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Abstract—Generalized equivalent uniform dose (gEUD)
-based hybrid objective functions are widely used in
intensity modulated radiotherapy (IMRT). To improve its
efficiency, a novel fuzzy logic guided inverse planning
method was developed for the automatic parameters

optimization of the ggeUD-based radiotherapy optimization.

Simple inference rules were formulated according to the
knowledge of the treatment planner. Then they
automatically and iteratively guide the parameters
modification according to the percentage of deviation
between the current dose and the prescribed dose.
weighting factors and prescribed dose were automatically
adjusted by developed fuzzy inference system (FIS). The
performance of the FIS was tested on ten prostate cancer
cases. Experimental results indicate that proposed
automatic method can yield comparable or better plans
than manual method. The fuzzy logic guided automatic
inverse planning method of parameters optimization can
significantly improve the efficiency of the method of
manually adjusting parameters, and contributes to the
development of fully automated planning.

Keywords—Weighting factors, Intensity-modulated
radiation therapy, Prescribed dose, Automatic planning,
fuzzy logic.

I. INTRODUCTION

Intensity modulated radiotherapy (IMRT) inverse planning

has been widely used to spare the dose to organs at risk (OARs)
and conform the dose to planning target volume (PTV). In
clinical inverse planning, the planner will have to define several
parameters, such as weighting factors and bounds, to attain a
desired plan by lengthy trial-and-error procedure. As these
parameters are iteratively changed based on planner’s
reasoning and experience until a proper combination of
parameters and an acceptable plan are reached, it could be
accomplished by fuzzy logic belonging to artificial intelligence
(AD) 1,

To date, several researchers have introduced fuzzy logic into
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physical optimization of radiotherapy. LI and Yin [ applied
fuzzy logic into a treatment planning to optimize weighting
factors for normal tissue (NT). Yan et al. B! used a fuzzy
inference technique to optimize the weighting factors. Yan et
al. ™, Stieler et al. I*!, and Dias et al. [ proposed fuzzy logic
guided parameters optimization in physical radiation, including
weighting factors and prescribed dose. With the advantages [']
and developing trend of biological optimization or hybrid
physical-biological optimization, it is necessary to extend this
approach to parameter optimization for them. The biological
criteria applied to treatment planning include tumor control
probability (TCP), normal tissue complication probability
(NTCP), and generalized equivalent uniform dose (gEUD). As
the uncertainty associated with them, model based on TCP or
NTCP has not been widely used in inverse system . However,
¢BUD guided inverse planning has been investigated -!®! and
clinically applied in Varian system [! because of its
advantages ['%. To improve the efficiency of gEUD-based
inverse planning, it is desirable to have an automatic, or a more
effective approach.

In our study, we reported a fuzzy inference guided automatic
method to optimize the combination of parameters for the
gEUD-based treatment planning. The propose methodology
was tested on ten prostate clinical cases. In the following
sections, the method of fuzzy inference system guided
gEUD-based optimization is described in details in Section II.
Then, the feasibility and effectiveness of the proposed
automatic method are demonstrated by comparing with the
manual method in Section III. Section IV concludes the main
findings and points out the future research directions.

II. MATERIALS AND METHODS

A. Objective Function

Some researchers ['> 16 have demonstrated the superiority of
gEUD-based hybrid optimization compared with gEUD-based
biological optimization. Based on their study, the subjective
function we used in our study can be formulated as

F(D09) = fuol DIY"™ )& Fen D™ )46 T D™ )44, T DO™) (1)
(D)™ ) and a

maximum dose sub-score of f__(D(X)" were used to

Where a minimum dose sub-score of fmin
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guarantee the therapeutic dose delivered to the PTV (planning
target volume), along with two gEUD-based sub-scores of

feup(DOOP* ) and  f (D)™™ ) to minimize the
dose delivered to the bladder and rectum walls, respectively.
D(X) =WX is the dose distribution vector, X is the beamlet

weights, W is the dose deposition matrix computed using the
CERR pencil beam algorithm (QIB) with corrections for
heterogeneities 2. The f_, (D(x)) and f __ (D(X)) was
proposed by Wu and Mohan 1, and the gEUD sub-score is
expressed as [14 18]

foeun (D(X)) = max(0,geEUD(D(x))-gEUD, )  (2)
Here, gEUD( D(X)) is the current dose, and gEUD, is the
prescription dose. gEUD( D(X)) is given by Equation (3) 22

GEUD(D() =3 (w,x ) ®

N is the number of voxels in the optimized anatomical structure
of interest, a is the tissue-specific parameter representing the
dose-volume effect, wj corresponding to voxel j, is the jth row
of the dose deposition matrix.

min

B. Fuzzy Inference Mechanism

In 1965, to characterize non-probabilistic uncertainties,
Zadeh proposed an approach called fuzzy-sets [2326To
simulating the reasoning process generally performed by a
human, the fuzzy inference system (FIS) was applied in some
industrial applications ?7?°1, Some relevant studies can be
found in [30] and [31] A Mamdani-type FIS includes three
components: fuzzifier, inference engine, and defuzzifier shown
in Figure 151,

<
rule

y

Inference

—> ——) Defuzifier > Output

Fuzzifier

Input ——>

Figure 1. The illustration of a fuzzy inference system

The inputs are processed by the fuzzifier based on the
membership function for the inputs. The inference part
processes the result values and calculates the consequences
according to the rule. Then the defuzzifier converts the
consequence to the final outputs. The constituents of the rules
mainly influence the behavior of a FIS. Input and output
variables are portioned into different spaces according to fuzzy
sets. Then, create an appropriate function to map the input /
output spaces to the real numbers called membership values.

Two fuzzy inference systems were needed for the automatic
method. One is specified for the modification of the weighting
factor, the other is specified for the modification of the
prescribed dose. The two kinds of parameters are optimized
alternately. It should be noted that when the prescribed doses
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are changed, the weighting factors take their initial values, and
the algorithm processes by changing them again. Our first
approach to this problem considered changing the prescribed
doses directly after the process of weighting factors adjustment,
but it is more time consuming. Taking the initial weighting
factors when prescribed doses are changed proved to be a better
choice.

In our work, we used triangular and trapezoidal membership
functions. Figure 2 and Figure 3 illustrate the membership
functions considered for determining the change in the
weighting factors (WF) and prescribed dose (PD).
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As shown in Figure 2 and Figure 3, for different sub-scores
(physical or biological), the output function of FIS are different,
because of their inherent differences. The input, ranging from

0% to 100% , is calculated by the percentage of deviation

between the current dose and the prescribed dose,and this is
simply a measure of how much the constraint is being violated.
The output is given by the change in the PD or WF. Weighting
factor and prescribed dose are changed following very simple
common-sense rules: if a given dose constraints is being
violated, then change the weighting factor or prescribed dose
that can contribute to the satisfaction of the constraint. For
example, imaging that the current plan with D7 =73.8Gy and

DmPaTxV =80Gy , the algorithm will compute the deviation in

percentage 0.27% and 2.56% , then the increase change of the

PTV
min

prescribed D and the decrease change of the prescribed DT’

are determined according to their FISs. As soon as the PD is
updated for every optimized structure, the FMO is solved again.
Similar to the one described for PD modification, the weights
are modified according to proposed FIS.

A set of fuzzy rules connected the input and output
membership functions together. In our work, we applied three
fuzzy rules that should be evaluated simultaneously: low
deviation implying low change, medium deviation implying
medium change, and high deviation implying high change. A
set of truncate output fuzzy sets are generated after evaluating
all the fuzzy rules, then a single value is calculated according to
these sets. This procedure is called defuzzification. Here, the
way of the centroid calculation defuzzification is applied.

C. Optimization Workflow

Next, we describe the whole algorithm procedure. “IT”
represents the total numbers of FMO, “Improve” denotes
whether or not the dose coverage of PTV is further improved,
and “Admissible” represent whether or not the current plan is
acceptable.

Step 1. Determine a set of beam angles. Improve<-0; IT<0.
Step 2. Initialize all the models parameters (prescribed dose,
initial beamlet weights, initial weighting factors, et al.).

Step 3. Solve the fluence map optimization (FMO) with the
current parameters; [T<IT+1.

Step 4. Dose calculations. Admissible < True.

Step 5. For each optimized organs, the following decision is
made. If there is a deviation between the current dose metrics
and the desired ones for structure S, change the weighting factor
associated with it according to fuzzy inference syetem.
Admissible € False, repeat steps 3 to 5 once. If the current dose
satisfies the prescribed dose, go to 7.

Step 6. If Admissible<False, then we have as follows. For
structure s, change the prescribed dose using the fuzzy
inference system. Repeat steps 2 to 5 until an acceptable plan is
reached or IT reaches the maximum number of iterations Nmax.
Step 7. If Admissible<True, Improve<-1, change the desired
dosimetry objectives for PTV, trying to improve PTV coverage
while ensuring the prescribed OARs constraints. Go to Step3.

The algorithm will be able to calculate a plan that is
complying as much as possible with the defined treatment
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constraints.

Plan evaluation is performed to determine whether the
current plan is acceptable. The physician has defined 78Gy for
the PTV and wants V (Dose) to be at least 95%, meanwhile, V
(80Gy) to be 0. For rectum and bladder sparing, the clinical
practice guidelines 32! were applied to evaluate them. By
alternately changing the PD and WF, the algorithm will direct
the search process and will try to find a solution that meets all
the prescribed constraints. After an acceptable plan is obtained,
the algorithm will try to improve PTV coverage. At this stage,
this is realized by changing obtained Dmin to Dmint0.5: if the
planner has defined an acceptable plan with Duin equal to 74Gy,
then the algorithm will try to guarantee that Dmin is equal to or
greater than 74.5Gy. The procedure is repeated until the PTV
coverage cannot be further improved.

D. Patients, Related Parameters, and Assessment Criteria

The feasibility and performance of the automatic method
was tested on 10 cases of prostate cancer. The experiment
environment is the same with that used in our previous work
33, and the FMO were solved using gradient-based
optimization algorithm (namely, L-BFGS) B4l The study
protocols were approved by the Ethics Committee of the North
University of China with the approval No.2018006,the written
consent forms were signed by the subjects whose Computed
Tomography (CT) images were used for this study. For prostate
cancer cases, these patients underwent simulation and treatment
in the supine position. Target volume and organs at risk
(bladder, rectum, and femoral heads) were delineated on CT
slices. The rectum and bladder walls were generated with a
thickness of Smm from the external manually-delineated rectal
and bladder contours, respectively. A “tissue ring”, the outside
of the area extending the PTV by 5cm, was defined as the other
normal tissue. The target volume included the prostate and
excluded the pelvic lymph nodes. The PTV was calculated by
adding a 10mm margin in all directions except the posterior,
where a Smm margin was applied. All plans used the identical
configuration of five coplanar 6 MV photon beams, with gantry
angles of 36°, 100°, 180°, 260°, and 324°. The prescription
doses for each sub-score in Equation (1) are initialized
considering the desired prescription defined by the physician.
The prescribed gEUDg for rectum and bladder were 60Gy 3%,
and the prescribed dose Dmin and Dmax were 74Gy and 78Gy,
respectively. Volume effect parameter a=8 was applied to
calculate gEUD P3¢, The uniform initial weighting factors (1/4,
1/4,1/4,1/4) were used.

All experiments were performed by using an instrument
equipped with a 32-bit OS, Windows 7, and an Intel (R) Core
(TM) i3-4150 CPU with 4G RAM.

The plan quality was assessed by using the clinical
evaluation guidelines ,conformity index (CI) and homogeneity
index (HI)B7) respectively defined in Equation (4) and Equation
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where Vv _ is the volume of the PTV, V_  is the target volume

that receives a dose greater than or equal to the reference
(prescribed)dose, and Vi is the total volume that receives a

dose greater than or equal to the reference dose.

Hi :ﬂ , %)
Dgsos

where Dsy, and Dgsy, correspond to the minimum doses
delivered to the hottest 5% and 95% of the PTV, respectively.

III. RESULTS

For all patients, admissible plans can be found applying our
proposed automatic method. Table 1 shows the Conformal
index (CI) and homogeneity index (HI) of automatic plan for
each prostate case It is clearly that the proposed automatic
method yields good dose conformity and homogeneity to the
PTV.

Table 1. Dose Conformity and Homogeneity to the PTV of
the automatic plan for 10 prostate cases.

Case
Index
1 2 3 4 5
CI 093 091 088 092 0.90
HI 1.02 1.02 1.04 1.02 1.04
Case
Index
6 7 8 9 10
CI 089 091 090 0.87 0.90
HI 1.02 1.02 1.02 1.04 1.02

Moreover, it was possible to further improve PTV coverage
for the majority of cases. Table 2 lists the number of FMO of
finding the first admissible plan and the final plan. The meaning
of “improve” is consistent with the above definition. The
number of FMO corresponding to the first admissible plan
shows how many times the process of FMO runs. After
obtaining the first acceptable plan, the algorithm tries to
improve PTV coverage. The final plan corresponds to the last
improved plan. The differences of the numbers of FMO for
each patient mainly contribute the complexity of the patients
anatomy.

Table 2. Numbers of FMO for each patient.

Number of FMO Patients

1 2 3 4 5
First admissible plan 2 4 4 8 6
Final plan 4 8 8 8 6
Improve 1 1 1 0 0
Number of FMO Patients

6 7 8 9 10
First admissible plan 2 2 2 2 4
Final plan 7 7 8 2 10
Improve 1 1 1 0 1
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Figure 4 shows the comparison result between the first
admissible plan and the final improved plan for patient 1. It can
be seen that with the improvement of the PTV coverage, the
dose to OARs increased due to the inherent contradiction of
radiotherapy.

100 W

80—

60 —— PTV (First)
Rectum (First)
Bladder (First)

Fractional volume %

----------- PTV (Fina)
Rectum (Final)
40 D Bladder (Final)
\
20
\\_\
\\\L
0 10 20 30 40 50 60 70 80
Dose Gy

Figure 4. DVHs comparison for patient 1.

Next, the automatic plans generated by fuzzy FMO were
compared with the manual plan reported in our published
article #1391 Figure5.(a)-(c) show the comparative results
regarding to PTV coverage, rectum sparing, and bladder
sparing. The comparisons indicate that the automatic plans are
better than that of manual plan. For example, the automatic plan
for patient 10 in Figure5 yields better PTV coverage, better
bladder-sparing and rectum-sparing compared with the manual
plan. The same conclusions can be gained in other plan
comparisons for testing cases except patient 6. The Wilcoxon
matched-pair, signed-rank test using a significance level of
0.05 was performed for Figure5. However, no significant
difference was found between them.
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To illustrate the way in which the automatic method tries to
generate a desired plan, Figure 7 illustrate the dose change in
the optimized structure with the iteration number of FMO for
patient 8. The vertical dotted line denotes the iteration where
the first acceptable plan is found. We can see that by fuzzy
logic guided changing objective function’s parameters in an
automatic fashion, an admissible plan can be found. After the
first acceptable plan is reached, the algorithm tries to further
improve the PTV coverage. Moreover, with the improvement
of the PTV coverage, the dose deposited in OARs increases. It
is not surprise because of the trade-off of radiotherapy.

IV. DISCUSSION AND CONCLUSION

In this paper, we propose a fuzzy logic guided automatic
method which does not need lengthy trial-and-error procedures
for gEUD-based inverse treatment planning. The human
planner’s reasoning is imitated by the FIS in iterative
optimization procedure. Some simple rules describe were used
to update the parameters of optimization model. The efficiency
of the automatic method was tested on 10 prostate cancer
cases.Clinically accepted plans can be gained as shown in
Table.

In our experiments, it takes 3 to 8 minutes for different
prostate cases to produce an acceptable plan applying our
proposed method, while for manual trial-and-error method, it
needs experienced physicians to take 1 to 3 hours to obtained an
acceptable plan. The substantial reduction in human
intervention will improve the efficiency of radiotherapy
greatly. With the increase of the number of sub-objective
functions, the advantage of the proposed method becomes more
and more apparent. The complexity of the patient anatomy and
the number of loops executed by the algorithm will also
influence the calculation time.

There persist challenges and room for improvement in this
vein First, as to the selection of the input and output
membership functions, the triangular and trapezoidal functions
were chosen. We performed some experiments to investigate
the influence of the shape and threshold values of membership
functions on plan quality, experimental results show that they
don’t have effect on plan quality but have an effect on
computational time and convergence. More efficient
membership functions need to be further investigated. Second,
in our work simple inference rules were used extracted from the
experiences of the treatment planner. Although our adopted
inference rules are suitable for all test cases, it should be noted
that when more specific requirements are specified, the rule set
will be more complex. To increase the versatility of the
algorithm for different cases, we will introduce learning
technique into radiotherapy optimization to automatically build
FIS according to practical data.

Finally, the proposed fuzzy logic guided automatic
optimization method can not only be applied in IMRT, but can
also automatically generate volumetric modulated arc therapy
plans. Related work is in progress.
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