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To achieve a dose distribution conformal to the target volume while sparing normal tissues, intensity modulation with steep dose
gradient is used for treatment planning. To successfully deliver such treatment, high spatial and dosimetric accuracy are crucial and
need to be verified. With high 2D dosimetry resolution and a self-development property, the Ashland Inc. product EBT3
Gafchromic film is a widely used quality assurance tool designed especially for this. However, the film should be recalibrated
each quarter due to the “aging effect,” and calibration uncertainties always exist between individual films even in the same lot.
Recently, artificial neural networks (ANN) are applied to many fields. If a physicist can collect the calibration data, it could be
accumulated to be a substantial ANN data input used for film calibration. We therefore use the Keras functional Application
Program Interface to build a hierarchical neural network (HNN), with the inputs of net optical densities, pixel values, and
inverse transmittances to reveal the delivered dose and train the neural network with deep learning. For comparison, the film
dose calculated using red-channel net optical density with power function fitting was performed and taken as a conventional
method. The results show that the percentage error of the film dose using the HNN method is less than 4% for the aging effect
verification test and less than 4.5% for the intralot variation test; in contrast, the conventional method could yield errors higher
than 10% and 7%, respectively. This HNN method to calibrate the EBT film could be further improved by adding training data
or adjusting the HNN structure. The model could help physicists spend less calibration time and reduce film usage.

1. Introduction

In addition to dose painting, various strategies of radiation
therapy with steep dose gradients are used to deliver a nonuni-
form dose to a clinical target with reduced toxicity to normal
tissues [1, 2]. To ensure both spatial and dosimetric accuracy,
quality assurance (QA) is vital for treatment centers. Several
two-dimensional dosimetry tools have been introduced to
expedite this QA, including portal dosimetry devices [3, 4],
matrix detectors [5-9], and film dosimeters [4, 10-12]. Of

these, the Gafchromic EBT film is widely used, largely due to
its self-development characteristic, near dose-to-water equiva-
lence [13], high spatial resolution, rereadability, relatively
uniform dose-response across a wide range of photon energies
[2, 11, 14], and inexpensive techniques for read-out using
commercially available flatbed document scanners [15].
Several generations of the Gafchromic film have been
developed, but only EBT2 and EBT3 film models are recom-
mended by Ashland for verifying all beam-modulated
techniques [16]. This is because spatial nonhomogeneity is
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corrected by its yellow marker dye [15, 17-22], so it is less
sensitive to the visible spectrum, and it is available for
repeated scans [23, 24]. With the matte polyester substrate
to avoid the formation of Newton’s rings [25-28], the EBT3
film has active layer composition and dosimetric properties
similar to EBT2 [26], with insignificant side dependence of
the film [29]. Based on the Ashland report, the effective
atomic numbers of EBT2 and EBT3 films are around 6.8
and 7.3, which is approximately water equivalent, increasing
their suitability for patient dosimetry [24, 30].

However, the calibration responses and the fitting
parameters change due to sensitivity variations between
film lots and the so-called film “aging effect” that changes
film sensitivity with shelf life [31-35]. The film aging effect
can be diminished if the background is subtracted using
the net optical density, a conventional calibration method;
but periodical recalibration (e.g., once per quarter) is rec-
ommended [33, 35].

Film calibration can be done by extracting the net optical
density [36], the pixel value [24], and the inverse transmit-
tance [37] appropriate for the delivered dose with the ade-
quate equations. Recently, Zhuang et al. used the pytorch
artificial neural network (ANN) platform (https://pytorch
.org/) with inputs of optical densities for calibrating different
EBT3 lots [38]. Zhuang subsequently did a trial with 400
training inputs from 6 films, where each film had different
lot numbers, and the mean square errors (MSE) of the test
batches reached 18 cGy. In our study, a hierarchical neural
network (HNN) was built using the Keras functional Applica-
tion Program Interface (https://keras.io/guides/functional_
api/). Hierarchical networks, based on a hierarchical organiza-
tion, consist of several ANN subnets, each of which deals with
a specific aspect of the input data. The subnet models with
some input variables determine the overall training pattern
[39]. HNN was previously used for survival analysis [40].
Here, it is used to find a solution for the film age effect and
intralot variation.

2. Materials and Methods

Gafchromic EBT3 films from different lots were scanned by
an Epson 10000XL scanner in a fixed portrait orientation to
create 127 dpi tiff images before and after calibration deliv-
ery, referred to as prescan and postscan, respectively. Just
before calibration delivery, a 6 MV photon beam from an
Elekta Synergy accelerator was quickly calibrated at the depth
of 5cm (SSD 95cm, field size 10°cm® and 1 cGy/MU)
according to AAPM TG reports [41-44]. Then, the film
was tightly sandwiched in a 30 cm cubic RW3 polystyrene
phantom, and the cubic phantom was located above another
10 cm thick backup plates. The film plane was parallel to the
beam central axis with its midline, the line longitudinally sep-
arated the film into two equal parts, oriented to be coincident
with the central beam.

A dose in the daily treatment range was delivered to the
film, and the film dose at midline was exactly calculated by
the delivered MU and the verified percentage depth doses
[24, 36, 37, 45-47]. After 24 hours, each film was rescanned
with the same 127 dpi, and all the tiff format images were
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analyzed using the Matlab and Keras software. Lot No.
03211802 EBT?3 films (Lot C) were exposed 17 times at differ-
ent dates within 20 months for film calibration. The time
interval between the 16™ and 17" calibration was 4 months.
The previous 11 and 16 times calibrations of lot C films were
collected to be portion I and II training data with 2394 and
3762 inputs, respectively. The training data of portion II
was used to manage the film aging effect since it needs longer
collection, and the 17 calibration film was used for the test
data. Portion I was used for the intralot variation verification
test by using lot A (lot No. 07191602) with 7 calibrations and
lot B (lot No. 03071603) with 3 calibrations. For comparison
with the developed HNN method, the conventional method
is introduced below.

2.1. Conventional Method. The red-channel net optical den-
sity (R-NOD) of the calibration film can be written as

RPV, .
RNOD =log,, |===21, (1)

RPV,
where RPV,, . and RPV . are the extracted red-channel

pixel value (PV) from the prescan (background) image and
the postscan image, respectively.

The R-NOD extracted from the midline of the film is
fitted to the delivered dose using the power function

Dy, = a x RNOD + b x RNOD¥, (2)

where Dy, is the fitted dose; and a, b and ¢ are fitting param-
eters. The fitting process was repeated twice, the first time
with a and b not bound, but ¢ bound between 1 and 3. After
obtaining the fitted ¢ value, it was rounded to the nearest
tenth. Then, the second fitting process was started with the
same parameter values as the first. The percentage error
between the calculated dose and delivered dose, E,,, using
the conventional method can be written as

E, = (D, - D;)/Dy x 100%, (3)

where D, is the calculated dose by equation (2) and D is the
delivered dose.

The films of the first calibration of lots A and B and
the 16" calibration of lot C were used to calculate the fit-
ting parameters individually through the power function
of equation (2). All the other films of lots A and B and
the 17" calibration of lot C were used for the verification
test.

2.2. Deep Learning HNN Method. A hierarchical neural
network (HNN) was built using the Keras deep learning
Application Program Interface (API), written in Python
and running on top of the machine learning platform Ten-
sorFlow. The input parameters for the HNN training are
R-NOD, red-channel irradiated PV (R-IPV) extracted
from the postscan image with the red-channel background
PV (R-BPV) extracted from the prescan image, green-channel
irradiated PV (G-IPV) with green-channel background PV
(G-BPV), blue-channel irradiated PV (B-IPV) with blue-
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FiGure 1: Simplified deep learning HNN frame using the Keras functional API for film-dose calibration.

channel background PV (B-BPV), red-channel inverse trans-
mittance (R-IT) with green-channel inverse transmittance
(G-IT), and with blue-channel inverse transmittance (B-IT).
The inverse transmittance (IT), T',, can be written as

Ty = (2" -1)/PVy, (4)

where W represents one of the R, G, and B channels.

Some of the input parameters may depend on each other;
however, all have been used for film calibration with different
techniques [24, 36, 37] since each has its own advantages.
The red-channel PV has the highest sensitivity to the dose
range of daily treatment, while the green-channel PV and
blue-channel PV have higher dynamic responses to higher
delivered doses [37, 48]. As the earliest used parameter, with
many published papers, R-NOD was gradually replaced by
the IT of the RGB used for the three-channel calibration
technique [36, 37]. The three-channel background PV was
intended to manage the film aging effect. These ten kinds of
inputs were reorganized as five input groups: (1) R-NOD,
(2) R-IPV/R-BPV, (3) G-IPV/G-BPV, (4) B-IPV/B-BPV,
and (5) R-IT/G-IT/B-IT; as shown in Figure 1.

This structure can be described with the functions O,
0,-+0,:0,=f (RNOD), O, = f (R-IPV, R-BPV), O, =
f (G-IPV, G-BPV), O, =f (B-IPV, B-BPV), O, = f (R-IT,
G-IT,B-IT), O, =f(0,05,0,), and O,=f(0,,0s, O;),
where O, (.) is approached with one input, 20 neurons in
the 1** hidden layer, 10 neurons in the 2"4 hidden layer, 7
neurons in the 3" hidden layer, and one output (i.e., model
1-20-10-7-1); O,(.) is approached with a model 2-10-7-2-1;
O,(.) is approached with a model 2-10-7-1; O,(.) is
approached with a model 2-10-7-1; Os(.) is approached with
a model 3-15-7-1; Og(.) is approached with a model 3-10-7-
1; and O,(.) is approached with a model 3-20-6-1. Figure 2
illustrates the detailed structure.

“Selu,” “elu,” “relu,” “softplus,” and “linear” are activa-
tion functions. The initial weighting was set as a uniform,
random number generator seed 435. The optimization algo-
rithm “Adam” is used as an extension to stochastic gradient
descent in place of classical stochastic gradient descent to
update network weights more efficiently and steadily. Since

the training deals with a multiple-regression problem, a
mean squared error (MSE) objective function is optimized
through the “Adam” optimizer. MSE is also a desirable met-
ric that is used to evaluate performance of the model. The
other two metrics used in this HNN are “mean absolute
error” (MAE) and “accuracy.” Then, the fitting process was
executing with batch size of 20 and 500 epochs. The valida-
tion split is 0.45; that is, 45% training data was held back
for validation.

The number of hidden layers, neurons, and activation
functions were systematically adjusted so all the calculated
doses converged to be equal to the delivered doses, which
can be examined through the value of MSE and MAE and
the illustration of the delivered dose with the calculated
dose. The training results using portion I films is shown
in Figure 3, where the red line is one calibration data of
portion I.

2.3. Intralot Verification Test. Due to sensitivity variations
between lots, the calculated dose through the trained HNN
model for the 1% calibration film of lot A and lot B film is
found clearly away from the line, where calculated doses are
equal to delivered doses. To make the lot C training results
work for lots A and B, the calculated film doses of the 1** cal-
ibration films of lots A and B through the trained HNN are
refitted to the delivered dose D, as below:

Dy =exH +fxH* +gxH+k,

(5)

where D,y is the fitted dose; ¢, f, g, and k are fitting param-
eters; and H is the calculated dose through the trained HNN.
The fitting results are shown in Figure 4. equation (5) is then
used to calculate the film doses of lots A and B.

2.4. Aging Effect Verification Test. The 17" calibration film of
lot C is used for the verification test of film aging. The dose of
the 17 verification film is calculated through the trained
HNN that was executed by using the films of portion II,
and the calculated dose is compared with the delivered dose.
Here, the refit (equation (5)) is not performed, since the test
lot and training lot are the same lot.
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FIGURE 2: Detailed structure of the deep learning HNN.
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Applying the deep learning HNN method, the H value of ~ of lots A and B and the 17" calibration lot C film will be used
the first calibration film of lots A and B was used to calculate ~ for the verification test of the interlot and aging effect, respec-
the fitting parameters of equation (5), and all the other films  tively. The percentage error between the calculated dose and
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FIGURE 4: Refit of the HNN dose of the 1** calibration films of (a) lot A and (b) lot B through equation (5).

the delivered dose, E, ,,, using the HNN method can be writ-
ten as

(6)

where D 4 will be the film doses calculated through equation
(5) for lot A and lot B and D,4 = H for the lot C film of the
17" calibration.

3. Results and Discussion

Figure 5 illustrates the training results of the 2394 inputs
from the portion I films of lot C, with the H values calculated
through the trained HNN using the 1** calibration film of lots
A and B, and their refit doses calculated through equation
(5). A black line, “Perfect”, shows the ultimate goal of calcu-
lated doses equal to delivered doses.

Since lots A and B are different from lot C, the H values
(blue dots), calculated doses using the trained HNN, are
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FIGURE 5: H values of training data (yellow dots), D, by equation (5) (red line), “Perfect” black line (calculated doses equal to delivered
doses), and the H values (blue dots) of 1°' calibration films of (a) lot A and (b) lot B.

apart from the black line (Figure 5). After the refitting proce-
dure (equation (5)), the calculated dose (red line) approaches
the black line.

To calculate the fitting parameters of equations (2) and
(5), 228 and 114 data points were extracted from the 1%
calibration film of lots A and B, respectively. For the verifica-
tion test, the complete 684 and 228 inputs of lots A and B,
respectively, excluding the 1* calibration, were used to calcu-

late D, (equation (6)) and compared with the delivered doses
(Figure 6). The percentage error, Ey, , , is within 4.5% using the
deep learning HNN method. The percentage error, E,,, gener-
ally is also within 4.5%, by using the conventional R-NOD
method, but would be higher than 7% and 5% for the delivered
doses around 70 cGy, of lot A and lot B, respectively.

The 17" calibration film of lot C is used for the verifica-
tion test of the aging effect. The calculated dose through the
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FIGURE 6: Percentage differences between the calculated dose (equation (2), equation (5)) and the delivered dose for the verification test of Lot

A and Lot B films.

trained HNN compared with the delivered dose is within 4%
(Figure 7). The calculated dose through the R-NOD by equa-
tion (2), where the fitting parameters are obtained from the
16™ calibration film, four months before the 17 calibration
date, is generally lower than the delivered dose with a mean
percentage error of 6.8%, though some exceed 11%. This
higher percentage error is because of the aging effect, which

means the recalibration is needed if using the conventional
method. In contrast, the HNN method can help compensate
for this effect.

The MSE calculated after the HNN training of portions I
and II is 11.19 (2394 inputs) and 14.47 cGy (3762 inputs),
MAE 2.39c¢Gy and 2.55cGy, respectively. The averaged
MSE of all the verification tests is less than 6.4cGy.
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Compared with the study of Zhuang et al. using pytorch with
2-6-3-1 pretraining ANN and 2-6-3-9-1 protraining ANN,
400 NOD training inputs and 80 test NOD inputs [38], more
training data and test data (thousands vs. hundreds), were
used in our study. Our results also show a lower averaged ver-
ification test MSE, 6.4 cGy vs. 10.4 cGy.

Examining either high dose or low dose aspects, the
two data ends shown in Figure 3 for the training process
of our HNN model, it can be seen that if one part con-
verges well, the other part will have divergences. The final
chosen model is actually the compromise of the above.
There are some trials that may improve the HNN model-
ing in future work: (1) modifying the activation functions,
hidden layers, and the neuron numbers of the HNN
model; (2) using R-NOD to separate the delivered doses
to several ranges, with each range having its own well-
trained HNN model; and (3) add new, appropriate param-
eters to the HNN model.

If the film used is not from the training lot, its H
value generally will substantially depart from the “perfect”
line (Figure 5) due to intralot variability of the film sen-
sitivity, which requires physicists to calibrate new film
lots at least once (by equation (5)). To apply our HNN
model, equation (5) was used for the new lot refit, and
it proved to be workable (Figure 6). However, equation
(5) may not be feasible if the film sensitivity of a new
lot varies so much that the H values will be far from
the “perfect” line. Future research could consider resolv-
ing intralot variation, by putting the new lot calibration
parameters into the HNN training model and giving
them higher weights.

4. Conclusions

A deep leaning HNN method to calibrate the EBT3 film with
better calibration accuracy than the conventional R-NOD
method is presented. About the aging effect, the percentage
error of the HNN method is within 4% and proved to be
unaffected, while the averaged percentage error of the con-
ventional R-NOD method is about 6.8%. This new technique
can be improved by updating the new calibration data into
the HNN training system whenever physicists perform the
recalibration. Basing on collecting calibration data with the
HNN method, physicists could spend less calibration time
and reduce film usage.

Data Availability
The data used to support the findings of this study are
available from the corresponding author upon request.

Conflicts of Interest

The authors declare that there is no conflict of interest
regarding the publication of this paper.

Acknowledgments

This work was supported in part by the Ministry of Science
and Technology, Taiwan (MOST 108-2221-E-214-006,
MOST 109-2221-E-214-003, and MOST 109-2221-E-992-
011-MY2).



BioMed Research International

References

(1]

(2]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

S. M. Bentzen and V. Gregoire, “Molecular imaging-based
dose painting: a novel paradigm for radiation therapy pre-
scription,” Seminars in Radiation Oncology, vol. 21, no. 2,
pp. 101-110, 2011.

B. Arjomandy, R. Tailor, A. Anand et al.,, “Energy dependence
and dose response of Gafchromic EBT?2 film over a wide range
of photon, electron, and proton beam energies,” Medical Phys-
ics, vol. 37, no. 5, pp. 1942-1947, 2010.

M. J. Butson, T. Cheung, and P. K. Yu, “Measurement of
energy dependence for XRCT radiochromic film,” Medical
Physics, vol. 33, no. 8, pp. 2923-2925, 2006.

W. Schumer, W. Fernando, M. Carolan et al., “Verification of
brachytherapy dosimetry with radiochromic film,” Medical
Dosimetry, vol. 24, no. 3, pp. 197-203, 1999.

J. Herzen, M. Todorovic, F. Cremers et al., “Dosimetric evalu-
ation of a 2D pixel ionization chamber for implementation in
clinical routine,” Physics in Medicine and Biology, vol. 52,
no. 4, pp. 1197-1208, 2007.

B. M. Oborn, P. E. Metcalfe, M. J. Butson, and A. B. Rosenfeld,
“High resolution entry and exit Monte Carlo dose calculations
from a linear accelerator 6 MV beam under the influence of
transverse magnetic fields,” Medical Physics, vol. 36, no. 8,
pp. 3549-3559, 2009.

B. M. Oborn, P. E. Metcalfe, M. J. Butson, A. B. Rosenfeld, and
P.J. Keall, “Electron contamination modeling and skin dose in
6 MV longitudinal field MRIgRT: impact of the MRI and MRI
fringe field,” Medical Physics, vol. 39, no. 2, pp. 874-890, 2012.
B. M. Oborn, P. E. Metcalfe, M. J. Butson, and A. B. Rosenfeld,
“Monte Carlo characterization of skin doses in 6 MV trans-
verse field MRI-linac systems: effect of field size, surface
orientation, magnetic field strength, and exit bolus,” Medical
Physics, vol. 37, no. 10, pp. 5208-5217, 2010.

B. Arjomandy, N. Sahoo, X. Ding, and M. Gillin, “Use of a two-
dimensional ionization chamber array for proton therapy
beam quality assurance,” Medical Physics, vol. 35, no. 9,
Pp. 3889-3894, 2008.

T. Cheung, M. J. Butson, and P. K. Yu, “Multilayer Gafchromic
film detectors for breast skin dose determinationin vivo,”
Physics in Medicine and Biology, vol. 47, no. 2, pp. N31-N37,
2002.

A. Niroomand-Rad, C. R. Blackwell, B. M. Coursey et al.,
“Radiochromic film dosimetry: recommendations of AAPM
radiation therapy committee task group 55. American Associ-
ation of Physicists in Medicine,” Medical Physics, vol. 25,
no. 11, pp. 2093-2115, 1998.

J. E. Dempsey, D. A. Low, S. Mutic et al., “Validation of a pre-
cision radiochromic film dosimetry system for quantitative
two-dimensional imaging of acute exposure dose distribu-
tions,” Medical Physics, vol. 27, no. 10, pp. 2462-2475, 2000.
M. Fuss, E. Sturtewagen, C. De Wagter, and D. Georg,
“Dosimetric characterization of GafChromic EBT film and
its implication on film dosimetry quality assurance,” Physics
in Medicine and Biology, vol. 52, no. 14, pp. 4211-4225, 2007.
J. G. Sutherland and D. W. Rogers, “Monte Carlo calculated
absorbed-dose energy dependence of EBT and EBT2 film,”
Medical Physics, vol. 37, no. 3, pp. 1110-1116, 2010.

S. Devic, N. Tomic, C. G. Soares, and E. B. Podgorsak, “Opti-
mizing the dynamic range extension of a radiochromic film
dosimetry system,” Medical Physics, vol. 36, no. 2, pp. 429-
437, 2009.

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

[24]

(25]

[26]

(27]

(28]

(29]

(30]

J. E. Perez Azorin, L. I. Ramos Garcia, and J. M. Marti-Climent,
“A method for multichannel dosimetry with EBT3 radiochro-
mic films,” Medical Physics, vol. 41, 6 Part 1, 2014.

H. Ohuchi, “High sensitivity radiochromic film dosimetry
using an optical common-mode rejection and a reflective-
mode flatbed color scanner,” Medical Physics, vol. 34, no. 11,
pp. 4207-4212, 2007.

T. Aland, T. Kairn, and J. Kenny, “Evaluation of a Gafchromic
EBT2 film dosimetry system for radiotherapy quality assur-
ance,” Australasian Physical & Engineering Sciences in Medi-
cine, vol. 34, no. 2, pp. 251-260, 2011.

C. Andres, A. del Castillo, R. Tortosa, D. Alonso, and
R. Barquero, “A comprehensive study of the Gafchromic
EBT?2 radiochromic film. A comparison with EBT,” Medical
Physics, vol. 37, no. 12, pp. 6271-6278, 2010.

T.J. McCaw, J. A. Micka, and L. A. Dewerd, “Characterizing
the marker-dye correction for Gafchromic®EBT?2 film: a com-
parison of three analysis methods,” Medical Physics, vol. 38,
no. 10, pp. 5771-5777, 2011.

T. Kairn, T. Aland, and J. Kenny, “Local heterogeneities in
early batches of EBT2 film: a suggested solution,” Physics in
Medicine and Biology, vol. 55, no. 15, pp. L37-142, 2010.

L. Richley, A. C. John, H. Coomber, and S. Fletcher, “Evalua-
tion and optimization of the new EBT2 radiochromic film
dosimetry system for patient dose verification in radiother-
apy,” Physics in Medicine and Biology, vol. 55, no. 9,
pp. 2601-2617, 2010.

B. Hartmann, M. Martisikova, and O. Jakel, “Technical Note:
Homogeneity of Gafchromic®EBT2 film,” Medical Physics,
vol. 37, no. 4, pp. 1753-1756, 2010.

L. Chang, S. Y. Ho, T. F. Lee, S. A. Yeh, H. J. Ding, and
P. Y. Chen, “The suitable dose range for the calibration of
EBT2 film by the PDD method with a comparison of two
curve fitting algorithms,” Nuclear Instruments and Methods
in Physics Research Section A: Accelerators, Spectrometers,
Detectors and Associated Equipment, vol. 777, pp. 85-90,
2015.

R. Moylan, T. Aland, and T. Kairn, “Dosimetric accuracy of
Gafchromic EBT2 and EBT3 film for in vivo dosimetry,” Aus-
tralasian Physical & Engineering Sciences in Medicine, vol. 36,
no. 3, pp. 331-337, 2013.

T. A. Brown, K. R. Hogstrom, D. Alvarez, K. L. Matthews,
K. Ham, and J. P. Dugas, “Dose-response curve of EBT,
EBT2, and EBT3 radiochromic films to synchrotron-
produced monochromatic x-ray beams,” Medical Physics,
vol. 39, no. 12, pp. 7412-7417, 2012.

J. Desroches, H. Bouchard, and F. Lacroix, “Technical Note:
Potential errors in optical density measurements due to
scanning side in EBT and EBT2 Gafchromic film dosimetry,”
Medical Physics, vol. 37, no. 4, pp. 1565-1570, 2010.

D. Lewis, A. Micke, X. Yu, and M. F. Chan, “An efficient pro-
tocol for radiochromic film dosimetry combining calibration
and measurement in a single scan,” Medical Physics, vol. 39,
no. 10, pp. 6339-6350, 2012.

S. Reinhardt, M. Hillbrand, J. J. Wilkens, and W. Assmann,
“Comparison of Gafchromic EBT2 and EBT?3 films for clinical
photon and proton beams,” Medical Physics, vol. 39, no. 8,
pp. 5257-5262, 2012.

E. Y. Marroquin, J. A. Herrera Gonzilez, M. A. Camacho
Loépez, J. E. Barajas, and O. A. Garcia-Garduno, “Evaluation
of the uncertainty in an EBT3 film dosimetry system utilizing



10

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(42]

(43]

(44]

[45]

net optical density,” Journal of Applied Clinical Medical Phys-
ics, vol. 17, no. 5, pp. 466-481, 2016.

P. Sipila, J. Ojala, S. Kaijaluoto, I. Jokelainen, and A. Kosunen,
“Gafchromic EBT3 film dosimetry in electron beams - energy
dependence and improved film read-out,” Journal of Applied
Clinical Medical Physics, vol. 17, no. 1, pp. 360-373, 2016.

R. Dreindl, D. Georg, and M. Stock, “Dosimetrie mit radio-
chromatischen Filmen: Betrachtungen zur prazisen und
genauen dosimetrischen Verifikation mit EBT2- und EBT3-
Filmen,” Zeitschrift fiir Medizinische Physik, vol. 24, no. 2,
pp. 153-163, 2014.

Y. Feng, H. F. Tiedje, K. Gagnon, and R. Fedosejevs, “Spectral
calibration of EBT3 and HD-V2 radiochromic film response at
high dose using 20 MeV proton beams,” Review of Scientific
Instruments, vol. 89, no. 4, article 043511, 2018.

M. Mathot, S. Sobczak, and M. T. Hoornaert, “Gafchromic
film dosimetry: four years experience using FilmQA pro soft-
ware and Epson flatbed scanners,” Physica Medica, vol. 30,
no. 8, pp. 871-877, 2014.

A. H. D. Col, A. Nagao, W. A. P. D. Santos et al.,, “Issues on
VMAT QA program with EBT3 radiochromic films: an
improvement proposal,” Revista Brasileira de Fisica Médica,
vol. 12, no. 3, pp. 7-14, 2018.

L. Chang, C. S. Chui, H. J. Ding, I. M. Hwang, and S. Y. Ho,
“Calibration of EBT2 film by the PDD method with scanner
non-uniformity correction,” Physics in Medicine and Biology,
vol. 57, no. 18, pp. 5875-5887, 2012.

L. Chang, S. Y. Ho, T. F. Lee, S. A. Yeh, H. J. Ding, and
P. Y. Chen, “Calibration of EBT2 film using a red-channel
PDD method in combination with a modified three-channel
technique,” Medical Physics, vol. 42, no. 10, pp. 5838-5847,
2015.

Y. Zhuang, Y. Li, J. Zhu, L. Chen, and X. Liu, “A trial for EBT3
film without batch-specific calibration using a neural net-
work,” Physics in Medicine ¢ Biology, vol. 64, no. 5, article
05NTO1, 2019.

M. L. Mavrovouniotis and S. Chang, “Hierarchical neural
networks,” Computers & chemical engineering, vol. 16, no. 4,
pp. 347-369, 1991.

L. Ohno-Machado, M. G. Walker, and M. A. Musen, “Hierar-
chical neural networks for survival analysis,” Medinfo, vol. 8,
Part 1, pp. 828-832, 1995.

E. E. Klein, J. Hanley, J. Bayouth et al., “Task group 142 report:
quality assurance of medical acceleratorsa,” Medical Physics,
vol. 36, 9 Part 1, pp. 4197-4212, 2009.

G. J. Kutcher, L. Coia, M. Gillin et al., “Comprehensive QA for
radiation oncology: report of AAPM radiation therapy com-
mittee task group 40,” Medical Physics, vol. 21, no. 4,
pp. 581-618, 1994.

Task Group 21 and Radiation Therapy Committee, AAPM, “A
protocol for the determination of absorbed dose from high-
energy photon and electron beams,” Medical Physics, vol. 10,
no. 6, pp. 741-771, 1983.

P.R. Almond, P.J. Biggs, B. M. Coursey et al., “AAPM's TG-51
protocol for clinical reference dosimetry of high-energy pho-
ton and electron beams,” Medical Physics, vol. 26, no. 9,
pp. 1847-1870, 1999.

L. Chang, S.-Y. Ho, H.-J. Ding, I.-M. Hwang, P.-Y. Chen, and
T.-F. Lee, “Evaluation of multiple-sampling function used with
a Microtek flatbed scanner for radiation dosimetry calibration
of EBT2 film,” Nuclear Instruments and Methods in Physics

[46]

(47]

(48]

BioMed Research International

Research Section A: Accelerators, Spectrometers, Detectors and
Associated Equipment, vol. 832, pp. 179-183, 2016.

L. Chang, S. Y. Ho, H. J. Ding, T. F. Lee, and P. Y. Chen,
“Dependency of EBT2 film calibration curve on postirradia-
tion time,” Medical Physics, vol. 41, no. 2, 2014.

L. Chang, S. Y. Ho, H. J. Ding, S. A. Yeh, and P. Y. Chen,
“Calibration of Gafchromic EBT film using the Microtek
ScanMaker 9800XL plus flatbed scanner with a modified one
red-channel after three-channel method,” Journal of Medical
Physics, vol. 44, no. 3, pp. 207-212, 2019.

A. Micke, D. F. Lewis, and X. Yu, “Multichannel film dosime-
try with nonuniformity correction,” Medical Physics, vol. 38,
no. 5, pp. 2523-2534, 2011.



	Calibration of the EBT3 Gafchromic Film Using HNN Deep Learning
	1. Introduction
	2. Materials and Methods
	2.1. Conventional Method
	2.2. Deep Learning HNN Method
	2.3. Intralot Verification Test
	2.4. Aging Effect Verification Test

	3. Results and Discussion
	4. Conclusions
	Data Availability
	Conflicts of Interest
	Acknowledgments

