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1x1, 256

relu

Figure 2. Architecture of neural network for cropping images using
ResNetb0. The network composed of three layers was used for

cropping images. Panoramic images for training were automatically

cropped by this model.
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Figure 3. Cropped panoramic images for training. The model using

ResNetb0 marked two points. Based on these two points, panoramic

images for training were cropped automatically.
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Figure 4. Training software called “Deep Stack.” The lesions were

labeled by outlining with polygon labeling tools.
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# Conv3x3,ReLlU «O» Up-conv2x2
==> Skip connection  {Cw Conv 1x1
{E» Max pooling 2x2

Input
image tile

Panaramic
image Image 164 64

resize 128 128 256 256 512 512
512
[ 3 B o » @ » | » » —O—
(160x96)
(320x192)
(1280x768x1)
(1976x976x1) (640x384)
(1280x768) 1024
/(aoma;
Segmented 2 6464
periapical Output 128 256
lesion segmentation 512 512 1024 b
map 1024
B « © " 4 ot
bpy TS
i (160%96)
(320x192)
(640x384)

(1280x768)

Figure 5. U—Net model architecture for the detection of apical
lesions. Each blue box represents a multi—channel feature map. The
number of channels is labeled on top of the box. The x—y—size is
offered at the bottom of the box. White boxes represent duplicated
feature maps. The arrows indicate the different operations.
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(Figure 6).
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Figure 6. Intensity histogram. Overall consistency was identified

without jagged edges for a specific labeled lesion.
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Table 1. The number of segmented periapical lesions by U—

Net.
IoU 7%k RS =4 e
0.3 147 31 30
0.4 143 34 31
0.5 125 44 43
IoU: Intersection over Union

loU 9AIZks 0.3~0.5%2 ZAsHEA A4S o, ToU GARL]
Z7}&<4=  precision, recall, Fl—-scorex 0.825-0.831 (IoU

AAZL 5 0.3) A 0.740-0.744 (ToU LAk 5 0.5) = AR skt

= = B = I PN

Precision®} recall wWi7fHSE E5F HbEY3te] AAtE Fl-scores
AdEE o @2 IoU el © 2 Fl-scoreE HPOoH o]=

AZE 599 Fds ov|stti(Table 2).
IoU 9A13kS 0.30%2 A4S u, precision?} recall, F1-scorex

0.831, 0.826, 0.828°]3utt. IoU SAAIG= 042 HAAIS

),

precision®} recall, Fl—scorex 0.822, 0.808, 0.815¢]%1, IoU

=1 O
ARPS

AAZS 0.5=2 W], precision¥} recall, Fl1—scorex= 0.744,

0.740, 0.7420]3 v} (Table 2).
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Table 2. Measurements of precision (positive predictive value),

recall (sensitivity), and F1—score for periapical lesion segmentation

by U—Net.
IoU A%k Precision Recall Fl-score
0.3 0.831 0.826 0.828
0.4 0.822 0.808 0.815
0.5 0.744 0.740 0.742

loU: Intersection over Union

Precision?} recall 35 ©]€3}9 precision—recall curved 1¥H 4
pom, Ao dHoly Erde]l Qe A ©] precision—recall
curve® ©°]g3sto] RHC A5 BI7HE oA @k (Figure 7). 182
ofefe] WAL average precisions 2uslH, I FX&= 0.7460.%
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Figure 7. Precision—recall curve. The area under the curve means

average precision.
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4.2. 8+ epoch F7H W& &4A8 7}

=]
st A= dlolg AlEE 0~450 epoch oA H7ixE9lar, 7zt
epochi= Al &5 dHeolg HNEE &3t st A5 yepdo

(Figure 8). 450 epochE HHESl= Ao A sh&5y 3

AES S48 FAaslvh vpAEt A el M e AT HolE AES

tolg] ME9 &£A4A&L 0.189|304. st&3 HE

glolE] MES A8 400 epoch’t Wol7baA zke] wWasp 79

&2 verarh

fglom, ol v ole] kol
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0.9 = Training
0.8 - Validation

0.7 -
0.6
0.5 -
0.4 -
0.3
0.2
0.1

0 | T T
0 100 200 300 400

Epoch

Loss

Figure 8. Training and validation curves for the pre—trained
augmented model. Training and validation are performed for 450
epochs with each epoch representing 1 pass through the entire
training and validation datasets. Overfitting is minimized under 400

epochs.
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Test image Manual labeling

Segmentation by U-Net

Figure 9. An example of apical lesion segmentation from panoramic
radiographs wusing U-—Net. Original panoramic radiograph is
prepared for testing (a). White outlines denote the manual labeling
(b) and white areas denote the CNN—generated areas by U—Net
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Figure 10. Feature pyramid network with ResNet50 encoder. In the
left part of the architecture, the number of channels increases
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it is upsampled to the original image through feature mapping.
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Table 3. Precision, recall, and Fl-—score for periapical lesion

segmentation by U—Net and FPN.

0.3 0.846 | 0.880 | 0.863 | 0.836 | 0.858 | 0.847
0.4 0.833 | 0.859 | 0.846 | 0.817 | 0.825 | 0.821
0.5 0771 | 0.797 | 0.784 | 0.716 | 0.719 | 0.718
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Abstract

Deep learning—based periapical
lesion segmentation from

panoramic radiographs

[1-Seok Song, D.D.S

Program in Oral and Maxillofacial Radiology
Department of Dental Science

Graduate School, Seoul National University

(Directed by Prof. Min—Suk Heo, D.D.S., M.S., Ph.D)

Objectives

Convolutional neural networks (CNNs) have rapidly emerged as
one of the most promising artificial intelligence (AI) in the field of
medical and dental researches, which can provide an effective

diagnostic methodology allowing for detection of diseases at early
46 ;



age. This study was, thus, aimed to evaluate performances for
periapical lesion segmentation from panoramic radiographs using a

deep CNN algorithm.

Material and Methods

A total of 1000 panoramic images showing periapical lesions were
separated into training (n=800, 80%), validation (n=100, 10%), and
test (n=100, 10%) dataset, respectively. All panoramic images
were cropped using ResNetb0 network. U—Net, representative
network of semantic segmentation, was adopted for this study.
The performance of identifying periapical lesions was evaluated
after calculating precision, recall, and F1—score under specific IoU

threshold.

Results

In the test group of 180 periapical lesions, 147 lesions were
segmented from panoramic radiographs under IoU threshold of 0.3.
The performance value of F1—score were 0.828, 0.815, and 0.742,

respectively, under IoU threshold of 0.3, 0.4, and 0.5.
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Conclusion

This study showed the potential utility of deep learning—guided
approach for the segmentation of periapical lesions. The deep CNN
algorithm using U—Net allows for a considerably high performance

in detecting periapical lesions.

Keyword: Artificial Intelligence; Deep Learning; Periapical
Periodontitis; Radiography, Panoramic
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