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ABSTRACT
Background: Accurate evaluation of skin lesions is an essential component of dermatological examination, yet it can be time-
consuming and subject to interobserver variability. While artificial intelligence (AI) models have shown reliability in diagnosing 
specific skin diseases, lesion-level identification remains underexplored in veterinary dermatology.
Objectives: To develop and evaluate a convolutional neural network (CNN)-based AI model for the automated identification of 
four skin lesion types in dogs: erythema, lichenification, alopecia and erosion/ulcer.
Animals: Clinical skin images were collected from dogs presented to a veterinary medical teaching hospital.
Materials and Methods: Four EfficientNet models were independently trained, one for each lesion type. Model performance 
was evaluated by comparing the prediction results with veterinary surgeon-labelled data, using six metrics: accuracy, sensitivity, 
specificity, positive predictive value (PPV), negative predictive value (NPV) and F1 score.
Results: All four CNN models achieved an accuracy of > 90%, indicating a reliable performance across all lesion types. The 
alopecia model yielded the highest accuracy (98.12%) and F1 score (98.18%). The erythema and erosion/ulcer models exhibited 
balanced performance across all metrics. For the lichenification model, the sensitivity (87.02%) and F1 score (89.88%) were the 
lowest among the four lesion types.
Conclusions and Clinical Relevance: The CNN-based AI models developed in this study demonstrated validity in identifying 
common canine skin lesions from clinical images. These models may facilitate rapid and objective dermatological evaluation, 
supporting clinical diagnosis and lesion monitoring throughout treatment.

1   |   Introduction

Artificial intelligence (AI) is a technology that enables computers 
to simulate human intelligence, including learning, perception, 
reasoning and decision-making. AI has been increasingly devel-
oped and applied in various fields of medicine and healthcare [1]. 

Deep learning is a subset of AI that autonomously learns patterns 
from large datasets. Convolutional neural networks (CNNs) are 
one of the most widely used deep learning models, particularly 
effective in image analysis. CNNs automatically detect and ex-
tract visual features from images through multiple layers of pro-
cessing [2–4].
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EfficientNet, an advanced type of CNN model, was developed to 
achieve better accuracy and efficiency compared to traditional 
CNNs. By using a method called compound scaling, it improved 
performance while reducing computational requirements [5]. 
EfficientNet has been widely applied in the medical field, where 
minimising the risk of misdiagnosis is critical. It is suitable for 
processing high-resolution images such as skin lesion identifi-
cation, and computed tomography (CT) or magnetic resonance 
imaging (MRI) image analysis [6, 7].

Skin diseases are one of the most common disorders in dogs 
visiting primary-care veterinary clinics, which impact the 
quality of life of patients and their owners [8, 9]. For accurate 
diagnosis and management of skin diseases, identifying abnor-
malities through dermatological examination is a primary step. 
Because the type, severity and distribution of skin lesions vary 
depending on pathogenesis, precise observation and palpation 
of the skin are essential for developing a differential diagnosis 
list [10].

Among various skin lesions, erythema, lichenification, alopecia 
and erosion/ulcer are commonly observed in clinical practice 
and serve as key indicators of various skin diseases [11–13]. These 
lesions also are components of the Canine Atopic Dermatitis 
Extent and Severity Index, 4th iteration (CADESI-04) and the 
Canine Atopic Dermatitis Lesion Index (CADLI), which are 
widely used scoring systems in veterinary dermatology [14, 15].

Although lesion evaluation is an essential process, it can be 
challenging owing to its time-consuming nature and interob-
server variability. Given these challenges, AI has been explored 
as a supportive tool for efficient and consistent dermatological 
examination. However, most previous studies in AI dermatology 
have focused on classifying and diagnosing skin diseases, rather 
than identifying individual lesions. For example, in humans, AI 
has demonstrated success in diagnosing various skin diseases 
such as melanoma, non-melanoma skin cancer, acne and psori-
asis [2, 16–19]. Likewise, in veterinary dermatology, AI models 
have been developed to detect canine skin diseases, including 
infectious dermatitis, allergies, pododermatitis and otitis ex-
terna [20–23]. While these studies have successfully developed 
models for diagnosing specific diseases, they may have limited 
clinical applicability across a broader range of dermatological 
conditions.

Automated lesion identification using AI could enable rapid and 
objective skin evaluation. Furthermore, such models could as-
sist in diagnostic approaches and lesion monitoring throughout 
treatment. Therefore, this study aimed to develop and validate 
a CNN-based AI model for the automated identification of four 
lesion types—erythema, lichenification, alopecia and erosion/
ulcer—based on clinical images.

2   |   Materials and Methods

2.1   |   Image Collection

In this study, clinical skin images were retrospectively col-
lected from canine patients that visited the Department of 
Dermatology, Seoul National University Veterinary Medical 

Teaching Hospital (SNU-VMTH), between January 2023 and 
February 2024. Owners provided informed consent for the col-
lection and use of clinical data for research purposes.

In order to reflect the natural diversity of the clinical popula-
tion encountered in daily practice, images were collected con-
secutively from all available patients without breed-specific or 
phenotype-specific (e.g., coat colour or hair length) exclusion 
criteria. Images were acquired from various body regions with-
out restrictions. These clinical photographs were captured using 
various smartphones during routine practice. Various lesion 
states were included, such as pre-and post-crust removal, as 
well as clipped areas. The captured images were standardised 
in JPEG format with file sizes ranging from approximately 
0.1–2.0 MB and an average of 0.3 MB. Subsequently, all images 
were cropped to centre on the lesion area. Specifically, when a 
single source image contained multiple target lesions, distinct 
cropped images were generated, with each crop centred on the 
respective target lesion.

Dataset cleaning and quality control were conducted by a ma-
chine learning engineer. Images with improper brightness or 
poor focus, and other low-quality images, were excluded from 
the dataset. During this preliminary screening, a veterinary sur-
geon validated the clinical evaluability of the images to ensure 
that they were suitable for model training. The primary crite-
rion for excluding these ‘low-quality’ images was the inability 
to visually identify the lesion. Specifically, this included images 
with severe motion blur, images focused on the hair rather than 
the skin, or images taken in significantly inadequate lighting. 
Lesions only partially covered by hair were retained to reflect 
real-world clinical cases.

After image collection, separate training datasets were created 
for the four types of lesions: erythema, lichenification, alopecia 
and erosion/ulcer. Erosion and ulcer were grouped into a single 
class as a cosnequence of the difficulty in visually determining 
the depth of tissue damage in images. A single image could be in-
cluded in multiple datasets, as distinct cropped images were gen-
erated from source images with multiple lesions. Consequently, 
the final datasets used for CNN model training consisted of: 3968 
images for erythema; 2512 images for lichenification; 2763 im-
ages for alopecia; and 1985 images for erosion/ulcer.

2.2   |   Image Labelling

Four datasets dedicated to erythema, lichenification, alopecia 
and erosion/ulcer were independently labelled as either posi-
tive (lesion present) or negative (lesion absent). Negative images 
were defined as images in which the target lesion type was not 
present. Explicitly, images of completely healthy skin as well as 
images exhibiting other nontarget lesions (e.g., an erosion/ulcer 
without erythema) were labelled as negative. For example, an er-
ythematous erosion/ulcer was labelled as positive in both the er-
ythema and erosion/ulcer datasets, while simple erythema was 
labelled as negative in the erosion/ulcer dataset. Lesion labelling 
was based on visually recognisable clinical features without ap-
plying a strict quantitative threshold, reflecting routine derma-
tological assessment. Representative examples of positive and 
negative images for each lesion type are shown in Figure 1.
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Labelling was performed by veterinary surgeons, using 
software designed for data labelling and annotation (Lime 
Research; Lime Solution Corp). The labelling veterinary sur-
geons comprised both those who examined the patients and 
independent evaluators blinded to the clinical history. After 
three veterinary surgeons had independently performed ini-
tial labelling, cross-validation was conducted. Any disagree-
ments in labelling were reviewed, and the evaluators reached 
a consensus based strictly on visual evidence. Final confirma-
tion was achieved through a review and correction by a board-
certified referral clinician (DipAiCVD), ensuring consistency 
of labelling results.

2.3   |   Training the CNNs

EfficientNet, a type of CNN model, was employed for this study. 
Four separate models were independently trained for each 
lesion.

The images were resized to 600 × 600 pixels for training. The 
models were pretrained on ImageNet, a large-scale bench-
mark image dataset widely used in deep learning research 
[24]. After pretraining, the models were fine-tuned using the 
labelled images from this study. Training was conducted using 
TensorFlow (v2.11.0, CUDA v11.4), an open-source deep 
learning library developed by Google. The process was run on 
an NVIDIA A100 GPU machine with 80 GB of VRAM.

2.4   |   Performance Evaluation of CNNs

In order to evaluate the performance of the CNNs after training, 
independent test datasets were prepared. While collected from 
the same clinical settings as the training dataset, the test images 
were prospectively acquired. The test datasets were deliberately 
sampled to maintain a balanced number of images across the 
four lesion types, ensuring a comparable evaluation of each 
model's performance.

The test dataset sizes of each CNNs were as follows: 970 images 
for erythema, 880 images for lichenification, 743 images for al-
opecia and 792 images for erosion/ulcer. All test images were 
evaluated and labelled by a board-certified referral clinician to 
ensure reliability and consistency.

The performance of the CNN models was evaluated by compar-
ing their identification results with a veterinary surgeon's assess-
ment. Six metrics were used to evaluate the CNN performance: 
accuracy, sensitivity, specificity, positive predictive value (PPV), 
negative predictive value (NPV) and F1 score. These metrics were 
calculated based on the values of true positives (TP), true negatives 
(TN), false positives (FP) and false negatives (FN).

Accuracy is defined as the proportion of correctly identified 
images among all images, reflecting the overall performance 
of the model. However, in imbalanced datasets where one class 
(either positive or negative) dominates, accuracy alone may 

FIGURE 1    |    Representative images of each target lesion (upper row) and their corresponding negative images (lower row). (a–d) Positive images 
showing the presence of erythema, lichenification, alopecia and erosion/ulcer, respectively. Negative images: (e) normal skin without erythema. 
(f) hyperpigmentation and erythematous macules without lichenification. (g) normal skin without alopecia. (h) erythematous macules and alopecia 
without erosion/ulcer.
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not provide a reliable assessment. Therefore, additional met-
rics also were used for better evaluation. The F1 score, which 
is the harmonic mean of PPV and sensitivity, helps evaluate 
how well the model detects positive cases while balancing FP 
and FN [25]. A high F1 score indicates that the model achieves 
both high PPV (low FP rate) and high sensitivity (low FN rate).

Accuracy and F1 score are calculated by the following equations:

3   |   Results

3.1   |   Training Dataset and Labelling Results

Training dataset sizes varied across the four lesion types. 
Erythema had the largest dataset (3968 images), while erosion/
ulcer had the smallest (1985 images).

Among the total 11,228 training images, breed information 
was available for 3049 images. The most common breeds were 
miniature poodle (428 images, 14.04%), Maltese (425 images, 
13.94%) and shih tzu (342 images, 11.22%). Other commonly 
represented breeds included mixed-breed dogs (285 images, 
9.35%), Pomeranian (214 images, 7.02%) and Cocker spaniel (198 
images, 6.49%). In total, 42 different breeds were included in the 
training dataset, as detailed in Table S1.

The labelling results of training datasets for the four lesion types 
are summarised in Table 1. The proportion of positive and neg-
ative images varied among lesion types. The alopecia dataset 
exhibited a balanced distribution, with positive and negative im-
ages in an approximate 1:1 ratio. By contrast, the erosion/ulcer 
dataset revealed an imbalance, with 339 positive images and 
1646 negative images, resulting in a ratio of 1:4.9. The erythema 
and lichenification datasets showed mild imbalance, with ratios 
of 1.6:1 and 1:2, respectively.

3.2   |   CNN Performance

Each CNN model was independently evaluated using a separate 
test dataset. In total, the test datasets consisted of 3385 clinical 
images from 40 breeds, including shih tzu, Maltese, mixed-
breed dogs, Pomeranian, miniature poodle and French bulldog. 
A detailed breed composition is provided in Table S2.

The performance evaluation results of four CNN models are 
presented in Table  2. Metrics were calculated from confusion 
matrix values—TP, TN, FP and FN (Table S3). Heatmaps illus-
trating the regions that contributed to model predictions are 
shown in Figure 2. Warmer colours represent areas with greater 
influence on the model's decisions.

All four CNN models achieved an accuracy of over 90%, indicat-
ing a reliable performance across all lesion types. The alopecia 
model attained the highest accuracy of 98.12%. The F1 score of 
98.18% reflected a balanced performance between sensitivity 
(98.69%) and PPV (97.67%).

For the lichenification model, the sensitivity (87.02%) and F1 score 
(89.88%) were the lowest among the four lesion types, while spec-
ificity (94.66%) remained high. The lower sensitivity indicates a 
relatively higher false negative rate in detecting lichenification.

The erythema and erosion/ulcer models demonstrated balanced 
performance across all metrics. The erythema model showed an 
accuracy of 94.74% and an F1 score of 94.68%, while the erosion/
ulcer model exhibited an accuracy of 93.81% and an F1 score of 
93.17%.

4   |   Discussion

This study developed CNN-based AI models for identify-
ing common skin lesions in dogs. The lesion-specific CNN 

Accuracy =
TP + TN

TP + TN + FP + FN

F1 Score = 2 ×
PPV × Sensitivity

PPV + Sensitivity

TABLE 1    |    Image labelling results for the training datasets.

Lesion type
Positive 

(n)
Negative 

(n) Total (n)
P:N 

ratio

Erythema 2451 1517 3968 1.6:1

Lichenification 825 1687 2512 1:2.0

Alopecia 1353 1410 2763 1:1.0

Erosion/ulcer 339 1646 1985 1:4.9

4968 6260 11,228 1:1.3

Note: Each image was labelled as either positive (lesion present) or negative 
(lesion absent) for a single lesion type—erythema, lichenification, alopecia or 
erosion/ulcer.
Abbreviation: P:N ratio, positive-to-negative image ratio.

TABLE 2    |    Performance of convolutional neural network (CNN) models on the test dataset.

Lesion type Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%) F1 score (%)

Erythema 94.74 93.22 96.27 96.19 93.37 94.68

Lichenification 91.25 87.02 94.66 92.93 90.04 89.88

Alopecia 98.12 98.69 97.51 97.67 98.60 98.18

Erosion/ulcer 93.81 93.30 94.24 93.04 94.46 93.17

Note: Four CNN models were independently trained for each lesion type and assessed using six metrics: accuracy, sensitivity, specificity, positive predictive value, 
negative predictive value and F1 score.
Abbreviations: NPV, negative predictive value; PPV, positive predictive value.
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models, trained for erythema, lichenification, alopecia and 
erosion/ulcer, achieved reliable performance in identifying 
each lesion type.

All four models provided overall reliability, yet variations in 
their performance were observed. These differences may have 
been influenced by factors such as dataset size and class imbal-
ance [26]. The favourable performance of the erythema model 
may be attributed to the relatively large size of its training data-
set, which was approximately twice that of the smallest dataset. 
By contrast, the erosion/ulcer training dataset had the smallest 
size and a relatively pronounced class imbalance. This imbal-
ance between positive and negative images in the erosion/ulcer 
dataset may reflect the naturally low prevalence of these lesions 
in clinical practice. Despite these limitations, the erosion/ulcer 
model achieved performance metrics comparable to the ery-
thema model. This finding suggests that intrinsic lesion charac-
teristics may have compensated for the quantitative limitations 
of the dataset. To rigorously assess the model's reliability given 
the class imbalance, the F1 score was evaluated. While the F1 
score is typically more sensitive to imbalances than accuracy, in 
this study, it did not differ substantially from the accuracy. This 
similarity reflects the consistently low FP and FN rates, con-
firming that the class imbalance did not lead to biased results.

The morphological complexity of lesions significantly affected 
the performance of CNN models. A previous study on an AI 
model for human acne detection reported the influence of mor-
phological clarity on model performance. The study explained 
the model's highest performance in detecting nodular/cystic 
lesions to their distinct colour and larger size [19]. In the pres-
ent study, the impact of morphology is evident when comparing 

alopecia and lichenification. Although both models were trained 
on datasets of similar size, their performance outcomes diverged 
significantly. The relatively clear differentiation between alo-
pecic and non-alopecic areas is likely to have contributed to the 
alopecia model's robust performance. By contrast, the lichenifi-
cation model exhibited relatively lower sensitivity and F1 score, 
which may be a consequence of the visual ambiguity of the le-
sion. Lichenification can be confused with natural skin folds 
or skin atrophy, depending on the degree of skin thickening, 
leading to an increased false negative rate. Also, lichenification 
often presents in combination with hyperpigmentation, which 
can obscure lesion boundaries and negatively affect model per-
formance. Furthermore, the stable performance of the erosion/
ulcer model—comparable to that of the erythema model despite 
having a much smaller and more imbalanced dataset—high-
lights the impact of lesion clarity. The clear boundaries of the 
erosion/ulcer lesion may have enabled more effective feature 
extraction, compensating for the data shortage. These variations 
in performance, which correspond to morphological complexity, 
support the view that the models are identifying specific lesion 
features rather than merely detecting background artefacts.

Regarding the model selection, the use of EfficientNet was pri-
oritised over classical machine learning approaches that require 
manual outlining. The implementation of transfer learning 
using a model pretrained on the large-scale ImageNet dataset 
mitigated the risks associated with small datasets. By utilising 
image-level classification rather than relying on manual seg-
mentation, we minimised subjective human bias inherent in 
drawing artificial lesion borders. This enabled the model to au-
tonomously learn complex morphological features directly from 
the raw pixel data, contributing to the robust performance.

The models developed in this study focused on lesion-level iden-
tification of individual skin lesions and are intended to serve as 
complementary tools to disease-specific diagnostic models. By 
identifying lesions that are common across various dermatolog-
ical conditions, the lesion-specific models may achieve greater 
generalisability. These models show the potential to be utilised 
in daily clinical practice as supportive diagnostic tools, particu-
larly in primary-care clinics.

The selection of lesion types in this study was based on their 
clinical significance and applicability. Erythema, lichenifica-
tion, alopecia and excoriation are prevalent lesions in various 
dermatological conditions. These lesions are also included 
in CADESI-04 and CADLI, which serve as core instruments 
in standardised outcome sets for clinical trials in dogs [27]. 
However, excoriation—defined as an erosion or ulcer caused 
by self-trauma—often requires behavioural context for accu-
rate identification [10]. Therefore, erosion/ulcer was selected 
instead, as it offers a clearer definition based solely on images.

Constructing datasets with diverse breeds is essential for en-
suring the reliability of AI models in real-world clinical settings 
owing to breed-specific characteristics such as coat colour, skin 
colour and hair length. In human dermatology, several studies 
have reported differences in AI performance across skin tones 
[28, 29]. They revealed the significantly lower diagnostic accu-
racy on darker skin compared to lighter skin. These differences 
have been attributed to the predominance of lighter skin images 

FIGURE 2    |    Heatmaps generated from convolutional neural network 
(CNN) model predictions for lichenification and alopecia. (a) Original 
image of lichenification and (b) corresponding heatmap for lichenifica-
tion. (c) Original image of alopecia and (d) corresponding heatmap for 
alopecia. Warmer colours (e.g., red, yellow) indicate regions with great-
er influence on the model's decision.
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and lack of darker skin images in datasets, resulting in limited 
generalisability [30, 31]. Likewise, in canine dermatology, a lack 
of breed diversity in datasets may lead to biased models that 
perform well only within certain breeds. In this study, although 
complete breed information was not available for all training 
images, the training dataset included ≥ 42 distinct breeds. The 
models exhibited stable performance when evaluated on a test 
dataset composed of images from 40 different breeds. These 
findings suggest the potential applicability of the models across 
diverse breeds in clinical practice. However, it should be noted 
that all images were collected in Korea, where small-breed dogs 
are predominant. Consequently, application of the models to re-
gions with different breed distributions, such as countries where 
large-breed dogs are more prevalent, may potentially result in 
underperformance.

Labelling of the training dataset and the evaluation of the test 
dataset in this study were exclusively conducted by veterinary 
surgeons specialised in dermatology, ensuring high reliability. 
In previous veterinary studies on AI-based lesion detection, the 
labelling process was often insufficiently described, with un-
clear information on whether trained experts, such as veterinary 
surgeons, were involved [20, 21, 32]. By ensuring expert involve-
ment throughout both the training and test phases, this study 
minimised potential labelling errors and improved dataset con-
sistency. Furthermore, to minimise classification bias, the label-
ling panel included both veterinary surgeons who examined the 
patients and independent evaluators. Regarding dataset charac-
teristics, images collected at a veterinary teaching hospital could 
feature characteristic lesions, which may differ from cases en-
countered in primary care. However, establishing a robust base-
line with clear images is optimal for CNNs to accurately learn 
the morphological features of each lesion.

The application of AI in veterinary medicine has been rap-
idly expanding. A recent study using a large language model 
(ChatGPT-4.5) demonstrated diagnostic accuracy comparable to 
veterinary ophthalmologists in evaluating feline ocular diseases 
[33]. While its approach differs from our CNN-based model in 
terms of processing speed, reproducibility and consistency, this 
finding highlights the growing importance of AI in veterinary 
clinical practice.

In our study, the models were developed to classify the presence 
or absence of lesions only, without the ability to assess their se-
verity. Accordingly, this study should be regarded as an initial 
step toward automated lesion assessment rather than a compre-
hensive clinical tool. Future studies may extend this framework 
to incorporate evaluation of lesion severity, which could enable 
the assessment of lesion progression and ultimately support 
automated scoring systems such as CADESI-04 and CADLI. 
Additionally, developing models for other lesion types—such 
as papule, pustule, crust, epidermal collarette and scale—could 
further support diagnostic approaches for a broader range of 
skin diseases.

This study has some limitations. First, subanalysis of model per-
formance based on specific phenotypic variables, such as coat 
colour and hair type, was not conducted. Although the mod-
els were developed using datasets with breed diversity, further 
studies are needed to determine whether model performance 

differs across these specific characteristics as well as different 
breeds. Second, owing to the retrospective data, pseudo-alopecic 
conditions (e.g., skin folds, clipped areas) and environmental 
variables (e.g., fluffy hair, crusts) were included. Manual re-
view of the error cases confirmed these as primary causes of 
model errors, yet their exact proportions were not quantified. 
Additionally, imaging conditions—such as lighting, focus and 
camera quality—were not standardised, which may introduce 
bias in real-world practice. These failures highlight the inher-
ent ‘black-box’ nature of deep learning, which makes it difficult 
to explain the model's exact diagnostic logic. Future research 
should explore providing exact confidence scores to quantify the 
model's reliability for each prediction and identifying the spe-
cific features that contribute to prediction uncertainty. Another 
limitation is the lack of cross-testing across different lesion 
types. Consequently, it remains unclear whether the models 
truly identify specific features or merely recognise a general dif-
ference from normal skin. Finally, further validation on mixed-
lesion datasets is required to ensure that each model correctly 
identifies its target without interference from other co-existing 
lesions.

5   |   Conclusions

This study confirmed the validity of CNN-based AI models for 
the automated identification of common canine skin lesion types: 
erythema, lichenification, alopecia and erosion/ulcer. Four AI 
models were independently trained and validated, exhibiting 
reliable performance across multiple evaluation metrics. The 
application of the models could enable rapid and accurate der-
matologic examination, serving as supportive tools in clinical 
diagnosis and lesion monitoring throughout treatment.
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