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MLC error detection using a late-fusion convolutional neural network in quality assurance for IMRT
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Abstract: Objective To evaluate the feasibility and advantages of multi-channel multi-path DenseNet (MCMP-DenseNet) for
detecting multi-leaf collimator (MLC) errors in quality assurance (QA) for intensity-modulated radiotherapy (IMRT) from
dose difference maps and Gamma maps. Methods The MLC positions of 98 error-free IMRT plans were modified to simulate
translation, extension, shift, and random errors. The plans with and without errors were re-imported into TPS for calculating
the dose distributions in the PTW 729 phantom. The dose difference maps and the Gamma maps with two Gamma criteria
which were created from the measured and calculated dose distributions were used for dataset establishment and MCMP-
DenseNet training. Among them, 330 dose difference maps and 660 Gamma maps was adopted for the test set, and the
remaining were divided into training and validation sets according to 5-fold cross-validation. Based on the prediction results
of the test set, the overall classification accuracy, Macro-F1, and normalized confusion matrix were calculated for evaluating
the model performance. Results MCMP-DenseNet had the highest overall classification accuracy (0.855) and Macro-F1
(0.853). The normalized confusion matrix revealed that the average classification accuracies of the MLC shift error,
expansion error, error-free, random error, and translation error were 0.98, 1.00, 0.66, 0.63, and 1.00, respectively.
Conclusion The study demonstrates the feasibility and accuracy of MCMP-Densenet in terms of the overall classification
accuracy, Macro-F1, and specific classification accuracy.
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Figure 1 Simulation of error plans (4 types of MLC errors)
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Figure 2 Gamma maps and dose difference maps of MLC error and free—error plans
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Figure 3 Architectures of the early fusion and late fusion CNN models
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Table 1 Classification accuracies of MCSP-DenseNet, MCMP-DenseNet and 3 types of SCSP—-DenseNet in 5—fold cross—validation

TXHE SCSP-DenseNetl SCSP-DenseNet2 SCSP-DenseNet3 MCSP-DenseNet MCMP-DenseNet
HE1 0.845 0.821 0.803 0.845 0.855
HE2 0.794 0.855 0.839 0.827 0.845
&3 0.845 0.839 0.839 0.839 0.867

HE 4 0.803 0.842 0.812 0.830 0.852
MES 0.848 0.845 0.796 0.836 0.855
FAME 0.827+0.026 0.840+0.012 0.818+0.020 0.835+0.007 0.855+0.008

3 ff SCSP-DenseNet . MCSP-DenseNet L &z MCMP-
DenseNet 1972 FIUE AR FLEWNER 2 s,
MCMP-DenseNet B4 5 i 192234 F1{EH.(0.853) , [l

TEMLC JoiR 2 M BfH LR 2 Th B fe s B4 25 FLIE, 43
W14 0.653 #10.639., SCSP-DenseNet2 7F 3 Ffi L T Hfs
G B W 28 b B e i ) 22 XY FLAE

%<2 3Fh SCSP-DenseNet.MCSP-DenseNet A &% MCMP-DenseNet 7£ 5 i MLC L & # X h EML RN F1ES ZFHF1E
Table 2 F1-score and Macro-F1 of MCSP-DenseNet, MCMP-DenseNet and 3 types of SCSP—-DenseNet for different MLC errors

SCSP-DenseNetl SCSP-DenseNet2

SCSP-DenseNet3

Eiesi - (Gamma 3%/2 mm)  (Gamma 2%/1 mm) MCSP-DenseNet MCMP-DenseNet
AR 22 0.983 0.992 0.991 0.986 0.991
MR 1.000 0.997 0.982 0.991 0.988
Jois 2z 0.627 0.595 0.562 0.592 0.653
FlpLIR 22 0.541 0.602 0.568 0.602 0.639
TR iR 22 0.966 0.997 0.949 0.991 0.994
FFHFLE 0.823 0.837 0.810 0.832 0.853
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Table 3 Confusion matrixes of MCSP-DenseNet, MCMP-DenseNet and 3 types of SCSP-DenseNet for 330

beams in 5—fold cross—validation
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