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ABSTRA CT

Tomographic image reconstruction, such as the reconstruction of CT projection values, of tomosynthesis data,
PET or SPECT events, is computational very demanding. In �ltered backprojection as well as in iterativ e
reconstruction schemes,the most time{consuming stepsare forward- and backprojection which are often limited
by the memory bandwidth.

Recently , a novel general purpose architecture optimized for distributed computing becameavailable: the
Cell Broadband Engine (CBE). Its eight synergistic processingelements (SPEs) currently allow for a theoretical
performanceof 192 GFlops (3 GHz, 8 units, 4 
oats per vector, 2 instructions, multiply and add, per clock).

To maximize image reconstruction speed we modi�ed our parallel{b eam and perspective backprojection
algorithms which are highly optimized for standard PCs, and optimized the code for the CBE processor.1{3 In
addition, we implemented an optimized perspective forwardprojection on the CBE which allows us to perform
statistical image reconstructions like the ordered subsetconvex (OSC) algorithm. 4

Performancewasmeasuredusingsimulated data with 512projections per rotation and 5122 detector elements.
The data were backprojected into an image of 5123 voxels using our PC{based approaches and the new CBE{
basedalgorithms. Both the PC and the CBE timings were scaledto a 3 GHz clock frequency.

On the CBE, we obtain total reconstruction times of 4.04 s for the parallel backprojection, 13.6 s for the
perspective backprojection and 192 s for a complete OSC reconstruction, consisting of one initial Feldkamp
reconstruction, followed by 4 OSC iterations.

1. INTR ODUCTION

Cell processorsare general purposeprocessorsthat combine a PowerPC element (PPE) with eight synergistic
processorelements (SPE).5{ 7 The SPEs are the most interesting feature of the CBE processor,as they are the
sourceof its processingpower. A singlechip contains eight SPEs,each with an synergisticprocessingunit (SPU),
a memory 
o w controller (MF C), and 256 kB of SRAM that are usedas local store (LS) memory. The LS runs
in its own addressspaceat the full 3.2 GHz clock frequency.

An SPU uses128 bit vector operations and can execute up to eight 
oating point instructions per clock
cycle. For our particular focus on backprojecting 
oating point values(4 bytes each) the data vector consistsof
four 
oats. A fast (96 byte per clock) element interconnect bus (EIB) connectsthe Cell processor'sPPE with
the SPEs (�gure 1). Up to two instructions per cycle can be issuedby each SPU to its seven execution units,
organizedin two pipelines. To overcomememory latency (the \memory wall") DMA data transfers from and to
the SPU can be scheduled in parallel with core execution. The PPE can be understood as being the controller
or manager that distributes small tasks to the eight SPEs, which are the workers. In our case,communication
betweenthe managerand the workers is realized via mailboxes and DMA transfers.
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Figure 1. Block diagram of the CBE with pictures of one CBE and of the Mercury dual Cell{based blade.

The aim of this investigation is to implement a 2D parallel{b eambackprojection and 3D cone{beamforward-
and backprojection algorithms for the CBE processorand to benchmark their performance against PC{based
implementations.

2. METHOD

2.1. Parallel Beam Backpro jection

We considera backprojection of type

f (x; y) =
Z

d# p
�
#; a(#)x + b(#)y + c(#)

�
(1)

with f being the image and p being the (convolved) rawdata and where a, b, and c are arbitrary functions of #.
For example a scannerwith projection angle # and ray distance � to the origin would have a = cos#, b = sin#
and c = 0 such that the ray parameterized by the pair (#; � ) is the line x cos# + y sin# = � and the look{up
would occur at p(#; � ).

Note that the parallel backprojection is also the core of a 3D medical spiral CT image reconstruction via the
advancedsingle slice rebinning (ASSR) algotithm. 8, 9

void ParBackProjRefNN(int const N, int const M,
int const I, int const J,
float const * const a,
float const * const b,
float const * const c,
float const * const Raw,
float * const Ima)

{
for(int n=0; n<N; n++) // projection index
for(int i=0; i<I; i++) // slow pixel index
for(int j=0; j<J; j++) // fast pixel index

{
float const mreal=a[n]*i+b[n]*j+c[n];

int const m=int(mreal+0.5);

Ima[i*J+j]+=Raw[n*M+m];
}

}

Listing 1: Referencecode for the parallel backprojection performing nearest neighbor interpolation. The pixel
indices i and j correspond to x and y and the sinogram indices m and n correspond to the detector channel
index and the projection index, respectively.



void ParBackProjRefLI(int const N, int const M,
int const I, int const J,
float const * const a,
float const * const b,
float const * const c,
float const * const Raw,
float * const Ima)

{
for(int n=0; n<N; n++) // projection index
for(int i=0; i<I; i++) // slow pixel index
for(int j=0; j<J; j++) // fast pixel index

{
float const mreal=a[n]*i+b[n]*j+c[n];

int const m=int(mreal);
float const w=mreal-m;

Ima[i*J+j]+=(1-w)*Raw[n*M+m]+w*Raw[n*M+m+1];
}

}

Listing 2: Referencecode for the parallel backprojection performing linear interpolation between neighboring
detector channels. The pixel indices i and j correspond to x and y and the sinogramindicesm and n correspond
to the detector channel index and the projection index, respectively.

The backprojection integral is usually realized in a discretized version called pixel{driven backprojection.
Two versionsof our referencecode, namely nearestneighbour and linear interpolation, are shown in the listings
1 and 2.

Apart from this unoptimized code our highly optimized PC{based implementation (pure C++, coded in
early 1999) that is equivalent to the referencecode is used to benchmark against the new Cell{based parallel
backprojection.

When porting the code to the CBE several constraints had to be followed. The worker's local store is limited
to 256 kB and only small portions of the full problem can be handled by each worker. To accomodate demand,
the imageand rawdata had to be tiled into small sub{imagesand sub{sinograms. The sizeof the sub{imagesand
the sizeof the sub{sinogramswaschosento allow for double bu�ering of the sinogramdata. Two sub{sinograms
plus one sub{image plus stack plus program code must �t into the 256 kB local store. Only those portions of a
projection that were neededby a worker's particular sub{image where DMAed to the worker. While the worker
is busy backprojecting the �rst sub{sinogram, the DMA of the other sub{sinogram was active. Thereby, the
DMA latency is almost fully hidden behind the backprojection process.

Care was taken during implementation to obtain a high rate of dual issues.A dual issueoccurswhen a group
of fetched instructions has two issueableinstructions, one of which is executedby a unit on the even pipeline
and the other executedby a unit on the odd pipeline. For example multiplies and adds run on the even, load
and store issuesrun on the odd pipeline. Since there is a larger number of loads and stores than multiplies or
adds it is possibleto completely hide the multiplies and adds behind the loads and stores. To achieve the dual
issueas often as possibleloop unrolling of the innermost loop was done manually.

2.2. Persp ectiv e (Cone{Beam) Backpro jection

We considera backprojection of type

f (r ) =
Z

d� w2(� ; r ) p
�
� ; u(� ; r ); v(� ; r )

�
(2)

with

u(� ; r ) = (c00x + c01y + c02z + c03)w(� ; r )

v(� ; r ) = (c10x + c11y + c12z + c13)w(� ; r )

w(� ; r ) = (c20x + c21y + c22z + c23) � 1



and cij = cij (� ). Here, f is the image, p are the (usually preweighted and convolved) rawdata and � , u, and
v are the projection index, the detector's axial and the detector's longitudinal coordinate, respectively (�gure
2). The coe�cien ts cij = cij (� ) de�ne the perspective transform from the detector into the volume and are
arbitrary functions of the projection angle, in general. The distance weight w(r ) is required for cone{beam
�ltered backprojection, the squareresults from the fact that the kernel is a homogeneousfunction of degree� 2.

Note that the perspective backprojection can also be used for a 3D medical spiral CT image reconstruction
by applying a Tam-window to the raw projections.10

The backprojection integral is usually realized in a discretized version called voxel{driven backprojection.
Our referencecode that backprojects one projection is shown in listing 3. For a complete image reconstruction
the function must be called N times where N is the number of projections acquired. This referencecode is not
optimized, however.

An optimized version that was coded in 2001 is available to our group and is used for comparisonsto the
Cell{based algorithm. This PC{based implementation is purely C++ and makes no explicit use of assembler
segments or CPU intrinsics. It achieves its high performanceby using a hierarchical memory layout and loop
unrolling techniques. It further replacesthe linear interpolation by a hybrid technique that �rst performs a
detector upsampling basedon bilinear interpolation (similar to11). The upsampled ideal detector is parallel to
one of the volume axesand has very �ne pixels, so that for the subsequent backprojection step it is su�cien t to
carry out a nearestneighbor interpolation without impairing imagequality. We call this rebinning from the real
physical detector data onto an upsampled ideal virtual detector that is properly aligned to one of the volume
axesreal{to{ide al rebinning (�gure 2).

For the CBE implementation we usedthe sametechniquesas for the parallel backprojection. The sizeof one
sub{volume was typically 323 voxels. This occupies128 kB of the worker's local store and allows an 8{fold loop
unrolling of the innermost loop.

Two backprojection versionswere implemented for the CBE, namely a direct version that is equivalent to
the referencecode and a hybrid method that usesan intermediate upsampled detector just as our optimized

Figure 2. Illustration of the perspective geometry, of the real{to{ideal rebinning and of the sub{volume and tiling
strategy.



void PerBackProjRefLI(int const I, int const J, int const K,
int const L, int const M,
float const c00, ..., float const c23,
float const * const Raw,
float * Vol)

{
for(int i=0; i<I; i++) // slow voxel index
for(int j=0; j<J; j++)
for(int k=0; k<K; k++) // fast voxel index

{
float const w=1/(c20*i+c21*j+c22*k+c23);
float const lreal=w*(c10*i+c11*j+c12*k+c13);
float const mreal=w*(c00*i+c01*j+c02*k+c03);
int const l=int(lreal); float const wl=lreal-l;
int const m=int(mreal); float const wm=mreal-m;

(*Vol++)+=w*w*((1-wl)*((1-wm)*Raw[l*M +m ]
+wm*Raw[l*M +m+1])

+wl *((1-wm)*Raw[l*M+M+m ]
+wm*Raw[l*M+M+m+1]));

}
}

Listing 3: Referencecode for the perspectivebackprojection performing bilinear interpolation betweenneighborig
detector pixels. The pixel indices i , j and k correspond to x, y and z and the detector indices l and m correspond
to u and v.

PC{based algorithm does.

2.3. Statistical Image Reconstruction

Basedon the OSC update equation12

f � +1 = f �

0

@1 +
BP

�
e� FP ( f � ) � e� p

�

BP
�

e� FP ( f � ) � FP(f � )
�

1

A (3)

with

f � : Current image
f � +1 : Next image
p : Rawdata
FP( �) : Forwardprojection
BP(�) : Backprojection

we implemented a Cell{based version of OSC. The main e�ort was to optimize the implementations of the
forward projection operator FP( �) and of the backprojection operator BP( �) which usually are the performance
bottleneck in iterativ e image reconstruction. As projection geometry we used the perspective transform as
discussedin section 2.2.

Just like the hybrid method we perform an initial real{to{ideal rebinning to an ideal detector parallel to
one of the volume axes. The only di�erence is that we do not perform an detector upsampling since this would
increasecomputation time for the forward projection. Instead, we perform bilinear interpolation both for the
forward{ and the backprojections.

Based on the data on the ideal aligned detector a Feldkamp (FDK) reconstruction (c.f.13) is performed as
initialization, followed by the OSC iterations.

Fig. 3 illustrates our implementation of the OSC algorithm specialized for the CBE. Note that all time{
consumingoperations run on the workers. We highly optimized the worker code by applying the sametechniques
as described in section 2.1.
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Figure 3. Sketch of the interaction of the manager (left side) and the 8{16 workers (righ t side) in our CBE{based imple-
mentation of the OSC algorithm with Feldkamp initialization. BP stands for backpro jection, FP for forward projection.
Num and Denom symbolize numerator and denominator, resp. (without the backpro jection, i.e. the terms in brackets)
of equation (3). Sub indicates that only a small part of the rawdata and volume can be hold in the worker memory.

3. PERF ORMANCE ASSESSMENT

All codes were implemented to cope with any number of voxels (also non{cubic volumes), any number of pro-
jections and any number of pixels per projection (also non{square detectors). We assessedthe performanceof
backprojecting 512 parallel{ or cone{beam projections of size 5122 into a volume of size 5123. The complexity
of the code is O = 5124 operations. All voxels were fully contained in the �eld of measurement.

The standard and the optimized code ran on a single 3.06 GHz Xeon processorwith 533 MHz front side
bus while the Cell{based implementation usesa 3.2 GHz Cell processorrunning on a dual Cell blade (Mercury
Computer Systems). All timing valueswerelinearly scaledto 3.0 GHz, for convenience.The time T per 512� 512
slice was measuredas an averageof the time 512� T required to backproject the whole volume. Care was taken
that no other signi�cant CPU or SPU workload impaired our measurements (the PC operating systemis Windows
XP and the CBE operating system is Linux and hencemultitasking may occur for both processors).

Additionally , we compute the number of CPU clock cycles per operation as C=O with C = F T being the
number of clock cyclesper reconstructed image and F being the clock frequency that equals3.06 GHz for our
PC, 3.2 GHz for the CBE system, and 3.0 GHz for our scaledvalues.

DMA Latency

One of the most prominent feature of the CBE is its fast DMA betweenthe main memory and the worker local
store. Since Cell DMA works in parallel to the SPU's command execution pipeline, the DMA latency may be
completely hidden for someCPU-limited problems.



To measurethe DMA latency for our implementations, we performed dummy reconstructions without DMA
transfers and calculated the di�erences of the total backprojection times to that of real backprojections. The
backprojection times weremeasuredwith clock{cycle precisionvia the so{called worker decrementer. The decre-
menter is a counter on each SPU that is decremented on a clock cycle basis. Statistical errors were estimated by
repeating all measurements �v e times.

It turned out that the DMA fraction of the total reconstruction time is fairly below 1% for all casesand
therefore negligible.

4. RESUL TS

4.1. Parallel Beam Backpro jection

The timing results for a nearestneighbor (NN) and a linear interpolation (LI) parallel backprojection are shown
in table 1. The NN and the LI referencealgorithms are the un{optimized code segments provided in the listings.
The optimized algorithms are equivalent to the referencecodes.

Apparently , the CBE achievesa backprojection rate of 165fps with nearestneighbor interpolation and 126fps
with linear interpolation. Considering that two CBEs are available per blade one may backproject 330 images
per secondper dual Cell board.

How doesour implementation compareto the theoretical peak performance?Theoretically, and this assumes
optimal optimization, one may not do better than updating four pixels per step. An update step requires
at least two loads, one add and one store for nearest neighbor. The add runs on the even pipeline and can
theoretically be completely hidden by the three load/stores that execute in parallel on the odd pipeline. Per
clock (we have 8 workers and assumedthat each step updates 4 pixels) one can theoretically update 32/3
pixels, i.e. C=O � 0:09375. Similarly, linear interpolation requires four load/stores and two multiply{adds
which means 32/4 pixel updates per clock. Hence C=O � 0:125 must hold. Regarding the measuredvalues
our implementation reaches69% (NN) and 71% (LI) of the theoretical peak performance. The theoretical peak
performanceof 192 GFlops cannot be reached by our implementation since the multiply{adds (i.e. the Flops)
are hidden betweena larger number of load/stores.

NN LI

C=O T C=O T

PC, reference 93.3 4.1 s 118 5.2 s

PC, optimized 1.54 68 ms 2.12 93 ms

CBE, optimized 0.14 6.1 ms 0.18 7.9 ms

Table 1. Parallel backpro jection performance achieved with the PC{based and with the Cell{based implementations.

4.2. Persp ectiv e Backpro jection

The timing results for the perspective backprojections are shown in table 2. The referencealgorithm is the
code provided in listing 3. It is PC{based but not optimized. The PC{based hybrid code is the said optimized
implementation. The Cell{based codesare both highly optimized as detailed earlier in this paper.

It should be noted that we found no performanceincreasewhen taking advantage of the fact that the distance
weight is proportional to the denominator of the perspective transform and our optimized implementations
actually allow for a more 
exible choice of distance weighting.

Apparently , the CBE achievesto backproject all 512 projections into the 5123 volume in 13.6 s. Considering
that two Cells are available per blade one may �nish a complete cone{beam backprojection in 6.8 s using a dual
Cell board.



C=O T � 1 T 512� T

PC, reference 309 0.07 fps 13.6 s 1.93 h

PC, hybrid 8.58 2.66 fps 376 ms 3.21 min

Cell, direct 1.19 18.8 fps 53.1 ms 27.2 s

Cell, hybrid 0.59 37.6 fps 26.6 ms 13.6 s

Table 2. Perspective backpro jection performance achieved with the PC{based and with the Cell{based implementations.

4.3. Statistical Reconstruction

Table 3 summarizesthe Cell performance values measuredon a single CBE with 3.2 GHz for an OSC recon-
struction of 512 projections of size 1024� 1024 (which were downsampled to 512� 512 for the OSC forward
projections) and a reconstructed volume sizeof 512� 512� 512.

To analyze resolution and noisecharacteristics of the FDK and OSC algorithms we simulated a noisy water
phantom with a in�nitely small metal insert (delta function). OSC was initialized with a smoothed FDK image.
We de�ned a dimensionlessquality factor Q as14

Q /

s
1

(FWHM x + FWHM y )3 � FWHM z � Noise2 (4)

The results are shown in table 4. We observe a signi�cant increaseof image quality after 4 OSC iterations.
This can be converted to a dosereduction by up to 45% at constant image quality.

Figure 5 shows the reconstructions of a mousescannedwith a micro{CT{scanner TomoScope 30s(see�gure
4). Also the pure visual impressshows a signi�cant increaseof image quality after 4 OSC iterations.

OSC processingsteps Time Frequency

Real{to{ideal rebinning 4.0 s once

FDK image reconstruction 15.4 s once

Smoothing of FDK image 1.5 s once

One forward projection 13.2 s each iteration

Exponentials 6.0 s each iteration

Two backprojections 20.4 s each iteration

Volume update 0.2 s each subset

Total (4 iterations, 16 subsets) 192 s

Table 3. CBE timing of the OSC algorithm.

5. CONCLUSION

The Cell Broadband Engine enableshyperfast forward- and backprojection on a generalpurposehardware. Our
implementation greatly outperforms other existing hard- or software by at least one order of magnitude. These
enormouscapabilities may leveragenew applications such as real{time image reconstruction or statistical image
reconstruction that are not available in clinical routine, yet.4



Figure 4. Dedicated in{viv o cone{beam micro{CT scanner TomoScope 30s (VAMP GmbH, Erlangen, Germany).

Figure 5. Micro{CT reconstruction of a mouse. Upper row: Feldkamp (FDK). Lower row: OSC after 4 iterations. The
noise in the marked ROIs is � = 112 HU for FDK and � = 70 HU for OSC. The HU window is (C/W) = (100=750).



FDK FDK
smoothed

OSC
2 iterations

OSC
4 iterations

OSC
6 iterations

FWHM x 0.755 0.983 0.918 0.871 0.837

FWHM y 0.706 0.965 0.906 0.862 0.831

FWHM z 0.744 0.979 0.914 0.866 0.831

Noise 80.8 47.8 47.0 46.9 47.0

Qualit y 1.00 0.96 1.11 1.24 1.33

Dose
required for
constan t qualit y

1.00 1.09 0.810 0.655 0.563

Table 4. Analysis of Noise and Resolution. FWHMs are scaled in arbitrary units, noise is scaled in HU.
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