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NEAR-INFRARED OPTICAL TOMOGRAPHY
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An image-reconstruction approach for optical tomography is presented, in which a two-layered
BP neural network is used to distinguish the tumor location. The inverse problem is solved as
optimization problem by Femlab software and Levenberg–Marquardt algorithm. The concept
of the average optical coefficient is proposed in this paper, which is helpful to understand the
distribution of the scattering photon from tumor. The reconstructive µ̄′

s by the trained network
is reasonable for showing the changes of photon number transporting inside tumor tissue. It
realized the fast reconstruction of tissue optical properties and provided optical OT with a new
method.

Keywords : Near-infrared optical tomography; two-layered; back-propagation neural network;
inverse problem; the average optical coefficient.

1. Introduction

Near-infrared optical tomography (NIR OT) is a
medical-imaging technique in which measurements
of near-infrared light transmitted across the body
are used to obtain images of tissue with optical
properties. It has been emerging as a very promis-
ing diagnostic tool in a wide variety of biomedi-
cal fields,1,2 since it has the advantage of relatively
cost-effective, and is a simple instrument that offers
feasible accuracy without any physical damage to
biological tissue. It employs a probing source, which
is a near-infrared radiation in the range between 600
and 900 nm.

This technique retrieves the space-dependent
distributions of optical properties inside biolog-
ical tissue by analyzing light intensities mea-
sured at boundary surfaces with a well-established

optimization scheme. The difference in absorption
and/or scattering between the normal and diseased
tissues provides the imaging contrast for tissue
diagnostics.3 In past decades, various algorithms4–6

have been introduced to enhance the NIR OT
technique and great efforts have been made to
develop more accurate and faster algorithms. How-
ever, the development of a reconstruction scheme
still remains a challenging problem before it can be
used on extensive basis.

A new image-reconstruction algorithm based on
two-layered BP (back-propagation) neural network
(TLBPNN) to NIR OT is proposed in this paper.
TLBPNN can be calculated in parallel, so the scale
of calculation can be decreased sharply. Faster and
more accurate results can be obtained by this new
method.
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2. Theory

2.1. The average optical coefficient

The path of light transport in the tissue is based on
the optical properties, which are absorption coef-
ficient µa (cm−1), scattering coefficient µs (cm−1),
and the anisotropic parameter g. The reduced scat-
tering coefficient can be defined as µ′

s = (1 − g)µs

(cm−1). g is always recognized as 0.9 by experience.
The model of the light transporting in the tissue

is shown in Fig. 1(a). Because of the different tissue
refractive index, the intensity is attenuated when
the light goes through the tissue. I0 is the intensity
of line light, I is the intensity of the attenuated
light, and x is the scattering distance. In uniform
tissue without considering absorption, the definition
of µs is7:

I = I0e
−µsx. (1)

Next, we give the definition of average scattering
coefficient µ̄s (cm−1). When there is a tumor inside
the tissue, the intensity of the attenuated light
is different from that in the uniform tissue. We
can find an average µs, as µ̄s. The model of light
transporting in the tissue with tumor is shown in
Fig. 1(b). According to the definition of Eq. (1), µ̄s

is defined as:

I = I0e
−µ̄sx. (2)

Therefore, according to the same way, we can define
the other average optical coefficients, such as µ̄′

s

and µ̄′
a.

2.2. Photon transport function

If the tissue medium is high-scattering (µs � µa),
and the light source is isotropic with continuous
intensity, photon transport can be described by
steady-state Boltzmann equation8 given by

−∇ · κ(r)∇Φ(r) + µa(r)Φ(r) = q, (3)

Fig. 1. (a) Scattering attenuation of light through the uni-
form tissue. (b) Scattering attenuation of light through the
tissue with tumor.

where Φ(r) is the photon density, κ(r) = 1/[3(µa +
µ′

s)], q is the isotropic light source.
The boundary condition should satisfy the

Dirichlet condition Φ(boundary) = 0.

2.3. Model for average optical
coefficient

The simulated models are shown in Fig. 2. Assume
µa and µ′

s of the background are 0.01 cm−1 and
5 cm−1 respectively, and µa and µ′

s of the tumor
region are 0.01 cm−1 and 10 cm−1 respectively. µa

in the right model is 0.01 cm−1, and µ′
s varies from

5 to 15 cm−1.
After simulation by Femlab software, as shown

in Fig. 3, we can get the attenuated photon inten-
sities I0 and I1. I0 is collected from the left model
and I1 is from the right model of Fig. 2. When the
error is at the minimum, µ̄′

s is 5.86 cm−1. It gives
the proof of definition of average optical coefficient.

3. Reconstruction Method

3.1. The two-layered model

The reconstructive object is to recognize the
CO4 part which is different from the other seven
parts, shown in Fig. 4. Since the reconstructive
model has many parts, the reconstruction is more

background us1

Tumor 
region 
us2

The average us

light source

detector

Fig. 2. The simulated models.

Fig. 3. The error curve of I1 and I0, Error =
p

Σ(I1 − I0)2.
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Fig. 4. The reconstructive model.

(a) (b)

Fig. 5. The simulated models: (a) Model 1; (b) Model 2.

complex and so the computational speed is slow.9

In this paper, two simpler models are introduced in
Fig. 5. Model 1 is the circle tissue divided into four
equal sectors as shown in Fig. 5(a). Model 2 is the
sectors rotated 45◦ as shown in Fig. 5(b). When the
µ′

s in part CO4 is different from the other parts in
Fig. 4, then it makes part CO2 in Fig. 5 different
from other parts, since its µ̄′

s is different from oth-
ers. Then according to the definition of the average
scattering coefficient, if the same tissue shows dif-
ferent optical properties distribution from the two
models simulated, with logic, it is easy to find the
tumor part in the reconstructive model.

3.2. Two-layered BP neural
network

The solution of inverse problem is based on the for-
ward problem, so sample sets of BP neural net-
work can be obtained from the solver of forward
problem. The framework of the two-layered BP
neural network in the training model is as shown
in Fig. 6.

7

us’1 

us’2 

us’4 

The  first 
layer 

1 us’1 

1

2

2

7

us’2 

us’4 

The  hidden 
layer 

The  output 
layer 

Network 2 

Network 1 

Fig. 6. The framework of the two-layered BP neural network
(TLBPNN).

In Fig. 5, µ′
s1, µ′

s2, µ′
s3 and µ′

s4 are the reduced
scattering coefficients of CO1, CO2, CO3 and CO4,
respectively. Their values vary from 5 to 15 cm−1.
The µa is 0.48 cm−1 in parts CO1–CO4. The for-
ward method can be used to get the sample set.

3.3. Optimization algorithm

The key of inverse problem is to reconstruct
optimization algorithm. The Levenberg–Marquardt
(LM) algorithm is presented in this paper to train
BP network.10 Training error was shown every 25
times and the network stopped training when m ≤
1000 or ek ≤ 1e − 6.

4. Result and Discussion

4.1. Reconstruction results

There are 1331 training samples which are used
to train each of the two networks. After adjusting
the network parameters and the training conditions,
the trained networks can provide optimal results.
The test samples are from the reconstruction model
shown in Fig. 4. The µ′

s in CO4 is 6, 7, 10, and
15 cm−1 (the meaning is the same in the tables
whose value is compared with the reconstructive
values). The others are 5 cm−1 which is the back-
ground. Compare the model with Model 1 and 2
shown in Figs. 4 and 5, each part of the sector
models corresponds to the two parts in the model.
The reconstructive results from the two networks
are shown in Tables 1 and 2. There are four cases
in the test. It is obvious that µ′

s2 of the part CO2
in Models 1 and 2 is different from the other parts,
which means there is a tumor in it.
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Table 1. The µ′
s (cm−1) reconstruction map of the sector

network.

µ′
s µ̄′

s1 µ̄′
s2 µ̄′

s3 µ̄′
s4

6 5.0000 5.5358 5.8316 4.7224
7 5.0000 5.8130 5.9681 4.6444

10 5.0000 6.4236 6.2306 4.5187
15 5.0000 6.8451 6.4418 4.4292

Table 2. The µ′
s (cm−1) reconstruction map of the sector

rotated 45◦ network.

µ′
s µ̄′

s1 µ̄′
s2 µ̄′

s3 µ̄′
s4

6 5.0000 6.4380 5.2874 5.1283
7 5.0000 6.7260 5.2507 5.1370

10 5.0000 7.2866 5.2019 5.1434
15 5.0000 7.6990 5.1879 5.1317

Combined with the results of the models, we
can conclude that the part CO4 shown in Fig. 4 is
different from others.

4.2. Discussion

We observe that in Table 1, µ̄′
s3 has remarkable

changes because the tumor is near the part CO3
and the scattered photon has effects. In Model 1,
a portion of the scattered photons are transported
into part CO3, which results in the corresponding
fiber detector collecting more photons, and then
the reconstructive µ̄′

s3 is larger than 5 cm−1. But
in Model 2, the tumor is contained in the part
CO2 in which the scattered photons are transported
in the other segment, then the influence is much
smaller than in Model 1. The other parts can also
be discussed with the same reason. Therefore, the
distance between the tumor and the around tissue
segment decides the reconstructive effort of µ̄′

s3 in
other parts. Similarly, the effort also depends on the
distance from the light source to the tumor. It is
obvious that the amount of the photon transported
into the tissue near the light source is much more
than that far away from the light source.

According to the results reconstructed by the
network, it is easy to find the location of the tumor.
In order to prove the results, it is reasonable to com-
pare the test samples with the photon intensity col-
lected from the sector models when µ′

s varies from
5 to 15 cm−1 in part CO2, others are 5 cm−1. The
result is shown in Table 3.

When µ′
s is increased, the variable curve of µ̄′

s2

in Tables 2 and 3 is shown in Fig. 7. We can see

Table 3. The µ′
s (cm−1) reconstruction map of the sector

rotated 45◦ network.

µ′
s µ̄′

s1 µ̄′
s2 µ̄′

s3 µ̄′
s4

6 5.0000 5.4474 5.0000 5.0000
7 5.0000 5.8043 5.0000 5.0000

10 5.0000 6.5100 5.0000 5.0000
15 5.0000 7.0439 5.0000 5.0000
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Fig. 7. The trend of the average reduced coefficient.
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Fig. 8. The error between the reconstructive µ̄′
s2 and the

simulated µ′
s.

that the trend of two curves is similar; the difference
is the size of numerical value which validates the
definition of the average optical coefficient. When
the tumor tissue is more strongly scattered than
the normal tissue, the value of the µ′

s is larger. In
this paper, we only studied the data from the sec-
tor rotated 45◦ model. Hence, the reconstructive
results are credible. In Fig. 8, µ̄′

s2 is larger, the
error is smaller. Because the µ′

s in the tumor has
obvious difference from the background, the scat-
tering function is strong and the photon intensity is
distinct.
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5. Conclusion

The primary study of the NIR OT reconstructive
technique by two-layered BP neural network was
presented in this paper. The inverse problem is
solved as optimization problem by the Femlab and
Levenberg–Marquardt algorithm. The network can
distinguish the location of tumor from the tissue,
and the reconstructive µ′

s2 is not only reasonable
but also shows the changes of the transporting pho-
ton inside the tissue with tumor. According to above
analysis, the influence on the reconstructive effort
depends on the distance of the location of the tumor
and the light source. In this paper, there is only one
fiber transmitting the light. The advantage is the
measurement instrument which is very simple, and
it is useful for the application of the OT real-time.
When the µ′

s in the tumor is close to that around
the tissue, the reconstructive error is about 18%. It
can be improved by using more fibers transporting
the light into the tissue.

The scale of calculation used to train the net-
work can be decreased sharply because the com-
plex model having eight parts was divided into two
simple Models 1 and 2 with four parts. Assume
that each part needs the scale of calculation N , the
reconstructive model with eight parts is N8, while
the model with four parts is N4, then the two mod-
els need 2N4. The predominance of the fast method
is obvious when the reconstructive tissue is more
complex. When the network has been trained, the
speed of the reconstructive optical coefficient is only
several seconds. It realized the fast reconstruction
of tissue optical properties and provided optical OT
with a new method.

Future work is needed to reconstruct the model
with more parts. Since there is relationship between
µ′

s and the temperature of biological tissue, this
method will have applications in the tempera-
ture measurement and the coagulation of biological
tissue.9
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