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Fast estimation of internal irradiation dose rate in PET/CT imaging using deep learning-based
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Abstract: Objective To realize the fast estimation of internal irradiation dose rate in PET/CT imaging using the combination
of deep learning-based dose prediction and auto-segmentation technique. Methods Based on the PET/CT images of the
patients at a specific moment, Monte Carlo simulation software GATE was used to calculate the internal irradiation dose rate,
and obtain the dose rate distribution map of each patient. The PET and CT image patches were used as inputs for the training
of a deep neural network constructed based on U-Net network, while internal irradiation dose rate map calculated by Monte
Carlo simulation software GATE was given as ground truth. The trained deep learning model could predict the dose rate map
according to the PET/CT images. Meanwhile, the radiosensitive organs and tissues in the CT images were automatically

segmented using DeepViewer. The absorbed dose rates of the corresponding organs and tissues were calculated based on
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organ segmentation results and the predicted dose rate distribution. The PET/CT images of 50 patients were used in the study.
Ten of which were used as testing set, and the others were used for 4-fold cross-validation training, with 30 for training and
10 for validation in each fold. The predicted results were compared with the results obtained by GATE and ARCHER-NM (a
GPU-accelerated Monte Carlo dose calculation module). Results For most of the 24 organs segmented by DeepViewer, the
relative differences between predicted dose rate and GATE simulation results were within £10%. Specifically, the average
relative differences of brain, heart, liver, left and right lungs were 3.3%, 1.1%, 1.0%, -1.1% and 0.0%, respectively,
indicating a good consistency between dose rate prediction and GATE simulation. For each patient, the deep learning-based
prediction costs 15.1 s on average for the estimation of internal irradiation dose rate, while the GATE simulation costs 8.91 h.
The calculation speed was increased by a factor of 2120. The comparison between deep learning-based prediction and
ARCHER-NM showed that the deep learning-based prediction had an advantage of execution time, while its interpretability
needed further improvement. Conclusion The combination of deep learning-based dose prediction and auto-segmentation

technique is expected to be a method for the rapid estimation of internal irradiation dose rate in PET/CT imaging, and provide

a solution to calculate the real-time internal absorbed dose rapidly for the practices of clinical nuclear medicine.
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Figure 1 3D U-Net network structure
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Figure 3 Auto—segmentation results of organs in one patient
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Table 1 Comparison between predicted and GATE calculated dose rates for one patient in test set

F1MAEP1BBENTUNFEXRS GATE HEF 8 RMELIEIE

e TMF R /Gy » s GATEFHEH/Gy *s”! GATE ANHi 52 BE 1% AHXTR22/%
&5 1.84E-07 1.83E-07 3.76 0.68
i e 2.37E-07 2.41E-07 2.87 -1.87
Wi 1.72E-07 1.73E-07 3.50 -0.47
K figi 5.57E-07 5.24E-07 1.98 6.34
Jili T 4.47E-07 4.25E-07 2.13 5.22
T 2.78E-07 2.71E-07 2.65 261
ZEHR 1.82E-07 1.75E-07 3.30 4.12
Fr iR 1.79E-07 1.71E-07 3.30 485
JEWEE 2.47E-07 2.48E-07 2.60 -0.43
filE 2.50E-07 2.52E-07 2.58 -0.54
OIE 4.48E-07 4.28E-07 2.32 4.59
LS 1.96E-07 2.10E-07 3.85 -6.62
JFIE 3.09E-07 3.03E-07 2.47 2.06
sl 2.44E-07 2.43E-07 4.78 0.59
Al 2.29E-07 2.28E-07 471 0.50
N 1.95E-07 1.94E-07 3.81 0.52
()% 2.57E-07 2.61E-07 2.84 -1.61
i 2.36E-07 2.34E-07 2.74 1.16
e 1.50E-07 1.48E-07 3.61 0.93
AR AR 1.50E-07 1.48E-07 3.61 1.29
B 2.47E-07 2.47E-07 2.62 0.15
H 2.91E-07 2.82E-07 2.65 327
i 2.52E-07 2.47E-07 2.73 1.99
H 1.59E-07 1.62E-07 4.77 -1.64




- 154 -

N e

5540 %:

15

104

HR %1%
+— e}
+EEEE ?

**

-15 T T T T T T T T T T T

T T
e € S S § @;ﬁ QA IR @Qﬁ@‘%&&%@%@@ E

AR

4 WAEBEZNBEEPREZ IMNLERS GATE HEMIREHERE

Figure 4 Differences of predicted results relative to GATE simulation of multi-organs in patients in test set
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Table 2 Uncertainties of Monte—Carlo simulation and deep earning—based

prediction errors of 10 patients in test set (%)
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Table 3 Comparison of time consumption among deep learning—based prediction, GATE and ARCHER-NM
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