We focused on leveraging the pix2pix image translation framework within deep learning

networks. Through CNN models implemented in Python using PyTorch, our study involves learning and

feature extraction for region segmentation of pathological slides. Comparative analysis between virtual

staining and manual staining results, along with healing diagnosis conclusions, aims to optimize AI mod-

els. Ultimately, this approach integrates new metrics such as image recognition, quantitative analysis, and

digital diagnostics to formulate an intelligent wound assessment model, facilitating smart monitoring and

personalized treatment of wounds. In blind evaluation by pathologists, minimal disparities were found

between virtual and conventional histologically stained images of murine wound tissue. The evaluation

used pathologists’ average scores on real stained images as a benchmark. The scores for virtual stained

images were 71.1% for cellular features, 75.4% for tissue structures, and 77.8% for overall assessment. Met-

rics such as PSNR (20.265) and SSIM (0.634) demonstrated our algorithms’ superior performance over

existing networks. Eight pathological features such as epidermis, hair follicles, and granulation tissue can

be accurately identified, and the images were found to be more faithful to the actual tissue feature dis-

tribution when compared to manually annotated data.

© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Chronic wounds pose a significant healthcare challenge, sub-

jecting patients to both physical and psychological distress over

prolonged periods [1]. The elderly and individuals with concur-

rent conditions like diabetes are particularly vulnerable to im-

paired wound healing, significantly compromising their quality of

life [2–4]. Current approaches to assessing and treating chronic

wounds rely on visual observation of wound characteristics and
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subsequent empirical selection of dressings. However, wound heal-

ing is a dynamic and intricate physiological process, necessitating

tissue biopsies for effective monitoring and potential detection of

malignancy [5–7]. Presently, pathological analysis of tissue sections

entails a time-intensive and laborious process [8,9]. Conventional

histological staining workflows involve the use of various chem-

ical reagents, including xylene, a known carcinogen, posing risks

to human health while also consuming excessive resources [10].

Pathology analysis presents its challenges, demanding significant

time and effort from clinicians to interpret histopathology images

and track inflammation and tissue repair progression. Thus, achiev-
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ing a balance between expediency and accuracy in histopathologic

diagnosis remains a formidable task [11].

Various AI-based approaches have emerged to streamline the

workflow of disease diagnosis [12–14]. The integration of AI algo-

rithms into biochemical sensors offers promising applications by

effectively assisting in the diagnosis of a wide range of diseases

[15]. Machine learning enables peptidome analysis for comprehen-

sive individualized monitoring of membranous nephropathy [16].

Additionally, data analysis of patient urine biomarkers using ma-

chine learning has shown good performance in aiding the diagno-

sis of Parkinson’s disease [17]. Virtual staining techniques, leverag-

ing deep learning, can transform unstained tissue samples’ micro-

scopic images into replicas of chemically stained sections, yielding

results comparable to manual staining [18–22]. Notably, these tech-

niques can replicate standard stains like H&E, Masson’s, and Jones

Silver Stain [23,24]. Additionally, for valuable pathology samples,

simulating multiple staining outcomes on a single tissue slice has

become feasible, addressing the need to illustrate diverse patholog-

ical details within one slice [25–27]. Artificial intelligence methods

are increasingly being used to diagnose and treat chronic wounds.

For instance, machine learning-based self-sterilizing microneedle

sensor patches can monitor wound healing in real-time and pro-

vide effective antimicrobial therapy [28]. Some studies have uti-

lized deep learning to extract the shape and color features of

wounds for wound image segmentation [29–31]. Notably, recent

research by Maknuna et al. demonstrated the utility of deep learn-

ing in automating pathological analysis and quantitatively charac-

terizing scar tissue, effectively identifying and classifying patholog-

ical features such as collagen fibers and hair follicles in dermal tis-

sue from H&E stained images [32]. Similarly, Jones et al. trained a

convolutional neural network (CNN) capable of segmenting regions

of pathological features in H&E-stained sections of wound tissue

[33]. However, the methods currently discussed provide only a pre-

liminary assessment of wound healing, raising concerns regarding

their diagnostic reliability. Additionally, given the diverse classifica-

tions of pathological features associated with chronic wounds, the

applicability and reliability of deep learning-based virtual staining

and pathological feature analysis in this context remain uncertain.

Currently, there is a lack of comprehensive and intelligent software

that integrates virtual staining with automated pathology analysis,

which could offer clinicians rapid and accessible ancillary diagnos-

tic results. Addressing this gap may require the development of ef-

fective chronic wound pathology databases and the enhancement

of algorithmic analytical capabilities to facilitate the identification

and classification of pathological features in chronic wound tissue

images.

In this study, we established a chronic wound model of ani-

mals, synthesized gel dressings containing a variety of wound heal-

ing components and engineered robust deep learning architectures

aimed at facilitating virtual H&E staining of histopathology im-

ages of wounds and categorizing pathological features within H&E-

stained images (Fig. 1). A comparison of our network architec-

ture with both the pixel 2-pixel algorithm and the BCI algorithm

from antecedent research endeavors reveals superior image quality

achieved by our algorithmic model. Moreover, the staining efficacy

of our methodology underwent blind evaluation by three board-

certified pathologists. Their discernment of histopathological fea-

tures within images generated by our virtual staining technique

corroborated a high degree of concordance between histologically

stained images and their virtual counterparts. Subsequently, lever-

aging the U-network architecture, we implemented algorithmic en-

hancements empowering our network model to further delineate

H&E-stained images for histopathologic classification. These find-

ings demonstrate the network model’s proficiency in accurately

segmenting pathological features into eight distinct categories, en-

compassing epidermis, dermis, adipose tissue, granulation tissue,

necrotic tissue, hair follicles, muscle tissue, and interstitial tissue.

Through rigorous validation, we substantiated the feasibility and

efficacy of the learning model for virtual histopathological stain-

ing and pathological evaluation of wounds characterized by de-

layed healing. By amalgamating virtual staining capabilities with

the precision delineation of pathological features, we have con-

structed an intelligent digital assessment framework tailored for

chronic wounds, thereby advancing the frontier of wound care di-

agnostics.

The synthesis of hydrogels via the Schiff base reaction be-

tween oxidized sodium alginate (OSA) and carboxymethyl chitosan

(CMCS) [34] is depicted in Fig. S1a (Supporting information). Be-

fore gelation, the mixture remains liquid and flowable as shown in

Fig. S1b (Supporting information), with the cessation of flow in-

dicating the onset of hydrogel formation. During the gelation pro-

cess, solutions of nanosilver, collagen, and their combination were

added to produce CSOA/Ag, CSOA/Col, and CSOA/Col/Ag composite

hydrogel dressing, respectively. The scanning electron microscopy

images of post-freeze-drying, presented in Fig. S1c (Supporting in-

formation), reveal a stable three-dimensional network structure,

signifying the successful cross-linking between CMCS and OSA. The

infrared spectroscopy results (Fig. S2a in Supporting information)

display a distinct broad absorption peak of CMCS at 3427 cm−1,

which is attributed to the stretching vibrations of polysaccharide

components (-OH coupled with -N-H). Additionally, the symmetric

stretching vibration of the C=O bond was observed at 1384 cm−1.

Notably, the peak for OSA at 1732 cm−1, associated with the asym-

metric stretching of C=O, shifted to 1650 cm−1 in the CSOA hydro-

gel. This shift reflects the Schiff base reaction between the amino

groups of CMCS and the aldehyde groups of OSA, resulting in

the characteristic telescopic vibrational peaks of the -N=C- amide

bond, and confirming the cross-linking reaction. Swelling tests, as

detailed in Fig. S2b (Supporting information), demonstrate that the

CSOA hydrogel exhibits a swelling rate of 320% within 12h. The

incorporation of collagen and nanosilver notably moderated this

swelling, particularly with collagen, which reduces the swelling

rate to approximately 220%. Rheological analysis (Figs. S2c and d in

Supporting information), documented a consistent rise in both the

storage modulus (G′) and loss modulus (G′′). Initially, G′′ exceeds

G′, indicating the reactants are in a liquid state. As the reaction

progresses, G′′ and G′ become equal, signifying the gelation point.

Beyond this intersection, G′ surpasses G′′, marking the transition

to a solid state as gelation completes. This rheological transition,

from a low-viscosity state to a high-strength gel, underscores the

finalized hydrogel’s stable mechanical properties. Biocompatibility

testing, as illustrated in Fig. S3 (Supporting information), involved

immersing the hydrogels in a DMEM medium supplemented with

10% bovine serum. The extracts, tested at varying concentrations

(100%, 50%, 25%, and 0%), were co-cultured with HUVEC cells and

evaluated for cell viability using a CCK-8 assay, with optical density

measurements conducted at 450nm. The CSOA/Col hydrogel exhib-

ited the lowest biocompatibility score of 86.6% at 100% concentra-

tion, indicating its potential as a safe adjunct for wound healing

applications.

Fig. S4a (Supporting information) illustrates that after 14 days,

the CSOA/Col/Ag hydrogel group showed minimal wound debris,

in stark contrast to the control group, which displayed signifi-

cantly larger wounds with some crusting. Quantitative analysis of

wound closure at various intervals, as shown in Fig. S4b (Support-

ing information), indicated that on day 3, the CSOA/Col/Ag hydro-

gel group exhibited a healing rate of approximately 38%, surpass-

ing the control group’s 24%, which highlight the accelerated heal-

ing. By day 7, all wounds had markedly decreased in size, with

the CSOA/Col/Ag hydrogel group achieving a closure rate of ap-

proximately 83%, which was notably higher than that of the other

groups. Moreover, by day 14, this group achieved near-complete
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Fig. 1. The process of constructing the diagnosing chronic wound healing model with artificial intelligence assistance. (a) Synthesis of functional hydrogel dressings. This

step includes the oxidation of sodium alginate (SA) followed by a Schiff base reaction with carboxymethyl chitosan (CMCS) to produce hydrogels, referred to as CSOA. Various

pro-healing biological components were incorporated into CSOA to yield hydrogels with distinct functional properties. (b) Database collection of chronic wound pathology

in mice. Different functional hydrogel dressings were applied to a mouse model infected with Staphylococcus aureus. Wound tissues were periodically excised, and images of

the same tissue sections were captured both before and after H&E staining. (c) Development of a virtual staining technique. A generative adversarial network (GAN) model

was utilized to convert images of unstained mouse wound tissue sections into images that mimic H&E-stained sections. This step began with the segmentation of pathology

images to ensure that the textures of graphic blocks in pre- and post-stained sections matched and served as training data for the deep learning network. Subsequently, the

GAN model transformed unstained pathology images into virtually stained H&E images upon input. (d) Pathological feature extraction and classification using a convolutional

neural network. This model was trained using features from regions of interest in manually labeled pathology images. Given an image of an H&E-stained section, the model

was able to automatically classify various pathological features.

healing (98.6%), while the other groups displayed larger scars and

lower healing rates: 86% for CSOA, 95% for CSOA/Col, and 96% for

CSOA/Ag. A wound trace diagram, as outlined in Fig. S4c (Support-

ing information), was prepared to visually characterize the wound

closure process. These findings suggest that the CSOA/Ag hydro-

gel accelerates inflammation reduction but results in an uneven

wound surface, whereas the CSOA/Col hydrogel promotes smoother

wound repair despite slowing inflammation. The CSOA/Col/Ag hy-

drogel notably enhances wound healing due to the synergistic ef-

fects of its components. Our experiments demonstrated that hy-

drogels influence the wound healing process and impart different

pathological characteristics to wounds. This aspect is crucial for the

development of a deep learning training database and aids in val-

idating the effectiveness of the deep learning model in identify-

ing wound pathology features, ultimately optimizing the usage of

wound dressings.

To further substantiate the therapeutic efficacy of our synthetic

hydrogel dressings on wound healing, histological analyses were

conducted on wound tissues collected at 3-, 7-, and 14-days post-

treatment across the diverse treatment groups. The tissues were

fixed, embedded, and sectioned in sequence for analysis. Hema-

toxylin and Eosin (H&E) staining was employed, with the resul-

tant path micrographs displayed in Fig. S5 (Supporting informa-

tion), illustrating the histopathological features of the wound sec-

tions across the four experimental groups. On day 3, a quantitative

assessment of inflammatory cell infiltration revealed a diminished

inflammatory response in the test group compared to the control,

likely attributable to the hydrogel’s pro-healing properties. Extra-

cellular matrix (ECM) deposition was notably sparse in the con-

trol group but more pronounced in the test group, a result of the

antibacterial and anti-inflammatory properties of nanosilver (Ag)

and the fibroblast-recruiting capability of collagen (Col). By day

7, dense collagen deposition was observed in both the CSOA/Col

and CSOA/Col/Ag hydrogel groups, with some immature skin ap-

pendages, such as hair follicles and sebaceous glands, already evi-

dent. In contrast, the presence of skin appendages was less appar-

ent in the CSOA/Ag group despite the absence of significant inflam-

mation, which is likely due to collagen’s enhanced tissue repair

properties. By day 14, all treatment groups exhibited varying de-

grees of re-epithelialization, indicating ongoing skin repair. In post-

treatment, inflammation subsided more rapidly in the CSOA/Ag hy-

drogel group, although the regeneration of skin appendages was

not as robust as in the CSOA/Col and CSOA/Col/Ag groups. The

histopathological analysis of H&E-stained sections revealed signifi-

cant differences in pathological features between different groups.

Fig. S6 (Supporting information) presents a representative

whole slide image (WSI) of the same tissue section both before

and after Hematoxylin and Eosin (H&E) staining. The WSI reveals

extensive and detailed pathological information, which surpasses

what is typically observable through conventional light microscopy.

Following the segmentation of the WSI, a comprehensive dataset

suitable for deep learning analysis was generated. Excluding a

few samples deemed of poor quality, approximately 120 unstained

and H&E-stained panoramic pathology images were collected in

this study. Fig. S7 (Supporting information) details the examina-

tion of the WSIs at increased magnification, which highlights dis-

tinct pathological features across various experimental groups dur-

ing the corresponding periods. These features align with those de-

scribed in our previous histological analyses, thereby confirming
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Fig. 2. The main framework of the proposed virtual histology staining method of unstained mouse wound tissue using the conditional generative adversarial network. (a)

Data processing workflow. (b) Training of the algorithm. The dark-field images of unstained mouse wound tissue sections are fed into the generator network to generate

synesthetic staining images (top). The input for the discriminator consists of the “H&E-stained images” (bottom) and its output indicates the probability that the image is

real. The discriminator aims to correctly distinguish between real and synthetic images. The network model maximizes the benefits for both sides by designing an objective

loss function.

the diversity and validity of the image databases we have com-

piled.

The dataset consisting of 1206 high-resolution images was di-

vided into training, validation, and test sets at a ratio of approxi-

mately 12:1:1. Given the high resolution of these images (exceed-

ing 200K), the images were pre-screened using Qpath software

to ensure efficient deep learning training. This step also involved

identifying and coarsely aligning paired images of the same tis-

sue sections before and after staining. However, since the require-

ment for training data in adversarial generative networks is a res-

olution under 1024 pixels×1024 pixels, the images underwent a

“random crop” [35,36] image preprocessing step. As illustrated in

Fig. 2a, the data preprocess began with a “random crop”. The de-

tails are shown in Fig. S8a (Supporting information) where a 1024-

pixel square image (position A) was used as a reference to gener-

ate additional samples by panning 512 pixels horizontally and ver-

tically to positions B and position C, respectively. This overlapping

sampling method continued until a comprehensive training dataset

was constructed. To augment sample diversity, each panning step

required a calculation of the intersection over union (IOU) between

the original and the panned frames according to Eq. 1.

interarea = IOU × (area1 + area2) IOU ∈ (0,0.25) (1)

where ‘area1’ and ‘area2’ represent the areas of the initial and

panned frames, ‘interarea’ denotes their overlapping region, and

‘IOU’ is the intersection-to-union ratio, thereby ensuring robust

dataset generation. The affine transformation [37] requires the se-

lection of more than four points ideally located at the edges of

each corresponding image for optimal spacing (Fig. S8b in Support-

ing information). The coordinates of these points are then substi-

tuted into Eq. 2. The maximum interior rectangle algorithm [38]

was implemented by calculating the four vertices of a rectangu-

lar frame within each image and extracting the uncolored regions

based on these vertices. This approach enabled the generation of

training images corresponding to paired textures (Fig. S8b).{
u = a1 × x + b1 × y + c1
v = a2 × x + b2 × y + c2

(2)

This experiment utilizes an optimized conditional adversarial

generative network algorithm, with the training architecture de-

picted in Fig. 2b. The generative network (G) (Fig. S9 in Support-

ing information) adopts the ResNet-9block architecture which is a

variant of the Residual Network designed for deep neural networks

to handle extensive datasets while avoiding the vanishing gradient

problem, thus enhancing the model performance. The discrimina-

tive network (D) employs the PatchGan loss function for loss as-

sessment. The training objective is to minimize the loss in the gen-

erative network (G) while maximizing the loss in the discrimina-

tive network (D). After the discriminator network, the cGAN out-

puts a virtually H&E-stained image in response to the input of a

dark-field image of an unstained tissue section. The L1 loss and

antagonistic generation loss formulas are shown in Eqs. 3 and 4,

which are consistent with Ref. [36]. In the equations presented, x

denotes the input samples, y represents the labeled samples, and

z signifies the noisy samples. L1(G) stands for the L1 loss (mean

square absolute error) of the generated images compared with the

labeled samples, while LcGan(G, D) denotes the adversarial gener-

ation loss. The calibration of paired samples ensures texture cor-

respondence. Therefore, the model focuses on achieving stylistic,

color, and label consistency across outputs. Bilinear interpolation

is utilized for downsampling image labels to capture detailed tex-

ture information across diverse receptive field scales. The Gi-loss

label images as illustrated in Fig. S8c (Supporting information). The

loss function for single-scale receptive fields corresponds to the L1
loss, while multi-scale receptive fields employ a formula detailed

in Eq. 5. The comprehensive loss function is defined in Eq. 6.

L1(G) = Ex,y,z

[‖y − G(x, z)‖1

]
(3)

LcGan(G,D) = Ex,y

[
log(D(x,y))

]
+ Ex,z

[
log(1−D(x,G(x,z)))

]
(4)

LG =
∑

i∈[0,4]

(
λ × Ex,y,z

[‖Fi(y) − Fi(G(x, z))‖1

])
, λ = 30 (5)

G∗ = arg min
G

max
D

LcGan(G,D) + λLL1(G) + LG (6)

As depicted in Fig. 3, our optimized U-Net network algorithm

facilitates the virtual staining of skin tissue sections. This process

involves the generation of images with distinct visual features that

closely resemble traditional histologically stained sections. Erythro-

cyte exudates are represented in bright red, fibrous connective tis-

sues are shown in light pink, granulation tissues containing fibrob-

lasts and inflammatory cells exhibit purple-blue nuclei, and mus-

cle tissues are depicted in pink. These digitally generated images
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Table 1

Blind evaluation of virtual and histological H&E staining in wound.

Tissue number Pathologist 1 Pathologist 2 Pathologist 3 Average

Cell Tissue Overall Cell Tissue Overall Cell Tissue Overall Cell Tissue Overall

HS (1)

VS (1)

HS (2)

VS (2)

HS (3)

VS (3)

3

2

3

3

3

2

4

3

4

3

4

2

4

3

4

3

4

3

2

3

3

3

4

2

4

4

3

4

3

3

4

3

3

4

3

3

2

1

3

2

3

1

3

2

2

1

2

1

3

2

3

3

3

2

2.33

2

3

2.33

3.33

1.67

3.67

3

3

2.33

3

2

3.67

2.33

3.33

3.33

3.33

2.33

Fig. 3. Comparison of virtual staining results with H&E staining images. The top

panel displays autofluorescence images of unstained tissue sections, the middle

panel presents real H&E staining images, and the bottom panel showcases virtual

staining images. Scale bar: 50 μm.

closely replicate the visual characteristics of traditional histologi-

cally stained sections. Further details on the virtual staining, in-

cluding representations of interstitial and fibrous connective tis-

sues, are provided in supplemental Fig. S10 (Supporting informa-

tion). The consistency of color and tissue appearance in the vir-

tual images closely matches those observed in bright field images

of histologically stained sections. Despite these promising results,

the virtual staining technique still requires further refinement, par-

ticularly in accurately delineating nuclear details. Potential factors

contributing to this limitation include an inadequate sample size,

resolution constraints of the scanning microscope, and the need for

improvements in software and algorithmic frameworks.

To assess the fidelity of virtually stained H&E images, a blind

evaluation was conducted by three board-certified pathologists

who were unaware of the virtual staining method. They rated the

quality of cells, tissue, and overall staining on a discriminative

scale ranging from 1 (poor) to 4 (perfect). Table 1 presents the

results of a blinded evaluation conducted by pathologists, which

compares real Hematoxylin and Eosin (H&E) staining images (HS)

and virtual staining images (VS). The evaluation used the aver-

age scores of pathologists on real stained images as a benchmark,

demonstrating that scores for virtual stained images attained 71.1%

for cellular features, 75.4% for tissue structures, and 77.8% for over-

all assessment compared to the real stained images. It can be seen

from the results that pathologists could identify histopathological

features in virtual stained images with a proficiency close to that

achieved with real stained images.

Further, to evaluate the efficacy of our model for virtual H&E

staining, we compared its performance with that of the pixel-

to-pixel and BCI algorithms reported in previous studies [39–41].

Fig. 4 illustrates the outcomes of virtual H&E staining using differ-

ent network architectures. The images derived by using the pixel-

to-pixel method with Unet256 generally appeared lighter and no-

table local distortions, whereas the images from the Resnet-9block

Fig. 4. Comparative analysis of virtual staining performance across different net-

work architectures. Yellow arrows in the figure indicate poorly localized features.

Scale bar: 50 μm.

variant were consistently overly dark and plagued by numerous

artifacts unrelated to the image content. In contrast, the BCI al-

gorithm improved color and graphic reproduction but still intro-

duced significant noise. Our algorithm, however, markedly reduced

these contaminants, producing images that closely mimic the vi-

sual quality of actual H&E-stained images in terms of color and

texture information, as indicated by yellow arrows pointing out the

localized errors. Although the images generated by our algorithm

still contain insignificant noise, they can still be analyzed for var-

ious pathological features. To objectively assess image quality, we

employed the peak signal noise ratio (PSNR) and structure similar-

ity index measure (SSIM) as the evaluation metrics [42]. As shown

in Table S1 (Supporting information), our algorithm achieves a

PSNR of 20.265 and a SSIM of 0.634, surpassing other competing

network architectures and thus demonstrating enhanced perfor-

mance post-optimization. Table S2 (Supporting information) elab-

orates on the efficacy of our multiscale receptive field model. It

highlights the advantage of employing bi-trilinear interpolation to

downsample image labels, which facilitates improved texture infor-

mation monitoring across scales.

To facilitate our deep learning network’s capability to au-

tonomously classify H&E-stained wound histopathology images,

meticulous manual labeling of all collected pathology section im-

ages was imperative. As detailed in Fig. S11 (Supporting informa-

tion), panoramic H&E-stained pathology images were processed

using ASAP software, wherein regions of interest (ROI) were delin-

eated by using eight distinct colored lines. In this preparatory step,

the images were categorized into distinct histological components-

epidermis, dermis, hair follicle, adipose tissue, muscle, granula-

5
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tion tissue, mesenchyme, and necrotic tissue, thus compiling a

dataset for the network. A schematic diagram of this methodology

is shown in Fig. S12 (Supporting information), where a patholo-

gist manually marks the ROI on an H&E-stained image, and it then

serves as input data for the deep learning algorithm. In the de-

scribed methodology, each pixel of the input image was classified

into one of eight predefined regions of interest (ROIs), enabling the

H&E-stained image to be represented as a matrix of the same di-

mensions as the image itself. Specifically, each element within this

matrix indicates the classification outcome for the corresponding

pixel in the stained image. Assuming that the input image dimen-

sions are W×H pixels, with three color channels, the input can be

represented as a W×H×3 matrix, while the output from the net-

work is formatted as a W×H×8 matrix. The neural network uti-

lized for pathology image recognition and classification was based

on a modified U-Net architecture [43,44], which was designed to

accommodate images with larger sizes and to operate efficiently

on a single graphics processing unit (GPU). The distribution ratio of

training, validation, and test data is approximately 10:1:1, thereby

ensuring that the test data comprised of additional stained micro-

graphs are distinctly segregated from the training and validation

datasets. This segmentation process is detailed in Fig. S13 (Sup-

porting information). Each mini batch processed by the network

contains 16 data points. The training employs a Stochastic Gradi-

ent Descent with Momentum (SGDM) optimizer [45], where the

initial learning rate is set at 0.001, with a momentum of 0.9 and a

decay rate of 0.00001. The training begins with a ’warm-up’ phase

consisting of 100 steps when the learning rate linearly increases

from 0 to 0.001. Following this phase, the learning rate follows a

standard decay schedule. The model employs binary cross-entropy

as its loss function, expressed as Eq. 7. In the described experi-

ment, yi represents the value of the element in the target matrix,

pi denotes the corresponding element in the output matrix of the

network, and N signifies the total number of elements contained in

the target matrix. The training regimen extends over 5000 epochs,

during which the average validation loss for each epoch is com-

puted. The model exhibiting the lowest loss value is subsequently

selected as the outcome.

Loss = − 1

N

N∑
i=1

[
yi log pi + (1 − yi) log (1 − pi)

]
(7)

As depicted in Fig. 5, the results demonstrate that after net-

work training, the algorithm refines the delineation of patholog-

ical features through averaging calculations. From the visualized

images of the pathology features output by the algorithmic net-

work, we can see that the regions between different pathology fea-

tures are greatly reduced in the averaging calculation. In addition,

the pathology information (e.g., unlabeled hair follicles) that was

missed in the labeled images appeared in the output images after

the network calculation. The images generated by the algorithm

exhibit improved accuracy in classifying pathological features com-

pared to manually labeled images, manifesting a seamless integra-

tion between various pathological features that closely resembles

the distribution observed in real tissues. Fig. S14 (Supporting infor-

mation) illustrates additional classification results, elucidating the

algorithm’s efficacy in optimizing the boundaries delineating dif-

ferent pathological features. This outcome underscores our ability

to accurately and swiftly identify intact histopathological sections

of H&E-stained wounds utilizing deep learning networks.

In summary, this study demonstrates the application of a deep

learning-based virtual staining method and image segmentation

classification technique for the analysis of chronic wound tissue

sections. Using an optimized U-Net network architecture model,

we successfully transformed dark-field micrographs of unstained

mouse skin tissue sections into corresponding H&E-stained images.

Moreover, the trained network facilitates the intelligent analysis of

wound healing, enabling rapid segmentation and quantitative anal-

ysis of pathological features in H&E-stained section images. De-

spite these advances, our study has still certain limitations. Current

research supports the feasibility of using rodent histopathological

analysis to classify and characterize pathological features. However,

real clinical data is essential to enhance the clinical translational

potential of our model. Moreover, this research was confined to a

mouse model infected with Staphylococcus aureus. Numerous other

Fig. 5. Outcomes of automatic classification of H&E-stained images. ’H&E’ denotes the original H&E-stained image, ’User’ represents the manually labeled image utilized as

input data for the deep learning network, and ’Network’ indicates the final output classification result of the network.
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chronic wounds, such as diabetic ulcers, vascular ulcers, and pres-

sure ulcers, exhibit distinct histopathological characteristics, which

need a broader array of wound dressings. Additionally, the di-

versity of functional wound dressings synthesized in our experi-

ments was limited. Therefore, the introduction of other functional

components, like epidermal growth factor and vascular endothe-

lial growth factor, was necessary to better accommodate varying

wound types. As the application of AI in histopathology remains

emergent, our research not only spearheads a new paradigm for

the intelligent monitoring of chronic wounds and rapid clinical de-

cision support but also lays the foundational scientific foundation

for the advent of a digital intelligent medical information platform.

Future research directions may include optimizing algorithms, en-

hancing model interpretability and generalizability, and amassing

large clinical-pathological slide samples for model training to boost

clinical translational efficacy.
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