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Introduction to CBCT Technology

* CBCT: An advanced imaging technique in dentistry and other medical applications
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Introduction to CBCT Technology

* CBCT: An advanced imaging technique in dentistry and other medical applications
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Introduction to CBCT Technology

* Implant placement and surgery planning using CBCT images
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Challenges, Existing Solutions
and Limitations
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Challenges

Best image quality possible with high-dose radiation exposure

4 )
Low leve815 of noise higher risk of radiation-
. . induced cancers
High resolution
- J
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Challenges

Best image quality possible with high-dose radiation exposure

4 )
Low leve815 of noise higher risk of radiation-
. . induced cancers
High resolution
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4 )
High level of noise .
& lower visual
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Low resolution quanty
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Challenges

Ideal Solution?

Continue using low radiation
exposure for patient safety

Enhance the quality of the CBCT image to
match or surpass that of high-dose radiation
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Challenges

High Noise Levels and Low Resolution

Low noise level and high
resolution

High noise level and low
resolution

ece High-dose CBCT image Low-dose CBCT image 12 LN
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Challenges

High Noise Levels and Artifacts

aliasing artifact

Examples of low-dose CBCT images
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Challenges

Low Brightness and Contrast — Standard Dynamic Range for CBCT (& Medical) Imaging
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State-of-the-Art Methods
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Existing Work on Noise Reduction — Signal Processing based

-
2019 Not a real CBCT image )

Original

They add fake
noise to generate —)

Fake noisy

image ]
Yet STILL low-dose like
noisy with CBCT image
smoothed
edges

Noisy image Enhanced
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State-of-the-Art Methods

Existing Work on Noise Reduction — Deep Learning based

o ( Zhang et al.
2021

. CBCT (@ t
Not real pairs (input)

No pairs of
low- and
high-dose

CBCTs for

training the

NN’

CT (Target) Enhanced
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State-of-the-Art Methods

Existing Work on Spatial Resolution Enhancement — Deep Learning based

o (Oyama et al.
2018

Not real pairs

No real pairs

CT captures
different
information
from CBCT

ecCe

Low-dose
CBCT

Target
CT

Enhanced
CBCT

UB

R | ey
=\ vy

¥

0




C
w
(@)

State-of-the-Art Methods
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Existing Work on Spatial Resolution Enhancement (for MRI) — Deep Learning based

Use multi-images i, i+1 & i+2 to upscale i+1

Real or Not ?

Interpolation S
Network v |—> Discriminator <—|
—> e MSE +—
Interpolation Interpolated Real
Network Slice i+1 Slice i+1
Slice i+1 and i+2 T

No multi-
image super-
resolution
methods for
CBCT images
— No paired
CBCT dataset

Not real pairs
MRI does generalize to CBCT images
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State-of-the-Art Methods
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Existing Work on Contrast and Brightness Enhancement of CBCT images

inverse Tone Mapping Operators (iTMOs) for Natural Images — Signal Processing based

e (( Mohammadi et al. SDR image
2021

Y= 0.9026

HDR PQ Values

0.1

1

Y in= 0.0151 1 L
Xopin=0.0623 X =0.1217 02 0.2 3035 X,=03962  0.5081 = Xonax
SDR PQ Values

Method
tailored for
structures and
characteristics
of natural
images

HDR image
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State-of-the-Art Methods
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Existing Work on Contrast and Brightness Enhancement of CBCT images — do not exist

inverse Tone Mapping Operators (iTMOs) for Natural Images — Deep Learning based

. Zhang et al.
2023

Again, no
real pairs
for CBCT
images

HDR image
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Key Steps for Quality Improvement
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e Reduction of Noise and Artifacts

» Spatial Resolution Enhancement

 Enhancement of Contrast and Brightness (iTMO)
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Step 1

“Reduction of Noise and Artifacts”
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Method 1: Denoising — Assuming Gaussian Noise Distribution

Gaussian noise in low-dose CBCT: y=x+n

Noisy Image
@ Previous work

Low frequency Wavelet High frequency
Transform
avele
. . Image
Wiener Filter Thresholding ; g
w1
\€l/

Inverse Wavelet
Transform C

A

) 4
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Noise and Artifacts Reduction

Method 1: Denoising — Assuming Gaussian Noise Distribution

Gaussian noise in low-dose CBCT: y=x+n

T ' @ Our contribution
Noisy Image
—

@ Previous work
Adaptive
Median Filter

Low frequency Wavelet High frequency
Transform

Wavelet Enhanced

avele

. . Image

Wiener Filter Thresholding : g
WA
]/

Inverse Wavelet X
Transform

Non-Local

Means Filter Laplacian Filter

ecCe 25




250,001
052408
OLogpLVV

Method 1: Denoising — Assuming Gaussian Noise Distribution

Gaussian noise in low-dose CBCT: y =x + n

@ Our contribution

Noisy Image
@ Previous work

Adaptive >
Median Filter

Low frequency Wavelet High frequency
Transform

= Enhanced
Wavele

Wi . Image
e Ll Thresholding y &

WA
Inverse Wavelet \nj

Transform

Non-Local

Means Filter Laplacian Filter

ecCe

Noise and Artifacts Reduction

Set initial window size & Sp,qx

if Zmin < Zmea < Zmax

increase the size of Sy, no

ifsxy < Smax
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Noise and Artifacts Reduction

Method 1: Denoising — Assuming Gaussian Noise Distribution

@ Our contribution

Noisy Image
@ Previous work

Adaptive
Median Filter

Low frequency I Wavelet | High frequency
l Transform I

= Enhanced
Wavele

Wi . Image
e Ll Thresholding y &

Inverse Wavelet X
Transform

Non-Local

Means Filter Laplacian Filter

Wavelet decomposition of CBCT image
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Noise and Artifacts Reduction

Method 1: Denoising — Assuming Gaussian Noise Distribution

: @ Our contribution ()= C C)- )+
Noisy Image +
@ Previous work
Adaptive _ C )
Median Filter =
Low frequency Wavelet High frequency

Transform

= Enhanced
| Wavele
Wi . Image
e Ll Thresholding y &

Inverse Wavelet X
Transform

Non-Local

Means Filter Laplacian Filter
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% Noise and Artifacts Reduction
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Method 1: Denoising — Assuming Gaussian Noise Distribution

o (A 1= 11z
@ Our contribution <

Noisy Image
@ Previous work Birge-Massart strategy:
Adaptive
Median Filter crit (t)min = (k) +2{ 07 (a+in’) k<t
t
Low frequency Wavelet High frequency =)l
Transform

- Enhanced
‘ Wavele \
Wi . Image
e Ll Thresholding y &

Inverse Wavelet X
Transform

Non-Local
Means Filter

Laplacian Filter

29
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- Noise and Artifacts Reduction

Method 1: Denoising — Assuming Gaussian Noise Distribution

@ Our contribution ( )=—7— () C, )

Noisy Image
@ Previous work

Adaptive
Median Filter

Low frequency Wavelet High frequency
Transform

= Enhanced
Wavele

i i Image
Wiener Filter Thresholding : g

Inverse Wavelet X
Transform

[ Non-Local ]

Means Filter I

Laplacian Filter
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Method 1: Denoising — Assuming Gaussian Noise Distribution

e Intensity transition

o 3 0 1 O 6 —l'—'—@ (P»—-I—-l——.—-.
- @ Our contribution _ | \oomanc j
Noisy Image =1 -4 1 z 4 Y a - Ramp Step — /
o z 3 h !
@ Previous work 0O 1 0 t
Adaptive _ . (1) R
Median Filter = ( )
ﬁ—l
S ®
edges ab fi
Low frequency Wavelet High frequency i !
2 [
Transform g i n [
2 o -—-E)-@\—‘D--D-D—D'—{E)—@—-@-C;]j‘b--@-E)-{EI—--\’
= ) = e i & Zero crossing h /
Wavelet Enhanced -2
. 0O avele =3 o First derivative
Wlenel‘ Fllter . Image . 1 econd derivative !
Thresholding o SR

Inverse Wavelet
Transform

Non-Local
Means Filter

Laplacian Filter
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Method 1: Denoising — Assuming Gaussian Noise Distribution

Visual Comparisons

Noisy image Li et al.’s method Proposed
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Noise and Artifacts Reduction

Method 1: Denoising — Assuming Gaussian Noise Distribution
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Subjective Evaluations

100-
95 | ]
90 {
85 |

80

Mean Opinion Score (%)

75

70 ‘
Qurs Vs.

Li Shikuan et al.'s

How many times (%) subjects preferred CBCT images enhanced
by our approach over the existing method.
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Noise and Artifacts Reduction

Method 2: Denoising — Assuming Speckle Noise Distribution

R | ey
—i'|'i~

L0LoOY,
OLooVvV

VV ~
o°
LoopyvYy

Thoroughly analyzed the noise
characteristics in CBCT scans
captured at various radiation levels
and different tissue structures

Histogram of Small Patch on Soft Tissue Histogram of Small Patch on Tooth

speckle noise:

Frequency
Frequency
0 2000

= +

Speckle Gaussian
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Method 2: Denoising — Assuming Speckle Noise Distribution

2D low-dose CBCT T TTTTTT ST ST e T TS !
with speckle noise: y = np,x +n,

Denoised 2D CBCT image
L L °
o Contributions:
daptive median filter
to reduce additive noise (n,):
NMmX + Ng = Npx

Denoised

Dilated Laplacian filter )
image

to extract edges

* Identifying speckle noise in CBCT images

log()
to convert multiplicative noise to additive noise format:
log(n,x) = logn,, + logx

* Innovative individual filters, and

Denoised and sharpened 2D CBCT image
Low frequency Wavelet transform High frequency

components to decompose image into high components
and low frequencies

e e e * An overall filtering framework in which
each individual filter 1s carefully designed

by combiniigaflltl?eTe;;:r]ll:Z:ir;cDﬁggCT images and Ordered tO form a Sequence tha't
achieves optimal denoising of CBCT images

with new noise level estimation with new noise level estimation

Inverse wavelet transform

Exp(")
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

@ Our contribution
Denoised 2D CBCT image

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
Our adaptive wiener filter Our adaptive wavelet thresholding |
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1 y 1
@ Previous work !
1

ece S. Mirzaei, H. R. Tohidypour, P. Nasiopoulos, S. R. Vora, and S. Mirabbasi, "An advanced denoising technique for low-dose CBCT imaging: Enhancing image quality and consumer 35

safety in dental diagnostics," IEEE Transactions on Consumer Electronics, Jan. 2025.
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Method 2: Denoising — Assuming Speckle Noise Distribution

” 2D low-dose CBCT Sttt '
with speckle noise: y = np,x +n,

Denoised 2D CBCT image

Adaptive median filter Set initial window size & Sy

to reduce additive noise (ny):
n"lx + na = n"l‘x

Denoised

Dilated Laplacian filter .
image

to extract edges

log(")
to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

Denoised and sharpened 2D CBCT image
Low frequency Wavelet transform High frequency

components to decompose image into high components
and low frequencies

no

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

Our adaptive wiener filter Our adaptive wavelet thresholding
with new noise level estimation with new noise level estimation

3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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Method 2: Denoising — Assuming Speckle Noise Distribution

2D low-dose CBCT
with speckle noise: y = np,x +n,

Adaptive median filter
to reduce additive noise (ny):
n"lx + na 2 n"l‘x

log(")
to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

Low frequency
components

Wavelet transform
to decompose image into high
and low frequencies

High frequency
components

Our adaptive wiener filter
with new noise level estimation

Our adaptive wavelet thresholding
with new noise level estimation

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work

eCe

Denoised 2D CBCT image

Dilated Laplacian filter
to extract edges

Our inconsistency correction

3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Denoised and sharpened 2D CBCT image

for brightness and contrast in enhanced 2D slices

Denoised
image

-~ Noise and Artifacts Reduction

Noisy Image:

Adaptive

median filter:

Logarithm:

common filters designed for
additive noise to remove the

After this step we can use

multiplicative noise
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Method 2: Denoising — Assuming Speckle Noise Distribution

” 2D low-dose CBCT Sttt '
with speckle noise: y = np,x +n,

Denoised 2D CBCT image

Adaptive median filter
to reduce additive noise (ny):
n"lx + na = n"l‘x

Denoised

Dilated Laplacian filter .
image

to extract edges

log(")
to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

—_—
Low frequency | let transform High frequency
components tod ose image into high components
| and low frequencies

Our adaptive wiener filter Our adaptive wavelet thresholding
with new noise level estimation with new noise level estimation

Denoised and sharpened 2D CBCT image

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Wavelet decomposition of CBCT image

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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Method 2: Denoising — Assuming Speckle Noise Distribution

H 2D low-dose CBCT e il ! - 4 ( T ) _
with speckle noise: y = np,x +n, - ( )

Denoised 2D CBCT image

Adaptive median filter
to reduce additive noise (ny):
T Xt Tty N

Denoised

Dilated Laplacian filter .
image

to extract edges

()
log() —

to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

Denoised and sharpened 2D CBCT image
Low frequency Wavelet transform High frequency

components to decompose image into high components

:
1
1
:
1
1
1
i
i
1
1
1
1
1
1
1
1
i
:
1
1
1
1
1
1
1
:
1
1
Our adaptive wiener filter Our adaptive wavelet thresholding :
:
1
1
1
1
:
:
1
i
:
:
1
1
1
:
:
1
i
i
1
1
1
1
1

image

. > -
and low frequencies . - g r '
Our inconsistency correction
for brightness and contrast in enhanced 2D slices
with new noise level estimation with new noise level estimation
3D CBCT reconstruction |
by combining all the enhanced 2D CBCT images N Y

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

moving window /

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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Noise and Artifacts Reduction

Method 2: Denoising — Assuming Speckle Noise Distribution
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H 2D low-dose CBCT Sttt '
with speckle noise: y = n,,x +n,

Denoised 2D CBCT image

Adaptive median filter
to reduce additive noise (n,):
n"lx + na = n"lx

Denoised

Dilated Laplacian filter .
image

to extract edges

log(")
to convert multiplicative noise to additive noise format:
log(ny,x) = logn,, + logx

Denoised and sharpened 2D CBCT image
Low frequency Wavelet transform High frequency

components to decompose image into high components
and low frequencies

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

I
—~
I
~

——
Our adaptive wiener filter Our adaptive wavelet thresholding
with new noise level estimation with new noise level estimation
—— 3D CBCT reconstruction

by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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.~ Noise and Artifacts Reduction

Method 2: Denoising — Assuming Speckle Noise Distribution

H 2D low-dose CBCT
with speckle noise: y = np,x +n,

Adaptive median filter
to reduce additive noise (ny):
n"lx + na 2 n"l‘x

log(")
to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

Low frequency Wavelet transform High frequency
components to decompose image into high components
and low frequencies

Our adaptive wiener filter
with new noise level estimation

Our adaptive wavelet thresholding
with new noise level estimation

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

Denoised 2D CBCT image

eCe

@ Our contribution

@ Previous work

Denoised 2D CBCT image

Denoised

Dilated Laplacian filter .
image

to extract edges

Denoised and sharpened 2D CBCT image

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

3D CBCT reconstruction
by combining all the enhanced 2D CBCT images
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Transfer the image to both
spatial and multiplicative

noise domain
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Noise and Artifacts Reduction

Method 2: Denoising — Assuming Speckle Noise Distribution
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H 2D low-dose CBCT T e !
with speckle noise: y = npx +n, ( ) _ ( ) ( )
)

Denoised 2D CBCT image

Adaptive median filter
to reduce additive noise (n,):
n"lx + na = n"lx

Denoised

Dilated Laplacian filter .
image

to extract edges

log(")
to convert multiplicative noise to additive noise format:
log(ny,x) = logn,, + logx

Denoised and sharpened 2D CBCT image
Low frequency Wavelet transform High frequency

components to decompose image into high components
and low frequencies

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

Our adaptive wiener filter Our adaptive wavelet thresholding
with new noise level estimation with new noise level estimation
3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

N
Non-local means filter
to further reduce the remaining noise
\ J

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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Method 2: Denoising — Assuming Speckle Noise Distribution

2D low-dose CBCT

with speckle noise: y = np,x +n,

Adaptive median filter
to reduce additive noise (ny):
NpX + Ng = NypX

log(")

to convert multiplicative noise to additive noise format:

Low frequency
components

log(n;,x) = logn,, + logx

Wavelet transform High frequency

components

Denoised 2D CBCT image

Dilated Laplacian filter
to extract edges

Denoised and sharpened 2D CBCT image

to decompose image into high
and low frequencies

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

Our adaptive wiener filter

with new noise level estimation with new noise level estimation

3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

@ Our contribution

@ Previous work

:
1
1
i
1
1
1
i
i
1
1
1
1
1
1
1
1
i
:
1
1
1
1
1
1
1
:
1
1
Our adaptive wavelet thresholding '
:
1
1
1
1
:
:
1
:
1
1
i
1
1
1
:
:
1
i
:
Denoised 2D CBCT image E
1

1
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Method 2: Denoising — Assuming Speckle Noise Distribution

H 2D low-dose CBCT f=======c==cecoccccco—cc ! =
with speckle noise: y = np,x +n, ( —_ ( ))

Denoised 2D CBCT image

Adaptive median filter
to reduce additive noise (ny):
T Xt Tty N

Denoised

Dilated Laplacian filter .
image

to extract edges

log()
to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

Denoised and sharpened 2D CBCT image

Our inconsistency correction ( ' )) 1 ( ' ))

1

1

1

1

1

1

]

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

:

1

! for brightness and contrast in enhanced 2D slices
1 _/
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
]
1
1
1
1
]
1
1
1
1
1
1
1
1
1
1
1

Low frequency Wavelet transform High frequency
components to decompose image into high components
and low frequencies

Our adaptive wiener filter Our adaptive wavelet thresholding
with new noise level estimation with new noise level estimation
3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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Method 2: Denoising — Assuming Speckle Noise Distribution

H 2D low-dose CBCT Sttt '
with speckle noise: y = np,x +n,

Denoised 2D CBCT image

Adaptive median filter
to reduce additive noise (ny):
T Xt Tty N

Denoised

Dilated Laplacian filter .
image

to extract edges

log()
to convert multiplicative noise to additive noise format:
log(n;,x) = logn,, + logx

Denoised and sharpened 2D CBCT image
Low frequency Wavelet transform High frequency

components to decompose image into high components
and low frequencies

denoiseg

Our inconsistency correction
for brightness and contrast in enhanced 2D slices

Our adaptive wiener filter Our adaptive wavelet thresholding
with new noise level estimation with new noise level estimation
3D CBCT reconstruction
by combining all the enhanced 2D CBCT images

Inverse wavelet transform

Exp()
to transform image back to the initial
(multiplicative) format

corrected

Non-local means filter
to further reduce the remaining noise

@ Our contribution

Denoised 2D CBCT image
@ Previous work
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Method 2: Denoising — Assuming Speckle Noise Distribution

Visual comparisons

Noisy image Chang et al.’s Liet al.’s

Kim et al.’s Our Gaussian noise Our speckle noise 46
removal method removal method IARIA
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Noise and Artifacts Reduction

Method 2: Denoising — Assuming Speckle Noise Distribution

0,2091=10\0 O ©

05,20 50100V N N

%0100V o©
LoopyvYy

Subjective Evaluations

el 1 f I

Mean Opinion Score (%)
=
—]

87.5
85.0
82.5
80.0 . . . ‘
Ours Vs. Ours Vs. Ours Vs. Ours Vs.
Chang et al.'s Liet al.'s Our Gaussian denoising Kim et al.'s

Number of times (%) subjects preferred the visual quality of CBCT images generated
by our speckle method over other methods - Mean Opinion Score (MOS)
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Noise and Artifacts Reduction

Method 2: Denoising — Assuming Speckle Noise Distribution

No-Reference Objective Evaluations

BRISQUE and NIQE scores for our method and existing approaches

Techniques BRISQUE Score | NIQE Score
Noisy Image 50.57 6.14
Chang et al.’s 48.41 5.38
Lietal.’s 48.67 5.65
Mirzaei et al.’s 47.89 4.86
Kim et al.’s 46.24 4.67
Our Method 44.88 3.89
ece * &
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Method 3: Antialiasing Using Frequency and Spatial Domain Filtering

eCe

[Noisy CBCT image }

using Butterworth filter

v

[ Non-local means filter ]*

[ High frequency filtering ]

[ Laplacian filter ]

Edges

y

any
<
\

y
e ~

Brightness and contrast

enhancement
\ J

v

'S ~\

Enhanced CBCT image

Our Contribution

A filtering framework designed to
form a sequence of filtering steps
that achieves optimal antialiasing of
CBCT images
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Method 3: Antialiasing Using Frequency and Spatial Domain Filtering

Visual Comparisons

Noisy image Chang et al.

Kim et al. Proposed
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Noise and Artifacts Reduction

Method 3: Antialiasing Using Frequency and Spatial Domain Filtering

Subjective Evaluations

100.0 4 — I

97.5

95.01

92.5+

90.0 -

87.54

Mean Opinion Score (%)

85.01

82.5

80.0 ‘ . .
Ours Vs. Ours Vs. Ours Vs.
Chang et al.'s Li et al.'s Kim et al.'s

Number of times (%) subjects preferred the visual quality of CBCT images
generated by our approach over other methods - Mean Opinion Score (MOS).

ece ot




UB

Noise and Artifacts Reduction

Method 4: Edge-Aware Antialiasing Based on an Enhanced Bilateral Filter

0

€

Contribution: Our modified Bilateral filter

Noisy CBCT image
with aliasing artifact
Classic Bilateral filter:

)
Our improved bilateral filter 1 - |2 ()= ()2
for antialiasing and denoising ()=— ()- <— T) . <_ T)
Q A\ J \\ J

spatial closeness intensity similarity

Median filter for further smoothing
the image before sharpening

Laplacian filter

Our Modified Bilateral Filter:

=2 (). (_@) <_|<)—()|2>. <_(|| Ol -1 (>||)2>_ (O ()

2 2 2 2 2 2 2
Q 1 J \\ J L AN J
Y Y ' '
spatial closeness intensity similarity gradient similarity texture similarity
Antialiased, denoised,
& sharpened image
ece S. Mirzaei, H. R. Tohidypour, S. Mirabbasi, and P. Nasiopoulos, "A novel edge-aware bilateral filter for antialiasing and denoising in low-dose CBCT imaging," in Proc. 2025 IEEE 52

International Conference on Image Processing (ICIP), 2025.
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Method 4: Edge-Aware Antialiasing Based on an Enhanced Bilateral Filter

Noisy CBCT image
with aliasing artifact

Our improved bilateral filter
for antialiasing and denoising

Median filter for further smoothing
the image before sharpening

Laplacian filter

Antialiased, denoised,
& sharpened image

eCe

Adaptive Median Filter:

Set initial window size & Sy,qx

if Zmin < Zmed < Zmax
i Zpin < Zxy < Zmax

increase the size of Sy, no

if Sxy < Smax

UB

|
m\viv/ny

¥

0

Sharpening:
O 1 O
=1 -4 1
O 1 O
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Method 4: Edge-Aware Antialiasing Based on an Enhanced Bilateral Filter

Visual Comparisons

Noisy CBCT image Lietal. Kim et al.

Proposed

A
tg 3‘
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Method 4: Edge-Aware Antialiasing Based on an Enhanced Bilateral Filter

Subjective Evaluations

100.0 T e -

)
-.1
in

=l
hn
=

-

Mean Opinion Score (%)

82.5

80.0 : : .
Ours Vs. Ours Vs. Ours Vs,
Liet al.'s Kim et al.'s Our first antialiasing

Number of times (%) subjects preferred the visual quality of CBCT images
generated by our approach over other methods - Mean Opinion Score (MOS).

ece o9




C
o)
0

€
U
i

Method 5: Proposed Modified Selective Frequency Network (SFNet) for CBCT Noise Reduction

Contribution: Our unique CBCT dataset

e R
CBCT
. n | Dataset
noise and artifact remova with paire d
targets
N J
Noisy CBCT images Produced realistic paired targets
ece S. Mirzaei, H. R. Tohidypour, S. Mirabbasi, and P. Nasiopoulos, "Learning beyond generated targets: A modified SFNet for CBCT image enhancement," in Proc. 2025 25th International 56 IARIA

Conference on Digital Signal Processing (DSP), Jun. 2025, pp. 1-5. ! }
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Method 5: Proposed Modified Selective Frequency Network (SFNet) for CBCT Noise Reduction

\
J

i
1
1
1
1

Noisy CBCT Image Restored CBCT Image

Conv 11x11

N

:

Conv 9%x9

BN

!

[

Conv 9x9

Conv 7x7

Degraded Image Restored Image

H

Conv 7x7

g

Conv 7x7

I

Conv 5x5

=]
2

Conv 5x5

z

Conv 55

- e

Conv 3x3 r OQOur Proposed

Conv 3x3

Conv 1x1

Our Proposed

\Shallow Layer /
Original SFNet proposed by Cui et al. Our improved SFNet

LA
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Method 5: Proposed Modified Selective Frequency Network (SFNet) for CBCT Noise Reduction

Contributions: Modifications 1 & 2 to SFNet for optimal denoising of CBCT images

\
1
|
|
1

Noisy CBCT Image Restored CBCT Image

Conv 11x11

Conv 11x11

BN

;

Conv 9%x9

1. Improved 2. Integrating

i

Shallow Layer CBAM comon |
for Better
Feature K—ICW )
Extraction —

Conv 77

Conv 7x7

i

Convolutional Block Attention Module

Our Proposed

h |
Input Feature Apnne Spatial Refined Feature Conv5x5 |1 ghallow Layer |
Module Attention L
S\, S| - P )
® R ¥
O/
I

BN

Conv 5x5

[

Conv 5x5

- -

A CBAM block [ Our Proposed

Deeper Convolutional

]

Conv 3x3

layers + Batch " l Shallow Layer |
Normalization Cony 33 B} t===mss
X,
onv
([ BN ]
|:> Improves feature selection
_onv X _onv through both channel and OurP d
o LI 510 . Placement after ur tropose
spatial domains Shallow Layer
. . p . y
Originial Our improved Residual Block
shallow layer shallow layer
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Noise and Artifacts Reduction

Method 5: Proposed Modified Selective Frequency Network (SFNet) for CBCT Noise Reduction

Visual Comparisons

Original SFNet Latest DL for
CBCT

Closest result to target and better than target 59
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Method 5: Proposed Modified Selective Frequency Network (SFNet) for CBCT Noise Reduction

€

Mo o

Objective Evaluations

Full-Reference Objective Evaluations: No-Reference Objective Evaluations:
Methods Full-Reference Quality Metrics Images No-Reference g“aﬁty Metric
PSNR (dB) MS-SSIM SSEQ
Original SFNet 44.73 0.9845 Noisy CBCT image 2.99
The latest DL method 21.21 0.8101 Target (generated by us) 2.14
| Our modified SFNet 46.77 0.9857 1 BEST Original SFNet 2.24
__________________________ The latest DL method 2.51

I' Our modified SFNet 2.10 '; BEST
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Method 5: Proposed Modified Selective Frequency Network (SFNet) for CBCT Noise Reduction

Subjective Evaluations

100 1

Mean Opinion Score (%)

speckle dellloising Vs.
modified SFNet

Best Denoising:
our speckle noise reduction method
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Step 2

“Spatial Resolution Enhancement”
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Proposed Lightweight StereoMamba for CBCT Resolution Enhancement

Contribution: Leveraging information between adjacent CBCT scans to upscale both scans

3D CBCT Volume E— v
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Proposed Lightweight StereoMamba for CBCT Resolution Enhancement

C
o)
0

R | ey
—i'|'i~

Results of our comparative analysis of existing Single-Image Super-Resolution (SISR) & Stereo-Image
Super-Resolution (SSR) methods

Method #S | #Params | PSNR SSIM
s1s1<< SwinIR x2 | 1128M | 3632 | 09849
NAFSSR-T x2 0.45M 36.72 0.9865
NAFSSR-S x2 1.54M 36.65 0.9859

ssk { NAFSSR-B x2 6.77M 36.47 0.9857
NAFSSR-L x2 | 23.79M 36.08 0.9846

L StereoMamba x2 7.55M 35.88 0.9840

eCe

Large, complex models tend to overfit
when applied to content with much
lower complexity

—> The most promising architecture

But worst generalizability
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Spatial Resolution Enhancement

Proposed Lightweight StereoMamba for CBCT Resolution Enhancement

0

€

"

o IR

b AR

Original StereoMamba: Eﬁ| W“‘I
ILR

SBCAM

Z—H—C

Conv
@
|

Contribution: Modifying StereoMamba to optimize upscaling of CBCT images

Reconstruction

StereoMamba-Light: A lightweight version without

memorizing dataset-specific details

Reconstruction

eCe 65
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Spatial Resolution Enhancement

Proposed Lightweight StereoMamba for CBCT Resolution Enhancement

No-Reference Objective Evaluations

NIQE scores for our method and existing approaches

SISk Method #S | #Params | NIQE
SwinlR x2 11.28M 5.1
NAFSSR-T x2 0.45M 4.2
NAFSSR-S x2 1.54M 4.5
NAFSSR-B x2 6.77M 438

S NAFSSR-L x2 23.79M 54
StereoMamba x2 7.55M 6.1

\ { StereoMamba-Light | x2 0.9M 3.7 E
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Step 3

“Brightness and Contrast Enhancement”
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Brightness and Contrast Enhancement '

inverse Tone Mapping Operator (iTMO)

SDR Image HDR Image
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Conclusion
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Denoised, High Resolution

Raw CBCT Denoised

Noisy, Low Resolution, Denoising Super Resolution Inverse Tone Mapping
SDR CBCT Image
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