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Table 1

Thickness and optical parameters of certain adult brain tissue at 800 nm wavelength

Scattering Absorption
o ) . . Anisotropy Refractive
Brain tissue Thickness d /cm coefficient coefficient )
. . factor g index n
./ cm 7./ cm
Scalp and skull 1 17.5 0.17 0.90 1.4
Cerebrospinal fluid 0.2 0.1 0.01 0.92 1.4
Gray matter 0.4 22 0. 36 0. 89 1.4
White matter 20 91 0. 14 0. 90 1.4
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Table 2 Proportion of principal component after

dimensionality reduction

Component Proportion of principal component
PC1 67.7
pPC2 10.7
PC3 7.9
PC4 5.1
PC5 5.0
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Abstract

Objective Brain blood oxygen monitoring based on near infrared spectroscopy can display the state of oxygen supply
and demand in the brain noninvasively, continuously and in real time. It is very important for brain protection in
surgery and has high application value in many departments of the hospital. Differential pathlength factor (DPF) is
one of the important variables for calculating cerebral oxygen saturation. Because photons propagate in human skin
tissues with forward scattering characteristics and absorption and scattering occur continuously in the propagation
process, the actual propagation path length of photons is not equal to the distance between the light source and the
detector, so a DPF should be introduced to correct the propagation path length. The traditional method to obtain the
DPF is to first simulate the propagation trajectories of photons in biological tissues through Monte Carlo modeling of
light transport in multi-layered tissues, and then give the DPF according to the simulation information of each
photon. The amount of calculation in this process is large and the simulated order of magnitude of photon is at least
one million, which make it difficult to extract the photon propagation information related to the DPF. It takes a lot of
time to calculate each DPF, and batch operation cannot be realized. Therefore, a DPF is usually set as a constant in
the existing algorithms of near-infrared cerebral oxygen monitoring instrument. However, a DPF is related to the
optical parameters and thickness of each layer of one brain tissue. There are great differences in the optical
parameters and thicknesses of different individual brain tissues, resulting in great individual differences in the DPF.
If it is set as a constant, the actual measurement will not accurately reflect the changes of cerebral blood oxygen
parameters of different individuals.

Methods In view of the above shortcomings, a fast DPF quantitative calculation method is proposed in this paper.
First, 120 groups of people aged at 0-50 years are selected as the initial variables of the experimental samples, and
120 groups of DPF values are simulated and calculated in the MCML program as the initial experimental variables, of
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which 90 groups are used as the training dataset and 30 groups are used as the test dataset. Because the optical
parameters of each layer of the brain tissue for the experimental input data vary greatly and the anisotropy factor and
the refractive index of each layer of the brain tissue are close, in order to improve the experimental accuracy and
prevent overfitting of the regression simulator, the mean normalization and the principal component analysis are used
to preprocess the experimental input data. Second, support vector machine (SVM) combined with grid search (GS)
is used to establish the prediction model of brain tissue differential pathlength factor based on GS-SVM. Support
vector machine can quickly map the original samples to a high-dimensional linear feature space through a radial kernel
function, and effectively classify and regress the data. The grid optimization algorithm finds the appropriate penalty
parameter C and the parameter g of the Gaussian kernel function by traversing the grid, so as to minimize the mean
square error of the regression simulator. Finally, the prediction model is used to back judge the test dataset and its
results are compared with the prediction results of the back propagation artificial neural network (BP-ANN). The
number of hidden layers is set to two, and the same training set and test set in the GS-SVM prediction model are
used.

Results and Discussions The results show that, compared with the results of Monte Carlo simulation, the mean
square errors (MSE) of the GS-SVM prediction model and the BP-ANN prediction model are 0.0268 and 0.25, and
the correlation coefficients (R*) are 0.97 and 0.92, respectively (Fig. 3). The prediction result of the brain tissue
differential pathlength factor quantitative model based on GS-SVM is better than that based on BP-ANN (Table 3),
which is significantly correlated with the result of the Monte Carlo simulation (Fig. 4). In the Winl0 system under
the operating platform with i5-9500 CPU and 8 GB memory, it takes about 4 min to calculate a single DPF using
Monte Carlo simulation. The calculation time under different parameters is different. The total time for calculating
120 groups of data is about 8 h, totaling 28943 s, in contrast, it takes only 1.52 s to calculate 120 groups of DPF
based on the GS-SVM model and the calculation speed is significantly improved.

Conclusions In this paper, a brain tissue differential pathlength factor prediction model based on GS-SVM is
established to quickly predict the DPF value of a brain tissue, and this method is compared with the BP-ANN
prediction model. The results show that the grid optimization algorithm can automatically and accurately optimize the
penalty parameter C and the parameter g of the Gaussian kernel function. The prediction results of the brain tissue
differential pathlength factor prediction model based on GS-SVM are better than those based on BP-ANN, and have
significant correlation with the prediction results of the Monte Carlo simulation method. It is expected to replace the
Monte Carlo simulation method for batch calculation of DPF values. It can be applied in the near infrared cerebral
oxygen monitoring instrument to make the calculation of physiological parameters of cerebral oxygen metabolism
more rapid and accurate.

Key words medical optics; near infrared spectroscopy; differential pathlength factor; Monte Carlo simulation;
support vector machine; grid search
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