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A Study on the Use of Contrast Agent and the Improvement of Body
Part Classification Performance through Deep Learning-Based CT
Scan Reconstruction

Seongwon Na”, Yousun Ko”, and Kyung Won Kim®*
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EZEA B2 95 dolH #3 ¥ #Hele 9Hs] F5oR AYHA 9o, of FAE sAs] Hs 9 Y A CT H
oJHE Efdle dATEe] AL itk AT iFE :rl°ﬂ Me 7184 CT sliceQ] axial ¥HFHE 7|gte g RdS sjdsiy
Atk CT A2 gt o|uA] g g2 A QA 27 HALSE] HH-E— o CT scans A3t ATCEE ¢ ?-rﬁl AAH EAS
ERd 4 9tk o] AT axial HHET ol CT HlolEl& 2DE W3ste o7/ WHES 53 B 22 A5S 24T & ¢l
© S 2 g FEE 57HA §919 CT 24 10427H% }%ﬂz 24 7k 8 HAEA 1797, 9»1 HlolHA O & 448
NeE SR gy 2d 7HHL° 43l ImageNet®.Z AFA 8H7¥ InceptionResNetV2E W07 ARG O Tdlo] A g o]
ol Al SFYUE AFAH A 9 EFAAME AFA volE Ede] 9933%E %*jo}u:l axial BB 1.12% 9 %L, 29
A BFANNE brain necko] A2t axialZdo] E¢tth A2 0 F axial slice2% FHFPES w) B} aj3ss EAo] 2 Jehte o
olHZE FFYS o o A 5 9ol ek

Abstract

Unstandardized medical data collection and management are still being conducted manually, and studies are being conducted to
classify CT data using deep learning to solve this problem. However, most studies are developing models based only on the axial
plane, which is a basic CT slice. Because CT images depict only human structures unlike general images, reconstructing CT scans
alone can provide richer physical features. This study seeks to find ways to achieve higher performance through various methods
of converting CT scan to 2D as well as axial planes. The training used 1042 CT scans from five body parts and collected 179
test sets and 448 with external datasets for model evaluation. To develop a deep learning model, we used InceptionResNetV2
pre-trained with ImageNet as a backbone and re-trained the entire layer of the model. As a result of the experiment, the
reconstruction data model achieved 99.33% in body part classification, 1.12% higher than the axial model, and the axial model
was higher only in brain and neck in contrast classification. In conclusion, it was possible to achieve more accurate performance
when learning with data that shows better anatomical features than when trained with axial slice alone.

Keyword: artificial intelligence; computed tomography; deep learning; transfer learning; two-dimensional convert method
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1. Data source and Datasets
o] AFE YA AL F AA BHE EFsH7] s
Brain, Neck, Chest, Abdomen, Pelvis 5714 ¥-91¢] CT &

WE ARSIt WA 2d FH ARE-E dHolHE 1042
/N2 Training Set®] 7 8617}, Validation Set< 18171 =
TAEYOH o= TR AHEY R ASS
AE351A SA317] 913 Test Set# External Dataset= 179
Mot 44871 2 Z4zF FA = 9.2 ™, Contrast2} Non-contrast
o] H] &S 1112 HFI A =839t} Test Set3} External
Dataset> 7H'EE Ed o] SYAQl A5 HAEAT ALE
3 FHEdE AREEHA @3tth £ 12 7 ol Al ¥
tolel +& Vet
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H 1. Training, Validation, Test setZ} External Datasetdi| CHSt CT scan
Table 1. Number of CT scans for training, validation, test set and external dataset

AT 295
rt Classification Performance through Deep
Learning-Based CT Scan Reconstruction)

Dataset Brain Neck Chest Abdomen Pelvis
CE NE CE NE CE NE CE NE CE NE
Training Set 72 72 72 72 74 73 196 76 77 77
Validation Set 15 15 15 15 16 15 42 16 16 16
Test Set 15 15 15 15 15 15 41 16 16 16
External Dataset 30 57 30 30 33 30 58 59 89 32
Il. CT Scan 3D x{|7tA died tolElE 2DE W3 A X, Y, Z 2 7|4te 2 2D HHo)
F98 4 dom, I 20149} o] XFO02 FJ5tH
1. CT Data A4 (Sagittal), Y3 % H(Axial), ZZ0] 7]5ko]w 2
CTE XA A F3), 1 F4Aol2 BFAZ AT 0 CCONSE AT Al %) wEE 2D
K8k} Q141€) T %3 AH(Cross-sectional Tmage)& AL} g s Al ZhzE o] o] 7] wiEol el el Al Eel
329020l QA GARS A= oA xiek Wolth CT 7]7]9) (HEE e WieTk £7 2D MU T 4 =59
_ S 37 o R AT 4 Qlth ¥ 19 MIP
A URE 20S 9 M telHE g5 7beaty ol N ° o ° L
3DE ATFAT 4 Atk IY 1 CT slice?] @z ©d Processing® 15} 2ol 2D 2 3D HIHE 74 )
S= A¢slo 3D zH—TLAOt‘L EERES, g Aol P =2 o= ATdsE AS MIP

2. CT Scan A7+ dlhH

CT Scan= o & 7}A] W+

ol shH, E ohE W e 2 & AIPS Mid-plane©]

ra

g A

HERZ AL 4+ Ak 3DCT - A = A3k Mid-plane 2t 5

(a) CT Slice (b) 3D Reconstruction (c) 3D MIP Processing
1 | A

CT slice HHHE, (b) CT slice HHHES ZES|
HoZ TS of

to] 3DZ RISt

T2l 1. CT Slice®t 3D M~ 2. (a) CT 7|7[0M EE=
0o, (c) CT sliceE MIP(Maximum Intensity Projection) &
Fig. 1. CT Slice and 3D reconstruction methods. (a) CT slice obtained from a CT device, (b) Example of 3D reconstruction
by combine CT slice (c) Example of a MIP (Maximum Intensity Projection) reconstruction of a CT slice.

Atk AIP(Average Intensity Projection)= 2DHHOZ &
EE sliceEollA el g J4 gho] 2= 2D
H CT slice &
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Reconstruction Plane Axial Coronal Sagittal

Coronal Plane

]
_Sagittal

T 2. BN E A oA
Fig. 2. Example of reconstruction by plane

71&d slices A€ 3t} F 2. DLM 8% hyperparameter
Table 2. DLM training hyperparameter
Trainable layer All layer
. b Weight initialization ImageNet
V. Deep Learning Model 7H4 Mini-batch size 6
Solver type Stochastic Gradient Descent
1. 74 H|O]E{ & DLM Training Early Stopping S
Loss Function CrossEntropyLoss
Training epochs 200
o] Ao M= ZFA AR XA 9 ERE 9% 7Y Learning rate 0.001
= 47 el om, flellA A%ek CT Scan HoJHE A

T8k 9714 WHS(AIP, Mid-plane, MIPaial, cornal, segina) & 222 Z7Fe] HloJH AS< ARGt Transfer
S AbEle] TAE Zhzhe] TR Hlo|EASS E3) 77} learning % &3l ANdstlnh ZH7ke] DLM2 & 29F 7
71 DLM(Deep Learning Model)E2 $H3}%ith DLM Hyperparameter = A% = o] 355 At

< ImageNetB|oJHZ AP 8l55¥ InceptionRexnetV2!'! % 32 DML +d /8 E HoFrh WA 3D CT Hlo]
3D CTto 2D Recnlnstru:tion Dataset ‘ Preprocessing Training
CT Data MIP,

sagittal

All Layer Weight Update

Softmax

—— InceptionResnetV2  ———+  (¢p,cc0c n=5 or 2)

Augmentation

CT Data

Normalization [0 to 1]

\:wrvnal

Pre-trained model Qutput Layer
' i ;

12! 3. DLM Training 7i2
Fig. 3. Overview of DLM Training

Rescale Image[299 x299]
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B S 2DE AFA sk WHES Fdl folxl zhzhe] Hle
B A ARt i RS2 Tty F9 HolH Al

- HE MEYAY 48 A dAe dAE dA Sk
2] @A A= Augmentation, Rescale, Normalization
o] 43T}l Augmentation Random Flip, Rotate,
Zooming, Gaussian noise, Wrapping?| 7|HE S A3}
FEEATE T F FAF9] width, heightS 2992 Rescaled}
T, A PES 0~1410)|2 THEo YEYA AZHUS A
T3k sk A @Al o] ol = InceptionResnetV2 Ul
EQTd gEste FAS s, o] wf BE AF9 7t
TAE QUIolE g}, o] el vhEg AE Ao
et AgE1on, &9 AFS Flattendt Softmax 752
2 FAAHA

2. 2ol Tyt

Test Set ¥ External DatasetS AF8-3le] 7] CT slice
dolEldl  axial 3l DLM3%}  (AlPui, Mid-planeaya,
MIPian ¥} ©] =10l A A QFshE o 7kA] A5+ dlolH
£ 53 T8 DLME(AIPcomalsagital, Mid-planecomal sagittals
MIPeomasagia) ] 8 5= B7HITH A5 FSE H7HE 9
& Accuracy, precision, recall 7} ATl Accuracy,
precision, recalle= T3} 7Fo] A <jdth.

3. A7 Cloje{E DLMO| AlH| F9f 2F M5

Learning-Based CT Scan Reconstruction)

@ 4 B TP+ FP
CUTAY = P TN+ FN+ FP
TP
(b) Precision= TP+ FP
P
(©) Recall = 75T py

o714 TP, TN, FP, FN<> 77} True Positive, True
Negative, False Positive, False NegativeS UERHTE

>

1. AH 29 27 Mds
E3& A4 dole ¥ DLMe] AlA F9 BF A=
=

DLM A5 (Accuracy, 100%)°] %531 th. External Dataset
o A= Sagittal o] T2 WHES DLMET &= T4
A4 WHAIP, MIP, Mid-plane)olX =2 A%
(Accuracy, 97.09%, 99.33%, 97.32%) HojZt}h, Tg] 7
EE oA MIP Wi e 24 4 DLM A5 o
WHE vlE B2 AT HoFEth

External Dataset= “37}sF Axial {He Hi A%
DLM(MIP,is) 2+ A 773 tlolH ¥ DLMF ¥ 45 &

Table 3. Performance of body part classification of DLM by reconstruction data

Test set External Dataset
ReconstructionMethod Precision Recall Accuracy Precision Recall Accuracy

AlP 100% 100% 100% 94.99% 94.15% 94.86%

Axial MIP 100% 100% 100% 97.85% 97.69% 98.21%
Mid-plane 100% 100% 100% 96.24% 96.51% 96.2%

AlP 100% 100% 100% 97.52% 96.85% 97.09%

Sagittal MIP 100% 100% 100% 99.34% 99.33% 99.33%
Mid-plane 100% 100% 100% 97.7% 96.32% 97.32%

AlP 100% 100% 100% 95.24% 91.73% 93.75%

Coronal MIP 100% 100% 100% 98.85% 98.33% 98.66%
Mid-plane 100% 100% 100% 96.24% 96.51% 96.2%
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Predicted Label (MIP

axial)

Brain

Brain 87

Neck

Chest

True Label

Abdomen

Pelvis

Precision

J2! 4. MIPsagittal, MIPaxial DLM &

0

100%

Neck Chest
0 0
59 0
0 63
0 1
0 0

100% 08.43%

|_|_ OE

Abdomen

116

1

98.3%

120

100%

Fig. 4. MIPsagittal, MIPaxial DLM confusion matrix

Datasetoﬂ A
case| Al BYA|
casel| A &

% 4 A7A dold 3

F 4. Mid-plane?|tt DLME!
Table 4. Performance of contrast enhancement classification of mid-plane based DLMs

= i E

of Alx| 2|

DLMS] ZGA| A

Y ZHH AR 0fF

Pelvis

Recall

100%

98.33%

100%

99.14%

99.17%

99.33%

2 19 49} 72tk External

‘:_ DLM(MIPsagittal)T: 3 7 H 94

= 8719

1=R=1 e
57 s

HE A=

=TT oo

Brain

Neck

Chest

True Label

Abdomen

Pelvis

Precision

Brain

87

0

98.86%

Neck

56

98.24%

Chest Abdomen
0 0
3 0
61 0
1 116
0 1
93.84% 99.14%

Pelvis Recall
0 100%

1 93.33%

0 96.82%

0 99.14%

120 99.17%

99.17% 98.21%

< HoJFh Test Setoll Al Mid-plane 71%Fe] DLM(accu-
racy, 94~100%)-> B AA| F-9]ell4] MIP == AIP 7149

DLM(accuracy, <90%)°ll ®l3l =2 A5S B3

o AA

29 EF79= t2) Axial ¥ 7)¥He] DLM< Brain#
Neck F-#Joll Al Al A 7 Aol o-& Hd 7|

DLME Xt}

E9kth 1 9] Rl ME

B o F& AFS Nk

a9 5=

2 B9 G A 2R

T

Sagittal#} Coronal

el M =

[e]

Test set External Dataset
Body Part Reconstruction
Precision Recall Accuracy Precision Recall Accuracy
oo 100% 100% 100% 100% 100% 100%
rain
Neck 100% 100% 100% 98.38% 98.33% 98.33%
Chest Mid-planeaxa: 100% 100% 100% 98.38% 98.48% 98.41%
At;d‘l’“?e” 100% 100% 100% 100% 100% 100%
elvis
100% 100% 100% 97.78% 97.87% 98.34%
- 100% 100% 100% 99.13% 98.33% 98.85%
rain
Neck 100% 100% 100% 84.09% 76.66% 76.66%
Chest Mid-planesagisa! 100% 100% 100% 100% 100% 100%
At;d‘l’“?e” 100% 100% 100% 100% 100% 100%
elvis
100% 100% 100% 100% 100% 100%
- 100% 100% 100% 99.13% 98.33% 98.85%
rain
Neck 100% 100% 100% 91.17% 91.66% 91.66%
Chest Mid-plan€coronai 100% 100% 100% 100% 100% 100%
At;d‘l’“?e” 100% 100% 100% 100% 100% 100%
elvis
100% 100% 100% 100% 100% 100%
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Predicted Label (Mid-plane,,;,))

Learning-Based CT Scan Reconstruction)

Predicted Label (Mid-plane,,;,))

Brain Brain Neck Neck
Recall Recall
(CE) (NE) (CE) (NE)
- Brain - Neck
2 30 0 100% 2 29 1 96.66%
5 (CE) 0 £ (p 6.66%
- -
P g
g Brain 0 57 100% g Nek 0 30 100%
(NE) (NE)
Precision 100% 100% 100% Precision 100% 96.77% 98.33%
Predicted Label (Mid-plane,,,,.) Predicted Label (Mid-plane,,,,,.) Predicted Label (Mid-plane,,, 1)
Abdomen Abdomen Recall Pelvis Pelvis Recall Chest Cl?est Recall
(CE) (NE) (CE) (NE) (CE) (NE)
g Abdomen 58 0 100% g Penis 0 100% g Chest 33 0 100%
s (CE) = (CE) = (CE)
- - -
g H : H Ch
£ £ i £
g Abdomen 0 59 100% g Pelvis 32 100% = S 0 30 100%
(NE) (NE) (NE)
Precision 100% 100% 100% Precision 100% 100% 100% Precision 100% 100% 100%

8 5 =N ROIM A 29 € 21 459 DLM E= HE

Fig. 5. Best Performance DLM confusion matrix by Body Part in Contrast Classification
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