
Dr. Shobhit Prakash Sirvastava, Int. J. of Pharm. Sci., 2025, Vol 3, Issue 9, 2291-2317| Review 

*Corresponding Author: Dr. Shobhit Prakash Sirvastava 

Address: Dr. M.C. Saxena College of Pharmacy, 171, Barawankala, Mall Road, IIM Rd, Dubagga, Lucknow, Uttar 

Pradesh 226101, India. 

Email      :  shobhitpharma85@gmail.com 

Relevant conflicts of interest/financial disclosures: The authors declare that the research was conducted in the absence of 

any commercial or financial relationships that could be construed as a potential conflict of interest.   
                  

              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES                                                                                2291 | P a g e  

With the population aging and chronic diseases becoming more widespread, intricate 

interventions for high-risk patients with multiple health issues and wounds that are 

difficult to heal have become increasingly common. Healthcare professionals are 

challenged to provide safe and effective care for all patients at the same time.  When 

skin wounds are not managed properly, the possibility of infection and complications 

increases. This can hinder healing and negatively impact patients’ quality of life. 

Technology based on artificial intelligence (AI) has shown considerable benefits in the 

processing and analysis of image data.  Recently, methods and algorithms based on 

AI—such as automated learning, deep-learning learning, and neural networks—have 

been thoroughly investigated in the field of wound care and research. They have proven 

effective for supporting clinical decisions regarding wound diagnosis, medical care, 

anticipation, and rehabilitation. Nonetheless, difficulties persist in realizing a closed-

loop care system for the thorough integration of AI in wound management, which 

includes wound diagnosis, observation, and medical care.  This review thoroughly 

encapsulates recent progress in the use of AI for wound repair.  In particular, it 

addresses the function of AI in categorizing types of injuries, assessing wounds, 

classifying wound tissue types, overseeing and forecasting wound conditions, and 

tailoring treatment to individual patients. Moreover, the review discusses the 

difficulties and constraints that AI encounters in managing wounds.  In addition, the 

review considers current limitations and examines potential future directions.  
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INTRODUCTION The largest organ in the body, the skin plays a vital 

role in immunological responses, maintaining 

https://www.ijpsjournal.com/


Dr. Shobhit Prakash Sirvastava, Int. J. of Pharm. Sci., 2025, Vol 3, Issue 9, 2291-2317| Review 

                 

              INTERNATIONAL JOURNAL OF PHARMACEUTICAL SCIENCES                                                                                 2292 | P a g e  

temperatures, defending tissues and organs within 

the body from environmental harm, and fending 

off alien microbes.  Physical, chemical, and 

disease-related injuries can cause small-scale harm 

to adjacent blood vessels and cells in addition to 

impairing the skin's barrier function and aesthetics.  

Over eleven million Americans get acute wounds 

each year, and over 6 million have persistent 

wounds, which drives up yearly wound care costs 

to over $30 billion.  In addition to placing a heavy 

burden on healthcare systems and generating a 

great deal of psychological and financial strain on 

society, severe skin injuries can result in infection, 

amputation, systemic problems, and even death. In 

order to lower disability and mortality, it is 

clinically important to encourage wound repair 

and improve the quality of healing, particularly by 

minimising the creation of scars. [1,2]. The current 

approaches to wound care, such as dressing 

changes, grafting of skin, artificial dermis, 

dressings for wounds, adverse pressure 

medication, and the use of growth hormones and 

inflammatory substances, are constrained by their 

poor overall effectiveness, single functionality, 

and less than ideal results.  These strategies also 

have a lot of problems, like inadequate chronic 

wound healing, a high risk of infection, a lack of 

precise and real-time assessment, a lack of 

individualized care, a lack of healthcare resources, 

and heavy financial constraints.  Several 

interrelated phases, such as hemostasis, 

inflammatory processes, angiogenesis, superficial 

tissue regenerating and remodeling, are involved 

in wound repair.  It is still difficult to predict the 

exact healing trajectory and the most effective 

treatment therapies since wound healing processes 

are complicated and dynamic. [3-6]. Monitoring 

and assessing wound states, as well as guiding 

medical choices are facilitated by precise wound 

assessment, which includes lesion degree and type.  

Building on this basis, wound healing and 

regeneration of skin can be successfully 

encouraged by individualized treatment plans that 

utilize the body's natural healing mechanisms. [7] 

A state-of-the-art technical science, artificial 

intelligence (AI) is used to mimic, expand, and 

improve human intelligence.  Machine learning, 

support vector machines, electronic health records, 

neural networks and deep learning are some of the 

AI technologies that have been developed to far.  

Global healthcare systems are undergoing a 

fundamental transformation as a result of AI's 

exceptional ability to analyze, display, 

comprehend, and interpret complicated medical 

data. [8-12] In order to improve diagnostic speed 

and precision while optimising healthcare assets, 

artificial intelligence (AI) can, for instance, 

integrate medical imagery such as CT scans, 

magnetic resonance imaging, and three-

dimensional ultrasound reconstructions for 

automated diagnosis.  AI approaches may also 

effectively process vast volumes of unorganized 

data to retrieve important information, train 

iteratively to reliably diagnose complicated 

illnesses, and offer suggestions for individualized 

treatment. [13,14]. Conventional wound 

evaluation and therapy can be laborious and 

susceptible to diagnostic errors, and it demands 

competent and skilled clinical practitioners.  AI 

can now effectively help doctors diagnose wounds 

by utilizing vast datasets, including a variety of 

textual and picture data. It then helps in creating 

treatment plans and improving wound care, which 

improves therapy results and patient outcomes 20. 

In addition to assisting clinical physicians, AI also 

trains younger nursing teams with a lack of 

expertise, facilitating remote healthcare and 

improving overall service quality.  Even though 

AI-based approaches can help with wound care 

decision-making, the majority of current research 

focuses on diagnosis and evaluation 

methodologies, paying little consideration to 

outcomes of therapy and tactics. [15-17]. There are 

still obstacles in the way of developing a closed-
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loop care system for the all-encompassing use of 

AI in wound management, which should include 

wound diagnosis, monitoring, and therapy. [18] 

There are currently no thorough reviews in this 

field.  In light of this, this paper offers a thorough 

summary of current developments in AI 

applications in wound repair therapeutics.  It 

discusses the present applications of AI in the 

following areas: injury type classification, area 

and depth of wound, wound tissue type, wound 

observation and prediction, and the creation of 

individualized treatment plans.  The constraints 

and potential future of artificial intelligence in 

wound care are also covered in the study.  This 

paper addresses the difficulties and possible 

solutions while also proving the usefulness and 

effectiveness of AI in improving wound diagnosis 

and therapy through in-depth study and also in 

order to provide the groundwork for future 

advancements, this article attempts to present a 

thorough summary of the existing uses of AI in 

dermal wound evaluation and healing time 

prediction.  

1. AI assessment and categorization of wound 

types 

Numerous factors, such as the injury's etiology, 

site, extent, dimension, exposure to the outside 

world, severity, healing period, and possible risk 

of infection, can be used to categorize skin 

injuries. Diabetes foot ulcers (DFU), artery ulcers 

(AU), lower limb ulcers of the veins (VU), ulcers 

due to pressure (PU), and wounds from surgery are 

among the primary forms of wounds seen in 

clinical settings. [19] The creation of high-

precision models for classification and precise 

wound classification is essential for evaluation, 

planning of therapy, and prognosis since various 

injury types call for distinct treatment modalities.  

To meet this demand, researchers have put up a 

number of creative AI models.  Convolutional 

layers, layers of pooling, and fully interconnected 

layers make up CNN in DL. These layers are 

capable of automatically extracting local features 

from input, with a primary focus on recovering 

fundamental characteristics such picture edges and 

textures.  For example, DFUNet, a unique CNN 

(convolutional neural network) architecture, is 

frequently used to categorize diabetic foot ulcers. 

To better capture feature variations in pictures and 

distinguish between diabetic foot ulcers and 

healthy skin, the framework integrates the classic 

convolution layer with the parallel convolution 

layer. These characteristics include edge, intensity, 

shifts in color, and more.  With a cross-validation 

coefficient of ten and an area under the curve 

(AUC) of 0.961, DFUNet can reliably distinguish 

between DFU and normal skin, even on tiny 

datasets. [20]. As a sub-field of machine learning, 

deep learning (DL) has the ability to autonomously 

extract characteristics from raw data, handle high-

dimensional data efficiently, and have exceptional 

sophisticated perception and task understanding.  

By adding more layers and neurons or altering the 

network topology, it may adjust to various tasks 

and data-set sizes.  CNN has been effectively 

employed in several research to categorize DFU 

and VU. [21] According to researcher, created a 

high-precision classification algorithm that 

matches current injury severity rating systems by 

utilizing machine learning methods.  Even without 

medical staff, this concept can use wearable 

technology to rapidly and precisely triage patients 

in large-scale catastrophe sites.  With the VGG16 

network serving as an identification model. [22] In 

another study, it was effectively divided persistent 

wounds into four categories using comprehensible 

AI tools X-AI-cwc, machine learning, and data 

enrichment approaches.  With prediction accuracy 

of 95.36% for DFU, 100% for capillary injuries, 

100% for injuries caused by pressure, and 99.2% 

for surgical wounds, the average F1 score was 

0.76. [23]. Additionally, DFUNet can shorten 
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processing times by processing incoming data 

more precisely and effectively.  Additionally, 

DFUNet can shorten processing times by 

processing incoming data more precisely and 

effectively.  Large volumes of data may be 

processed quickly and effectively by machine 

learning algorithms, which can also automatically 

identify useful aspects from the data and make 

precise predictions and classifications.  The 

objective of dynamically maximizing the error 

between expected and actual outcomes is 

accomplished by improving the error between 

observed and predicted results, which aids 

computers in learning all the nonlinear 

relationships between variables.  Strong 

generalization ability, adaptability for data with 

high dimensions, and apathy to data loss are some 

of SVM's benefits as a machine learning 

technique. In light of this, researcher created an 

SVM system that can evaluate smartphone photos 

and identify locations of chronic wounds based on 

picture color channels.  This technique, which has 

a typical accuracy of 73.3% and precision of 

94.6%, employs an SVM to identify wound 

borders and distinguish between portions of the 

wound and healthy tissue by considering color and 

wavelet properties. [24] Another study used 2,957 

images from the Singapore Advanced Institutes 

Image Registration Center to create an 

interpretable AI model that classified vascular 

images in Asian populations and identified PU, 

venous leg ulcers (VLU), surgical site infections, 

and neuroischemic ulcers (NIU) with an average 

classification accuracy of 95.9%. [25] 

2.1 Evaluation of burn degree 

For wound care and therapy to be effective, an 

accurate evaluation of the severity of burns is 

essential [26].  An incorrect assessment may cause 

wound care to be postponed, which might 

negatively impact the results of subsequent 

treatments [27].  By assessing the total body 

surface area injured, the depth of burns, and the 

degree of scarring, machine learning (AI) is used 

in modern medical procedures to evaluate the 

severity of burns [28].  Furthermore, the method 

known as Spatial Frequency-Domain Imaging 

(SFDI), which makes use of the connection 

between histologic data and changes in tissue 

properties, has shown itself to be a very useful tool.  

By examining photos taken at different 

wavelengths and frequencies, this technique can 

forecast the extent of burns during a 24-hour 

period [29-31].  The accuracy of these predictions 

is further increased by the application of SVM, or 

Support Vector Machine, classifiers. [32]. The 

efficiency of AI in assessing burn depth at the 

same time [33].  Their AI model effectively 

recognized four different levels of burn severity 

[34] using semantic segmentation of images from 

polarized high-performance light cameras: 

superficial (I), superficial to intermediate (II), 

medium to deep (III), and deep to full thickness 

(IV), with impressive accuracy rates of up to 92%.  

Building such a model needs a large training 

dataset in addition to intensive learning and 

training.  However, there is a chance that the 

system might be further improved by acquiring 

additional photos, which is both feasible and 

encouraging for future developments. [33,35] 

2. AI-assisted evaluation of wounds 

Important details on a wound's cause, severity, 

length, status changes, and expected healing are 

included in its geometric shape and look. [36] In 

order to diagnose, plan treatments, and anticipate 

prognoses, wound measurements—such as size, 

area, or volume—are critical. They also play a 

significant role in determining how quickly 

wounds heal.  Important markers of wound healing 

and the efficacy of therapy include tracking the 

decrease in wound area or volume and the 
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development of granulation/epithelial tissue. [37] 

Nonetheless, many doctors continue to struggle to 

guarantee measurement accuracy and consistency.  

Conventional wound assessment uses precise 

measuring techniques with digital cameras, paper 

rulers, and depth probes to determine wound area 

and volume, as well as visual components (such as 

inflammation, tissue granulation, and evaluation 

of wound exudation). [38] AI's powers in edge 

recognition, contrast augmentation, and denoising 

have led to its widespread use in medical picture 

segmentation.  You Only Look Once (YOLO), 

single shot multibox detector, and regions of 

interest (ROI)-CNN are often used detection 

models; YOLO, GoogLeNet, AlexNet, ResNet, 

and VGG are frequently used classification 

models.  According to studies, using segment and 

outlier removal approaches can increase DL's 

classification accuracy when it comes to 

differentiating burn regions from the surrounding 

healthy skin. [39]. Determining the area and depth 

of the wound is essential for assessing the severity 

of skin injuries and for formulating clinical 

treatment plans.  Although automated support for 

burn evaluation is already provided by quick and 

portable computer-aided diagnostic (CAD) 

equipment and laser Doppler imaging, their high 

maintenance costs prevent widespread usage in 

hospitals. [40] On the other hand, DL imaging 

systems that rely on spectroscopy and photography 

provide easier access to solutions.  When used in 

conjunction with DL algorithms (such CNN and 

variational autoencoders), such systems can help 

physicians diagnose wounds and guide therapeutic 

care. [41,42] In conclusion, doctors may use more 

precise and reliable evaluation instruments thanks 

to AI-enhanced wound measuring techniques.  

This enhances patient outcomes by optimizing 

treatment options, improving monitoring of the 

healing process, and improving the precision of 

diagnostic and therapy. 

3.1 Skin wound assessment 

According to a study,  support vector machines 

(SVM) to precisely identify wound borders in 

order to optimize the region chosen for automated 

analysis [24].  By using the conditional random 

field approach, these limits were further honed.  

Optical theory, cross-channel picture comparison, 

and a fuzzy spectral clustering segmentation 

technique are used to estimate the extent of the 

wound [43].  However, these techniques are 

limited to two-dimensional images.  Edward et al. 

created a 3D point cloud of the wound's borders 

and structure using a vision-laser scanner in order 

to record the three-dimensional architecture of 

wounds. [44]. By lowering infection rates, 

speeding up healing, and minimizing human error, 

combining this type of scanner with vertical robots 

increases accuracy and patient outcomes.  

Additionally, to reduce scanning time, a specially 

created auxiliary laser LED was used to offer an 

additional measurement point, utilizing a 

computerized neural network. [45] Accurate three-

dimensional imaging of chronic wounds was made 

possible in partnership with RSI by connecting 

digital photography with optical raster using a 

computerized scanner and picture processing 

software (DigiSkin). [46] Additionally, a recently 

created convolutional encoder-decoder network—

a variation of ConvNet—is used in an integrated 

system that integrates visual data with deep 

learning techniques for lesion delineation and area 

estimate.  In addition to being dependable and 

computationally efficient, this system has the 

ability to identify wound infections and forecast 

the course of healing. [47]  
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Table 1. Comparison of AI methods regarding wound measurement 

S. No Wound 

Measurement 

Method 

Principle Application Merits Limitations 

1. Automatic 

image analysis 

pipeline [23] 

Computer 

vision, object 

detection 

algorithms 

(YOLO) 

Automated 

measurement of 

wound size and 

automatic 

assessment of 

average wound 

closure percentage. 

High fidelity results 

on unseen data with 

minimal human 

intervention 

Automated 

and enables 

high fidelity 

results 

⚫ Not good at 

dealing with some 

of the challenges 

like occlusion and 

blur. 

 

⚫ Quantitative 

measurements are 

not exactly 

aligned 

2. Fuzzy spectral 

clustering [25] 

Gray scale 

based fuzzy 

similarity 

measure, 

spectral 

clustering 

segmentation 

algorithm 

Accurate depiction 

of the wound area 

and automatic 

calculation of the 

contrast between 

wound and non-

wound areas 

Effective 

depiction of 

wound areas 

in non-

uniformly 

illuminated 

images 

⚫ The wounds that 

are near to heal or 

the images having 

very low (i.e. 

nearly zero) 

contrast between 

healed wound 

area and healthy 

skin are not 

accurately 

segmented. 

 

⚫ The method is not 

completely 

automatic. 

3. Vision laser 

scanner [20] 

Use laser 

ranging 

scanning to 

generate 3D 

point cloud, 

artificial neural 

network 

estimation 

method 

Accurate 3D 

reconstruction of 

wound margins and 

topology 

Simultaneou

s generation 

of 3D point 

clouds of 

wound skin 

and its 

edges 

⚫ The scanner can 

only deal with 

small size wound 

(~3-inch length) 

4. Integrated 

system [18] 

Convolutional 

encoder-

decoder 

networks (a 

variant of 

ConvNet), 

Hough 

transformation, 

computer 

vision tasks 

Wound 

segmentation in an 

end-to-end 

different manner 

and estimation of 

wound surface area 

by transformation 

of pixel length to 

actual length 

High 

computation

al 

efficiency, 

validity and 

reliability as 

a 

multifunctio

nal, 

integrated 

and unified 

framework 

system 

 

https://pmc.ncbi.nlm.nih.gov/articles/PMC11301465/#b23
https://pmc.ncbi.nlm.nih.gov/articles/PMC11301465/#b25
https://pmc.ncbi.nlm.nih.gov/articles/PMC11301465/#b20
https://pmc.ncbi.nlm.nih.gov/articles/PMC11301465/#b18
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The application of AI technology differs 

depending on the kind of wound.  Burn wounds, 

ulcers from diabetes, ulcers caused by pressure, 

lower-limb venous ulcers, and chronically infected 

wounds are among the clinical skin wounds that 

are often treated.  Regular evaluation of ulcer 

wounds is improved by the non-contact measures 

made possible through the combination of AI with 

machine learning and image technology [48].  

Regular hospital visits are less necessary as a result 

of patients being able to share pictures of their 

lesions from the comfort of their own homes.  

Additionally, utilizing information from electronic 

health records in conjunction with machine 

learning (ML) algorithms has demonstrated 

remarkable efficacy in forecasting the onset of 

pressure ulcers. [49]. Based on individual patient 

information from medical records, AI algorithms 

are able to personalize forecasts.  AI-driven 

methods for determining burn depth have shown 

considerable clinical use in circumstances of burn 

wounds [50].  Furthermore,by using a network of 

neurons to simulate skin contraction for durations 

exceeding a year in order to anticipate the healing 

trajectories of burn wounds [51].  ML systems 

trained with extensive health data, including 

specific wound state descriptors, have successfully 

predicted the risks of surgical site infections 

(SSIs). [52] The stability and accuracy of wound 

assessments have been increased with the 

combination of many optical wound assessment 

instruments and multi-modal imaging 

technologies.  In addition to offering precise 

measures of wound surface and volume, these 

technological developments also provide 

information about the tissue composition of the 

wound bed [53].  The convenience and 

organization of managing digital imaging and 

wound-related data has significantly increased 

with the ongoing advancement of intelligent 

information assessment systems.  Advanced 

intelligent surveillance systems, which are 

essential for increasing healing rates and hastening 

patient recovery, have been made possible by these 

advancements. [54] 

3.2 AI-based wound area measurement 

For clinical therapy, a precise estimate of the 

wound area is essential, especially in burn cases 

where a poor assessment of the area might result 

in inappropriate fluid resuscitation, raising the risk 

of shock, fluid overload, kidney damage, and 

compartment syndrome. [55] The foundation of 

measuring wounds is high-quality imagery. [38] In 

difficult situations with dark skin tones, blurry 

wound margins, uneven forms, diseased tissue, 

and NT, digital wound measuring systems 

(DWMS) show excellent accuracy. [56]  Clinical 

criteria for three-dimensional volume as well as 

depth analysis have not yet been reached by three-

dimensional measurement systems (3D-DWMS), 

despite their proven dependability in two-

dimensional area analysis. [57,58]. A study found 

that combining three-dimensional reconstruction 

data with wound photos increased the accuracy of 

burn area measurement, outperforming 

conventional geometric area computation 

techniques.  Deep convolutional neural networks 

(DCNN) are a kind of deep learning (DL) that 

automatically learns object features in photos. 

They use local perceptual characteristics and 

translation invariance to increase the efficacy of 

local features, which is crucial for complicated 

burns.  In light of this, scientists have created a 

DCNN framework for autonomous tissue and 

wound segmentation that, when paired with a 

variety of datasets, can successfully get around the 

drawbacks of conventional burn area assessment 

techniques.  A DL-based approach for burn wound 

recognition, segmentation, and TBSA% 

computation was presented in a research. [59,60] 
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Researchers used annotated photos of burn 

wounds and healthy images to train U-Net and 

MASK R-CNN models.  With a Dice coefficient 

of 0.9496, the MASK R-CNN model in 

conjunction with ResNet101 outperformed the U-

Net model in conjunction with ResNet101 for burn 

wound picture segmentation.  The efficacy of 

CNN based on datasets for DFU and VLU 

segmentation was examined in another study.  

CNN based on the egNet, LinkNet, U-Net, and 

Unet-VGG16 algorithms was trained on a sacral 

PU dataset under supervised learning.  The 

findings demonstrated that the CNN based on U-

Net successfully and quickly segregated the 

wounds. [61,62]. Treatment procedures in the 

healthcare industry have grown more effective due 

to the rapid advancement of AI technology and the 

growing popularity of mobile devices like 

smartphones and smartwatches. [38] The 

advancement of distant wound area measuring and 

assessment has been greatly aided by the 

combination of accurate pattern recognition 

technologies with cameras found in smartphones 

and tablets.  By merging DL MobileNetsV2 with 

labeled datasets, a completely automated wound 

segmentation system based on mobile devices was 

able to separate wounds from natural photos.  This 

model may operate on mobile devices with a DC 

because of its straightforward foundation and 

minimal processing demands. [63] In addition, 

researchers created the AutoTrace framework a 

DCNN model that can be used on mobile devices 

and allows for accurate and impartial tissue and 

wound prediction. [64]  Resarcher assessed the 

precision of three different DL frameworks (U-

Net, V-Net, and Seg Net models) in splitting DFU 

regions on mobile clients in order to accomplish 

high-precision data analysis with minimal data.  

With the highest accuracy possible, the U-Net 

model did well in this assignment.  According to 

these investigations, mobile terminals provide a 

wide range of potential applications and are the 

best medium for acquiring wound images and 

transmitting data. [65,66]. In order to improve 

measurement accuracy, a multi-step process 

involving photo capturing, shades of gray 

converting, muddle interpreting, threshold 

categorization, injury recognition, and growth and 

deterioration of wound areas has also been 

proposed for a handheld wound area measurement 

method.  Using DL models that are supported by 

the OpenCV framework, this approach performs 

exceptionally well on tasks like deep burn 

segmentation, palm segmentation, and complete 

wound segmentation. [67] The Swift mobile 

application now offers the benefit of a non-contact, 

intuitive wound assessment tool thanks to research 

that integrated FLIRTM infrared cameras, which 

provide skin temperature readings comparable to 

clinical reference thermometers.  This makes it 

possible for clinical physicians to photograph, 

measure, and monitor the temperature and size of 

wounds from a single visit to the next, making it 

appropriate for patients and their family members 

to monitor at home. [68]  In order to assess the 

accuracy of the C4W mobile application's length, 

breadth, and area measurements, researchers used 

it to track the DFU healing process for chronic 

wounds and compared it with more conventional 

measurement techniques.  When measuring the 

length, breadth, and size of DFU wounds in eight 

patients, the method demonstrated dependability. 

[69]. A full evaluation still requires the creation of 

labeled datasets for scar depth and specialized 

evaluation structures for more in-depth wound 

analysis and treatment, even if many modern 

technologies mainly concentrate on lesion 

segmentation to facilitate diagnosis.  Improving 

the models' adaptability to a greater variety of 

wound forms and clinical situations is one of the 

main objectives for future research, since it will 

allow for more thorough and accurate wound 

evaluation.  To sum up, the use of DL and other 

modern technologies in wound delineation and 
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analysis gives medical professionals automated, 

quick, and precise ways to evaluate wounds.  The 

advancement and improvement of these 

advancements will boost medical effectiveness, 

aid in patient recovery, and offer more robust 

support for wound care. Future applications in 

self-monitoring and remote healthcare have even 

more potential due to continuous technology 

improvements. 

3.3 AI-based wound depth measuring 

Nowadays, determining the depth of the wound 

serves as the foundation for developing clinical 

treatment strategies in addition to being an 

essential step in determining the severity of 

injuries.  Inaccurate burn evaluations can result in 

poor wound care, which frequently causes 

unneeded procedures or delayed recovery. [70] 

The main foundation for determining the depth of 

a burn is variations in the color and texture of the 

wound, which represent different levels of dermal 

capillary damage.  Even though clinical evaluation 

is still a commonly used technique, a delayed or 

inaccurate early diagnosis might result in improper 

therapy and have an impact on prognosis.  Thus, 

there is substantial theoretical and practical utility 

in applying image analysis technologies to help 

diagnose burn depth. [71] Outliers can reduce 

accuracy, particularly when training models, even 

though several AI algorithms are being created and 

proven to be effective for analyzing wound 

images.  Based on algorithms for supervised 

learning, the SVM and k-nearest neighbor (KNN) 

methods of classification may isolate data points 

from various categories as much as feasible in 

order to eliminate outliers. In order to increase the 

categorization precision for deep wounds, wound 

beds, and partial wounds by eliminating outliers, a 

multi-stage strategy based on Z-test and univariate 

analysis was devised. This was based on the 

development of multiple burn classification 

models utilizing SVM and k-nearest neighbor 

(KNN) categorization methods. The accuracy was 

76% when 10-fold cross-validation was used. [72] 

By incorporating learned transfer into the 

convolutional neural network-based ResNet50 

model, researchers in another study addressed the 

lack of unique scene photos and were able to 

achieve a diagnosis accuracy of 80% for three 

categories of burns (superficial, intermediate, and 

deep). [73] 

Fig.1 - AI helped in wound depth and area measuring 

Additionally, multimodal AI burns diagnosis 

systems have been built using RGB pictures and 

ultrasound; the texture information from the 

ultrasound increase the depth classifiers' accuracy 
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to 80%. [74] The U-Net CNN can precisely 

partition target areas by combining high-level 

semantic characteristics with low-level detail data.  

To determine the precise depth of a wound, 

researchers used this model in conjunction with a 

high-performance split optical camera.  According 

to the research's findings, the diagnostic accuracy 

for pediatric burns is around 97%. [75] Multi-

parameter and high-dimensional techniques are 

frequently employed in conventional wound 

image analysis and processing to get high 

accuracy, which makes processing complicated 

pictures challenging.  With fewer parameters, the 

VGG-16 network built on DCNN can efficiently 

extract local features from pictures.  Additionally, 

data dimensionality, processing, and parameter 

count are decreased by employing pooling layers 

to preserve the image's primary attributes.  In light 

of this, Despo et al. created an end-to-end DL 

model to assess certain burn wound characteristics 

and employed an enhanced completely 

convolution network (FCN) DL technique 

centered on the VGG-16 model for burn 

classification.  Four different kinds of wound 

photos were used to train the model, and it 

successfully classified the images. [76]. Burn 

depth may be automatically predicted with AI 

technology, and diagnosis accuracy can be greatly 

increased by combining picture capture with DL 

algorithms.  To further improve accuracy, it is 

necessary to choose suitable imaging modalities, 

increase datasets, and optimize algorithms, as the 

existing approaches only get an accuracy of about 

90%.  In conclusion, determining the precise depth 

of burns is still a crucial and difficult part of 

evaluating injuries.  Even with advancements in 

burn depth identification, chronic wounds' 

irregular geometries and notable color 

fluctuations, as well as the comparable look of 

wounds with varying depths and tissue 

compositions, imply that current technologies 

might not be enough for an accurate assessment. 

Although computerized & objective diagnostic 

techniques are the best and most extensively used 

method, doctors' clinical knowledge and 

experience are still necessary. 

4. Segmentation of wound tissue types and AI 

assessment 

The types of tissue present in a lésion serve as vital 

indicators of the healing process.  By estimating 

the tissue components accurately, clinicians can 

choose suitable dressings, recognize wounds that 

may not heal, quickly refer patients to specialists, 

customize treatment based on the patient's 

condition, and enhance wound care and healing 

results.  Especially in resource-limited settings, 

clinicians can be assisted or augmented by high-

performance automatic classifiers in the 

classification of wound tissue types. [77] Utilizing 

AI for image recognition provides a powerful 

means of automatically categorizing wound 

tissues.  Nonetheless, factors such as surrounding 

noise, variability, and inaccuracies in image 

capture can impact automatic wound 

classification. [78] A method utilizing CNN for 

cells evaluation of stress perforation images was 

proposed by the researcher.  They retrieved the 

ROI from the raw perforated images, eliminated 

noise, and obtained 5X5 pixel sections from every 

ROI for accurate classification.  This approach 

yielded a categorizing precision of 92.01% for 

various tissue types, including GT, drain, and NT.  

In subsequent research, persisting wound images 

were divided into nXn patches and input into a 

deep neural network (DNN) for feature extraction 

and SVM classifier training.  This method reached 

an accuracy rate of 86.4% when distinguishing 

seven cells types (NT, ablation, well-being GT, 

non-healthy GT, excessive granulation, 

contaminated, and epidermalized) [79,80] 

Conversely, recent research has suggested an 

automated approach to wound assessment that 
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combines manual color rectification with deep 

learning models, including versions of 

EfficientNet and MobileNetV2 embedded with the 

U-Net architecture.  This approach compares 

images under varying illumination, length, and 

lens conditions with effectiveness, demonstrating 

excellence in segmenting wounded areas and GT. 

However, it still necessitates enhancements for ET 

and NT segmentation. [81]. Methods based on AI, 

employing a multi-view approach and superpixel 

FCN techniques, have greatly improved the 

effectiveness of perforated tissue classification. 

[82] At present, strategies for enhancing images 

have been applied to boost the precision of tissue 

categorizing in persistent wounds. [83] And by 

implementing a superpixel segmentation method 

that utilizes linear iterative clustering (LIC) along 

with five-dimensional color and visual plane 

space.  With the use of LIC, which has robust pixel 

division and precise limits fitting capabilities, 

visual division can be performed quickly and 

effectively. [84] An app for classifying wound 

tissue can aid patients in real-time monitoring of 

wound dynamics, which can ease dread during the 

course of home treatment.  In the field of 

telemedicine, a mobile injury capture system has 

been created by researchers to gather images of 

wounds using the cameras on smart devices.  The 

“Complex Wound DB” is a new image database 

developed to categorize complex wounds into five 

groups: non-wound area, GT, fibrocyte tissue, dry 

inflammation, and hemorrhage.  This dataset, 

which consists of specifically 27 images identified 

by four medical specialists, is publiquement 

available. [85] At present, researcher have created 

a mobile app called Deep-wound, which is built on 

a multi-label CNN system and can categorize 

wound images to assist in daily wound care. [86] 

Additionally, automated remote classification of 

wound tissue will offer doctors valuable guidance, 

assisting them in conducting thorough wound 

assessments and developing accurate treatment 

plans. The classification of wound tissue at present 

depends on the analysis of characteristics of 

individual pixels or clusters of pixels (superpixels) 

within the image, followed by their categorization 

into various tissue types (e.g., GT, scar, necrosis).  

This approach can resolve serious diagnostic 

issues.  Nonetheless, due to the great similarity of 

wound tissues, especially in between GT and 

contaminated tissues, it is essential to optimize 

multi-view techniques and ultrapixel FCN 

methods.  Based on this, the accuracy of 

identification can be improved further by merging 

images of surface wounds with pathological 

sections. 

5. AI supervision and anticipation of wound 

healing 

It is especially difficult to predict the trajectories 

of wound healing, but this is essential for 

accomplishing wound resolution. [87] By 

predicting wound healing, physicians can choose 

the most suitable treatment plans, leading to 

improved efficiency and effectiveness in wound 

care. AI facilitates accurate wound measurements 

from targeted data and utilizes diagnostic 

information to forecast lesion healing progressions 

by instinctively learning from and overseeing 

extensive amounts of clinical records.  In addition, 

forecasting the duration of wound healing assists 

healthcare professionals in devising treatment 

plans, establishing practical patient expectations, 

and possibly enhancing outcomes while lowering 

expenses. [88,89] 

5.1 Prediction of chronic wounds 

Chronic wounds represent a considerable 

worldwide challenge, characterized by localized 

injuries to skin and tissue that have a disrupted 

physiological healing response. [90] According to 

the Wound Healing Association, chronic wounds 

are characterized by a failure to return damaged 
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tissue to its habituelle configuration and function 

within a regular timeframe and without delay. [91]  

The recovery phase for chronic wounds usually 

takes more than four weeks, which greatly 

diminishes the standard of life and well-being of 

those affected and contributes to higher mortality 

rates. [92] Thus, accurate evaluation, forecasting, 

and handling of persistent wounds are vital for 

alleviating the burden on the healthcare system 

and improving the pace and standard of patient 

recovery. [93]. In medical practice, routine lower 

ankle wounds like vascular, hypertensive, tension, 

and venous ulcers present a significant danger to 

aged, who are more vulnerable due to numerous 

age-related changes.  Among these changes are a 

heightened occurrence of chronic ailments such as 

heart-related disease and diabetes, as well as issues 

like reduced mobility, incontinence, low body 

weight, inadequate nutritional condition, and 

cognitive impairment. [94-96]. Intrinsic changes 

associated with aging that affect skin wound 

healing—like altered inflammatory responses, 

lower amounts of supporting embedded structure 

and growth factors, retarded keratinization, and 

reduced angiogenic activity—play a role in the 

slower rates of wound closure observed in older 

adults. [97]  The occurrence of such wounds has 

risen significantly with the aging society, thereby 

increasing the reliance on restricted healthcare 

resources. [98] To tackle this issue, scientists have 

created a wearable sensor driven by AI that is 

connected to sophisticated wound dressing 

bandages. For the purpose of monitoring chronic 

wounds and determining their healing stages, this 

system employs a deep-rooted artificially-

designed neural network (ANN) algorithm. [99]. 

This near-field detecting système offers essential 

information for making treatment decisions and 

evaluating how effective wound care medications 

are.  Chakraborty et al. have proposed a 

telemedicine model that employs Linear 

Discriminant Analysis for tissue type 

classification, attaining a tissues prediction 

precision. [100] With this approach, persistent 

wound healing statuses can be diagnosed 

remotely, providing clinicians with statistical 

tissue compositional data to support their decision-

making.  Furthermore, the evolution of statistical 

computing has accelerated the creation of a 

number of promising machine learning methods. 

[101]. Chronic wounds pose a major challenge to 

global health, making precise diagnosis and 

successful treatment essential for promoting 

healing and preventing additional complications. 

[102] AI is being used more and more in healthcare 

for predictive analysis of medical data, adjusting 

fluently to new details. [103] Even although digital 

medical documents are widely employed for 

wound documentation, managing and tracking all 

facets of patient care for individuals with chronic 

wounds remains challenging. [104] Nevertheless, 

utilizing machine learning and big data analytics 

holds considerable potential for lowering 

treatment costs, shortening the duration of 

simulations, and improving the comprehensive 

excellence of care. [105] 

5.2 Previsioning the duration of wound healing 

Being able to estimate the duration of wound 

healing is of great clinical importance, as it allows 

doctors to quickly adapt treatment strategies to the 

specific requirements of each patient.[106] 

Doctors can use precise forecasts to determine if a 

patient needs several healing operations or if an 

early closure is possible, as well as to identify the 

optimal timeframe for healing traumatological 

wounds.  With this predictive ability, the time until 

wound closure is shortened and the likelihood of 

wound-related complications and failures is 

reduced. [107]. Evaluating the depth of the skin 

surface and scabs is essential for comprehending 

the epidermal wound healing process, as it offers 

crucial perspectives into the normality of re-
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epithelialization. [108] Visual Uniformity 

Tomography (OCT) is a real-time imaging method 

that does not require surgery and allows for the 

assessment of tissue micro-structures in cross-

section.  By combining OCT with AI algorithms, 

it becomes possible to automate the measurement 

of epithelial tissue and scab thickness, which aids 

in forecasting wound healing durations. [108] 

Nevertheless, the prediction of healing processes 

in amputation wounds constitutes a complex 

challenge. This is attributable to factors like severe 

cardiac ischemia and the lack of trustworthy 

assessment tools.  To tackle this issue, Squiers et 

al. developed a new imaging system for capturing 

multiple-view photographs of the inferior limbs. 

[109] The accuracy of predictions concerning 

amputation wound healing has improved by 

analyzing these images alongside the patient's 

clinical risk factors using machine learning 

algorithms.  Moreover, this strategy may decrease 

the need for further surgeries and the incidence of 

delayed healing. In 2020, researchers from China 

created an artificial model based on CNN for 

recognizing burn depth, and it was effectively 

employed to anticipate the restoration time of 

flammable wounds.  By examining the burn's 

depth, this model provided an accurate estimation 

of the damaged healing progression. [110]. The 

precise anticipation of healing times poses a 

constant desafio for clinicians due to the 

complexity and dynamism of the wound healing 

process.  Nonetheless, as extensive data sets 

become more accessible and computing 

capabilities improve, AI-based models are likely 

to become essential for predicting and evaluating 

wound healing timelines. [111] 

6. AI-supported creation of individualized 

wound care products 

 

In contemporary medical technology, the use of AI 

is fostering advancement in skin prototype 

creation, simulation of wound healing processes, 

development of pharmaceuticals, and smart 

dressings, offering new insights and resources for 

wound management. At present, studies have 

advanced hybrid models that merge volume, 

membranes, and one-dimensional prototypes to 

create 3d geometrical and mechanical 

representations of skin/subcutaneous complexes, 

incorporating intricate internal structures via 

automation. [112] Models of artificial skin created 

with AI provide a novel viewpoint for research on 

wound healing and ease the incorporation of 

products designed for wound repair or observation 

into these models. This significantly propels 

fundamental investigations in this area forward 

and enhances the efficacy of product development. 

[113] In the field of drug innovation, AI 

applications have shown outstanding 

accomplishments.  Utilizing AI for the screening 

of new antimicrobial peptides fosters innovation 

that spans from surface antimicrobials to deep 

drug development.  Even though the majority of 

screening studies continue to take place in in-vitro 

and in in vivo-based, the combination of 

algorithmic and statistical-based strategies with 

DL models opens up new avenues for drug 

development. [114]. Furthermore, studies utilizing 

sequencing results from the skin of diabetic 

patients and AI-driven bioinformatics have 

pinpointed a possible therapeutic agent, 

Trichostatin A, as well as a posible objective, 

histone deacetylase 4 (HDAC4), for the repair of 

diabetic wounds. [115]  An AI-nanomaterial 

detecting system for the ultra-selective 

identification of combustible organic compounds 

has also been developed by researchers.  This 

system employs integrated altered silicon-based 

microwire field-effect transistors along with 

various salt molecules.  The sensor can efficiently 

identify 11 VOCs even amidst physical/chemical 
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interference after being integrated with a 

computer-generated neurological network model, 

providing a promising method for recognizing 

VOCs in wounds. [116]  While information on AI-

assisted micro-stuffs as antibiofilm agents are 

limited, earlier investigations indicate that the 

integration of various AI usages with microbial 

films and wounds may result in the creation of 

additional small-sized wound management 

devices. [117]. At present, AI-supported wearable 

sensors for detecting and managing wounds have 

been created.  A adaptable AI-guided carryable 

detecting device utilizing a DANN method for 

persistent wound surveillance and short-distance 

interaction was suggested by researcher that, it 

interacts with uninterrupted bandages that are 

connected to MXene, integriert with wound 

dressing, and tuned to radiofrequency. [118] 

Moreover, a microneedle sensor patch that utilizes 

DL has been created and trained with fluorescence 

frequency data utilizing the KNN model in order 

to perform multiple-variate categorizing of wound 

contamination subtypes.  Smartphone-captured 

fluorescence visuals can be combined to perceive 

pH values, facilitating precise and trustworthy 

wound supervision.   AI's use in bio 3D printing 

technology is developing, especially in supportive 

functions and data-oriented production in 3D 

printing processes. [Fig. 2][119,120] 

 

Fig. 2 Creation of personalized wound care with the help of AI 

The combination of 3D embossing innovation and 

AI continuously improves the accuracy, 

adaptability, and adaptation of numerous 

materials. [121] Based on Gaussian method 

regression, scientists have optimized DL models to 

effectively anticipate the printing capacity scores 

of bio-inks. [122] Moreover, following the 

optimization of DL models, a study suggested an 

AI-assisted high-throughput printing process 

conditional selection system. This system includes 

programmed pneumatic extruding bio-printers and 

AI-assisted image evaluation methodologies that 

can forecast the printability of bio-inks and 

optimize the printing process to create higher-

quality three-dimensional printed hydrogel-based 

dressings. [123] The enhancement of the bio-ink 

3D printing process has been accomplished 
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through DL methods, offering new perspectives 

for the creation of hydrogel inks with superior 

quality in three-dimensional printing. The 

integration of sophisticated AI and the creation of 

novel materials are leading to extraordinary 

innovations and breakthroughs in wound 

treatment, presenting extensive prospects for 

development and potential future medical 

progress.  As AI continues to be applied and 

developed, it is anticipated that wound diagnosing 

and treatment procedures will be optimized, 

leading to the creation of personalized treatment 

products. This will result in more precise and 

individualized medical services for patients, 

enhancing the efficiency and effectiveness of 

treatment. 

7. Discussion and Visions 

7.1 Pros and cons of AI concepts and algorithms 

Wound care encompasses activities like image 

evaluation, cells categorizing, dimensions 

measuring, and temporal surveillance. These tasks 

are frequently time-consuming and susceptible to 

biases from assessors. [124] AI is transforming 

conventional approaches to wound diagnosis and 

management, allowing for enhanced precision and 

smartness in the assessment process. It is possible 

to greatly save clinicians’ time, lessen the financial 

burdens on patients, and enhance their standard of 

life through the use of a comprehensive wound 

identification, prognosis, and treatment plan 

system based on AI. At present, AI-supported 

systems for wound diagnosis and treatment 

establish an integrated framework that involves 

automatic identification, analysis, summarization, 

comprehension, learning, planning, and updating. 

This allows for a continuous evaluation of the 

complete wound healing process. [125] Provides a 

summary of the applications, benefits, restrictions, 

and scalability of existing AI frameworks and 

formulas in the context of wound healing.  

Shallow-ML models, appropriate for different data 

types such as organized and unorganized data, can 

recognize and utilize the most pertinent features to 

enhance prediction accuracy.  Healing outcomes 

are predicted by evaluating individual records and 

treatment strategies data using algorithms like 

random forests and SVM, as well as optimizing 

treatment plans according to specific patient 

characteristics. 

7.2 Challenges and techniques of handling 

While AI needs extensive data support, the 

absence of standardized guidelines and protocols 

for wound data collection has resulted in hospitals 

creating methods tailored to their specific needs. 

This has complicated the creation of 

comprehensive databases for wound care.  The 

advancement of AI in wound care is impeded by 

the difficulties researchers encounter in acquiring 

extensive and all-encompassing datasets related to 

wound care.  Even when using extensive data 

collection, non-specific or unobserved factors can 

still affect wound healing consequences, resulting 

in DL models that make incomplete or inaccurate 

predictions. Consequently, it is necessary to create 

standardized systems for wound data collection 

and to develop recording devices that are easy to 

use. This will improve operability and make it 

easier to document wound care quickly in different 

environments. [124] Nonetheless, the contribution 

of AI to digitalizing wound diagnose and recovery 

anticipation has not been thoroughly investigated.  

It is essential to find appropriate wound 

determination tools and to further regulate the 

testing and implementation of AI-based electronic 

wound evaluation tools.  This will assist in 

identifying the wound types that are most 

appropriate for AI administration and the specific 

algorithms that yield the best results. [126]. The 

application of AI in identifying wounds is 

primarily restricted to color detection, and it does 
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not possess the capability to predict details 

regarding wound flexibility and exudate. Because 

damaged sinuses and perforations cannot be 

examined, developing devices are unable to 

determine longitudinally wound details, 

necessitating manual evaluations for data 

collection.  This suggests that new strategies are 

required to gather, analyze, and handle large 

quantities of data in order to overcome these 

limitations. The long-term impacts of using AI 

programmes, such as the efficiency and standard 

of wound recovery, have not yet been assessed in 

many studies.  Nonetheless, several initial studies 

have indicated a high level of satisfaction with AI 

in medical practice from both clinicians and 

patients. [127,128]  This implementation allows 

for the mechanized evaluation of wound subtypes 

and related diseases.  AI can create tailored care 

recommendations—like those concerning how 

often to sanitize a wound, which dressing to use, 

and what medication dosing to follow—based on 

past medical data. This can assist with clinical 

decision-making and enhance patient recovery 

management. 

7.3 Summary and prospect 

AI is advancing faster than ever before, especially 

in the field of medicine, where it greatly improves 

quick image analysis, diagnosis, risk forecasting, 

and supplementary treatment. Specific instances of 

AI utilizations in skin wound managing.  In the 

past ten years, the rapid development of computer 

processing expertise has made it easier to integrate 

AI systems more thoroughly into various medical 

imaging technologies, including X-ray, 

ultrasound, digital image processing, and magneto 

resonance-based imaging. Machine learning (ML) 

and deep learning (DL) have played a crucial role 

in the analysis of medical images derived from 

these technologies, showcasing impressive 

accuracy and dependability. AI can perform a wide 

range of functions, such as aiding in diagnosis, 

therapy selection, risk prediction, disease 

stratification, medical error reduction, and 

productivity enhancement.  Aaron Jones and 

colleagues executed a quasi-experimental design 

in four different contexts of the Australian Health 

Service in a significant study.  Data were collected 

from both the standardized and interventional 

groups, showing that during the intervention, 101 

of the 132 wounds improved, with an average 

reduction in wound size of 53.99%.  This study 

highlights how effective and practical AI is in 

managing wounds. [129]. The prospects for the 

use of AI in managing skin wounds are 

encouraging, especially with the emergence of 

Explainable Artificial Intelligence (XAI) 

grounded in deep learning (DL) for medical image 

analysis.  XAI is developing into an essential tool 

that improves AI's capacity to provide new 

insights into data, thus augmenting the repository 

base with elements of new discovery.  With the 

growing prevalence of DL-based methods, the 

need for clarification is intensifying—particularly 

in vital domains like medical imagery evaluation, 

which is essential for evaluating skin wounds.  In 

addition to various imaging methods and AI-

integrated systems, remote consultation systems 

driven by AI that utilize mobile devices and tablets 

for data collection and connectability are 

becoming increasingly popular. [130,131]. The 

field of wound care has been dramatically 

transformed by AI, revolutionizing how wounds 

are assessed, measured, classified, and predicted.  

Currently, the use of AI in skin wounds primarily 

focuses on two domains: analysis of wound 

images and data integration. [132] Nonetheless, it 

is still in progress to develop AI-based 

technologies to a specification appropriate for 

clinical use that ensures the provision of high-

quality wound care. AI has the potential to greatly 

improve wound care practice by establishing 

rigorous criteria for wound data acquisition and 
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developing recording systems that are more 

efficient and easier to use.  This will ensure that 

patients have a more thorough and higher-quality 

healthcare experience. 

Future Aspects of AI in Wound Healing 

Artificial intelligence (AI) holds significant 

promise for advancing wound healing and 

management, primarily through improved 

assessment, prediction, and personalized treatment 

strategies. The integration of AI in this domain 

reflects the broader trend of leveraging 

technological advancements to enhance healthcare 

delivery and outcomes. [133,134] 

Image-Based Analysis and Prediction 

One of the key areas where AI is making strides is 

in the image-based assessment of wounds. AI 

systems, particularly those employing machine 

learning and deep learning algorithms, can analyze 

wound images to assist clinicians in diagnosing 

and monitoring wounds and predicting healing 

trajectories. These AI-based platforms can process 

large datasets of wound images and provide 

insights that are crucial for creating efficient care 

pathways and improving patient outcomes. 

[133,135] 

Improving Wound Management Efficiency 

AI helps streamline the wound management 

process by enabling the automation of wound 

measurement and classification. The prediction of 

healing times is another area where AI shows 

promise, helping healthcare professionals to better 

allocate resources and prioritize care. This is 

particularly beneficial in environments dealing 

with high volumes of chronic wounds, which are 

often a marker of underlying health issues like 

diabetes and obesity. [135,136] 

Personalized and Remote Care 

AI can facilitate personalized wound care by 

tailoring treatments based on predicted wound 

healing outcomes. Additionally, remote 

consultation systems leveraging AI can improve 

accessibility and continuity of care. These systems 

make use of devices such as smartphones and 

tablets to capture health data, thus enabling real-

time monitoring and early intervention, reducing 

the need for frequent hospital visits. [137] 

Challenges and Future Directions 

Despite its potential, the integration of AI in 

wound care faces several challenges. Data 

diversity and the need for comprehensive datasets 

to train AI models are critical issues. Ethical 

concerns around data privacy and algorithm 

transparency, as well as the equitable distribution 

of AI technologies, must also be addressed to 

ensure that AI's benefits are maximally realized 

across different patient demographics and 

healthcare systems. [134,136]. The future of AI in 

wound healing is likely to focus on overcoming 

these challenges through collaboration between AI 

developers and the healthcare community. 

Innovations in AI could lead to a closed-loop care 

system in wound management, encompassing 

diagnosis, monitoring, and treatment, thereby 

providing comprehensive and integrated care 

solutions. [134] 

CONCLUSIONS 

Artificial Intelligence (AI) is poised to 

revolutionize wound care through advancements 

in therapeutics, management, and precision 

healing predictions. The integration of AI 

technologies in wound care not only holds the 

promise of enhancing therapeutic outcomes but 

also offers significant improvements in patient 

management and healing predictions. AI has 

demonstrated efficacy in transforming wound 

assessment processes. It automates the 
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measurement, classification, and analysis of 

wounds, thereby reducing the time burden on 

healthcare professionals while increasing 

accuracy. Image-based AI systems are particularly 

noteworthy, as they improve the ability to 

diagnose and assess therapy effectiveness by 

analyzing comprehensive datasets collected over 

time. These systems facilitate more precise 

predictions of healing trajectories, assisting 

clinicians in making more informed decisions 

about treatment plans. AI is also reshaping 

therapeutic strategies by enabling personalized 

treatment plans based on predictive analytics. By 

processing vast amounts of data, AI can suggest 

targeted interventions that align closely with the 

patient's specific wound characteristics and 

healing progress. Furthermore, AI's role in wound 

management extends to real-time monitoring and 

data-driven care, thus ensuring timely 

interventions and proactive management of 

potential complications. While these 

advancements are promising, there are challenges 

to be addressed in achieving a comprehensive, 

closed-loop AI application system for wound care. 

Issues such as data privacy, model interpretability, 

and regulatory compliance require careful 

consideration to facilitate seamless integration into 

clinical workflows. Ethical considerations, 

including equitable access and potential biases in 

AI models, must also be addressed to ensure 

responsible implementation. In conclusion, AI's 

potential to revolutionize wound care is vast, 

offering innovative solutions for therapeutic, 

management, and predictive challenges. By 

overcoming existing barriers and focusing on 

research and collaboration, AI-driven 

advancements can significantly enhance the 

healing process and improve patient outcomes. 

While a comprehensive essay could delve deeper 

into each aspect, this overview highlights the 

transformative potential of AI in wound care. 
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