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Radiotherapy planning dose prediction using convolutional neural network: a comparison of

two kinds of decoders

CHEN Xinyuan, YI Junlin, DAI Jianrong
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Peking Union Medical College, Beijing 100021, China

Abstract: Objective To establish a three-dimensional radiotherapy planning dose distribution prediction model using convolutional
neural network, and to compare the effects of two kinds of decoders on network performance. Methods The radiotherapy plans
of 80 cases of early nasopharyngeal carcinoma were included in the study, and then were randomly divided into a training set (70
cases) and a test set (10 cases). Based on VGG16 convolutional neural network, interpolation VGG 16 network (IVGG16) and
deconvolution VGG16 network (DVGG16) were established by two kinds of decodes, namely interpolation and deconvolution.
The established networks were used for end-to-end radiotherapy planning dose prediction. The main indicators for the evaluation
of model accuracy included the mean absolute errors (MAE) of the outline, tumor target areas and organs-at-risk (OAR). Moreover,
the training time and prediction time of two kinds of networks were also recorded. Results The three-dimensional dose distribution
could be predicted accurately using both two kinds of decoders. The MAE of the outline obtained by IVGG16 and DVGG16 were
(5.48+0.46) % and (5.42+0.34)%, respectively, without statistical significance. The doses of the target areas were accurately
predicted by two kinds of decodes, with a MAE lower than 2.63%, and there was no statistical difference between two kinds of
decodes. The dose distributions of OAR were accurately predicted by two kinds of networks. However, compared with those
obtained by IVGG16, the MAE of spinal cord PRV and thyroid obtained by DVGG16 was decreased by 11.8% and 15.6%,
respectively (P=0.029, 0.034), and there was no statistical differences in the MAE of the remaining OAR. The training time of
IVGG16 and DVGG16 models were 14.8 h and 24.6 h, respectively, and the average prediction time for each case were
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(6.6£1.0) s and (28.7£3.9) s, respectively. Conclusion The radiotherapy dose prediction using interpolation or deconvolutional

decoders has a satisfactory effect. The deconvolutional decoder has a slightly higher prediction accuracy for some OAR dose

distribution, but the efficiency of model training and prediction need to be further improved.

Keywords: convolutional neural network; decoder; radiotherapy; dose prediction
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Fig.1 End—to—end framework of 3D dose prediction using two kinds of convolutional neural network decoders (IVGG16 and DVGG16)
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N . .
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Prescription Dose x 100%
_ 2D, (i) - D (i)
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K (8.85+0.71)%F1(8.70+0.53) % , 2= B LG8 i2F
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#1 IVGG16 1 DVGG16 HIM£% 451
Tab.1 Net architectures of IVGG16 and DVGG16

It 2% AT
IVGG16 f1IDVGG16 IVGGl6 DVGGIl6
[3x3,2,1,512]
1 331164 fc6 3x3,1,1,1024] D 3x3,1,1,512
X z S5, 1, 1,0
conv 3x3.1.1.64 C [ L1 1 conv5s
13%x3,1,1,512]
pooll [3x3,2,1, 64] fc7 [1x1,1,0,1024]  Dpool4 [3%3,1,1,512]
- _ [3x3,2,1,512]
2 3311128 fc8 1x1,1,0,256]  Dconv4 3x3,1,1,512
X < Dy by 1, o
conv. 3x3.1.1,128 C [ ,1,0, 1 conv:
- - |13%x3,1,1,512]
pool2 [3%3,2,1,128] Interpolation Factor =28 Dpool3 [3%3,1,1,512]
[3x3,1,1,256] [3x3,2,1,512]
conv3 3x3,1,1,256 Dconv3 3x3,1,1,512
13 %x3,1,1,256 13%x3,1,1,512]
pool3 [3%3,2,1,256] fc6 [1x1,1,0,1024]
[3x3,1,1,512]
conv4 3x3,1,1,512 fc7 [1x1,1,0,256]
13%x3,1,1,512]
pool4 [3%3,1,1,512]
[3x3,1,1,512]
convs 3x3,1,1,512
13 x3,1,1,512]
pool5 [3%3,1,1,512]

Hi 52 R TR R B . IVGG16 f1DVGGL6 1) R -0.40%, %t F Il R W FH & &/ o K 2 R
BN B ME 43 914 (-1.30+0.98) % Fl (-1.70+0.93) % , IVGG16 H1DVGG16 ¥ 0] DL i i A StructImgs #4f-
ZFA G E L (P=0.007) , H 2 FHE 2250 HBEYT i1 3D 5010 .

Structlmgs IVGG16 DVGG16 GT

6000

5000
4000

2000

»

2 EFAIVGG16 F1DVGG16 TN AT 3D FI= 5375 K #H M Y StructImgs FE SL{E
Fig.2 Dose prediction of IVGG16 and DVGG16 and the corresponding StructImgs and ground truth
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FR IR . DVGG16 8 IVGG16 [ MAE A1 %) 43 51 T [
11.8% Fl115.6% , FH Giit2# 2% 5+ (P=0.029, 0.034) , HA4%
OAR I MAE ¥ G145 Lo IVGG16 % DVGG16 X}
HRE A TR B2 B, S5 PRV (1) MAE 4t 112%
SIHTEE R — 3

#2 $BXF1OAR M MAE fEELE
Tab.2 Comparison of mean absolute error for each target

area and organ—at-risk

fa RS EULMIX  IVGG16/% DVGG16/%  PfH
i 521+2.17 4.89+131 0.373
Jiki T PRV 5.45+1.28 4.98+0.92 0.056
I 4.96+1.35 4.85+1.35 0.632
J ik 2.61£1.99 1.76£0.87  0.096
PERTIEN 2.38+2.36 1.31£0.53 0.157
e R 4.33+0.78 4.09+0.54 0.143
FEmN it 4.90+0.90 4.96£0.62 0.652
MEE L 7.60+3.31 8.21+4.47 0.440
Wit 7.61+4.68 8.11+3.37 0.316
Fidiphz 6.64+2.82 7.77+2.87 0.077
Py 6.99+1.56 6.82+1.67 0.715
A R 7.28+1.14 7.13+1.43 0.787
HH 5.34+2.61 5.07+1.53 0.544
8 PRV 5.51+1.52 493+1.16  0.029
i [T 6.30£2.13 7.12+2.65 0.135
V&t GIPSST) 5.30+2.19 6.05+2.15 0.208
Aot 4.61+0.69 4.94+1.09 0.236
At 4.65+1.53 4.55+1.11 0.724
LIRNI 5.86+1.51 5.07+1.79 0.034
PTVboost 1.72+0.30 1.71£0.28  0.896
PTV 2.63+0.43 2584042  0.149
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DVGG16 W 25 BRI ki 8] 2 24.6 e I3 4 4 451
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(6.6£1.0) s F1(28.7+3.9) s,

33t 8
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F A AT A o R AR S8 19 ) A DX
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10 s Y, T00I HB 322 91 g J2 B 300 2 0 A, I AT AR
AN ESSER X IR DVH 45 71 it 2400, AT AT DL 4 b
I TR o s 4 i A SRt A

VGG M8 L5 AR ] 50 B 25 52 I ko ASBIFSE
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> 4, WA A s 2 R B HERf PR . DVGG16 4%
AL EAT AR R A RN R G s A E IR
71N, P I 26 357 R A e b S RS 7 313 3D 791 S T
P2 S5 8 MAE 22 3112920 0.06, TS24 5
DVGG16 Ml IVGG16 1£A £ PRV HIH R AR MAE L
LA G S, fE 4 U i, DVGGL6 i F
IVGG16.

il ARG HLE 2% > J7 3847 DVH 5% 3D 5l i 43
AW TG T Sh AT R AR IR >0 AP AR T B
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B DX B AT I8 A B S5 BT 1A R S5k B A1 Sk A 1l ) 5
R XEfE R SRR AR B R,
FEF IR 22 > (19 3D ) & A AL R H 328 Stuctlmgs
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AJRFREUE 22 B RRAE o FEASE A A0 5 R0 F i 24 %
J7 1, IVGG16 % DVGG16 A 5 W A e, i 5 /W 4%
il BT 2 1Y) 5 A A DG o RIS SR A, IVGG16 382
DVGG16 Ji§ /> 9.8 h, £ # it ] B [3] IVGG16 %
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R 2 ) R, 2 3 1R L0 0T o) 3 S i
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