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Abstract
Deep learning algorithms has recently been used to determine clinical attachment levels (CAL) which aid
in the diagnosis of periodontal disease. However, the limited �eld-of-view of dental bitewing x-rays poses
a challenge for convolutional neural networks (CNN) because out-of-view anatomy cannot be directly
considered. This study presents an inpainting algorithm using generative adversarial networks (GANs)
coupled with partial convolutions to predict out-of-view anatomy to enhance CAL prediction accuracy.
80,326 images were used for training, 12,901 images were used for validation and 10,687 images were
used to compare non-inpainted methods to inpainted methods for CAL predictions. Statistical analyses
were conducted using mean bias error (MBE), mean absolute error (MAE) and Dunn’s pairwise test
comparing CAL at p=0.05. Comparator p-values demonstrated statistically signi�cant improvement in
CAL prediction accuracy between corresponding inpainted and non-inpainted methods with a MAE of
1.04mm and 1.50mm respectively. The Dunn’s pairwise test indicated a statistically signi�cant
improvement in CAL prediction accuracy between both inpainted methods compared to their non-
inpainted counterparts, with the best performing methods achieving a Dunn’s pairwise value of -63.89.
This study demonstrates the superiority of using a generative adversarial inpainting network with partial
convolutions to predict CAL from bitewing images.

Introduction
Periodontitis causes the loss of the gingival tissues and bone support around the teeth.(1, 2) CAL is
de�ned as the distance from the cemento-enamel junction to the base of the gingival sulcus during
periodontal diagnostic probing. Mean annual loss of CAL of 0.1 mm per year has been reported in a
general population.(3) In patients who have high susceptibility to periodontal disease, the loss of CAL can
be as fast as 0.1-1 mm per year.(4) Therefore, identifying the change of CAL longitudinally is crucial to
monitor disease progression. Radiographic anatomical localization has been utilized in the quantitative
assessment and structural identi�cation of dental anatomy(5). Segmentation accuracy by manual
delineation is reliant on an individual’s experience, subjective judgement, and is time consuming.
Currently, no methods of automatic assessment of CAL are well developed and validated. Further, oral
health care providers demonstrate calibration in their measurement of CAL, with recordings plus or minus
1mm, the increment able to be discerned by the clinician.

CAL is often veri�ed using bitewing and periapical radiographs. Bitewings offer high contrast, high
resolution, minimal spatial distortion, and relatively low radiation dose. Bitewings have a limited �eld of
view (FOV) and might not capture enough maxillary or mandibular bone if compromised by image
acquisition setup error, abnormal anatomy, or large patient anatomy.

To �ll in missing image content, statistical image inpainting methods such as PatchMatch have been
used (6, 7). These methods iteratively search for the best �tting patch but has no semantic awareness
and can produce artifacts in the presence of heterogenous intensity information. Convolutional neural
networks (CNNs) have been used in medical and dental applications to predict anatomy, radiation dose,
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image registration, periodontal health, and tooth labels(8–12). Conventional CNNs rely on pixel-level loss
which encourages overly smooth predictions(13–15). To overcome this, conditional generative neural
networks (GANs) have been engineered to encourage realistic predictions(16). GANs are comprised of at
least one CNN generator and one CNN discriminator, trained adversarially to enforce image-level
realism(17). GANs are di�cult to train and computationally expensive because they rely competing CNNs,
so the generators and discriminators are usually minimized to facilitate model convergence and
accommodate for hardware limitations(18, 19). GANs have been applied to image inpainting in other
domains but tend to produce artifacts when used on the periphery of images or on irregular shapes(20).

To solve this problem, a novel dental inpainting algorithm has been developed that uses a generative
adversarial network combined with partial convolutions to increase the accuracy of CAL predictions from
bitewing radiographs.

Methods And Materials
Data Collection

Permission to carry out this study, with waiver of consent and in compliance with HIPAA, was obtained
from the UCSF Institutional Review Board (approval 18-24659) and all research was carried out in
accordance with relevant guidelines and regulations. This study was a retrospective study, for which the
requirement for informed consent was waived by the Institutional Review Board of UCSF due to its data
source and methods. The data used for this study is not publicly available due to sensitive medical
information, but is available from the corresponding author on reasonable request. CAL measurements
were aggregated on patients spanning a three-and-a-half-year period from July 2016 through January
2020. Cases were matched with radiographic images (bitewing and periapical radiographs) acquired
within 6 months prior to the periodontal therapy. Cases where periodontal charted values and diagnosis
did not match with therapy were excluded as well as negative CAL values and those of 6mm and above
to maintain high ground truth data integrity. Purposive sampling selection criteria and cases selected
were reviewed by 3 experienced academic practicing clinicians (one periodontist, GL 11 years of
experience and two general dentists, RV 22 years of experience and JMW 38 years of experience) to verify
ground truth data.
Generative Adversarial Inpainting with Partial Convolutions

The inpainting network is comprised of 2 generators and 3 discriminator CNNs. The Partial Convolution
Encoder-Decoder generator focuses the network on missing regions of the images and �lls in missing
anatomy, while the second Re�ne Encoder-Decoder generator encourages overall realism of the image
and helps re�ne the predictions from the Partial Convolutional Encoder-Decoder generator. The
discriminators utilized a pre-trained VGG network and 1 patchGAN dynamic discriminator. Figure 1
depicts the information �ow of the inpainting process as well as the various network components.

The Partial Convolutional Encoder-Decoder generator is comprised of 12 partial convolutional blocks that
consist of 3x3 partial convolutional layers paired with leaky recti�ed linear unit (LeakyReLU) activation
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and synchronized instance normalization. The encoder stage utilized 6 Partial Convolutional blocks with
stride 2 and the decoder stage utilized convolutional kernels with 2x upsampling layers. The outputs of
each multi-scale level in the encoding stage are concatenated with the upsampled corresponding
decoding multi-scale level as part of the Partial Convolutional apparatus.

The Re�ne Encoder-Decoder generator consists of 2 7x7 convolutional blocks, and 7 residual blocks. The
7x7 convolutional blocks utilized 7x7 stride 2 convolutional kernels, synchronized instance normalization,
3x3 convolutional kernels, synchronized instance normalization, and ReLU activation. The residual blocks
contained a 3x3 convolutional kernel, instance normalization, followed by a 3x3 convolutional kernel,
instance normalization, and a residual connection that additively combined the input of the residual block
with the output.

The VGG discriminator consisted of 5 4x4 convolutional blocks with instance normalization and a �nal
average pooling layer. The 2nd, 3rd, and 4th blocks were paired with LeakyReLU activation. The
patchGAN discriminator consisted of 4 4x4 convolutional kernels paired with instance normalization.

Training, and Hypothesis Testing

The model was trained using �ve different loss functions. The generator loss and L1 loss enforce spatial
congruence between the input and output network signals. The Style loss uses loss from shallow and
deep layers to help encourage stylistic consistency of the inpainted region. The VGG losses use deep
networks to help enforce general realism of the predictions. The patchGAN discriminator loss helped
preserve local texture features in the inpainted region. Figure 2 shows the generator, L1, Style, VGG, and
discriminator loss functions.

The model was trained on 80,326 images and validated on 12,901 images. An additional 10,687 images
corresponding to 40,077 ground truth CAL measurements were withheld from the data science team and
used only once to avoid multiple hypothesis testing. Ground truth radiographic images were provided to
blinded data scientists without clinical data for CAL predictions.

During inferencing, the discriminators were discarded and only the generators were used. The resulting
inpainted image from the generator was fed into a CAL prediction. The two CAL prediction algorithms
used in this study based on two open-source algorithms, Deep Lab
(https://github.com/tensor�ow/models/tree/master/research/deeplab) and DETR
(https://github.com/facebookresearch/detr). We refer to Deep Lab as Method 1 and DETR as Method 2.
The accuracy of the inpainted algorithm for method 1 (Inpaint 1) was compared to the non-inpainted
algorithm for method 1 (Non-Inpaint 1) and the accuracy of the inpainted algorithm for method 2 (Inpaint
2) was compared to the non-inpainted algorithm for method 2 (Non-Inpaint 2).

The purpose of this study was to demonstrate the affect inpainting using various open-source CAL
prediction algorithm. We could not replicate all foreseeable CAL prediction algorithms so only common
open-source algorithms were used.
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To determine the affect inpainting had on the resulting CAL accuracy, MAE between the ground truth and
predicted values was determined as well as comparator p-values from the Kruskal-Wallis test.
Additionally, pairwise differences in accuracy between each method was assessed using Dunn’s pairwise
comparison. The Dunn’s test for pairwise comparisons was used as a post hoc test and adjusted for
familywise error rate. Prediction accuracy among teeth (�rst molar, second molar, and premolar) was
evaluated using the Kruskal-Wallis test. All hypothesis testing assumed a standard signi�cance level of
0.05.

Results
Figure 2 shows that the generator loss and discriminator loss converged at about 0.8 million iterations
while the Style loss, VGG loss, and L1 loss converged at about 8.5 million iterations. The peak signal to
noise ratio (PSNR) and structure similarity index measure (SSIM) continued to improve up to 8.5 million
iterations. The model was stopped early to mitigate over�tting.

Figure 3. Representative images of method 1 without inpainting (left) and with inpainting (right). The left
images show the original x-rays, and the right images show the inpainted x-rays with apical bone and
teeth contours. The points represent the CEJ and apical bone positions representing CAL and the lines
align the original and inpainted images.

Table 1 shows the mean absolute error (MAE), corresponding standard deviation (sdMAE), mean bias
error (MBE), corresponding standard deviation (sdMBE), and sample size (n) for all methods. The
difference between Inpaint 1 and Non-Inpaint 1 was 0.46mm MAE. Likewise, the difference between
Inpaint 2 and Non-Inpaint 2 was 0.51mm MAE.

Table 1
The mean absolute error (MAE), corresponding standard deviation (sdMAE),

mean bias error (MBE),  corresponding standard deviation (sdMBE), and
sample size (n) are shown for all methods.

Measure MAE sdMAE MBE sdMBE n

Non-Inpaint 1 1.50 1.10 -1.26 1.37 40,077

Non-Inpaint 2 1.66 1.18 -1.43 1.45 40,077

Inpaint 1 1.04 0.86 -0.43 1.28 40,077

Inpaint 2 1.15 0.92 -0.58 1.36 40,077

Chi-squared (K-W) 3 df 8955.74        

P-value <0.0001        

 

Table 2 shows the Dunn’s pairwise comparison and corresponding p-values for all possible combinations
of methods.  A statistically signi�cant Dunn’s pairwise test value of -63.89 was observed between Inpaint
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1 and Non-Inpaint 1.  Similarly, a statistically signi�cant Dunn’s pairwise test value of -65.20 was also
observed between Inpaint 2 and Non-Inpaint 2.

Table 2
The Dunn’s pairwise comparison and corresponding p-values

are shown for all possible combinations of methods.
Comparison Dunn's pairwise p-value

Inpaint 1 vs Inpaint 2 -16.98 <0.0001

Inpaint 1 vs Non-Inpaint 1 -63.89 <0.0001

Inpaint 1 vs Non-Inpaint 2 -82.18 <0.0001

Inpaint 2 vs NonInpaint 1 -46.91 <0.0001

Inpaint 2 vs NonInpaint 2 -65.2 <0.0001

NonInpaint 1 vs NonInpaint 2 -18.29 <0.0001

 

Table 3 shows the sample size (n), mean absolute error (MAE), corresponding standard deviation
(sdMAE), mean bias error (MBE) and corresponding standard deviation (sdMBE) for the Premolar, First
Molar and Second Molar teeth for all algorithms.
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Table 3
Sample size (n), mean absolute error (MAE), corresponding standard deviation (sdMAE), mean bias error
(MBE), corresponding standard deviation (sdMBE), Chi-squared Kruskal-Wallis with 2 degrees of freedom

and p value, for tooth category, for all methods.
Method Tooth

Category
n MAE sdMAE MBE sdMBE Chi-squared

(K-W)

2 df

p-value

Non-
Inpaint 1

Premolar 22246 1.40 1.01 -1.15 1.28    

  First Molar 8899 1.61 1.09 -1.40 1.34    

  Second
Molar

8932 1.64 1.30 -1.37 1.58 419.6 <0.0001

Non-
Inpaint 2

Premolar 22246 1.56 1.09 -1.32 1.37    

  First Molar 8899 1.77 1.17 -1.57 1.43    

  Second
Molar

8932 1.80 1.36 -1.54 1.65 1451.22 <0.0001

Inpaint 1 Premolar 22246 0.92 0.74 -0.30 1.14    

  First Molar 8899 1.10 0.82 -0.67 1.20    

  Second
Molar

8932 1.30 1.08 -0.51 1.61 1047.45 <0.0001

Inpaint 2 Premolar 22246 1.03 0.81 -0.45 1.23    

  First Molar 8899 1.23 0.90 -0.82 1.29    

  Second
Molar

8932 1.41 1.13 -0.66 1.68 889.89 <0.0001

Discussion
This study implemented a generative adversarial network inpainting method with partial convolutions to
enhance the prediction of clinical attachment level compared to non-inpainted methods. Moreover, this is
the �rst-time GAN-based inpainting was used to enhance the prediction of anatomical information in
dentistry.

Table 1 demonstrated that inpainting methods consistently outperform non-inpainting methods for MAE
and MBE. Correspondingly, Table 2 showed that all inpainting methods compared to non-inpainting
methods were able to achieve statistically signi�cant improvement in MAE using the Dunn’s pairwise
comparison.
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Figure 2 suggests that the model was stopped early and might have bene�ted from additional training.
However, it took 135.2 hours to achieve approximately 8.5 million iterations using 8 V100 GPUs, so
practical limitations and concerns about over�tting determined our iteration time. Also, the learning rate
annealing was modulated to target a training duration of about 8.5 million iterations.

Overall, GAN inpainting was able to achieve more accurate CAL predictions compared to non-inpainting
methods. The partial convolutions helped the model focus on relevant anatomy by limiting the in�uence
of each layer to a sequestered anatomical region. The additional stylistic discriminator helped maintain
the correct texture of boney mandibular and maxillary structures while preserving the subtle gingival soft
tissue.

This study demonstrated a novel computer vision methodology applied to clinical attachment level
prediction. In the interpretation of the statistical analysis, we found the mean absolute error to be
informative. Clinician measured recession plus pocket depth determines the clinical attachment level.
Clinician measurements are generally considered to be accurate plus or minus 1mm. We found the GAN
inpaint method to be approximately within the clinical 1mm accuracy standard, which gives us
con�dence that this method can be useful in predictions of CAL that are clinically meaningful and
relevant.

This study employed commonly used bitewing and periapical radiographs. The methods used accounted
for radiographic image distortion (foreshortening and elongation) which are common problems in
measuring dental radiographic images. The techniques developed also accounted for angular bone
differences making predications on the most apical bone levels. Clinician measured CAL is recorded in
1mm, whole number increments. The novel inpainting methods allowed for very accurate predictions of
CAL that related within the plus or minus 1mm clinical measurement standard. Cone beam CT (CBCT)
and panoramic images were not evaluated in this study. Prior studies predicted periodontal bone loss
from panoramic radiographs (13–15). However, panoramic and CBCT images tend to have a broader
�eld of view and would not bene�t from inpainting. Additionally, CBCT and panoramic images are
acquired with routine resolutions far courser than bitewing or panoramic images and the larger source to
detector distance of panoramic and CBCT images attribute to greater tissue scatter, more noise, more
attenuation, higher kVp, and poorer tissue contrast.

This study utilized purposive sampling of clinical data to provide validated �ndings, diagnosis with
appropriate periodontal treatment, all in alignment. The patient clinical data used in this study was
collected in a systematic manner within a dental institution. Educational and administrative systems are
in place so that providers are calibrated, data are reviewed and approved by general dental and
periodontal faculty where standards of care are adhered to and audited. These institutional quality
control procedures assure high clinical data integrity. CAL measurements that were negative (gingival
hypertrophy) and those of 6mm and above (severe periodontitis) were not included in this study to help
maintain the integrity of the ground truth measurements. We believe that these methods mitigate the
“noise” that includes con�rmation bias from data obtained from private dental practices. The purposive
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sampling used in this study followed methods utilized in the development, implementation and validation
of clinical decision support, dental diagnostic terminology, quality measures, process of care,
appropriateness of care and outcomes of care measurements(22–28).

Conclusion
We demonstrated the superiority of a novel generative adversarial network for CAL prediction on synthetic
anatomy. GAN inpainting with partial convolutions and stylistic preservation presents a solution to
overcome the challenges of CAL prediction in the presence of missing or diverse patient anatomy.
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Figures

Figure 1

The Partial Convolutional Encoder-Decoder generator, Re�ne Encoder-Decoder generator, VGG
discriminator, and patchGAN discriminator networks are shown as well as the network subcomponents.
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Figure 2

The generator, L1, Style, VGG, and discriminator loss functions are shown for each iteration throughout
the training process.
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Figure 3

Representative images of method 1 without inpainting (left) and with inpainting (right). The left images
show the original x-rays, and the right images show the inpainted x-rays with apical bone and teeth
contours. The points represent the CEJ and apical bone positions representing CAL and the lines align the
original and inpainted images.


