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Abstract: 
 

Purpose Photodynamic therapy (PDT) is a promising treatment modality to be added in the 

management of glioblastoma multiforme (GBM). Light distribution modeling is required for 

planning and optimizing PDT. Several models have been developed to predict the light 

propagation inside biological tissues. In the present study, two analytical methods of light 

propagation emitted from a cylindrical fiber source were evaluated: a discrete and a 

continuous method. 

 

Methods The two analytical approaches were compared according to their fluence rate results. 

Several cylindrical diffuse lengths were evaluated, and the relative deviation in the fluence 

rates was estimated. Moreover, a sensitivity analysis was conducted to compute the variance 

of each analytical model. 

 

Results The discrete method provided fluence rate estimations closer to the Monte-Carlo 

simulations than the continuous method. The sensitivity study results did not reveal 

significant differences between the variance of the two analytical models. 

 

Conclusions Although the discrete model provides relevant light distribution, the 

heterogeneity of GBM tissues was not considered. With the improvement in parallel 

computing that drastically decreased the computing time, replacing the analytical model by a 

Monte-Carlo GPU-accelerated code appeared relevant to the GBM case. Nonetheless, the 

analytical modeling may still function in the optimization algorithms, which might be used in 

the Photodynamic treatment planning system. 

 

Keywords: Photodynamic Therapy, High-Grade Glioma, dosimetry, simulation, TPS 

I. Introduction 

Glioblastoma multiforme (GBM) is the most common primary brain tumor. GBM is 

responsible for approximately 3% of premature cancer deaths (patients aged less than 65) and 

is the third cause of death by cancer in young adults (aged between 15 and 34) 
1
. Its incidence 

is approximately 4 new cases each year for 100,000 inhabitants 
2,3

; it induces 12,000 new 

GBM cases annually diagnosed in the USA 
4
 and 30,000 new cases in Europe 

5
. 

Standard of care recommends a three-stage therapy 
6
. Whenever possible, a resection 

surgery is first achieved for debulking most tumor tissues while preserving the crucial 

neurological function areas. Radiotherapy and chemotherapy are subsequently administered 
7,8

. Currently, this standard therapy increases the mean survival by only a few months 
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(between 9 to 12 months of median survival are estimated 
8-10

) but does not bring curative 

solutions. 

Among recent studies on GBM treatment, Photodynamic Therapy (PDT) appears to be 

a promising area of research 
11-17

. The cytotoxic effect of PDT relies on the synergy of its 

three components: a photosensitizer (PS), light and oxygen. The energy deposited by a laser 

light leads to PS excitation inside tumor cells, and a photoreaction is achieved between the PS 

and the oxygen. This photoreaction mainly results in singlet oxygen and free radicals, which 

are cytotoxic compounds leading to tumor cell death (necrosis or apoptosis). 

Two light application modalities may be considered. Intraoperative PDT 
18-24

 aims to 

treat the borders of the resection cavity to decrease recurrence risks (see Figure 1a). In studies 

reporting this adjuvant treatment, the light was applied through a diffusing balloon to fit the 

geometry of the cavity 
25-27

. For non-resectable GBM (de novo or relapsing), interstitial PDT 

(iPDT) 
13,28-31

 may be achievable, which relies on the insertion of optical fibers directly into 

the target (see Figure 1b). Because of strong light absorption in biological tissues, the 

diffusing sources located at the tip of the optical fibers have to be placed near or inside the 

tumor under stereotactic conditions to maximize the treated volume. Preliminary results have 

shown positive outcomes 
17

. Currently, a Treatment Planning System modeling light 

propagation in tissues is still missing, in particular for PDT applied to GBM where tissues are 

highly heterogeneous. 

 

 
Figure 1: The two clinical PDT modalities currently under investigation for Neurosurgery. (a): 

Intraoperative PDT; a balloon device is inserted into the patient’s brain to treat the borders of 

the resection cavity. It clearly shows the needs of a craniotomy to light the surgical bed with 

less issues on optical properties than for the interstitial PDT, (b) optical fibers are inserted 

through the skull into the tumor core that contains heterogeneous tissues (tumor, edema, 

necrosis). Here, four optical fibers are inserted into the tumor that deliver laser light (635 nm) 

to induce the PDT effect. 

 

Biological tissues are highly dispersing media due to their strong absorption and 

scattering properties. Tissues are defined by absorption (µa) and scattering (µs) coefficients of 

a specific wavelength 
32

. These features depend on the effective cross-section and the density 

of molecules constituting the media. Regarding scattering, the reduced scattering coefficient 
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(µs’) is used in most cases because it considers the anisotropy factor of the media. Anisotropy 

is a constant, relative to the media, designating the deflection angle. Thus, the reduced 

scattering coefficient describes a more realistic approximation of light propagation in the 

media. 

Different mathematical models have been designed to predict the light propagation in 

tissues. Monte-Carlo modeling is probably the most consistent approach. This approach 

involves following the history of single photons according to their probability of interactions 

in the tissues. Thus, to obtain a realistic simulation, millions of photons have to be generated, 

leading to long calculation times 
33,34

. Other light propagation models, as finite element 

algorithms, have been developed to avoid those issues. Numerical models compute the light 

distribution by solving the Partial Differential Equation 
35-37

. Simulation space is discretized 

to create a mesh. This mesh provides boundary values to reduce and resolve differential 

equations in many points of space. However, implementing such a model in a Treatment 

Planning System (TPS) remains complicated since it requires many preliminary steps 

(optimized meshes, light source areas definition) to obtain significant results. Another model 

of light transport, known as the analytics methods, stems from the steady-state solution of the 

wave propagation equation 
38-43

. The simplicity of implementation and short time computing 

make them particularly interesting for routine clinical applications and TPS implementation. 

Currently, to the best of our knowledge, no TPS is dedicated to the interstitial photodynamic 

treatment of GBM. One major issue lies in the difficulty of obtaining the optical properties of 

tissues. Although several new spectroscopy techniques appear, such as fluorescence 

spectroscopy 
44,45

, Raman spectroscopy 
46-48

, diffuse optical frequency domain 
49,50

 and 

reflectance spectroscopy 
51,52

, their use in clinical routine has not been considered. Thus, 

predetermined coefficients are injected into a light propagation model to estimate light 

propagation. 

In this study, an experimental design is performed to compare two analytical equations 

of light propagation in term of accuracy and robustness. The main purpose of this study is to 

highlight the most reliable analytical expression for describing the light distribution from a 

cylindrical source, specifically with PpIX as the PS and laser light at 635 nm. The accuracy of 

each model was evaluated in comparison with a Monte-Carlo modeling of light propagation. 

The robustness was assessed through a sensitivity analysis that evaluated the impact of the 

variations in optical coefficients on the output of the analytical models.  

II. Material and methods 

Problem statement 

Currently, the most common light sources used in iPDT are optical fibers coupled with 

a cylindrical tip diffuser 
53

. Cylindrical diffusors of 10-50 mm in length are typically 

employed to fit the target volume. The fiber diameter is commonly equal or under one 

millimeter to remain safe when inserting fiber into tissues. 

In all simulations, a homogeneous semi-infinite media standing for the GBM tissue 

was created and defined by two optical coefficients (absorption and reduced scattering): µa = 

0.02 mm
-1

 and µs’ = 2 mm
-1

. These coefficient values, matching to a normal brain tissue 

infiltrated by GBM tumor cells, were used in a previous study by Beck et al. 
13

 and were 

recently confirmed by a recent study published by Tedford et al. 
54

. 

Approximation of the light propagation 

The main parameter currently used in PDT dosimetry is the fluence rate, usually 

expressed in W/cm². Two analytical methods can be found in previous studies that estimate 
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the fluence rate from a light source in biological media. These two algorithms differ in their 

discrete or continuous modeling of a cylindrical diffusor (Figure 2). 

 
Figure 2: Illustration of the two analytical equations. The discrete method discretizes the 

diffusing part of the optical fiber as a sum of several light point sources. The continuous 

method considers the light source as a finite line and computes the fluence rate values using 

the minimal distance d from the fiber. 

 

The first method (1), the so-called discrete method, discretizes the diffusing part of the optical 

fiber as a sum of several n-light point sources 
38,41,55

. Thus, calculation of the fluence rate at a 

distance d from the fiber is the sum of each light source contribution.  

      
  

                
 
     

      
              

        

     

 

, 

(1) 

 

where P: the power of the source (W) 

                : cylindrical diffusor length (mm) 

dl: constant step length of discretization between two light point sources (mm) 

dn: distance to the n-light point source (mm) where n = 
                 

  
 

µs’: reduced scattering coefficient (mm
-1

) 

µa: absorption coefficient (mm
-1

) 

µeff: effective attenuation coefficient (mm
-1

) =                
 

The second algorithm (2), the so-called continuous method, considers the whole fiber as a line 

light source with 2D cylindrical light emission characteristics 
40,56

. It computes the fluence 

rate values using the minimal distance d from the fiber. 

         
   

   
 

 
  

  

        
 

, 

(2) 

where P: the power of the source (W) 

 : optical penetration depth (mm)   
 

   
 

D: Diffusion length (mm) = 
 

        
 

d: minimal distance to the source (mm) 
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Definition of the reference method 

To evaluate these analytical models, the results were compared to the Monte-Carlo 

simulations based on the Prahl et al. algorithm 
57-59

 named “MCxyz.” This Monte-Carlo 

method has already proved its accuracy in light estimation propagation and was also used as a 

reference in the paper of Jacques and Pogue 
56

. Initially, the program computed the light 

propagation into the heterogeneous media surrounding a point source. The code has been 

slightly modified to simulate a cylindrical source. The location of initial photons was 

randomized within a cylindrical diffuser model. Cylindrical diffusor dimensions were inspired 

from standard optical fiber dimensions used in PDT: a diameter of 1 mm and a diffusing 

length between 10 and 50 mm (RD-ML, Medlight, Ecublens, Switzerland). A 40x40x70 mm 

homogeneous slab with the same optical parameters used with analytical equations defined 

the surrounding media. 

Metric 

To compare these models, a common metric (3) was used. The fluence rate   was 

estimated at the distance value d from the center of the source for each simulation (see Figure 

3). The distance called the reduced Mean Free Path (MFP’) is defined as the inverse of the 

sum of absorption and reduced scattering coefficient: 

      
 

      
  (3) 

In our case, with µa = 0.02 mm
-1

 and µs’ = 2 mm
-1

, the MFP’ is close to 0.50 mm. At distances 

below this MFP´, analytical light propagation models become inaccurate 
56

. Thus, the fluence 

rate estimation started from 0.75 mm to avoid outlier values due to their exponential factor 

(i.e., when the distance d is close to zero). The relative deviation between Monte-Carlo     

and each analytical approach        was then computed. 

                        
                 

      
  (4) 
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Figure 3. A 2D cross section map (on the left) and 1D line scan plot (on the right) of fluence 

rate values for a 40 mm length diffuser computed with Monte-Carlo method. At distances 

below this MFP´, the analytical light propagation models become inaccurate. 

Fluence rate distribution from different diffuser lengths (10, 15, 20, 30, 40 and 50 mm) were 

computed from both several Monte-Carlo simulations and analytical equations. Each 

simulation lasted 1000 minutes (approximately 20E6 photons). Metric values were extracted 

each 1 mm from the center of the light source to a distance of 10 mm (Figure 3). Analytical 

equations were implemented in Matlab software (MathWorks, Natick, USA). First, the mean 

relative deviations for each distance d (between 0.75 mm to 10 mm) were computed over six 

different diffuser lengths. Subsequently, the mean relative deviations for all six different 

diffusers were computed over each distance d (between 0.75 mm to 10 mm). 

Sensitivity analysis 

Fluence rates computed from different models were expected to be very sensitive to optical 

coefficients of the considered media, particularly when the strong heterogeneity of GBM 

tissues led to a wide range of optical coefficients. This sensitivity was evaluated with indices 

called the Sobol indices Si 
60,61

. 

The estimation of the first-order Sobol index of input parameters Xi requires evaluating the 

ratio between conditional and total variance (5): 

    
  

    
 

          

    
 (5) 

 

This index quantifies the sensitivity of the output Y due to the variation of the input Xi. 

Higher-order Sobol indices quantify the sensitivity of the output Y variance to the interaction 

of n-input parameters Xi…n. The second-order Sobol index estimates the output Y sensitivity to 

Xi and Xj inputs parameter (6): 

     
                     

    
 (6) 

 

The sensitivity package provided by the Comprehensive R Archive Network 

(https://CRAN.R-project.org/package=sensitivity) was implemented in the statistical software 

R. This library provides different functions for sensitivity analysis computation, including 

Sobol indices computation by the Monte-Carlo method. The variance Vi can be developed as: 

                       
             

 
           (7) 

 

A randomization method estimates Ui using typical variance computing using two N-

dimension random samples of input parameters      
   

 and      
   

, with Xi constant: 

    
 

 
 

     
             

       
           

         
    

     
             

       
           

         
    

 

   

 (8) 

 

First-order Sobol indices     can then be estimated as: 
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(9) 
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The same process was applied to estimate the second-order Sobol index; two N-dimension 

random samples of input parameters      
   

 and      
   

 are injected in the f function with Xi and Xj 

constants: 

    
 

 
 

     
             

       
           

             
       

           
         

    

     
             

       
           

             
       

           
         

    

 

   

 (10) 

 

Second-order Sobol indices      can then be estimated as: 

     
    

  
 

        
 
        

  
 (11) 

 

As reported by Zhang et al. 
61

, the parameters and their limits must be carefully 

defined. In this study, two parameters were included in the sensitivity analysis: absorption and 

reduced scattering coefficient. Thus, two N-dimension samples (     
   

 and      
   

) of absorption 

and reduced scattering coefficients were created. Random values of optical coefficients were 

generated with a range of ± 50% from the mean value presented above: between 0.01 to 0.03 

mm
-1

 for the absorption coefficient and 1 to 3 mm
-1

 for the reduced scattering coefficient. The 

Sobol function provided in the “sensitivity” package was applied with a sample size of N = 

100,000 and 1000 bootstrap replications. First, second and total-order sensitivity indices were 

generated and analyzed. Concerning the diffuser length, the continuous model does not 

require the definition of a light source length. Moreover, for sensitivity analysis purposes 

only, the discrete model was implemented with a 40 mm diffuser length. Indeed, the diffuser 

length can be considered as a constant because the power, defined in W/mm, must be divided 

by the diffuser length. Furthermore, the light source power was not considered as a parameter 

because it does not affect light propagation in tissues. 

III. Results 

Relative deviation 

Figure 4 represents mean relative deviation estimated over the six diffuser lengths (i.e., 10, 

15, 20, 30, 40 and 50 mm) for each distance d. Mean relative deviation values are summarized 

in Table 1. 

The mean of all mean relative deviations summarized in Table 1 equals 1.23% (2.48%) for the 

discrete method and 26.12% (7.53%) for the continuous method. 

Statistical analysis (Student test) of all datasets confirmed that these two means are 

significantly different (p-value < 0.0001). The discrete method shows a better correlation with 

Monte-Carlo results than the continuous one. 

Figure 5 represents the relative deviation where the mean is estimated of all distances d to the 

source for each diffuser length simulated, summarized in Table 2. The discrete method results 

in a mean (2.53% (2.09%)) lower than that for the continuous method (25.18% (5.27%)). 

 

Table 1: Relative deviation computed at different distances from the source; the mean is 

computed for all source lengths at a given distance d. 

 Discrete method Continuous method 
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d (mm) Mean (SD) Max deviation Mean (SD) Max deviation 

0.75 0.72% (0.75%) 1.98% 18.38% (1.96%) 19.89% 

1 0.03% (0.93%) 2.55% 21.45% (1.74%) 23.25% 

2 0.61% (3.48%) 9.36% 25.95% (4.45%) 32.77% 

3 1.46% (1.53%) 4.32% 27.06% (4.45%) 29.71% 

4 0.49% (2.99%) 7.08% 28.51% (6.30%) 32.50% 

5 1.69% (1.96%) 5.51% 27.66% (7.03%) 32.34% 

6 0.98% (1.69%) 4.70% 28.26% (8.19%) 32.99% 

7 2.89% (3.03%) 7.61% 26.99% (10.04%) 32.81% 

8 

9 

10 

0.25% (5.67%) 

2.71% (2.46%) 

1.72% (2.76%) 

15.38% 

7.89% 

8.00% 

28.57% (12.76%) 

26.36% (12.53%) 

28.16% (13.35%) 

35.96% 

32.14% 

37.50% 

  

Table 2: Relative deviation computed for different source lengths; the mean is computed for 

all distances. 

 Discrete method Continuous method 

Source length 

(mm) 

Mean (SD) Max deviation Mean (SD) Max deviation 

10 4.94% (2.38%) 8.00% 11.16% (7.18%) 19.10% 

15 4.70% (4.41%) 15.38% 24.31% (6.40%) 32.77% 

20 1.05% (1.23%) 4.24% 27.40% (3.94%) 30.56% 

30 1.70% (1.71%) 5.56% 28.61% (4.21%) 32.65% 

40 0.91% (1.46%) 5.00% 30.12% (5.14%) 37.50% 

50 1.89% (1.34%) 4.49% 29.48% (4.77%) 35.96% 

 

 
Figure 4. Data points are the mean relative deviations of fluence rate values computed by 

discrete and continuous methods, calculated for each distance d (0.75 mm to 10 mm) over all 

six different source lengths. Error bars are standard deviations. 
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Figure 5 Data points are the mean relative deviations of fluence rate values computed by 

discrete and continuous methods, calculated for all six different source lengths over each 

distance d (0.75 mm to 10 mm). Error bars are standard deviations. 

Sensitivity analysis 

Sobol indices computed for both discrete and continuous models were illustrated according to 

the distance to the light source on Figure 6, 7 and 8. Figure 6 shows the first-order Sobol 

indices due to absorption coefficient variation obtained from both the discrete and continuous 

models. Figure 7 shows the first-order Sobol indices due to the reduced scattering coefficient 

variation obtained from both discrete and continuous models. Figure 8 shows the second-

order Sobol indices estimating the output sensitivity from both discrete and continuous 

models to absorption and reduced scattering coefficients. Table 3 summarizes the first-order 

and total-effect indices of each parameter (absorption and reduced-scattering coefficient) for 

both discrete and continuous models. In this case, the total-effect index is the sum of the first- 

and second-order Sobol indices. These indices provide global sensitivity, which is the 

sensitivity of the parameter alone and interaction sensitivity with all other parameters. 

In both cases, the reduced scattering coefficient is the most influential on analytical models’ 

variance close to the light source (approximately 70% to 80%). Conversely, beyond a distance 

to the light source of 3 mm, the absorption coefficient becomes the most influential parameter 

on analytical models. At a distance of 5 mm, approximately 98% of the analytical models’ 

variance is due to the effect of the reduced scattering coefficient. First-order Sobol indices can 

be considered as total-effect indices between 0.75 mm and 15 mm from the light source, 

whereas the second-order Sobol indices are negligible. Between 10 mm and 20 mm from the 

light source, the impact of absorption coefficient on output variance remains constant, 

(approximately 20%) and the effect of reduced scattering decreases slowly (from 85% to 

60%). Thus, the interaction between the absorption and the reduced scattering coefficient 

cannot be overlooked. A slight difference of approximately 10% between the continuous and 

discrete models can be observed between 0.75 mm and 5 mm from the light source. 

Nonetheless, the impacts of both the absorption and reduced scattering coefficients can be 

considered as equal to each analytical model’s variance after a distance from the light source 

of 5 mm. 
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Figure 6. First-order Sobol indices (Sµa) computed with two different analytical equations 

(discrete and continuous method) for different distances to the light source. These Sobol 

indices quantify the contribution to the analytical model’s variance to the effect of absorption 

coefficient variation. 

 

 
Figure 7. First-order Sobol indices (Sµs’) computed with two different analytical equations 

(discrete and continuous method) for different distances from the light source. These Sobol 

indices quantify the contribution of the analytical model’s variance to the effect of reduced 

scattering coefficient variation. 
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Figure 8. Second-order Sobol indices (Sµaµs’ and Sµaµs’) computed with two different 

analytical equations (discrete and continuous method) for different distances to the light 

source. These Sobol indices quantify the sensitivity of the analytical model’s variance to the 

interaction of reduced scattering and absorption coefficients variations. 

 

Table 3: First-order (Sµa and Sµs’) and total-effect Sobol indices (STi) for both continuous 

and discrete models. 

 
distance (mm) Sµa STi Sµs' STi Sµa STi Sµs' STi 

  Continuous model Discrete model 

0.75 0.285 0.287 0.713 0.715 0.151 0.192 0.808 0.849 

1 0.354 0.371 0.629 0.646 0.255 0.270 0.730 0.745 

2 0.663 0.702 0.299 0.337 0.565 0.598 0.402 0.435 

3 0.853 0.924 0.077 0.147 0.819 0.844 0.156 0.181 

4 0.959 0.986 0.014 0.041 0.944 0.966 0.034 0.056 

5 0.984 0.998 0.002 0.016 0.984 0.998 0.002 0.016 

6 0.974 0.992 0.008 0.026 0.978 0.983 0.017 0.022 

7 0.951 0.957 0.043 0.050 0.956 0.963 0.037 0.044 

8 0.921 0.939 0.061 0.079 0.928 0.928 0.072 0.072 

9 0.892 0.897 0.103 0.108 0.895 0.900 0.100 0.105 

10 0.855 0.862 0.138 0.145 0.866 0.886 0.114 0.134 

11 0.823 0.843 0.157 0.177 0.841 0.849 0.151 0.159 

12 0.794 0.834 0.166 0.206 0.814 0.835 0.165 0.186 

13 0.770 0.811 0.189 0.230 0.783 0.819 0.181 0.217 

14 0.753 0.801 0.199 0.247 0.758 0.811 0.189 0.242 

15 0.711 0.789 0.211 0.289 0.728 0.793 0.207 0.272 

16 0.695 0.782 0.218 0.305 0.694 0.785 0.215 0.306 

17 0.680 0.767 0.233 0.320 0.677 0.775 0.225 0.323 

18 0.647 0.768 0.232 0.353 0.669 0.761 0.239 0.331 

19 0.619 0.760 0.240 0.381 0.637 0.772 0.228 0.363 

20 0.597 0.755 0.245 0.403 0.623 0.767 0.233 0.377 
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IV. Discussion 

This study was conducted to provide a quantitative analysis before implementing light 

propagation models in a TPS dedicated to GBM treatment by PDT. The comprehensive article 

written by Jacques et al. previously discussed all light transport models 
56

 and proposed the 

use of a cylindrical diffusion equation for a cylindrical light source (named continuous 

method in this case). However, as implemented in this study for µa = 0.02 mm
-1

 and µs’ = 2 

mm
-1

, the discrete method showed an accurate estimation of light distribution, especially for a 

source length longer than 20 mm compared with the Monte-Carlo results. As detailed in the 

results section, the mean relative deviation of source length variations was approximately 

1.23%, which is acceptable and demonstrates a low sensitivity to the length variation of the 

diffusor.  

Furthermore, in the sensitivity study provided, a slight difference can be observed between the 

two models: the absorption coefficient affects the continuous model variance more than the 

discrete model variance (10%). Conversely, the reduced scattering coefficient affects the 

continuous model variance less than the discrete model (10%). At a distance from the light 

source greater than 5 mm, the effects of the absorption and reduced scattering coefficients 

could be considered similar to each analytical model: the reduced scattering coefficient 

prevails the analytical models’ variance. Because both analytical models have the same 

sensitivity profile, the results with different tissue with optical coefficients close to the ones 

chosen in this study would generate the same relative deviation seen previously. For 

significantly different optical tissue characteristics or different wavelengths of light used in 

the PDT treatment, the same methodology could be applied to evaluate the sensitivity profiles. 

Although the continuous model variance is less affected by reduced scattering coefficient than 

the discrete model variance, the discrete model should provide more accurate estimation of 

light distribution in a tissue, at a distance greater than the MFP’ from the light source. 

Regarding PDT planning, the interest in fluence rate estimation is motivated by determining 

the treatment duration to administer a pre-determined therapeutic fluence value at distances as 

large as possible from the optical fiber within a reasonable treatment time. Thus, the 

evaluation of the fluence rate value near to the light source remains subsidiary. Furthermore, 

during the photodynamic treatment, the radiations emitted have a weak energy and are not 

ionizing for the patient. In a standard treatment, the only restriction is to achieve a minimal 

fluence value to obtain a photodynamic effect on the target with a duration acceptable in a 

surgical context. Underestimations of the light propagation are thus acceptable. 

 

A major advantage of the use of analytical models lies in its simplicity of 

implementation in a TPS. As seen previously, GBM is strongly heterogeneous, and the 

analytical models cannot consider this characteristic, which remains a major drawback. Figure 

9 represents an illustration taken from a TPS dedicated to iPDT 
62

. The interstitial fiber 

depicts two parts: the red line represents the diffusing part, and the blue line represents the 

non-diffusing part. As shown in Figure 9, the diffusing part passes through several tissues: 

gray matter, edema and the necrotic core of the tumor. From this position, a fluence rate 

matrix is computed using an analytical equation. The fluence rate matrix, displayed with a 

colored look-up table, is placed on top of the MRI image. A homogeneous distribution of the 

fluence rate values was observed around the diffusing part. No effect was observed on the 

fluence rate displayed here. 
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Figure 9. Light distribution computed from one single 20 mm cylindrical diffusor in a TPS 

dedicated to iPDT 
62

. a) Interstitial fiber, where the red line represents the diffusing part and 

the blue line represents the non-diffusing part. b) Superposition of the MRI and the fluence 

rate matrix with a colored look-up table. c) Zoomed in an area where the fiber is inserted. 

Discretization of the representation matches with the MRI resolution. Here, the fluence rate 

matrix was computed using the analytical discrete model. 

The improvement in parallel GPU computing that drastically decreases the computing time 
63-

65
 ensured strong enthusiasm for developing the Monte-Carlo method for PDT planning 

64,66
. 

With the assistance of automatic tissue segmentation methods 
67,68

, Monte-Carlo can model 

the fluence rate according to optical coefficients for each voxel of the MRI volume used for 

planning. Thus, the fluence rate values computed may consider the optical heterogeneity. 

Although Monte-Carlo methods provide a more realistic estimation of light distribution into 

heterogeneous media, the analytical models remain relevant for optimization purposes 

regarding the placement of fibers with computer-aided treatment planning systems 
69-71

. By 

parallelizing analytical methods with GPU-computing, a whole fiber simulation takes only a 

few tenths of a second. Thus, the optimization of fibers’ localization or inverse planning could 

be significantly improved 
72

. 

The presence of the non-diffusing part and the numerical aperture of the optical fiber are 

never considered. These characteristics also influence light emission. Furthermore, as 

Vesselov et al. showed in their study 
73

, a significant difference can appear between 

theoretical fluence rate calculation and measurement from different manufacturers. Ideally, 

each light source in homogeneity should be considered to reach a more realistic model. 

 

Regarding the implementation, a strong assumption was applied since the variation of 

the optical properties according to photosensitizer concentration was not considered. 

Although PS administration modified the optical properties of tissues during treatment 
74-76

, 

the impact of PpIX on optical properties has been estimated. According to the study of 

Vignion-Dewalle et al. 
77

, a deviation of 0.0019 mm
-1

 occurs on the absorption coefficient at 

635 nm for a PpIX concentration of 1.37.10
-5

 mol.l
-1

 (provided from GBM sample resection 

with a high level of accumulated PpIX 
78

). The absorption coefficient including PpIX 
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administration is the sum of the initial absorption coefficient (0.02 mm
-1

) and the PpIX 

absorption coefficient. Regarding the reduced scattering coefficient, the PpIX administration 

does not modify the initial coefficient. Thus, PpIX affects a 10% variation on optical 

coefficients. Variations in optical properties due to photosensitizer accumulation fall in the +/- 

50% coefficient variation explored in the sensitivity study; thus, the result of the comparison 

may not be affected by the presence of the photosensitizer. These estimations are made only 

for PpIX, which has a low impact on the optical properties of the treatment volume. Another 

PS might have an impact different from PpIX. 

However, the photosensitizer distribution in the tissue should be considered to improve PDT 

efficacy distribution, rather than just light distribution 
79

. PDT efficacy may be measured 

regarding a dosimetric value combining, among others, light fluence rate, duration and 

sequence of light exposure, and photosensitizer concentration in the tissue 
80

. This study 

addresses only one component of PDT dosimetry, which is the light fluence. A complete 

dosimetric approach would also require knowledge of the oxygenation status along with the 

photosensitizer concentrations. This approach has already been reported in a recent study 

where the term photodynamic dose was defined as the total cumulative singlet oxygen 

produced 
77,81

. The calculation of this term required the determination of PS absorption and 

local fluence rate during the treatment progression. Fluorescence can also be an interesting 

coefficient for monitoring the PpIX uptake
82

. 

V. Conclusion 

Several models of light propagation allow the estimation of the fluence rate values 

inside tissues. In this study, two analytical modeling methods were compared with the Monte-

Carlo method considered as a reference. The relative deviation of fluence rate values obtained 

by these methods allows the evaluation of their validity and accuracy. The discrete method 

was proved to be closer to the Monte-Carlo fluence rate calculations. Concerning the 

sensitivity study, the reduced scattering coefficient is the most influential parameter on the 

variance of both analytical models close to the light source. Conversely, for a distance greater 

than 3 mm from the light source, the absorption coefficient was shown to be the most 

influential parameter in both analytical models. Although analytical models do not consider 

the heterogeneity of biological systems, they still might play an important role in the 

optimization algorithms of inverse planning technologies. 
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