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Abstract

Objective: Post-surgical lip symmetry assessment is a key indicator of cleft repair success. Traditional methods rely on distances

between anatomical landmarks, which are impractical for video analysis and overlook texture and appearance. We propose an

artificial intelligence (AI) approach to automate this process, analyzing lateral lip morphology for a quantitative symmetry

evaluation.

Design:We utilize contrastive learning to quantify lip symmetry by measuring the similarity between the representations of the sides,

which is subsequently used to classify the severity of asymmetry. Our model does not require patient images for training. Instead, we

introduce dissimilarities in face images from open datasets using two methods: temporal misalignment for video frames and face

transformations to simulate lip asymmetry observed in the target population. The model differentiates the left and right image rep-

resentations to assess asymmetry. We evaluated our model on 146 images of patients with repaired cleft lip.

Results: The deep learning model trained with face transformations categorized patient images into five asymmetry levels, achiev-

ing a weighted accuracy of 75% and a Pearson correlation of 0.31 with medical expert human evaluations. The model utilizing

temporal misalignment achieved a weighted accuracy of 69% and a Pearson correlation of 0.27 for the same classification task.

Conclusions: We propose an automated approach for assessing lip asymmetry in patients with repaired cleft lip by transforming

facial images of control subjects to train a deep learning model, eliminating manual anatomical landmarks. Our promising results

provide a more efficient and objective tool for evaluating surgical outcomes.
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Introduction

The human face generally exhibits a bilateral symmetry pattern,
where the soft tissues and skeletal structures are aligned accord-
ing to a symmetrical vertical plane. While perfect symmetry is
often considered an ideal standard for facial esthetics and func-
tionality, minor degrees of asymmetry are common and can
develop during growth.1–3 However, congenital conditions
such as craniosynostosis, hemifacial microsomia, or cleft lip
and palate (CL/P), as well as acquired conditions such as
Bell’s palsy, tumors, or stroke, can result in pronounced facial
asymmetry.4 Such abnormal facial asymmetry detrimentally
affects facial esthetics, psychological self-perception, and
social interactions.5 It may also impair orofacial functions that
require precise coordination.6

Estimating facial symmetry in patients with CL/P is a fun-
damental aspect of anatomical shape analysis, particularly for

evaluating the outcomes of surgical repair. This study
addresses three primary limitations in facial symmetry analysis
for patients with repaired cleft lip. First, traditional methods for
assessing lip asymmetry rely exclusively on distances between
anatomically oriented landmarks, focusing on shape alone and
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neglecting texture and appearance. Our prior research shows
that computational tools for automated landmark placement
struggle with facial features that deviate from typical
forms, such as asymmetric lip shapes.7,8 To address this
problem, we propose using convolutional neural networks
(CNNs) to analyze additional patterns in lip images—such
as edges, color, and texture—thereby moving beyond
purely measurement-based approaches that may be prone
to inaccuracies.

The second motivation is to build the infrastructure for
dynamic lip/articulatory symmetry assessment. To recognize
the dynamic nature of the face, recent technological advance-
ments have introduced 3D video capture systems that allow
for more comprehensive assessments of symmetry using
pseudo-landmarks generated from 3D meshes.3,9 However,
the widespread clinical adoption of these advanced techniques
is often limited by the high cost and limited availability of the
necessary imaging systems.10,11 Therefore, our third motiva-
tion aligns with developing a machine learning algorithm to
assess facial asymmetry using 2D images captured under stan-
dard conditions with any camera-equipped device. To enhance
feasibility and scalability, we eliminated the need for manual
landmark placement, which typically requires the specialized
expertise of experienced surgeons. Our algorithm analyzes
overall lip characteristics unlike traditional methods that
measure distances between corresponding landmarks.

Our deep learning (DL) model performance was evaluated
on 146 patient images exhibiting varying degrees of asymme-
try. One medical practitioner and four individuals familiar with
CL/P rated these images using the Cleft Aesthetic Rating Scale
(CARS),12 which assesses nasolabial symmetry based on fea-
tures such as vermilion border continuity, scar tissue, and phil-
trum shortening. We report the correlation between our
DL-based assessment and the human perceptual ratings
obtained through CARS.

Methods

This study adhered to ethical standards and received approval
from the Institutional Review Board (IRB) at The University of
Texas at Dallas under protocol number IRB-24-829, with
sponsorship from the University of Texas Southwestern
Medical Center and the Children’s Analytical Imaging and
Modeling Center Research Program. Informed consent was
obtained from all participants, and measures were implemented
to ensure confidentiality and protect participant privacy
throughout the study.

A key challenge in applying DL techniques to CL/P condi-
tions is the requirement for large datasets, as DL models
depend heavily on extensive data for effective training. A
small number of images is insufficient to train a DL model
with robust generalization to unseen images. Furthermore,
using patient data to train artificial intelligence (AI) systems
raises privacy concerns, which are currently a topic of
ongoing debate.13,14 To address this problem, we utilized
facial images from open datasets of individuals without

facial conditions. These images were transformed to introduce
asymmetries between the left and right sides of the lips, mim-
icking those seen in our target population. We applied two spe-
cific transformations: one replicating the asymmetry observed
in patients with unsuccessful CL/P surgeries (CLP transforma-
tion), and another introducing asymmetry by temporally mis-
aligning frames extracted from videos of control subjects.
These approaches overcome data limitations, enabling the
development of a DL-based tool for assessing lip symmetry
in patients with repaired CL/P.

This section describes every stage of the process of our lip
symmetry assessment approach, including the image transfor-
mations, the intuition and operation of our DL model, and the
perceptive evaluation to compare our results with human
ratings. These techniques are applied to publicly available
datasets containing facial images of individuals without
reported or evident lip asymmetry.

Temporal Misalignment
The first strategy in this study is to introduce temporal misalign-
ment to create dissimilarities between the left and right sides of
the lips in subjects displaying natural symmetry. We randomly
select two non-consecutive frames from a video where the
subject reads a pre-defined sentence. Each frame is processed
using the dlib toolkit15 for automatic facial landmark detection
(indicated by blue dots in Figure 1). Since the subjects in the
images do not have lip problems, the facial landmark algorithm
performs well in most images. Lip landmarks guided the crop-
ping of the region of interest (ROI), and central points relative
to the cupid’s bow are used to split the image into left and
right sides. One side of each image is selected, resized to 224 ×
224 × 3 pixels, and paired with the corresponding side from a
different frame to create misaligned or “negative” pairs. This
incongruence, sometimes significant, helps the model learn to
identify dissimilarities between the sides.

For comparison, our DL model also needs “positive” pairs
to differentiate between aligned and misaligned pairs. The left
and right images are obtained from a random video frame for
positive pairs. These images are processed similarly, with
face landmarks extracted and ROI cropped. The sides of the
lips are split and resized to 224 × 224 × 3 pixels, as shown
in Figure 1b. The model was trained to recognize symmetric
lip representations in these positive pairs, where no apparent
dissimilarities were expected.

We utilized videos from the American speakers in the
CRSS-4English-14 corpus,16 which consists of recordings of
105 subjects (55 females and 50 males) with no reported or
evident facial conditions. These videos were collected by the
Center for Robust Speech Systems at The University of Texas
at Dallas. We selected five videos of each subject and processed
them to extract video frames as 2D images. The selected videos
contain read speech recordings with consistent prosody and
frontal facial orientation. The linguistic content of these videos
was chosen to ensure a broad representation of English pho-
nemes, thereby capturing a diverse range of lip articulations.
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CLP Transformation
We adopt the technique proposed in our previous work by
Rosero et al,7 in which images of control subjects are trans-
formed to recreate the lip and nose configuration of patients
with repaired CL/P. They defined seven transformations
applied to the orofacial area, from which we selected the trans-
formation for unilateral upper lip asymmetry due to its suitabil-
ity to our lateral asymmetry assessment goal. The process starts
by using the dlib toolkit as our landmark detector. Figure 2
illustrates the process of triangulating the control image into
small regions based on facial landmarks. Specifically, areas
around the lips are warped to match patients with residual uni-
lateral asymmetry lip format. After the CLP transformation, the
displaced lip points are used to crop the ROI on both the orig-
inal control image and the transformed one. We also apply
erosion filters to the ROI to remove small-scale noise from
images.

We use frontal facial images from the Chicago Face
Dataset (CFD)17–19 and the Young Labeled Faces in the
Wild (YLFW) dataset20 for this technique. The datasets
contain images of subjects from diverse ethnicities, genders,
and ages without evident or reported facial conditions.
Licenses for research purposes are available. Our DL model
learns dissimilar characteristics from asymmetric pairs
obtained using CLP transformation.

For both techniques—temporal misalignment and CLP
transformation—positive and negative image pairs are
cropped using the same strategy. This strategy is based on
lip landmarks, with the lip sides split according to points rela-
tive to the cupid’s bow. It is important to note that the model
learns from both modified and unmodified control images.
We do not use data from individuals with CL/P. The images
from our target population are used only to evaluate our model.

Deep Learning Model
DL is a subfield of AI built to gather knowledge by learning
patterns directly from data.21 This work mainly relies on
CNNs to build our model.

Image Processing Using Convolutional Neural Networks. Medical
diagnosis supported by the analysis of images generated in clinical
practice has gained attention due to advancements in medical
imaging equipment and computational techniques, such as
CNNs.8,22,23 Inspired by the operation of the visual cortex of
mammals, artificial neurons in convolutional layers recognize
image patterns, such as edges, colors, or texture. When grouped
together, artificial neurons form trainable filters optimized to
produce meaningful image representations. Convolutional layers
extract information from small regions or patches all over the
image, as shown in Figure 3a. By condensing the information of
a small patch into a single number, these layers reduce the dimen-
sionality of the input while keeping the most relevant information.

As several convolutional layers are appended, more
complex features are extracted. Therefore, CNNs include
several convolutional layers along with a few linear layers
that combine the 2D characteristics into a 1D vector represen-
tation. Figure 3b illustrates our Siamese CNN model. This
structure is called Siamese since it contains two identical
branches that process each side of the input pair. The vector
representation of each image can be used for various tasks of
computer vision, such as image classification or segmentation.
In our model, we will use it for symmetry estimation.

Several well-established CNN models have shown impressive
results on computer vision tasks.24–26 We have considered the
MobileNetV2 model26 as the backbone for our CNN branches
due to its light computational burden and high performance

Figure 1. Image transformation based on temporal misalignment to introduce dissimilarity between left and right sides on lips of control sub-

jects. The video frames shown in the figure were obtained from the CRSS-4English-14 corpus. (a) An example of a temporally misaligned pair,

which combines the lip sides of two pairs obtained from the same frame. (b) An aligned or matched pair obtained from the same frame.
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across a variety of tasks. The study of Sandler et al26 provides
further technical details about the MobileNetV2 model.

Contrastive Learning. The parameters in our Siamese CNN are
optimized for the training data with the guidance of a loss func-
tion. Our design adopts the contrastive loss, which encourages
the model to learn closer representations for positive pairs
while distant representations for negative pairs.27 The contras-
tive loss is given by:

L = 1

2N

∑N

i=1

(yi · D2 + (1− yi) ·max (0, margin− D)2),

where D is the Euclidean distance between the lateral repre-
sentations of a pair, guiding the quantification of lip symmetry.
The binary label yi indicates whether the pair is positive
(yi = 1) or negative (yi = 0). The number of training pairs is
denoted by N , and the margin parameter enforces the separa-
tion of representations of negative pairs from those of positive
pairs.

As shown in Figure 3c, the Siamese CNN branches predict
two 1D representations, which are subsequently used to
compute D, aiding in the assessment of differences between
left and right lip representations. Positive pairs are expected
to have low D values, while negative pairs are expected to

Figure 2. Stages of the CLP transformation, in which a control image of the Young Labeled Faces in the Wild (YLFW) dataset is triangulated to

warp regions in the lip area to simulate unilateral CL/P asymmetry.
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have high values. The parameters of the Siamese CNN are opti-
mized by minimizing the loss function L during training.

The Euclidean distance D is the quantitative measure of lip
symmetry that guides the classification of pairs into positive
and negative categories, with accuracy and precision metrics
reported for this task. Moreover, D will be utilized to catego-
rize images of patients with repaired CL/P based on the
severity of lip asymmetry, as described in the Lip Symmetry
Evaluation section.

Lip Symmetry Evaluation. We collected 146 frontal images of
patients with repaired unilateral CL/P. These images were
sourced from various online platforms that do not prohibit
their use1. These images are used solely to evaluate our
system. They are neither used to train our Siamese CNN nor
released or presented in this manuscript.

Lip symmetry was evaluated by human raters using the
CARS,12 a five-point photographic scale for evaluating nasola-
bial appearance in patients with repaired unilateral cleft lip. The
scale originally analyzes nasal and lip characteristics of symme-
try. However, for the scope of our study, we limited the analysis
to lip-specific features: vermilion border continuity, scar tissue,
and philtrum shortening. On this scale, a score of 1 represents a
high symmetric appearance, while a score of 5 indicates a signif-
icant asymmetry. Only the ROI (the lips) was shown to the
raters. One medical practitioner and four subjects familiar with
the CL/P condition rated the images. To assess the consistency
of human ratings of lip symmetry, we calculated the Fleiss’
kappa, a statistical measure of inter-rater reliability. This
metric quantifies the level of agreement among multiple raters,
assigning categorical ratings to a set of images.28

To correlate human-perceived symmetry with our system’s
predictions, we used the Euclidean distance D, calculated by
our Siamese CNN, as a measure of lip symmetry. For each
image, the trained Siamese CNN generates a D value,

normalized under the same conditions as the training set and
rounded to the nearest category in CARS (1-5). We calculate
the Pearson correlation between the CARS scores and the nor-
malized Euclidean distances predicted by our model as an indi-
cator of prediction association.

The metrics reported for these 146 images include the
weighted accuracy and the weighted average precision.
Accuracy is commonly used for multi-class classification
tasks in DL. Precision, however, is more relevant for binary
classification tasks such as detection. These tasks are
common in the medical field, where controlling false positives
(FP) is crucial. For this reason, we report the precision per
class, considering FP for all wrongly classified samples.
Then, we calculate the weighted average of the precision for
each class, considering as FP all samples that are incorrectly
classified. Subsequently, we calculate the weighted average
of the precision across all classes. These weighted metrics
also account for the severity of misclassifications.
Specifically, the penalty for misclassification increases with
the disparity between the predicted and actual classes. For
example, the model is penalized more heavily for misclassify-
ing an image from scale 1 as scale 5. In contrast, a misclassifi-
cation of scale 2 as scale 1 incurs a smaller penalty, reflecting
the similarities between images in adjacent classes.

Experiments
For both experiments, the DL model was trained using a subset
of pairs, referred to as the “training” set. A separate group of
“validation” pairs was used to select the optimal model config-
uration, while a different set of “testing” pairs was used to eval-
uate the system post-training. All these sets contain
transformed or misaligned images of control subjects, and
pairs were not shared across sets. Only the “CLP test” set con-
tains images of patients with repaired CL/P.

Figure 3. Stages of the Siamese CNN model, which is trained with positive and negative pairs obtained with the temporal misalignment and

CLP transformations. (a) A single convolutional layer processing small patches all over the image. (b) The Siamese model contains two identical

CNN branches that process each side of the input pair with a series of convolutional layers. Each branch learns a vector that represents the

input images. (c) The Siamese model trained with positive and negative pairs, which result in high and low similarity.
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Experiment 1: Siamese CNN With CLP Transformation. Images
extracted from the CFD and YLFW datasets underwent CLP
transformation and preprocessing steps, which involved crop-
ping and splitting the images based on automatic facial land-
marks. We used 2298 left-right lip pairs to train the Siamese
CNN, 578 pairs for validation, and 510 pairs for testing, all
obtained from control images. Each subset contained an
equal proportion of negative and positive pairs. Both branches
of the Siamese CNN were initialized with pre-trained parame-
ters obtained from the ImageNet database.29 We expect this
starting model to be able to characterize primitive image pat-
terns such as borders, edges, and textures. The initialized
model was then further trained (fine-tuned) with the lip pairs
to adapt the parameters for the specific task of symmetry
assessment.

Experiment 2: Siamese CNN With Temporal Misalignment. For
this experiment, we transform control images from the
CRSS-4English-14 dataset to form negative pairs using the tem-
poral misalignment technique. Extracting images from videos
results in more training images than the CLP transformation
experiment. We use 128,000 pairs for training, 29,000 for valida-
tion, and 31,000 for testing. As in the last experiment, we use an
equal amount of positive and negative pairs from all subsets of
data. We also use the same Siamese CNN model initialized
with pre-trained parameters for object characteristic extraction
and fine-tuned to perform the lip symmetry assessment.

Results

Siamese CNN With CLP Transformation
We report the model’s accuracy and precision in differentiating
between positive and negative pairs with the CLP transformation
approach. Negative pairs underwent the CLP transformation,
while positive pairs did not. The Siamese CNN model was opti-
mized over 12 iterations of the training set, and the resulting
metrics are presented in the row “CLP Transf.” of Table 1.

During training, the model achieved an accuracy of 98.42%
on this binary classification task, demonstrating its ability to
automatically distinguish characteristics from both sides of

the lips and determine when they are dissimilar enough to be
classified as a negative pair. The precision on the same training
set was similarly high at 98.09%. A higher performance in the
training set compared to the validation set is acceptable, as the
model iteratively learns to perform the symmetry assessment
task using the training data. During this process, the model
adjusts its parameters to optimize performance on the valida-
tion set. Training stopped when validation metrics showed
no improvement over three consecutive iterations, and the
parameters of the best-performing model were retained. The
characteristics learned from the training pairs enabled the
model to achieve an accuracy of 85.35% and a precision of
86.51% on the validation set. While the validation set guided
the training process and informed decisions about when to
stop, the test set remained unseen throughout training.
Consequently, the test set accuracy of 87.65% and precision
of 86.67% are strong indicators of the model’s ability to gen-
eralize and perform effectively on new, unseen samples.

While the metrics reported for lip symmetry as a binary task
provide valuable insight into the model’s training performance,
it is not appropriate to classify images of patients with repaired
CL/P strictly as positive or negative pairs. This is because not
all patients in our dataset exhibit upper lip asymmetry, reflect-
ing the variability observed in real-world outcomes. Therefore,
for evaluating images of patients in the CLP test set, we use the
Euclidean distance D predicted by the model as a measure of
symmetry. Figure 4a provides a graphical representation of
the predicted D values for all pairs in both the test set and
the CLP test set. This visualization highlights how the model
organizes these samples prior to classification. Notably, nega-
tive pairs of the test set (red dots) are dispersed toward higherD
values, with a mean of 18.15, while positive pairs of the test set
(green dots) are concentrated at lower D values, with a mean of
2.32. This distinct separation demonstrates that our model
effectively differentiates between image representations, max-
imizing the distinction between positive and negative pairs.
The distances D for the CLP test set are also shown in
Figure 4a as blue dots. These predictions are distributed
across a range of values corresponding to both positive and
negative samples in the test set. This spread reflects the vari-
ability in surgical outcomes among patients with repaired
CL/P, as not all outcomes result in upper lip asymmetry.

The Euclidean distance D serves as a quantitative measure
for guiding the classification of CLP test set images into the
five classes defined by the CARS scale, rather than the
binary classification (positive or negative) applied to other
data subsets that exclude patient images. The weighted accu-
racy and precision metrics for the CLP test set are reported
in Table 1. When aligning the predicted values with the five
asymmetry levels defined in CARS and rated by a medical
practitioner, the Siamese CNN model achieved a weighted
accuracy of 75.34% and a weighted precision of 63.53%.
While the accuracy of 75.34% is lower than the binary classi-
fication accuracy, this decrease is expected due to the increased
complexity of the 5-class task. The CARS scale captures subtle
variations in lip symmetry among patients with repaired CL/P,

Table 1. Siamese CNN Accuracy (%) and Precision (%) to

Differentiate Positive and Negative Pairs on the Training, Validation

and Testing Sets Obtained by Transforming CFD and YLFW

Databases.

Experiment Metric Training Validation Test
CLP
test

CLP Transf. Accuracy 98.42 85.35 87.65 75.34

Precision 98.09 86.51 86.67 63.53

Temp. Misal. Accuracy 97.12 91.57 92.62 69.41

Precision 84.52 83.94 85.19 70.04

The weighted accuracy (%) and precision (%) to classify patient images into a

five-point scale of asymmetry is reported on the CLP test set.
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making fine-grained distinctions necessary. Furthermore, an
analysis of the dataset reveals that 88% of the images belong
to classes with low severity (1, 2, and 3), which dominate
the dataset. Conversely, classes 4 and 5, representing more
severe cases, are underrepresented. This class imbalance adds
another layer of difficulty to the classification task. Notably,
a random guess in this scenario would achieve an accuracy
of only 20%, highlighting the system’s capability to identify
meaningful patterns. The weighted precision of 63.53%
reflects the increased likelihood of FP in a multi-class
setting. However, this result remains competitive, given the
inherent subjectivity of assessing lip symmetry.

We calculate the Pearson correlation between CARS human
assessments and the Euclidean distances predicted by our
model as an indicator of prediction association. Therefore,
we normalize and map D values for the CLP test set to
match the CARS scale, ranging from 1 to 5. The Pearson cor-
relation is reported separately for ratings by a medical practi-
tioner and by external evaluators familiar with the CL/P
condition. The medical practitioner provides the surgeon’s per-
spective, while non-medical subjects, representing the general
population, offer judgments regarding facial features that
deviate from normality at a first glance.

The Pearson correlation for the CLP test set is 0.37 when
compared with human ratings by non-medical practitioners
and 0.31 when compared to expert ratings. These values indi-
cate an acceptable correlation with human ratings of lip sym-
metry. A related study on the automatic esthetic outcome
assessment using a plane of symmetry for patients with
repaired CL/P reported a Pearson correlation of 0.236
between predicted scores and human ratings.30 Furthermore,
the challenge of assessing lip symmetry in patients who have
undergone cleft lip repair surgery is reflected in the inter-rater

agreement. For the 146 frontal images of patients with repaired
unilateral CL/P, the Fleiss’ kappa was 0.25, indicating fair
agreement and underscoring the subjectivity of the task.
Similar findings were observed in the study of Bakaki
et al,30 where human-assessed esthetic scores achieved a corre-
lation of 0.457.

We anticipate that increasing the number of medical practi-
tioners participating in the annotation process, rather than
including non-medical evaluators familiar with the CL/P con-
dition, could enhance inter-rater agreement in future studies.
This improvement would likely provide more consistent and
clinically relevant benchmarks for evaluating lip symmetry.

Siamese CNN With Temporal Misalignment
We report the model’s accuracy and precision in differentiating
between positive and negative pairs with the temporal mis-
alignment approach. The Siamese CNN model was optimized
over 15 iterations of the training set, and the resulting metrics
are shown in Table 1 for the temporal misalignment experi-
ment listed in row “Temp. Misal.”

Similar to the CLP transformation experiment, we obtain
high accuracy on the training and validation subsets (ie,
97.12% and 91.57%, respectively), and an acceptable reduc-
tion of precision in the same subsets (ie, 84.52% and
83.94%) due to the presence of FP. The model’s accuracy in
differentiating between positive and negative pairs on unseen
pairs of the testing set reached a value of 92.62%, while the
precision reached a value of 85.19%. Analyzing the metrics
for the training, validation, and testing sets on the binary task
of classifying positive and negative pairs, we identified a
slightly superior accuracy using the temporal misalignment
approach with a slightly inferior but still competitive precision

Figure 4. Visual representation of the Euclidean distance predicted by the Siamese CNN on the test sets of the two different image transfor-

mations and the CLP test set. (a) Siamese CNN model predictions using the CLP transformation technique. (b) Siamese CNN model predictions

using the temporal misalignment technique.
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to perform the task. However, the decision for the best
approach should consider the CLP test set.

Figure 4b presents the predictions D for positive and nega-
tive pairs obtained with temporal misalignment in the test set.
With more samples in the plot, the Siamese CNN trained with
temporal misalignment also spreads out representations of neg-
ative pairs towards higher D values with a mean of 30.31,
while keeping representations of positive pairs in lower D
values with a mean of 1.35. Notably, the clusters of this exper-
iment are a bit more disentangled than the CLP transformation
experiment, which explains its superior accuracy of 92.62% on
the testing set.

As in the CLP transformation experiment, we map the
obtained predictions to the CARS scores ranging from 1 to 5
to evaluate the prediction association with human ratings. The
Pearson correlation with expert medical ratings was 0.29, while
the correlation with non-medical subjects was 0.27. The model
predictions and the medical practitioner ratings were used to
compute the weighted accuracy and precision, which resulted
in a value of 69.41% and 62.20%, respectively. The reduced cor-
relation and weighted metrics observed with the temporal mis-
alignment transformation on the CLP test set can be attributed
to the different nature of the transformations. While the CLP
transformation specifically modifies the upper lip contour, the
temporal misalignment approach introduces variations across
the entire lip configuration, as illustrated in Figure 1a. The
CARS scale, which evaluates the symmetry and continuity of
the vermilion border, naturally aligns more closely with the
CLP transformation results, given their shared focus on upper
lip asymmetries. In contrast, the model trained with temporal
misalignment learned to detect differences throughout the
entire lip region, not just the upper lip. Moreover, the CLP trans-
formation was trained on images predominantly depicting neutral
facial expressions without teeth exposure. In contrast, the images
used for the temporal misalignment approach were extracted
from videos in which subjects were speaking, resulting in non-
neutral lip configurations and visible teeth. These factors could
influence the model’s decision to classify an image pair as dis-
similar for differences not only in the upper lip.

Discussion

This work presented a strategy to assess lip symmetry in
patients with repaired CL/P without relying on landmarks for
measurements. We demonstrate the feasibility of transforming
facial images of control subjects to replicate the residual lip
asymmetry seen in cleft lip repair surgery. The model trained
with the CLP transformation technique better correlated with
human ratings than the temporal misalignment technique.
Therefore, our future work will focus on refining the CLP
transformation approach to enhance its accuracy and applica-
bility. Nevertheless, the temporal misalignment technique
may be promising for other conditions affecting facial symme-
try, particularly those that alter the overall lip configuration
rather than the lip shape itself, such as facial palsy, facial paral-
ysis, or Ramsay Hunt syndrome.

In parallel with our approach, advancements in image pro-
cessing and computer vision have led to the development of
automatic face landmark detectors for the general popula-
tion.15,31–33 Cortes et al34 used 2D images of CL/P patients col-
lected from the internet and processed them with an automatic
landmarking tool15 to rank images into three severity levels.
However, a study by Rosero et al7 showed that these tools
often fail on faces with anatomical deviations from the norm,
as they were trained on faces without significant anomalies.
Consequently, the automatic placement of landmarks in patients
with repaired or unrepaired CL/P is often inaccurate, potentially
leading to errors in calculating lateral symmetry based solely on
these measurements. While these landmarks can be used to
define a ROI—in this case, the lips—we propose an alternative
approach that analyzes the left and right sides of the lips to
provide an asymmetry metric based on image analysis, rather
than relying exclusively on landmark-based measurement.

Our strategy enables the training of DL models using trans-
formed images, addressing the limitations of previous approaches.
Traditional machine learning models, often trained with fewer
than a hundred images, were less complex and unable to extract
highly intricate features from images. This limitation increased
the risk of the models memorizing the training samples, leading
to poor generalization to unseen images during evaluation. Our
approach overcomes this challenge with an effective strategy
that leverages large datasets and sophisticated image transforma-
tion techniques, allowing the models to learn complex tasks with
greater accuracy and applicability.

Wu et al35 and Al-Rudainy et al36 compared features com-
puted from image patches rather than using landmark dis-
tances, to estimate unrepaired cleft lip severity. However,
their approaches relied on 3D stereophotogrammetry mesh to
conduct a patch-based analysis. In contrast, our system evalu-
ates 2D images of patients using a pre-trained model that can
be deployed on-site in various clinics without relying on
expensive equipment. Another advantage of this methodology
is the protection of patient privacy. Our model does not use
images of patients to learn the task. Instead, it learns from
transformed images extracted from open datasets of subjects
without conditions affecting the face. Therefore, patients do
not need to consent to sharing their facial images, as their
data will be protected by the medical center’s data system.

Evaluating surgical outcomes, focusing on symmetry, is
fundamental for advancing cleft care. Surgical success is
judged by more than restoring function. Facial esthetics and
symmetry are key determinants of satisfaction for patients
and their families. As technology evolves, the integration of
precise and objective assessment tools will further empower
surgeons to refine their techniques and identify areas for
improvement. The symmetry and continuity of the upper lip,
Cupid’s bow, and vermilion alignment are critical parameters
for comparing postoperative outcomes of various cheiloplasty
techniques, including Pfeifer’s, Millard’s, and Tennison’s
methods.37,38 However, traditional symmetry assessments are
often time-consuming, subjective, and influenced by uncon-
scious bias. In contrast, objective metrics based on image
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features analysis, such as the symmetry estimation utilized in
this study, allow for precise and reproducible outcomes analy-
sis, contributing to evidence-based practice. Therefore, devel-
oping standardized protocols for assessing repairs may
provide objective comparability across different lip repair
techniques.

Moreover, our system evaluates 2D images of patients using
a pre-trained model that can be deployed on-site in various
clinics without sharing patient data or uploading it to the
cloud. This is feasible because the system can run on local
devices. The architecture of our model is lightweight and can
function on devices with lower computational power than
those used for training. Consequently, once fully trained, the
model can be adapted to run on smartphones. We envision
our system as a complementary tool for medical practitioners,
enabling the estimation of asymmetry without requiring
manual landmark placement or distance measurements
between corresponding facial points.

We selected frontal images with neutral facial expressions
for our CLP test set. However, our images exhibit varying
lighting conditions, slight head rotations, and different
camera resolutions. Standardizing a setup for collecting
patient images to test our models would likely improve the per-
formance of our metrics on unseen data. We are also commit-
ted to exploring improved transformation techniques to
continue using images of control subjects instead of patient
images for training DL models. Image generation techniques,
such as diffusion models,39 have demonstrated their potential
to produce realistic facial photos. They could be considered
for future work targeting the generation of faces displaying
lip asymmetry due to residual scarring.

While our study demonstrates the potential of automatic
tools for lip symmetry assessment, especially using the CLP
transformation approach, a few limitations must be acknowl-
edged. First, both approaches developed in this work require
frontal facial images, as lateral head rotations adversely
impact symmetry prediction. The datasets used for both static
images and video analysis consist exclusively of frontal faces
without occlusions, which is a prerequisite for our system’s
operation. Furthermore, the system’s performance currently
relies on non-patient data. To simulate the facial features of
our target population, we transformed publicly available data-
sets; however, this approach may not fully capture the variabil-
ity present in real patient data. We anticipate that incorporating
anonymized patient images into the training process will
improve further the system’s accuracy and generalizability.

Conclusions

This study presents a DL approach for assessing lip symmetry
in patients with repaired CL/P. The CLP transformation, which
simulates unilateral lip asymmetry, demonstrated a stronger
correlation with human ratings and achieved a weighted cate-
gorization accuracy of 75.34% in assessing lip symmetry.
The temporal misalignment approach, while less effective,
still provided valuable insights. Our models were trained on

transformed control images, preserving patient privacy and
allowing deployment in clinical settings through a system
designed to run locally on devices, including smartphones,
without relying on cloud-based data processing.
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