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Abstract. Monte Carlo (MC) simulations are being used extensively in
the field of medical biophysics, particularly for modeling light propa-
gation in tissues. The high computation time for MC limits its use to
solving only the forward solutions for a given source geometry, emis-
sion profile, and optical interaction coefficients of the tissue. How-
ever, applications such as photodynamic therapy treatment planning
or image reconstruction in diffuse optical tomography require solving
the inverse problem given a desired dose distribution or absorber dis-
tribution, respectively. A faster means for performing MC simulations
would enable the use of MC-based models for accomplishing such
tasks. To explore this possibility, a digital hardware implementation of
a MC simulation based on the Monte Carlo for Multi-Layered media
(MCML) software was implemented on a development platform with
multiple field-programmable gate arrays (FPGAs). The hardware per-
formed the MC simulation on average 80 times faster and was 45
times more energy efficient than the MCML software executed on a
3-GHz Intel Xeon processor. The resulting isofluence lines closely
matched those produced by MCML in software, diverging by only less
than 0.1 mm for fluence levels as low as 0.00001 cm~2 in a skin
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1 Introduction

Photodynamic therapy (PDT) is an emerging treatment mo-
dality in oncology and other fields. Improvements in PDT
efficacy, particularly for interstitial applications, require faster
computational tools to enable efficient treatment planning.
The fundamental mechanism of PDT is the administration of a
photosensitizer, followed by the irradiation of the target vol-
ume with light of a specific wavelength to activate the photo-
sensitizer locally.l_4 Advances in PDT have enabled this
therapy to be applied to more complicated treatment volumes,
particularly in interstitial applications such as those in the
prostate and the head and neck region.s_9 Compared to con-
ventional treatments such as surgery, radiotherapy, and che-
motherapy, PDT is a minimally invasive procedure that
achieves tumor destruction without systemic toxicity. This is
especially beneficial for head and neck cancers, since the sur-
gical resection of even small tumors can lead to functional
impairment or disfiguration.'® To maximize the efficacy while
reducing complication rates, it is important to employ accu-
rate models of light propagation in turbid media that can take
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into account complex tumor geometry and the heterogeneity
in the tissue’s light interaction coefficient and responsivity to
PDT, for clinically robust treatment planning.

Among other factors, light dosimetry plays a critical role
in PDT treatment planning. Selective tumor necrosis is largely
dependent on reaching a sufficiently high light dose or fluence
(in J cm™2) within the tumor while not exceeding the thres-
hold level of necrosis in the surrounding normal tissues.
Therefore, a successful PDT treatment relies on the accurate
computation of the fluence throughout the clinical target vol-
ume, which comprises the tumor and other surrounding tis-
sues or organs at risk. Among other techniques for computing
the fluence distribution, the Monte Carlo method is often em-
ployed due to its flexibility in modeling 3-D geometries of the
tissue with varying optical properties and light sources with
predetermined emission patterns, its high reproducibility, and
its accuracy. Similarly, Monte Carlo (MC) simulations are
used widely as the gold standard in radiotherapy treatment
planning and there is a clear trend toward adopting the MC
method for clinical radiotherapy dose calculations in commer-
cial treatment planning systems.'*'? Unfortunately, such
simulations are also known to be very time consuming and
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different variance reduction schemes or efficiency-enhancing
methods are traditionally introduced to reduce the computa-
tion time.'* However, the computation time for MC remains
high and this limits its use to solving only the forward solu-
tions for a given source geometry, emission profile, and opti-
cal interaction coefficients of the tissue. PDT treatment plan-
ning requires solving the inverse solution to achieve a given
desired dose distribution. Accelerating MC simulations would
enable the use of MC-based models for solving such inverse
problems.

Attempts to accelerate MC simulations for modeling light
propagation in tissues have been limited to software parallel-
ization schemes. For example, one such scheme involved di-
viding the simulation into many independent groups, each of
which was executed on a different computer or processor in
parallel.ls’16 One potential problem with the software parallel-
ization approach is the need for dedicated access to a com-
puter cluster to achieve the desired performance. Overall, this
approach is not easily accessible as the costs of high-end com-
puting infrastructure are substantial, thus hindering the de-
ployment of complex MC-based models. This paper explores
the use of custom-built hardware to accelerate the MC simu-
lation for computing light dose in PDT. The key advantages of
this approach include the greater scalability, portability, as
well as lower power consumption due to the use of dedicated
hardware. In addition, a purpose-built system could be signifi-
cantly cheaper than a large-scale computer cluster.

Using the widely accepted MC for multilayered media'’
(MCML) code as the gold standard, this paper demonstrates
the feasibility of the hardware-based approach for accelerat-
ing MC simulations applied to the computation of fluence
distributions. The final MCML-based hardware design, imple-
mented on a programmable hardware prototyping platform,
reduces the computation time of MCML simulation by 80
times compared to a 3-GHz Intel Xeon processor. Unlike
software-based techniques, this custom hardware design does
not use general-purpose processors to execute computation-
ally intensive operations. Instead, the hardware design was
created de novo on programmable logic devices called field-
programmable gate arrays'® (FPGAs).

The remainder of this paper discusses the FPGA-based
hardware design, called here FPGA-based MCML or FBM for
short. Beginning with a brief overview of MCML, the unique
aspects of the design are explained to highlight how various
hardware acceleration schemes were utilized to achieve the
reduced computation time. The validation results and perfor-
mance analysis are presented, followed by the possible impli-
cations of the significant reduction in computation time for
MC-based models within the context of PDT treatment
planning.

2 MCML
2.1 Overview

The MCML approach and code'” provides an MC model of
steady state light transport in multilayered media. It assumes
infinitely wide layers and models an incident pencil beam that
is perpendicular to the surface. Extended sources and their
beam profiles are modeled separately by convolving the pho-
ton distribution obtained for a pencil beam (for example, us-
ing the CONV program'9). Three physical quantities are
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Fig. 1 Key steps in the MCML program.

scored in MCML, namely absorption, reflectance, and trans-
mittance. Absorption in the tissue is stored in a 2-D array
A[r][z], which represents the photon absorption probability
density as a function of radius r and depth z (measured in
cm™3, and normalized to the total number of photon packets).
It can be further converted into photon fluence (measured in
cm™2). To obtain the isofluence lines of various light sources
such as a Gaussian beam the CONV program is used to parse
the simulation output file and generate a new file with the
locations of the contour lines.

To reduce computation time, two variance reduction
schemes are employed: scoring in cylindrical coordinates and
the use of photon packets. Nonetheless, millions of photon
packets are still required for generating a low-noise fluence
distribution map. Each photon packet undergoes three key
steps that are repeated continuously in the simulation: hop,
drop, and spin, following the naming convention in the
MCML program (Fig. 1). The hop step moves the photon
packets from the current position to the next interaction site
by computing the step size through sampling a probability
distribution based on the photon’s free path. The drop step
adjusts the photon packet’s weight to simulate absorption,
based on the absorption coefficient at the site of interaction.
Finally, the spin step computes the scattering angle using the
Henyey-Greenstein function.”® When a photon packet exits
the tissue through the top or bottom layer, it is terminated. If
the photon weight has reached a threshold value, a survival
roulette is performed to determine if the tracking of the pho-
ton packet should end. If the photon survives, its weight is
increased due to energy conservation requirements.

2.2 Modifications

Considering the envisioned application in PDT treatment
planning and the hardware design requirements, two key
modifications were made to the MCML program. First, since
fluence is the quantity of concern in PDT treatment planning,
only the absorbed photon probability density as a function of
position within the 2-D absorption array A[r][z] is recorded;
the reflectance and transmittance were ignored to reduce the
memory resource requirements in hardware. The second ma-
jor modification involved the conversion of all floating-point
operations into fixed-point operations. This nontrivial conver-
sion was necessary because floating-point hardware is very
inefficient on FPGAs. One subtle detail of this conversion is
the need for look-up tables, commonly used to avoid compu-
tationally intense operations such as trigonometric and loga-
rithmic functions.
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3 FPGA-Based Hardware Acceleration

This section provides background information on general
hardware design on FPGA-based platforms, primarily for
readers interested in exploring hardware acceleration for their
applications. The details of the FBM hardware design are
given in Sec. 4.

3.1 FPGAs

An FPGA chip is a prefabricated silicon chip that can be
programmed electrically to implement virtually any digital
design. Its flexibility is derived from its underlying architec-
ture, consisting of an array of programmable logic blocks in-
terconnected by a programmable routing fabric. Additionally,
modern FPGAs contain two specific structures that are used
extensively in this work: on-chip memory blocks that can be
used to store reasonable quantities of data (a maximum of
about 7 Mbits on the devices used) and “hard” (dedicated
nonprogrammable circuitry) multipliers.

An FPGA chip enables the design of dedicated custom
hardware, providing increased performance for computation-
ally intensive applications, without the high power consump-
tion and maintenance costs of networked clusters. Compared
to graphics processing units (GPUs), FPGAs offer greater
flexibility in the design as one has the ability to customize the
underlying architecture, instead of being constrained by it.
The subtlety of the NVIDIA GPU architecture, for example,
can make it difficult to achieve high performance for certain
applications, such as those with significant divergent behav-
iors leading to warp serialization and undesirable memory ac-
cess patterns. Therefore, the FPGA-based approach was se-
lected to create hardware architecture that is tailored to the
data flow and computation for the specific application.

The design presented in this paper was implemented on a
multi-FPGA platform called the Transmogrifier-4 (TM-4),%!
developed at the University of Toronto. This platform con-
tains four FPGAs from the Altera Stratix I device family (Al-
tera Corporation, San Jose, California) and is designed to
communicate easily with a computer.

3.2 Hardware Design Method

Hardware design requires the explicit handling of two con-
cepts that are normally abstracted from software design:
cycle-accurate design and structural design. Cycle-accurate
design requires a hardware design that must specify precisely
what happens in each hardware clock cycle. A typical soft-
ware designer will not be concerned with the number of clock
cycles consumed in a processor for a section of code (al-
though they do profile the code to determine and reduce per-
formance bottlenecks). Structural design requires a hardware
designer to specify exactly what resources to use and how
they are connected. For software design, the underlying archi-
tecture and the internal execution units of a processor are not
specified by the program or considered by the programmer.
To simplify the design flow in hardware development,
Computer-aided design (CAD) tools are used, which are
analogous to the compiler used by the software programmer.
CAD tools typically accept a hardware description language
as input, which is a textual description of the circuit structure.
The tools perform many sophisticated optimizations to deter-
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mine the precise logic implementation, location, and connec-
tivity routing to create a working high-speed digital hardware
implementation.

To implement a large hardware design, the problem must
be broken down into smaller subproblems, each of which is
solved by the creation of a module that is simulated in a
cycle-accurate manner to ensure data consistency. Due to the
vast amount of information gathered, a full system simulation
cycle-by-cycle for large designs such as FBM will be too
time-consuming.

Therefore, an intermediate stage involving the use of a
simpler C-like language that models the cycle-accurate hard-
ware design is employed to simulate the full system more
quickly. This stage also allows for the testing and debugging
of the additional complexity of cycle-accurate timing before
considering structural design necessary in the final hardware
design.

The design of an MCML system on the TM-4 followed
these hardware design methods, including the intermediate
cycle-accurate timing stage. Verilogzz’23 was selected as the
hardware description language, and Altera Quartus I 7.2 soft-
ware was the CAD tool to synthesize the Verilog design into
hardware structures as well as to configure the FPGA. A
C-based hardware modeling language called SystemC24 was
used to develop the cycle-accurate intermediate stage between
software and hardware design.

3.3 Hardware Acceleration Techniques

An FPGA can implement any digital circuit including those
with significant amounts of computation and the custom cir-
cuit can run faster than software on a processor for two rea-
sons. First, an FPGA can implement many computational
units in parallel and second, it allows exact organization of the
data flow to keep all computational units busy.

A key factor limiting the amount of parallelism and hence
the speed of an FPGA-based solution is the number of logic
elements available on the device. Therefore, minimizing the
number of logic elements required for binary logic computa-
tion maximizes the performance per FPGA.

To achieve the goal of maximizing parallelism and com-
putational throughput, three hardware acceleration techniques
are commonly applied. First, to greatly reduce the size of a
computational unit, the conversion from floating point to fixed
point data representation is used, although careful design and
modeling are essential to ensure that the proper precision
level is maintained. Second, look-up tables can be created in
on-chip memory to precompute values for expensive opera-
tions (such as trigonometric functions), thereby saving a large
number of logic elements. The third key technique is pipelin-
ing, which optimizes the computational throughput. The pipe-
lining approach, similar to an assembly line, breaks down a
complex problem into simpler stages, each of which is re-
sponsible for performing a simple task. Since each stage per-
forms its task independently, the net throughput is increased,
thereby speeding up the computation. An example of a pipe-
line is shown in Fig. 2, where the calculation Y=aX?*+b is
broken down in a pipelined fashion into three stages. There-
fore, a continuous stream of a new input data can be fed into
this pipeline. Assuming each stage here takes the same
amount of time, pipelining increases the throughput by a fac-
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InputX Stage 1

X2=X*X

Stage 2
aX?=a*X?

Stage 3
Y=aX?+b

OutputY
>

Fig. 2 Example of a three-stage pipeline for computing Y=aX?+b.

tor of three. While pipelining leads to a significant perfor-
mance gain, the complexity involved in designing and verify-
ing the individual stages increases appreciably in
sophisticated designs such as MCML.

4 FBM

4.1 Hardware Design

The hardware-accelerated MCML design contains both hard-
ware and software components. The hardware component re-
sides on the TM-4 system and performs the core MC simula-
tion. The software on the host computer performs the
preprocessing steps and postprocessing steps. The former in-
cludes the parsing of the simulation input file and the initial-
ization of the hardware system based on the simulation input
file. The latter includes the transfer of the simulation results
from the TM-4 back to the host computer and the creation of
the simulation output file containing the absorption array. The
absorption array is then used to generate the fluence distribu-
tion. The key steps illustrating the overall program flow from
the user’s perspective are shown in Fig. 3.

The TM-4 platform" itself contains four Stratix I FPGA
devices and each FPGA device houses one instance of FBM.
The four instances together share the execution of the MC
simulation. FBM, in turn, consists of two major hardware
modules: a controller and a photon simulator core. The con-
troller implements miscellaneous tasks that are not part of the
computationally intensive simulation of each photon. It reads
initialization information from the host computer and writes
the simulation results back when the simulation is completed.
This controller keeps track of the status of the simulation and
communicates with the host computer.

The photon simulator is the core of the design and it dic-
tates the overall performance of the system. The architecture
of the simulator core is shown in Fig. 4. The table below the
architectural diagram outlines the on-chip memory usage, key

SirIT:]l:)Ijttison 1 pherace SRoselts
2| (E
[Freat]| [FPoaz|
™4
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Fig. 3 Overall program flow: step 1, parsing of the simulation input
file; step 2, transfer of initialization information to the TM-4; step 3,
transfer of simulation results from the TM-4; and step 4, creation of the
simulation output file.
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Fig. 4 Pipelined architecture of FBM.

computational blocks, and the latency (number of clock
cycles) required by each module. The on-chip memory is
mainly dedicated to storing look-up tables and the absorption
array A[r][z]. As for the key computational blocks, the most
resource intensive blocks are listed, such as multipliers, divid-
ers, and square root blocks. The fact that only eighteen mul-
tipliers, two square root blocks, and one divider are required
by the compute-intense blocks in modules 4a, 4b, and 4c in-
dicates the extensive optimizations applied to the current
hardware design. Finally, the latency represents the number of
stages in each module of the pipeline. A single pass through
the entire pipeline is equivalent to a single iteration in the key
loop of the MCML program (Fig. 1). The pipeline has 100
stages, meaning 100 photon packets at different stages in the
simulation are handled concurrently once the pipeline is filled.
Increasing the number of stages serves to decrease the com-
plexity of each stage, thereby improving the clock speed, as
already discussed. An example of using this technique is mod-
ule 2, which lies in the critical path of the circuit. Sixty stages
were used to increase the clock speed of this part of the circuit
and hence the overall clock speed of the pipeline at the ex-
pense of increased complexity. To illustrate the complexity of
the photon simulator core, the implementation of the Spin
module, which computes the scattering angle and updates the
new direction of the photon packet,'” is described here.

' sin g(lu’xlu’: cos d/_ My sin d/)
x = [ 2
V1= s

+ p, Ccos 6. (1)

A direct implementation of this computation would be very
inefficient, resulting in low clock speed and high resource
usage for each of the three direction cosines. The Stratix
FPGAs on the TM-4 only contain dedicated hard multipliers,
and do not contain dedicated hardware to perform division,
square root or trigonometric functions. Hence, look-up tables
stored in the on-chip memory are used to approximate the
trigonometric functions. The division and square root func-
tions are implemented directly in the FPGA programmable
fabric since the high precision required here makes a look-up
table based solution impractical. As these computations are
relatively slow, they are split into many pipeline stages to
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Table 1 Optical properties of the five-layer skin tissue - 633 nm (337 nm).

Layer Uy (em™)  ug (em™) g n Thickness (cm)
1 (epidermis) 43@32)  107(165) 0.790.72) 1.5 0.01
2 (dermis) 27(23)  187(227) 0.82(0.72) 1.4 0.02
3 (dermis with plexus superficialis) ~ 3.3(40) 192(246) 0.82(0.72) 1.4 0.02
4 (dermis) 27(23)  187(227) 0.82(0.72) 1.4 0.09
5 (dermis plexus profundus) 3.4(46) 194(253) 0.82(0.72) 1.4 0.06

* Tissue opfical properties according to Tuchin.?®

increase the clock speed. The same pipelining technique is
used to improve the performance of multipliers. Wherever
possible, multipliers and dividers are shared to reduce re-
source usage, at the cost of increased complexity of the
design.

Another unique aspect of the hardware design is the mul-
tiplexing (sharing) of computational units among modules 4a,
4b, and 4c, shown in Fig. 4. This is possible because the result
from only either modules 4b and 4c or module 4a alone is
used at any given time. The tight coupling of all connected
modules is required to minimize resource usage and maximize
speed. It is imperative that modules 4a, 4b, and 4c finish all
their operations within exactly 37 clock cycles to ensure data
consistency. The final stage (Roulette) determines whether a
photon packet is still active, in which case it continues iterat-
ing at the beginning of the pipeline. Otherwise, a new photon
packet is selected to immediately enter the pipeline.

4.2 Trade-Offs

Due to the resource constraints on the prototyping platform
used, several important trade-offs were made on the final
hardware design. First, the size of the on-chip memory
(7.4 Mbits for the Stratix I chip on the TM-4) limited the
precision of each look-up table. Therefore, the number of en-
tries for each look-up table was determined based on the sen-
sitivity of the function in the expected range of values. For
example, the logarithmic function used in the computation of
the step size s is highly sensitive within the range of O to
1—the expected range of values provided by the uniformly
distributed random number &, as shown in Eq. (2):

s==1n(&)/ ;. (2)

To further maximize the on-chip memory space available to
the look-up tables, the absorption array was limited to a maxi-
mum size (256 X 256 elements in the radial and z direction,
respectively). Also, the number of layers supported by the
hardware was set to a maximum of five due to the same
memory constraints. Note that even though the number of
layers is fixed at a maximum of five layers, the layer proper-
ties can still be modified easily through the same input simu-
lation file format as used in the MCML program. The dimen-
sions of the voxels (dr and dz) can also be modified.
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5 Validation Procedures
5.1 \Validation Model

For the purpose of validation and performance comparison, a
skin model was selected as the simulation input to the MCML
program. The tissue optical parameters presented in Table 1
are based on the light scattering study of tissues by Tuchin.’
The optical parameters of the skin for two wavelengths were
used, namely 633 nm and 337 nm. To test the accuracy and
performance of the hardware system with different tissue op-
tical parameters, the absorption coefficient and scattering co-
efficient were varied systematically in a separate experiment,
as described in the next section.

5.2 FPGA System-Level Validation

System validation consisted of three phases. The first phase
involved verifying the FBM simulation output against the
gold standard MCML executed on an Intel Xeon processor.
Since MC simulations are non-deterministic, it is important to
separate the error introduced by the hardware implementation
from the statistical uncertainty inherent in an MC simulation.
In other words, a fair comparison between MCML and FBM
can only be obtained by considering the variance in the output
of the MCML simulation. The output is a 2-D array that
scores the absorbed photon probability density (in cm™) as a
function of radius and depth. To quantify the difference be-
tween these arrays, the relative error E[i.][i.] between the
corresponding elements is computed using the following for-
mula:

|As[lr][lz] - Ah[lr][lz:”
Alli ] ’

where A is the gold standard absorption array produced by
MCML after launching 100 million photon packets, and A,
contains the corresponding elements in the absorption array
produced by FBM. To visualize the distribution of the relative
error, a 2-D color map was generated, showing the relative
error in percent as a function of position. For comparison, a
reference color map depicts the relative error in the output
from MCML compared to the gold standard absorption array
to account for the statistical uncertainty between simulation
runs. Photon packet numbers ranging from 10° to 10% were
simulated.

EliJli.]= 3)
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Fig. 5 Distribution of relative error as a function of radius and depth
using 100 thousand photon packets (633 nm): (a) FBM (100 thou-
sand) versus MCML (100 million) and (b) MCML (100 thousand) ver-
sus MCML (100 million). The bar represents percent error from 0 to
10% (values above 10% are represented by the same color as the
maximum value in the color scale).

To summarize the effect of varying the number of photon
packets, the mean relative error [Eq. (4)] was computed by
averaging the relative error in all elements in the absorption
array with values above a randomly selected threshold
(0.00001 cm™3). The setting of a threshold is necessary since
relative error is undefined when A[i][i.] (gold standard
MCML output) reaches zero. This analysis enables the quan-
tification of the impact of look-up tables and fixed-point con-
version in the hardware implementation.

in 2 L)L)
EBVC = —_ 2 (4)
nn,
where E,,. is defined as the mean relative error, E[i,][i.] is
the relative error for each element [as defined in Eq. (3)], and
n,=256 and n,=256.

To further characterize the behavior of the hardware sys-
tem with varying tissue optical parameters, the performance
and relative error based on 10% photons were analyzed as a
function of the target albedo. In a single-layer geometry, the
target albedo defined as g/ (u,+ i,), was systematically var-
ied from 0.50 to 0.96 in order to investigate the effects of
tissue optical property on both the speedup and error.

The third phase for system-level validation of the FPGA-
based hardware design involved analyzing the effect of the
error within the context of PDT treatment planning. Isofluence
maps were generated from the FBM output based on 10® pho-
ton packets. The relative shift in the position of the isofluence
lines was analyzed by comparing against the gold standard
MCML output.

6 Results
6.1 \Validation

Figures 5 and 6 show the distribution of the relative error for
10° and 10% photon packets, respectively, using Tuchin’s skin
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Fig. 6 Distribution of relative error as a function of radius and depth
using 100 million photon packets (633 nm): (a) FBM versus MCML
(run 2), (b) MCML (run 1) versus MCML (run 2), (c) FBM versus
MCML with Tausworthe generator (run 2), and (d) MCML (run 1)
versus MCML (run 2) both with Tausworthe generator. Color bar rep-
resents percent error from 0 to 10%.

model at A=633 nm. In both cases, the accuracy of FBM was
comparable to that of MCML, as demonstrated by the simi-
larity between the two error distributions [Figs. 5(a) and 5(b)].
The statistical uncertainty decreased for the simulation that
used 100 million photon packets, as indicated by the expan-
sion of regions within the r,z plane showing less than 5%
error (Fig. 6). This is expected as the variance in MC simu-
lation decreases by 1/ \/Z, where n equals the number of pho-
ton packets. Figure 6(a) also shows some slight differences of
about 1 to 2% (manifesting as an S-shaped region with lower
error) in the region with a radius of 0.5 cm (the high fluence
region). Further analysis revealed that this S-shaped pattern
can be eliminated by replacing the random number generator
in the original MCML with the version implemented in the
hardware (Tausworthe generator26). The disappearance of the
S-shaped pattern with the use of the same random number
generator (Tausworthe generator) shows that the minor devia-
tion observed was due to the statistical differences in the se-
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Fig. 7 Relative error as a function of the number of photon packets simulated (633 nm). The horizontal axis is in logarithmic scale: ¢, relative error
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quence generated by two different random number generators
[Figs. 6(c) and 6(d)].

To analyze the effect of photon packet number on the ac-
curacy of the simulation, the mean relative error was com-
puted [Eq. (4)]. Figure 7(a) shows that the mean relative error
of FBM closely tracked the mean relative error of MCML,
both decreasing as the number of photon packets increased.
Figure 7(b) shows the impact of converting from double-
precision floating point operations to fixed point operations
combined with the impact of the use of look-up tables on the
relative error. As shown by the plot, the conversion introduced
an increase in relative error of 0.2 to 0.5%.

In the second phase of the validation, the mean relative
error as a function of the albedo was plotted [Fig. 8(a)]. The
results show that for albedo values above 0.7, the increase in
error was 0.5 to 1%, while for albedo values less than 0.7, the
added error was up to 2%. This increase was mainly caused
by the significant reduction in the number of non-zero absorp-
tion array elements. For example, at an albedo of 0.90, there

(a)

(b)

were 11407 non-zero elements out of 65536 (256 by 256)
elements, while at an albedo of 0.5, only 351 non-zero ele-
ments were left. The small voxel size used (dr=0.01 cm and
dz=0.002 cm) also contributed to this difference.

To investigate the impact of 1-2% additional error within
the context of PDT treatment planning, the isofluence lines for
the impulse response based on the simulation input param-
eters from Table 1 were plotted (Fig. 9). The isofluence lines
produced by FBM and MCML matched very well. A shift in
the position of the isofluence lines was only noticeable for
fluence levels at 0.00001 cm™2 (eight orders of magnitude
smaller than the fluence near the center—1000 cm™2). The
detected shift was only around 0.1 mm, which is of little sig-
nificance in PDT treatment planning. Note that the 1 to 2%
error introduced is well within the uncertainties due to the
variations in tissue optical properties, as shown by Rendon
et al.”’
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Fig. 8 (a) Relative error with varying albedo (108 photon packets); ¢, relative error between two independent MCML runs at 10 photon packets;
X, relative error between the results produced by FBM and MCML. (b) Speedup at different albedo values (108 photon packets). Each point

represents the mean obtained from four simulation runs.
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6.2 Performance

The execution speed of FBM was compared to the original
MCML executed on a single Intel Xeon 3-GHz processor. For
a complete end-to-end application runtime comparison, the
runtime includes file I/O, system initialization, the MC simu-
lation, and all pre-processing/post-processing operations to
generate the final simulation output file. Table 2 shows the
specifications of the test platform used to execute MCML.
The software version of MCML was compiled using full com-
piler optimizations (gcc-O3 optimization flag).”®

As shown in Table 3(a), the runtime of the MC simulation
using 100 million photon packets was reduced from over
2.5 h in software to approximately 2 min in hardware for the
633 nm case. The overall speedup was 78 times including a
data transfer time of 8 s. Using the tissue optical properties at
337 nm [Table 3(b)], the overall speedup was 66 times,
mainly due to the much shorter execution time and hence the
relative importance of the data transfer time. However, the
data transfer rate was far from expected due to a known issue
in the communication channel on the TM-4 prototyping sys-
tem. Normally, the communication channel [host-to-FPGA
PCI (peripheral component interconnect) bus] supports a
bandwidth of 266 MBytes/s for writes to the FPGA and
154 MBytes/s for reads from the FPGA to the host.”' Cur-
rently, it takes 8 s to transfer 610 kBytes of data. Hence, the
use of commercial prototyping platforms with fully functional
communication channels should yield a net 84 times speedup
for the 633 nm case and 80 times speedup for the 337 nm case
without any modifications to the design. Figure 8(b) shows
that as the albedo increased, the speedup increased from 77 to
87 times, since the MCML software executes more expensive
computations for calculating the scattering angle in the Spin
function at higher albedo. The average speedup was 80 times
with the current TM-4 platform running at a clock speed of
1/75 times compared to that of Xeon processor.

Table 4 shows the resource utilization (number of logic
elements, DSP blocks, and on-chip memory usage) and clock
speed of FBM on a Stratix I FPGA device and a modern
Stratix III FPGA device. On Stratix I, only one instance of the
current design can be accommodated. On Stratix III, two in-
stances of the same design can be replicated for an additional
twofold speedup. Although this design only occupies about
16.3% of the available logic elements on Stratix III, on-chip
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memory size restrictions limit the number of replicas to two.
Also, the FBM design can run at 1.5 times the clock speed on
Stratix III. As the figures presented in Table 4 are based on the
full compilation report generated by Altera Quartus 7.2 using
an existing Stratix III device, it is possible to increase the
speedup by an additional factor of 3 to a projected speedup of
240 times given a platform with four Stratix III FPGA chips
and a high-speed communication interface.

Table 5 shows the power consumption and energy effi-
ciency of MCML on a network cluster with 84 cores versus
the TM-4 with the same performance. The worst-case power
for the processor was obtained from the specifications pub-
lished by Intel. Perfect parallelism was assumed for a network
cluster with no communication overhead. The power con-
sumed by memory, Ethernet, and other off-chip components
was ignored. The worst-case power for the TM-4 was based
on the maximum power consumed by all four Strattix I chips
on the TM-4. While a power simulation of the FBM design
using the Quartus tool showed a much lower power consump-
tion, the worst case power (60 W) was chosen to remain con-
servative in the comparison. The power-delay product is a
metric used to compare energy efficiency of different imple-
mentations. It provides a convenient way to normalize power
and delay trade-offs. The results show that FBM is 45 times
more energy efficient than the Intel Xeon processor based on
worst-case power consumption.

Table 2 Specifications of test platform.

University Health Network Linux Cluster.

Processor Intel Xeon 3-GHz CPU°
(130 nm)

Memory 2 GBytes RAM

Cache 512 kBytes

Operating system Red Hat Linux 3.2.2-5

Compiler gcc 3.2.2

“Processor architecture can affect execution time.
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Table 3(a) Runtime of MCML and FBM for 100 million photon packets averaged over four independent
simulation runs. (Input parameters from Table 1-633 nm.)

Simulation  Data Transfer Total Overall  Speedup excluding
Device Clock Speed  Time (s) Time (s) Runtime (s)  Speedup data transfer
Intel Xeon 3.06 GHz 9150 0 91501 1 1
™4 41 MHz 109 8 1171 781 841

Table 3(b) Runtime of MCML and FBM for 100 million photon packets averaged over four independent
simulation runs. (Input parameters from Table 1-337 nm.)

Simulation  Data Transfer Total Overall  Speedup excluding
Device Clock Speed  Time (s) Time (s) Runtime (s) Speedup data transfer
Intel Xeon 3.06 GHz 3100 0 31001 1 1
™4 41 MHz 39 8 47 +1 661 80=x1

7 Conclusion

Using the MCML program as the gold standard, custom pipe-
lined hardware designed on a multi-FPGA platform known as
the TM-4 achieved an 80 times speedup compared to a
3-GHz Intel Xeon processor. The development time was ap-
proximately 1 person-year and future modifications can be
readily implemented due to the use of a modularized pipe-
lined architecture. Isofluence distribution maps generated by
FBM and MCML were compared at 100 million photon pack-
ets, showing only a 0.1 mm shift in the hardware-generated
isofluence lines from those produced by MCML for fluence
levels as low as 0.00001 cm™2. This shift is negligible within
the context of PDT treatment planning considering the typi-
cally much larger margin of safety for surgical resection or
treatment planning in radiation therapy.

8 Implications and Future Work

The limitations of the current prototype design, such as the
number of layers, could be relaxed on newer FPGA platforms,
which offer more on-chip memory and other resources. Mi-
grating the current design to modern Stratix III FPGA chips
will result in a projected 240 times speedup, requiring minor

modifications to the communication interface. In future stud-
ies, the use of external memory will have several implica-
tions. First, more replicas of the design can be accommodated
since the on-chip memory space is a limiting factor, directly
translating to an increase in the attainable speedup. Second,
using external memory enables the 3-D modeling of tumors,
which for realistic cases would require at least 1024 X 1024
X 1024 voxels (a minimum of 4 GBytes assuming 4 bytes
per voxel). Finally, the significantly larger memory space of-
fered by external memory will enable further optimization of
the number of entries in the look-up tables to improve the
accuracy of the simulation. Determining the precise trade-offs
between accuracy and resource usage as well as the migration
to newer platforms will be the subject of future work.

For investigators interested in accelerating other light
propagation models such as FEM-based models that solve the
radiative transfer equation numerically using the diffusion
approximation,29 an FPGA-based approach may serve as an
alternative. Here, the unique technical challenges will prima-
rily include mapping the matrix operations onto hardware and
implementing an iterative solver based on techniques such as
the conjugate gradient method.* Tailoring the FPGA-based

Table 4 Comparison of two FPGA devices and the resource utilization of the current design (one
instance of the design on a single chip) on both devices.

Number of
FPGA Logic Number of On-chip Clock
Device Elements DSP Blocks Memory Speed
Stratix | 64,000 160 4.8 Mbits 41 MHz
EP1S80F1508C6 out of out of out of
(130 nm) 79,000 LUTs® 176 7.4 Mbits
Stratix |l 44,000 104 4.8 Mbits 62 MHz
EP3SL340H1152C3 out of out of out of
(65 nm) 270,000 ALMs® 1152 16.7 Mbits®

“The types of logic elements provided by the Stratix | and Stratix Il devices are different.
bAlthough it appears that 3 instances of the design can fit it the Stratix Il device, in reality only 2 instances can be

accommodated due to memory block size restrictions.
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Table 5 Comparison of worst-case chip power consumption and energy efficiency between the TM-4

and the Intel 3.06GHz Xeon processor.

Power-Delay
Worst-case Delay for T00M Product Normalized Power-
Power (Watts)  photons (seconds) (Joules) delay Product

Processor (single-core) 32.5 9150 29700 45

Cluster (84 cores) 2730 109 29700 45

™4 60 109 6540 1
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