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Abstract: In frequency-domain optical tomography, the reconstruction performance is affected by 
the choice of source-modulation frequency. To find optimal frequencies, we investigate here the 
frequency dependence of optical tomographic reconstruction results using the frequency-domain 
equation of radiative transfer. We present numerical and phantom studies with a focus on small 
tissue geometries. Best results were achieved in the 600-800MHz frequency range. 
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1. Introduction 
Frequency domain optical tomography (FDOT) is an emerging imaging modality that has been applied to a wide 
variety of biomedical fields [1,2]. However, employing FDOT for imaging of small tissue volumes, such as small-
animal or finger-joint imaging, possess a variety of challenges that have not yet been overcome. First of all most 
frequency-domain reconstruction codes are based on the diffusion approximation to the equation of radiative 
transfer [3]. This approximation, however, becomes questionable when applied to small tissue-geometries and is 
further compromised if highly absorbing objects or fluid-filled regions, which contain, for example, cerebrospinal or 
synovial fluids, are considered [4]. Transport-theory based codes that avoid the diffusion approximation can 
alleviate these problems, and first algorithms of this kind were recently developed [5-7].  
 But even with these codes in place, another challenge is to find optimal source-modulation frequencies at 
which to perform optical tomographic imaging. In small tissue geometries, the frequency-shift at small source-
modulation frequencies is typically very small and difficult to measure. Increasing the modulation frequency leads 
to larger phase shifts, but at the same time the amplitude signal becomes smaller and smaller. Gu et al. [8] have 
studied these trait offs employing a transport-theory-based frequency-domain forward model. In numerical studies 
they have shown that for typical geometries encountered in small animal imaging, highest signal-to-noise-ratios 
(SNRs) can be achieved in the 400-600MHz frequency range. What has not yet been studied is how these different 
SNR values in the forward data affect the actual optical tomographic reconstructions. In the study at hand we 
employ an optical tomography code that is based on the frequency-domain equation of radiative transfer (ERT), to 
find source modulation frequencies that result in best image quality when small imaging domains are considered. 
We show results of numerical studies and experiments on tissue phantoms with well characterized optical properties.  
 

2. Forward and inverse models  

The frequency domain forward model for light propagation in tissue can be accurately modeled by the radiative 
transfer equation as [5-7] 
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where I is radiation intensity in unit [W/cm2/sr.], and #a and #s are the absorption and scattering coefficient in units 
of [cm-1], and * is the phase function describing scattering from direction !+ into direction !. We use here the 
Henyey-Greenstein phase function that is commonly used in tissue optics. The partially-reflected boundary 
condition is implemented to consider the refractive index mismatch problem between the medium and the air as [9].  
Also the node-centered finite volume method combined with the discrete ordinate method is applied to discretizing 
the forward model given by (1) into the spatial and angular domains [9]. The resulting sparse linear equation is 
iteratively solved for intensity into a discrete ordinate direction by using the restarted version of the GMRES solver 
[10].  

In the reconstruction model involving with the complex-valued data, the objective function is defined as: 
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where Ns and Nd are numbers of the sources and the detectors respectively, - is complex-valued standard deviations 
for each source-detector pair, and Ps,d (P*

s,d)and Ms,d (M*
s,d) are complex-valued predictions (complex conjugate) and 

measurements (complex conjugate), respectively. Note that the measured and predicted data given by (2) is the 
normalized. Also calculation of the gradient of the objective function with respect to the optical property, which is 
another central part of the optimization procedure, is performed with an adjoint formulation [5-6]. Finally the 
unknown optical properties are iteratively updated by using the limited-memory version of the BFGS optimization 
method [11].  
 To study the frequency dependency of the reconstruction results we consider the influence on the 
reconstruction quality. As a noise model, we use models introduced by Toronov et al and modified by Gu et al, 
given as [12]: 

AC ACSNR = ;    SNR  = SNR
AC

AC AC
DC- -*

*
0 0! !    (3) 

According to the noise model given by (3), the standard deviations in the amplitude and in the phase are 
proportional to DC  and /DC AC , respectively, i.e., the phase noise increases with the frequency. This model is 
used to assess the signal-to-noise ratio (SNR) for a geometry specific to our study that will be shown in later part of 
this paper. 

3. Reconstructions and discussions 
In this section we present the reconstruction results obtained with the normalized data. In the numerical as well as 
experimental studies we consider a 3cm-by-3cm square phantom with three inclusions shown in Fig. 1a. The first 
two inclusions are highly scattering while the other object is highly absorbing. The optical properties of the 
background medium are #a = 0.62 cm-1 and #’s = 7.62 cm-1, while the two highly scattering inclusions are given #a = 
0.1 cm-1 and  #’s = 25.7 cm-1 and the purely absorbing object is given #a = 1.2[1/cm] and  #’s = 7.62[1/cm]. First we 
look at the frequency dependence of the SNR at various detector positions.The results are shown in Fig. 1b-1c. 
Interestingly the SNR increases with a frequency in all positions, which looks somewhat different from the typical 
SNR curve that tends to show a maximum value at a particular frequency [8,12]. However, we found that the 
position of this maximum moves to higher frequencies as #a is increased and #’s is decreased. For example, Fig. 1d 
shows the same curves for a medium with a background #a = 0.1 cm-1. Here the maximum value occurs ~600 MHz.  

 
                   (a)                                                      (b)                                                    (c)                                                      (d) 
Fig. 1. Problem set up and normalized SNR values; (a) schematic of a square phantom; (b) amplitude SNR values; (c) phase SNR values. (d) 
same as (c), however, #a of background was decreased to 0.1 [cm-1]. Note that each value is normalized to the value at 100Hhz. 
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Fig. 2 Reconstruction results from using different frequencies; 0, 200, 400, 600 and 800MHz.  
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 Next we performed reconstructions at various frequencies to determine which yields the best separation 
between the objects by reducing the cross-talk problem. The noise-added synthetic data is generated by applying the 
noise model given in Eq. (3). Furthermore we normalize both amplitude and phase independently for measurements 
on each side of the square phantom, since the experimental data was obtained in this way. The reconstruction 
procedure is started with an initial guess set identical to the optical properties of the background medium. As seen in 
Fig. 2 there is considerable cross-talk between scattering and absorbing objects in the DC case ($ = 0 MHz). 
Therefore, the two scattering inhomogeneities appear in the absorption maps and the absorbing object also appears 
in the scattering reconstruction. As $2is increased the cross-talk is greatly reduced and the reconstruction separates 
the absorbing and scattering objects. However, at 1 GHz the SNR in the forward data becomes so poor that the code 
does not converge anymore and no useful image is obtained. In this particular case the images at 600MHz and 
800MHz show the best results.  
 In addition to these numerical results, we also studied the retrieval of optical properties inside a real 
phantom with optical properties identical to those in our numerical studies. The measurement data was obtained at $ 
= 600MHz, which yields a reasonable amplitude SNR using our instrument and provides for large enough phase 
shifts that can be measured with sufficient SNR. The reconstruction results are given in Fig. 3 for the DC and 
600MHz data. As found in the numerical study, the DC data reveals strong crosstalk due to highly scattering objects. 
Using the 600MHz data the cross-talk is greatly diminish. However, in this particular case only one of scattering 
objects is retrieved, which suggest that the noise in the current system is still too strong, or more views are necessary.  
Ongoing studies are addressing this issue in more details. It is also planed to extend this study to measurement and 
reconstruction of data obtained from small animals and finger joints.  
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Fig. 3. Reconstruction results from the real phantom data measured at DC and frequency 600MHz. 
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