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ABSTRACT
Optical Projection Tomography (OPT) imaging provides isotropic
resolution for samples up to a few millimeters. High resolution OPT
is achieved by deconvolving Focal-Plane-Scanning (FPS-OPT) data
but it requires to accurately know the system’s Point Spread Function (PSF). While the presence of noise and inaccuracies in the PSF
model or parameters affects reconstruction quality, their effect is difficult to assess quantitatively in practice and the computational cost
of naive simulations is prohibitively expensive. Here, we present
an efficient approach to carry out FPS-OPT simulations for a wide
range of illumination geometries, including Focal-Sheet-Scanning
OPT (FSS-OPT), a method using a lateral light-sheet illumination to
perform FPS-OPT. We implement a simulation framework that can
accomodate large size 3D data by dividing the forward model into
elements that can be efficiently processed by GPUs. We compare
the performance of FPS-OPT and FSS-OPT on simulated data. In
the presence of Poisson noise, we show that FSS-OPT outperforms
FPS-OPT with deconvolution even if all model parameters are accurately known. We then validate these results on experimentally
acquired data. The availability of an efficient 3D OPT simulation
framework for quantitative comparison of imaging scenarios is an
essential tool for determining efficient imaging geometries to evaluate the relative benefits of computational and hardware variations.
Index Terms— Optical Projection Tomography, Light Sheet
Fluorescence Microscopy, Optical Microscopy
1. INTRODUCTION
Optical Projection Tomography (OPT) is a microscopy technique
used for 3D imaging of mesoscopic samples, from a few micrometers to a few millimeters [1]. It uses projected images taken at different angles to reconstruct volumetric information, similarly to Xray computed tomography. To achieve approximately straight-line
projections, OPT requires the sample to be smaller than the imaging
depth of field. Low Numerical Aperture (NA) objectives have a large
depth of field and are typically used for OPT but they have worse lateral resolution thereby limiting the resolution of OPT systems.
In order to circumvent this limitation, the depth of field of highNA objectives can be extended by scanning the focal plane through
the sample, creating high-resolution pseudoprojections [2]. A 3D
image is then reconstructed from these projections using the Filtered
BackProjection (FBP) [3]. The pseudoprojections contain blurred
out-of-focus information, which can be filtered out to further improve the quality of the reconstruction [4, 5]. This filtering operation
requires to know the Point Spread Function (PSF) of the system, but
measuring it is very difficult in practice [6].
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Fig. 1. Comparison of FPS-OPT and FSS-OPT focal plane scanning OPT methods. In both methods, the sample is rotated then
scanned along the 𝑧 axis to get pseudoprojections. FPS-OPT allows
taking into account high-NA PSFs in a traditional wide-field illumination acquisition setup; precise reconstruction requires a modified
filtered back-projection and knowledge of the PSF. FSS-OPT uses
an optically more involved lateral light-sheet illumination setup that
truncates the PSF sufficiently for direct reconstruction with X-ray
tomography-like methods.

In this paper, we propose to combine Light-Sheet Fluorescence
Microscopy (LSFM) [7] with focal plane scanning in order to reduce
out-of-focus blur for high-NA objectives, into Focal-Sheet-Scanning
OPT (FSS-OPT). Specifically, we present a simulation framework
to compare its performance to the Focal-Plane-Scanning OPT (FPSOPT) technique described in [5], which implements a modified FBP
incorporating deconvolution to take into account the PSF. Our aim is
to measure the impact that potential errors on the precise PSF have
during FPS-OPT’s reconstruction and whether it remains competitive with the (all-optical) FSS-OPT technique.
In Section 2, we present the imaging processes and the reconstruction algorithms. In Section 3, we characterize the methods us-

ing a 3D phantom with different NAs, and describe the implementation of an efficient framework used for the simulations. In Section 4,
we illustrate the results on OPT data from fluorescent textile fibre.
2. IMAGING METHODS
Focal-plane scanning OPT methods, such as the method proposed
by Miao et al. [2], use data obtained via pseudoprojections, that is,
by integrating the images obtained when scanning the focal plane
through the whole sample. In practice, this is done by taking a single long exposure image while sweeping the focal plane through the
object, or by acquiring a depth stack of the sample and averaging the
images. This scanning procedure is common to both FPS-OPT and
FSS-OPT, which we will describe shortly.
For the following, let 𝑓 (𝑥, 𝑦, 𝑧) be a 3D object to be imaged, with
𝑥, 𝑦, 𝑧 the horizontal, vertical and focus axes, respectively; and 𝑦 is
used as the rotation axis for the acquisitions.
2.1. FPS-OPT
We briefly recall FPS-OPT [2, 5], which uses wide-field imaging to
acquire the projections, as illustrated in Figure 1. The entire sample is illuminated, and 𝑝(𝑠, 𝑦, 𝜃), the pseudoprojection acquired at
an angle 𝜃, results from a convolution between the object and the
hourglass-shaped PSF of the system ℎ(𝑥, 𝑦, 𝑧) according to:
{
}
𝑝(𝑠, 𝑦, 𝜃) = 𝑓 ⊛
ℎ(𝑥, 𝑦, 𝑧) d𝑧 = 𝑓 ⊛ ℎ⟂ (𝑥, 𝑦), (1)
∫ℝ
where ⊛ is a convolution on the first two axes, and ℎ⟂ (𝑥, 𝑦) is the
projection of the PSF along 𝑧; 𝑓 (𝑠, 𝑦, 𝜃) is the 2D projection of 𝑓
along the direction 𝜃 using to the X-ray transform, with 𝑠 the horizontal axis in projected space, and 𝛿(⋅) the Dirac delta function:
𝑓 (𝑠, 𝑦, 𝜃) =

∬ℝ2

𝑓 (𝑥, 𝑦, 𝑧) 𝛿(𝑧 cos(𝜃)+𝑥 sin(𝜃)−𝑠) d𝑥 d𝑧.

(2)

Following [5], the blurred projections are filtered in Fourier space
using the regularized inverse of the projected PSF:
{
}
 2∗ ℎ⟂ (𝑥, 𝑦)
𝐻𝑖𝑛𝑣 (𝜔𝑥 , 𝜔𝑦 ) =
,
(3)
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where  2 is the 2D Fourier transform, 𝜆 is a regularization weight
and 𝑟(𝑥, 𝑦) is a 2D Laplacian high-pass regularization filter. The FBP
[3] is then applied to reconstruct the volumetric information.
The filtering step requires to know the PSF of the imaging system. However, experimentally measuring it is a tedious process sensitive to noise, and theoretical models can only give an ideal approximation of the actual optics [6]. Therefore, the PSF used for deconvolution in practice can contain discrepancies that could degrade the
quality of the final reconstruction.
2.2. FSS-OPT
To overcome the need for using a deconvolution, we propose to use
LSFM illumination to truncate the PSF of the system when acquiring
the pseudoprojections. The sample is illuminated from the side using
a thin light sheet, as illustrated in Figure 1. This eliminates most of
the out-of-focus contribution to the images [7], at the expense of

more costly and complex optics required to generate the light sheet,
as compared to the wide-field illumination for FPS-OPT.
Integrated platforms built for both OPT and LSFM imaging already exist, and most LSFM devices can be extended to integrate
OPT modality without modifying the light sheet system [8]. Such
platforms could be operated such as to acquire FSS-OPT images
without optical hardware modifications.
In the case of FSS-OPT, the pseudoprojection 𝑞(𝑠, 𝑦, 𝜃) obtained
at an angle 𝜃 is given by:

𝑞(𝑠, 𝑦, 𝜃) =

∫ℝ

[(
)
]
𝑅𝜃 {𝑓 } ⋅ 𝑇𝑧 {𝑔} ∗ ℎ (𝑠, 𝑦, 𝑧) d𝑧,

(4)

where 𝑔(𝑥, 𝑦, 𝑧) is the LSFM illumination function, 𝑇𝑧 {⋅} is a transformation operator translating a function by a distance 𝑧 along the
focal axis, and ∗ is a 3D convolution operator.
The effective imaging PSF is locally equal to the multiplication
of the original PSF ℎ with the illumination function 𝑔, and brings
much less out-of-focus information as the light sheet thickness is
smaller than the PSF [9]. The pseudoprojections are therefore less
blurred, and the FBP (or other X-ray tomography methods) can be
directly applied to the acquired images without any deconvolution.
As compared to FPS-OPT, this method does not require any prior
knowledge on the system’s PSF. FSS-OPT shares similarities with
multi-view LSFM techniques [10], but requires less heavy computations for reconstruction as no registration or deconvolution are required. Also, the data storage requirements are the same as for OPT.

3. PROPOSED SIMULATION METHOD
To evaluate both methods, we simulate the imaging processes with
multiple NAs. In order to get a meaningful sample size of at least
0.1 mm with a realistic sampling resolution, the 3D array representing the object must be at least 256 × 256 × 256. A naive implementation of the imaging equations is very slow for 3D arrays of this size,
and does not allow to run the simulations in a reasonable time. In
the following section, we describe how we optimized the implementation for a major speed up, before presenting the simulation results.

3.1. Efficient framework implementation
We use spline-based algorithms from [11] to implement the X-ray
transform and FBP. Only a 2D implementation is provided, and looping over the slices of a 3D array is very inefficient. Radon transform
and FBP are highly parallel algorithms that greatly benefit from multithreaded implementations and Graphics Processing Unit (GPU) acceleration [12]. Our implementation uses a GPU-accelerated version
of the X-ray transform and FBP whose efficiency stems from sharing computations between layers along the rotation axis. This saves
both memory and computation time, and gives a 200-fold speed improvement over the initial implementation.
The FPS-OPT simulation is based on Equation 4 which, although compact in appearance, would be very inefficient if implemented as such because the convolution with ℎ would be computed
individually for every 𝑧 and every 𝜃. By explicitly expanding 𝑇𝑧 {𝑔}
and the convolution with ℎ we can reorder the integrals:
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Fig. 2. Comparison of the reconstruction PSNR with both methods. Without noise, FPS-OPT beats FSS-OPT if the error on the
PSF model is small (★). With Poisson noise, FSS-OPT is better
even with perfect PSF knowledge (⬥). Ideal X-ray and non-filtered
FPS-OPT are shown as anchors.

𝑞(𝑠, 𝑦, 𝜃) =

∫ℝ ∭ℝ3

𝑅𝜃 𝑓 (𝑢, 𝑣, 𝑤) ⋅ 𝑔(𝑢, 𝑣, 𝑤 − 𝑧)

(5)

⋅ ℎ(𝑠 − 𝑢, 𝑦 − 𝑣, 𝑧 − 𝑤) d𝑢 d𝑣 d𝑤 d𝑧
=

=

∭ℝ3

𝑅𝜃 𝑓 (𝑢, 𝑣, 𝑤)

𝑔(𝑢, 𝑣, 𝑤 − 𝑧)
∫ℝ
⋅ ℎ(𝑠 − 𝑢, 𝑦 − 𝑣, 𝑧 − 𝑤) d𝑧 d𝑢 d𝑣 d𝑤

∬ℝ2 ∫ℝ

𝑅𝜃 𝑓 (𝑢, 𝑣, 𝑤) d𝑤

𝑔(𝑢, 𝑣, 𝛼)
∫ℝ
⋅ ℎ(𝑠 − 𝑢, 𝑦 − 𝑣, −𝛼) d𝛼 d𝑢 d𝑣

(6)

(7)

The variable substitution 𝛼 = 𝑤 − 𝑧 between (6) and (7) is valid
under the hypothesis that the object has a finite extent in space. The
integral over 𝑤 can then be computed on a finite ensemble 𝐷 ⊂ ℝ.
We obtain a new formulation for the FSS-OPT pseudoprojection:
𝑞(𝑠, 𝑦, 𝜃) =

∬ℝ2

𝑓 (𝑢, 𝑣, 𝜃) ⋅ ℎ𝑢𝑣
(𝑠, 𝑦) d𝑢 d𝑣,
⟂

(8)

were we use a local projected PSF ℎ𝑢𝑣
(𝑥, 𝑦) defined as:
⟂
ℎ𝑢𝑣
(𝑥, 𝑦) =
⟂

∫ℝ

𝑔(𝑥, 𝑦, 𝑧) ⋅ ℎ(𝑢 − 𝑥, 𝑣 − 𝑦, −𝑧) d𝑧.

(9)

The expression derived above for 𝑞(𝑠, 𝑦, 𝜃) yields a very efficient
implementation, as the optimized X-ray transform can be used to
compute 𝑓 . Moreover, the number of total operations is divided
by 𝑁𝑧 , the depth of the object array. As ℎ𝑢𝑣
does not depend on 𝜃,
⟂
the computation of the local projected PSF can be shared between
all angles. This formulation is also suitable for multithreading and
GPU acceleration, making its implementation very efficient.
3.2. Simulation results
To compare the performance of FPS-OPT and FSS-OPT, we simulated the imaging processes on a 3D Shepp-Logan phantom. We

Fig. 3. In the presence of Poisson noise, FSS-OPT improves the resolution over FPS-OPT even if the deconvolution PSF is exact. The
central 𝑥𝑦 section of a 3D simulation is shown, imaging NA=0.5.
used the Born & Wolf (BW) model [13, 14] to generate the PSFs.
The LSFM illumination was simulated to match the OpenSPIM platform [15] using Fresnel propagation in POPPY [16], and the beam
thickness and shape were validated by comparison with [17]. The
projections were simulated for 360 angles evenly spaced between 0°
and 180°. We first considered a noise-free scenario, and then added
shot noise modelled by a Poisson distribution on the noise-free data
rescaled to the range [3, 104 ].
To quantify the impact of incorrect PSF on FPS-OPT reconstruction, we used multiple PSFs with varying NAs between 0.1 and 1
for deconvolution. We also used an approximated Gaussian Beam
Model (GBM) as defined in [18] to account for errors in the model
itself. We used the Peak Signal-to-Noise
Ratio (PSNR)
as criterion
(
)
for the quality PSNR = 10 log10 max(𝑓 )2 ∕MSE , where MSE is
the Mean Squared Error between the reconstruction and the original object 𝑓 . We used multiple values of 𝜆 in the inverse filter, and
selected the reconstructions with the best PSNR.
Figure 2 compares the reconstruction PSNR for imaging NAs
of 0.3 and 0.5, in the ideal noise-free situation (row 1) and in the
presence of Poisson noise (row 2). Ideal X-ray (imaging without
PSF blurring) represents the best possible reconstruction, while FPSOPT without deconvolution is the basic scanning OPT. On noise-free
images, FPS-OPT outperforms FSS-OPT if the NA of the deconvolution PSF is within 0.1 of the imaging NA, the performance being
only slightly reduced when using the GBM approximation. When
Poisson noise is added, FSS-OPT outperforms FPS-OPT even if
the deconvolution PSF exactly matches the imaging one, yielding
a much better resolution in the reconstruction as shown in Figure 3.
4. EXPERIMENTS
To validate the simulation results, we imaged two fluorescent textile
fibres with a diameter of 25 µm using an OpenSPIM system, with a
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50μm

Fig. 4. Comparison of FPS-OPT and FSS-OPT on fluorescent textile
fibres. Mean intensity projection of the 3D image is shown.

[5]

[6]
10×/0.5 water dipping objective. The fibres were mounted in a 1.5%
low melting agarose solution, inside a fluorinated ethylene propylene
tube. We acquired 180 pseudoprojections over 180° by scanning the
focal plane over a depth of 300 µm. FPS-OPT was deconvolved with
the BW PSF model with a 0.5 NA matching the objective. As visible
in Figure 4, FSS-OPT contains less out-of-focus blur than FPS-OPT,
which validates the simulation results.

[7]

[8]

5. CONCLUSIONS
We have introduced a simulation framework for FPS-OPT that is
flexible and efficient enough to accomodate various 3D illumination geometries. In particular, we proposed FSS-OPT, a scanning
OPT imaging technique that reduces the out-of-focus blur using an
LSFM illumination, which our simulation framework allowed us to
characterize on real-scale 3D data. Our simulations have shown that
FSS-OPT outperforms FPS-OPT when Poisson noise is present, improving the resolution without requiring any prior knowledge on the
imaging PSF. Furthermore, we have validated the simulated results
using experimentally-acquired data. Our simulation framework allowed to identify and characterize the benefits of an alternative alloptical illumination geometry (FSS-OPT).
The source code of the simulation framework is available at
https://github.com/idiap/cbi toolbox.
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