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Molecular imaging emerging in the early 21st century has
been rapidly developed. Over more than 10 years, optical
molecular imaging has become an important tool in pre-
clinical research and has been translated into the clinical for
clinical diagnosis and therapy. Computational methodology
has shown its indispensable position in developingmolecular
probes, building imaging instruments, researching recon-
struction algorithms, and studying signal and image process-
ing. Relevant research not only adapts existing computational
methods but also develops novel strategies to tackle with
challenging problems in optical molecular imaging.

This special issue is devoted to the topic of computational
algorithms and strategies in optical molecular imaging. Five
exciting papers assembled in this special issue present a
common theme, that is, improving the imaging and image
processing performance in optical molecular imaging by
using computational techniques. The papers address several
problems in optical molecular imaging, including optical
tomographic reconstruction for bioluminescence tomogra-
phy and image processing such as image segmentation, 3D
rendering, and cell morphological measurements. In detail,
J. Yu et al. make use of a hybrid multilevel adaptive finite
element reconstruction scheme and sparse regularization to
acquire quantitative information of bioluminescent sources.
The work of Q. Wu et al. is to take advantage of a high-
order photon propagation model and Bregman optimiza-
tion algorithm to improve bioluminescence tomography.
The morphology information of living cells and 3D tissue

images at the micrometer level can be obtained by using
existing computational algorithms from the developed digital
holographic microscopy and multichannel spectral imaging
laser scanning confocal microscope in the research progress
of Y. Wang et al. and Y. Zhang et al., respectively. J. Zheng et
al. report that retinal vessels are also efficiently extracted with
multiscale hessian-enhancement-based nonlocal mean filter.

Acknowledgments

Wehope that this exciting special issue highlights some of the
current efforts to use sophisticated computational methods
to solve the challenges in optical molecular imaging. We
believe that relevant progress can propel the development of
efficiently solving relevant problems. We would like to thank
all the anonymous reviewers for their time and efforts and the
publishing office for making a timely production schedule.

Chenghu Qin
Yujie Lu

Jimin Liang
Deming Kong
Huadan Xue



Hindawi Publishing Corporation
Computational and Mathematical Methods in Medicine
Volume 2013, Article ID 927285, 7 pages
http://dx.doi.org/10.1155/2013/927285

Research Article
Retinal Image Graph-Cut Segmentation Algorithm Using
Multiscale Hessian-Enhancement-Based Nonlocal Mean Filter

Jian Zheng,1 Pei-Rong Lu,2 Dehui Xiang,3 Ya-Kang Dai,1 Zhao-Bang Liu,1

Duo-Jie Kuai,1 Hui Xue,1 and Yue-Tao Yang1

1 Suzhou Institute of Biomedical Engineering and Technology, Chinese Academy of Sciences, Suzhou 215163, China
2Department of Ophthalmology, The First Affiliated Hospital of Soochow University, Suzhou 215006, China
3 Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Correspondence should be addressed to Jian Zheng; zhengj@sibet.ac.cn

Received 4 January 2013; Accepted 25 March 2013

Academic Editor: Yujie Lu

Copyright © 2013 Jian Zheng et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

We propose a newmethod to enhance and extract the retinal vessels. First, we employ a multiscale Hessian-based filter to compute
the maximum response of vessel likeness function for each pixel. By this step, blood vessels of different widths are significantly
enhanced. Then, we adopt a nonlocal mean filter to suppress the noise of enhanced image and maintain the vessel information at
the same time. After that, a radial gradient symmetry transformation is adopted to suppress the nonvessel structures. Finally, an
accurate graph-cut segmentation step is performed using the result of previous symmetry transformation as an initial. We test the
proposed approach on the publicly available databases: DRIVE. The experimental results show that our method is quite effective.

1. Introduction
The retina is the only tissue in human body from which the
information of blood vessel can be directly obtained in vivo.
The information of retinal vessel plays an important role in
the diagnosis and treatment of various diseases such as glau-
coma [1], age-related macular degeneration [2], degenerative
myopia, and diabetic retinopathy [3]. Recently, it is also found
that the detection of vascular geometric change might be
meaningful to judgewhether people have high blood pressure
or cardiovascular disease [4]. Retinal vessel extraction is
quite essential for ophthalmologists to diagnose various eye
diseases. Moreover, accurately segmented vessels could be
very helpful for feature-based retinal image registration.

Generally, existing retinal vessel segmentation methods
can be roughly divided into two categories. The first category
is supervised learning-based method. Such methods require
tremendous manual segmentations of vasculature to train
the classifier. Staal et al. [5] first adopt a ridge-extraction
method to separate the image into numerous patches. For
each pixel in the patch, feature vector that contains profile
information such as width, height, and edge strength is
computed. Feature vectors are then classified using a k
nearest neighbors classifier with sequential forward feature

selection strategy. Soares et al. [6] selected pixel value and
multiscale 2DGabor wavelet coefficients to construct the fea-
ture vector. A Bayesian classifier based on class-conditional
probability density functions was adopted to perform a fast
classification and model complex decision surfaces. Maŕın
et al. [7] proposed a new supervised method to segment
retinal vessels. For each pixel, 5 gray-level descriptors and
2 moment invariants-based features of a squared window
were computed as the feature vector. A multilayer neural
network scheme was then adopted to classify each pixel.
The performance of such method depends on the correlation
between training data and test data. If these two datasets
are quite different, the segmentation results may be less than
ideal. Besides that, the manual segmentation step would
bring additional burden to ophthalmologists.Therefore, such
methods have not been widely used in clinic yet.

The second category is rule-basedmethod. Suchmethods
usually need to extract neighborhood information of each
pixel. The information is then used to label the pixel accord-
ing to some f preset rules. Matched filter [8], model-based
method [9], andmorphology-basedmethod [10] all belong to
this category. In the literature [8], Sofka and Stewart proposed
a multiscale Gaussian and Gaussian-derivative profile kernel



2 Computational and Mathematical Methods in Medicine

to detect vessels at a variety of widths. Lam et al. [9] proposed
a multiconcavity modeling approach to handle unhealthy
retinal images. In Lam’s approach, a lineshape concavitymea-
surewas used to remove dark lesions and a locally normalized
concavity measure is designed to remove spherical intensity
variation.The two concavitymeasures are combined together
according to their statistical distributions to detect vessels
in general retinal images. Mendonça and Campilho [10]
proposed a region growing algorithm in the morphological
processed image to extract vascular centerline. First, four-
direction-based differential operator was adopted to detect
vascular centerlines. These centerlines were then merged to
complete vascular centerlines and selected as seed points.
Finally, region growing stepwas performed to reconstruct the
vasculature.These methods do not require training steps and
the interactions with doctors are also minimized; thus rule-
based methods have been widely used in clinical application.
However, ideal automatic retinal vessel segmentation is still
not easy. This can mainly be ascribed to two reasons. One
is that the contrast of some tiny vessels may be quite low,
especially in some pathologies affected images. The other
reason is that the image noise such as edge blurring may
disturb the final segmentation results.

Recently, graph-cut methods [11–15] have been very
popular in image segmentation. This is because graph-cut
methods could reach the global optimal value of the pre-
defined energy function. Besides that, the user interactions
of such methods are also very simple. Several graph-cut-
based methods have been proposed to solve retina image
segmentations. Chen et al. [16] proposed a 3D graph-search-
graph-cut method to segment multilayers of 3D OCT retinal
images. The multi-layers of retina and the symptomatic
exudate-associated derangements (SEAD) are successfully
segmented. Inspired by the superior performance of graph-
cut method, we propose a new method to extract the blood
vessels in retinal images following our previous work [17].
First, we perform a novel multiscale Hessian-based filter to
compute the maximum response of vessel likeness function
for each pixel, which is used to enhance the blood vessels of
gray retinal images. Then, we adopt a nonlocal mean filter to
suppress the noise of the enhanced image. After that, a radial
gradient symmetry transformation is adopted to improve
the detection of vessel structures and suppress the nonvessel
structures. Finally, an accurate graph-cut segmentation is
performed using previous symmetry transformation as an
initial.

2. Methods

2.1. Multiscale Hessian-Based Enhancement. In order to
improve the contrast of retinal vasculature with different
widths, we propose amultiscaleHessian-based enhancement.
Frangi et al. [18] have proposed a method to detect the
tubular structure based on the eigenvalues of Hessian matrix.
We denote by 𝜆

1,𝑠
and 𝜆

2,𝑠
the eigenvalues of scale-related

Hessian matrix, which is defined as follows:

𝐻(𝑋, 𝑠) = [
𝐼
𝑥𝑥
(𝑋, 𝑠) 𝐼

𝑥𝑦
(𝑋, 𝑠)

𝐼
𝑦𝑥
(𝑋, 𝑠) 𝐼

𝑦𝑦
(𝑋, 𝑠)

] , (1)

where 𝐼
𝑥𝑥
(𝑋, 𝑠) is the second order differential of input image.

For an ideal tubular structure, the eigenvalues generally will
meet the following conditions:

𝜆1,𝑠
 ≈ 0,

𝜆1,𝑠
 ≪

𝜆2,𝑠
 .

(2)

We then define a new scale-related vessel likeness function:
VL (𝑋) = max

𝑠min<𝑠<𝑠max
𝑉 (𝑠) , (3)

where 𝑉(𝑠) is defined as follow:

𝑉 (𝑠) =

𝜆1,𝑠


2
⋅ 𝑒
|𝑐−(|𝜆

1,𝑠
|/√𝜆
2

1,𝑠
+𝜆
2

2,𝑠
)|

+

𝜆2,𝑠


2
⋅ 𝑒
|(|𝜆
2,𝑠
|/√𝜆
2

1,𝑠
+𝜆
2

2,𝑠
)−𝑐|

,

(4)

where 𝑐 is an experiential parameter and we set it to√2/2.
The function value of 𝑉(𝑠) indicates the saliency of

tubular structure for each pixel. We search in the scale range
[𝑠min, 𝑠max] to find the maximum response of vessel likeness
function. Figure 2 shows the optimal scale property of the
input image. The pixel value stands for the scale that is
corresponding to the maximal function value of 𝑉(𝑠). As
seen from Figure 2, the positive correlation between vessel
width and optimal scale is obvious. The primary vessel owns
a large scale property while the tiny vessel owns a small scale
property.

Figure 3 gives an example of multiscale Hessian-based
enhancement, in which the pixel value stands for the vessel
likeness function value. As shown in Figure 3, the whole
retinal vasculature is prominently enhanced. However, some
nonvessel structures are also enhanced including optic disk,
yellow spots, and speckles. These nonvessel structures need
to be removed in the following step.

2.2. Nonlocal Mean Filtering. The effect of multiscale hessian
based enhancement is obvious. As shown in Figure 3, the
whole vasculature is significantly strengthened. However,
some nonvessel structures are also enhanced and cause the
enhanced image to be noisy. In order to suppress image
noise and maintain the structural information, we employ a
nonlocal mean filtering [19] step. We denote the enhanced
image as VL(𝑋) and the filtered image as NL(𝑋).The detailed
filtering step can be described as in the following equation:

NL (𝑖) = ∑

𝑗∈𝑁

𝑤 (𝑖, 𝑗) ⋅ VL (𝑗) , (5)

where𝑁 denotes the filtering neighborhood and𝑤(𝑖, 𝑗) is the
weighting factor, which is defined as follow:

𝑤 (𝑖, 𝑗) =
1

𝑍 (𝑖)
⋅ exp(−


V (𝑁
𝑖
) − V (𝑁

𝑗
)


2

ℎ2
) ,

𝑍 (𝑖) = ∑

𝑗

exp(−

V (𝑁
𝑖
) − V (𝑁

𝑗
)


2

ℎ2
) ,

(6)
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Figure 1: An example of an input retinal image, downloaded
from publicly available databases: DRIVE (http://www.isi.uu.nl/
Research/Databases/DRIVE/).

Figure 2: An example of the scale image of Figure 1; the pixel value
stands for the scale that is corresponding to the maximal function
value of 𝑉(𝑠).

where V(𝑁
𝑖
) denotes a feature vector which is composed of

the pixel values of the nearby area around pixel 𝑖 and ℎ is a
filtering parameter.The parameters of filtering neighborhood
and nearby area need to be selected suitably so as to achieve a
balance between filtering performance and computation cost.
Figure 4 shows a result of nonlocal mean filtering. We can
find that the noise of enhanced image is suppressed effectively
while the vasculature is maintained at the same time.

2.3. Radial Gradient Symmetry Transform. In order to
remove the nonvessel structures, we propose a radial gradient
symmetry transform method based on Loy’s work [20]. An
ideal vessel structure is shown in Figure 5. As shown in
Figure 5, we notice that the gradient vectors own a symmetric
property in both the magnitude and direction. For those
nonvessel structures, there is no such property.Therefore, we
propose a symmetric vessel likeness function as follows:

VLSym (𝑋) = VL
𝐺
(𝑋) ⋅ Flag

𝐺
(𝑋) , (7)

Figure 3:An example of themultiscaleHessian-based enhancement
of Figure 1; the pixel value stands for the vessel likeness function
value.

Figure 4: An output of the nonlocalmean filter of Figure 3, in which
the image noise is effectively suppressed while the vasculature is
maintained.

where VL
𝐺
(𝑋) stands for a vessel likeness function of a given

point 𝑋 along the direction of gradient vector 𝐺(𝑋) and
Flag
𝐺
(𝑋) is an indicator function that indicateswhether point

𝑋 owns the gradient symmetric property.The computation of
VL
𝐺
(𝑋) and Flag

𝐺
(𝑋) consists of the following steps.

(1) For each pixel in the filtered image as shown in
Figure 4, we compute its vessel contribution along the
gradient direction. The normalized gradient vector is
denoted by 𝑔(𝑋) = 𝐺(𝑋)/‖𝐺(𝑋)‖. The coordinates
of pixels that are affected by pixel 𝑝 are computed as
follows:

𝑐 (𝑝) = 𝑝 + round (𝑟 ⋅ 𝑔 (𝑝)) , (8)

where 𝑟 = 0, Δ𝑟, . . . , 2 ⋅ 𝑠(𝑝) and 𝑠(𝑝) is the optimal
scale parameter of pixel 𝑝, as shown in Figure 2.
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𝑃

𝐺(𝑋1)

𝐺(𝑋2)

Figure 5: An example of radial gradient symmetry transform; we
can find that the pixel in the vessel area is generally located between
two symmetric gradient vectors.

(2) For these affected pixels 𝑐(𝑝), we compute the vessel
accumulation image 𝐴 by the following equation:

𝐴 (𝑐 (𝑝)) = 𝐴 (𝑐 (𝑝)) +
2 ⋅ 𝑠 (𝑝) −

𝑐 (𝑝) − 𝑝


2 ⋅ 𝑠 (𝑝)
. (9)

(3) Then the VL
𝐺
(𝑋) is given by

VL
𝐺
(𝑋) = NL (𝑋) ⋅ ( 𝐴

𝑀
𝑛

)

𝑞

, (10)

where 𝑀
𝑛
is a normalization factor and 𝑞 is a radial

strictness parameter.
(4) For each pixel 𝑝, we search in its neighborhood [𝑝 −

Δ𝑝, 𝑝 + Δ𝑝] along the gradient direction with Δ𝑝 =

2 ⋅ 𝑠(𝑝) ⋅ 𝑔(𝑝). As shown in Figure 5, if there exist
points 𝑋

1
and 𝑋

2
that meet the following condition,

Flag
𝐺
(𝑝) = 1, otherwise; Flag

𝐺
(𝑝) = 0:

𝐺 (𝑋1)
 ≥

𝐺 (𝑝)
 ,

𝐺 (𝑋2)
 ≥

𝐺 (𝑝)
 ,

𝑔 (𝑋
1
) ≈ −𝑔 (𝑋

2
) .

(11)

(5) For symmetric vessel likeness function VLSym(𝑋), we
set a vessel likeness threshold 𝑇

ℎ
to extract a coarse

vasculature. After that, we take an erosion step to
get a narrowed retinal vasculature. We then compute
the pixel number of connected vessels. If the pixel
number is smaller than the preset threshold 𝑇num, we
consider it as the background noise and it should be
removed.

2.4. Graph-Cut Step. Throughout the previous processing
steps, we have got a coarsely extracted vasculature. The final
step is to accurately segment vessels from previous results.
This can be described as a pixel labeling problem which can
be formulated using the energy function:

𝐸 (𝐿) = 𝐸
𝑑
(𝐿) + 𝑘𝐸

𝑠
(𝐿) , (12)

where 𝐿 is a labeling set and 𝐸
𝑑
(𝐿) = ∑

𝑝∈𝑃
𝑈
𝑝
(𝑙
𝑝
) is the data

prior energy, which measures the cost of giving a label 𝑙
𝑝
∈ 𝐿

to a given pixel 𝑝 according to prior information. 𝐸
𝑠
(𝐿) =

∑
𝑁⊂𝑃

∑
𝑞∈𝑁

𝑉
𝑝𝑞
(𝑙
𝑝
, 𝑙
𝑞
) is the potential energy, whichmeasures

the smoothness of a neighboring pixel system 𝑁 and 𝑘 is a
weighting parameter.

We adopt the graph-cut algorithm to optimize the energy
function (12). The centerline is used as shape prior to guide
the extraction process. In our framework, a graph 𝐺 = ⟨𝑉, 𝜀⟩

is created with nodes corresponding to pixels 𝑝 ∈ 𝑃 of a
retinal image, where 𝑉 is the set of all nodes and 𝜀 is the set
of all links connecting neighboring nodes. The neighboring
pixel system is constructed with eight neighboring pixels.
The terminal nodes are defined as source 𝑆 and sink 𝑇. As
an initial, we extract the centerline of previously extracted
vasculature. The pixels on the centerline are considered as
definite foreground 𝐹

𝑑
and the pixels with VLSym(𝑋) > 𝑇

ℎ

are classified as candidate foreground 𝐹
𝑐
. The pixels with

VLSym(𝑋) < 𝑇
𝑙
are classified as background 𝐵

𝑑
and others

are classified as the candidate background 𝐵
𝑐
. That is, 𝐿 =

{𝑓
𝑑
, 𝑓
𝑐
, 𝑏
𝑐
, 𝑏
𝑑
} and 𝑉 = {𝑆, 𝑇} ∪ {𝐹

𝑑
, 𝐵
𝑑
} ∪ {𝐹

𝑐
, 𝐵
𝑐
}.

For each pixel 𝑝 ∈ {𝐹
𝑐
, 𝐵
𝑐
}, we compute its minimum

distances to 𝑆 and 𝑇 according to the literature [22], which
are denoted as 𝑑

𝑓
(𝑝) and 𝑑

𝑏
(𝑝), respectively. The cost of t-

links can be computed as follows:

𝑈
𝑆
(𝑝) = ∞, 𝑈

𝑇
(𝑝) = 0, 𝑝 ∈ 𝐹

𝑑
,

𝑈
𝑆
(𝑝) = 0, 𝑈

𝑇
(𝑝) = ∞, 𝑝 ∈ 𝐵

𝑑
,

𝑈
𝑆
(𝑝) =

𝑤
1
⋅ VLSym (𝑝)

𝐷
𝐹
(𝑝)

, 𝑈
𝑇
(𝑝) =

𝑤
2
⋅ VLSym (𝑝)

𝐷
𝐹
(𝑝)

,

𝑝 ∈ 𝐹
𝑐
,

𝑈
𝑆
(𝑝) =

𝑤
2
⋅ VLSym (𝑝)

𝐷
𝐹
(𝑝)

, 𝑈
𝑇
(𝑝) =

𝑤
1
⋅ VLSym (𝑝)

𝐷
𝐹
(𝑝)

,

𝑝 ∈ 𝐵
𝑐
,

(13)

where 𝐷
𝐹
(𝑝) = 𝑑

𝑓
(𝑝)/(𝑑

𝑓
(𝑝) + 𝑑

𝑏
(𝑝)), 𝐷

𝐵
(𝑝) = 1 − 𝐷

𝐹
(𝑝),

and 𝑤
1
> 1 > 𝑤

2
> 0. The nodes in 𝐹

𝑑
and 𝐵

𝑑
are definitely

labeled as 𝑓
𝑑
and 𝑏

𝑑
, respectively. The weight of n-link

describes the labeling coherence of a pixel with its neighbors.
We utilize the pixel value information as the neighborhood
penalty item. The cost of n-links can be defined as follows:

𝑉
𝑝𝑞
(𝑙
𝑝
, 𝑙
𝑞
) =

1
𝐼 (𝑝) − 𝐼 (𝑞)

 + 𝜂
, (14)

where 𝜂 is a tiny number to avoid division by 0. When
the graph-cut algorithm terminates, we encourage candidate
foreground pixels to be labeled as foreground and discourage
candidate background to be classified as background pixels.

3. Experiments and Conclusion

We test our method on the publicly available databases:
DRIVE [5]. Three measures sensitivity (SE), specificity (SP),
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Table 1: Comparison of different segmentation methods.

STARE SE (mean/sd.) SP (mean/sd.) AC (mean/sd.)
Staal et al. [5] 0.7194/0.0694 0.9773/0.0087 0.9441/0.0065
Mendonça and Campilho [10] 0.7315/NA 0.9781/NA 0.9463/NA
Wang et al. [21] 0.7810/0.0340 0.9770/0.0071 NA
Maŕın et al. [7] 0.7067/0.0628 0.9801/0.0104 0.9452/0.0064
Ours 0.9074/0.0332 0.9119/0.0320 0.9113/0.0280

(a) (b) (c)

(d) (e) (f)
Figure 6: An example of 3 extraction results: the first row shows 3 input retinal images and the second row shows the segment results of the
retinal vessels.

and accuracy (AC) are used to evaluate the performance of
our method in the image field of view. They are defined as
follows:

SE =
𝑁 correct vessel

𝑁 vessel
,

SP =
𝑁 correct nonvessel

𝑁 nonvessel
,

AC =
𝑁 correct total

𝑁 total
,

(15)

where 𝑁 correct vessel is the number of correctly classified
vessel pixels and𝑁 vessel is the number of the vessel pixels in
ground truth.𝑁 correct nonvessel is the number of correctly
classified nonvessel pixels and 𝑁 nonvessel is the number
of nonvessel pixels. 𝑁 correct total is the total number of

correctly classified pixels and 𝑁 total is total number of
pixels.

We test the proposed method on 40 images and compare
it with the methods developed by Staal et al. [5], Mendonça
and Campilho [10], Wang et al. [21], and Maŕın et al. [7]. The
mean values and standard deviations (sd.) of these methods
are shown in Table 1. Some values that cannot be obtained
from the literature are denoted by NA.

From Table 1 we can see that there is a prominent
improvement in sensitivity. This means that our method is
quite effective in extracting some tiny vessels. On the other
hand, our method is not as well as others’ in both specificity
and accuracy. For clinical application, the accuracy should be
better than 90%. Our method is over the qualified standard,
but there are still large improvements need to be done.

Some of the extraction results are shown in Figures 6 and
7. As it can be seen from Figure 6, the majority of the vessels
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(a) (b)

(c) (d)
Figure 7: Two segmentation results of ill-conditioned retinal images; the speckles greatly reduce the performance of our algorithm.

in the retina can be finely extracted; however, some nonvessel
structures are also extracted and some tiny vessels are not
correctly segmented. This is mainly because our method
focused more on tiny vessel extraction, which is not easy
for ophthalmologists to extract manually. Therefore some
boundaries between retinal region and the background are
mistakenly recognized as vessels. Besides that, the optic disk
also cannot be fully excluded from the final result. Figure 7
shows two segmentation results of ill-conditioned retinal
images, where some speckles are hard to be differentiated
from tiny vessels. Our method fails to extract an accurate
vasculature, where the AC values are 0.8720 and 0.8814,
respectively. Furthermore, we exchange the order of nonlocal
mean filtering and multiscale hessian-based enhancement.
Experimental results show that there is a little difference
between the performances. This also indicates that nonlocal
mean filter is very robust and could be widely used in image
processing area.

In summary, this paper first presents amultiscale hessian-
based enhancement for retinal images. Next, we adopt an
effective nonlocal mean filtering step to suppress noise of the
enhanced image. Then, we propose a radial gradient sym-
metry transform method to suppress the nonvessel artifacts.

Finally, a graph-cut step is taken to accurately segment the
retinal vessels. Experiments show that our method is very
sensitive for the vessels segmentation, but the performance
for some tiny vessel extraction and speckles exclusion is still
needed to be improved.This will be our further work.Wewill
make further studies to improve the performance.
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We have developed a new multichannel spectral imaging laser scanning confocal microscope for effective detection of multiple
fluorescent labeling in the research of biological tissues. In this paper, the design and key technologies of the system are introduced.
Representative results on confocal imaging, 3-dimensional sectioning imaging, and spectral imaging are demonstrated.The results
indicated that the system is applicable to multiple fluorescent labeling in biological experiments.

1. Introduction

As an effective andnecessary scientific instrument for observ-
ing small structures, laser scanning confocal microscopy has
been widely applied in tissue biology, cell biology, molecu-
lar biology, genomics, embryology, neurology, embryology,
pathology, immunology, epidemiology, oncology, bacteriol-
ogy and virology, and so forth [1–4]. The confocal system
uses the spatial filter techniques to eliminate the out-of-
focal-plane light. Only the light from the focal plane can be
detected. Hence, the system has high spatial resolution and
signal-to-noise ratio [5]. At the same time, it has the capability
of optical sectioning in z axis direction, which enables 3-
dimensional imaging of thick samples [6].

The confocal concept was proposed by Minsky in 1950s
[7]. The first commercial product was released in 1987.
After that, the confocal techniques have attracted researchers’
attention, and new developments in both research and prod-
ucts were achieved. To date, various aspects of the system
have been investigated to improve the image resolution [8, 9],
and products with new functions have been launched in the
market.

Currently, there is a need to image multiple fluores-
cent labeling tissues simultaneously, discriminate the vari-
ous fluorescent components [10], and implement complex
functional experiments, such as fluorescence recovery after

photobleaching (FRAP) [11], fluorescence resonance energy
transfer (FRET) [12], and fluorescence lifetime imaging
microscopy (FLIM) [13]. We thus developed a new multi-
channel spectral imaging laser scanning confocal microscope
to meet these demands. The following sections describe the
methodology of the system and demonstrate representative
experimental results on the system.

2. System Design

The hardware of multi-channel spectral imaging laser scan-
ning confocal microscope consists of a fluorescence micro-
scope, a confocal scanning head, a laser source, an electrical
control box, and a computer. Modular design is used in the
system; the confocal scanning and multi-channel spectral
imaging are integrated into the scanning head; the multiple
lasers are placed in a laser cabinet; the scanning head and
laser cabinet are separated to avoid laser vibration effects on
the confocal imaging; the complex electrical control parts are
integrated into an electrical control box; the control software
is installed in the computer.

The fluorescence microscope has an independent illu-
mination system (high-pressure mercury lamp for epi-
illumination and tungsten halogen lamp for transmission
illumination) and an optical path for visual observation.
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Figure 1:Diagramof the confocal scanning head. A: Laser combina-
tion and selectionmodule, B: confocal scanning imagingmodule, C:
multi-channel spectral imaging module, 1: dichroic mirror for spare
laser combination, 2–5: dichroic mirror for four lasers combination,
6:mirror, 7: acousto-optical tunable filter (AOTF), 8: dichroicmirror
for excitation and fluorescence separation, 9-10: X-Y galvanometer
optical scanner, 11: scanning lens, 12: tube lens, 13: objective lens, 14:
sample slide, 15: pinhole lens, 16: pinhole, 17: collimation lens, 18:
prism, 19: focal lens, 20: movable slit 1, 21, 24, 27: PMTs, 22, 25: relay
lens, 23, 26: movable slit 2, 3.

(a)

(b)

(c)

Figure 2: Internal composition of the confocal scanning head.

The optical path for visual observation is used for initial
observation and localization of the sample before switching
to the confocal system. The confocal system also has an
independent illumination system (multiple lasers) and a
detection system (PMTs).The 2-dimensional optical section-
ing, 3-dimensional imaging, and selected spectral bandwidth
imaging can be implemented through control software.

Figure 1 is the diagram of the confocal scanning head,
which is the key component of the confocal microscopy. The
internal composition is shown in Figure 2. It can be divided
into three parts: (a) laser combination and selection module,
(b) confocal scanning imagingmodule, and (c)multi-channel
spectral imaging module.

In the laser combination and selection module, the
four fiber-coupled semiconductor lasers (405 nm, 488 nm,
561 nm, and 638 nm) are combined into one beam using
dichroic mirrors, then the combined beam goes through the
AOTF.The combined beam’s laser wavelength and power can
be adjusted by changing the frequency and amplitude of the
ultrasonic wave.The spare space is reserved for the additional
laser extension for the future upgrade.

The confocal scanning imaging module is mainly com-
posed of scanning lens, X-Y galvanometer optical scanner,
dichroicmirror dial, pinhole lens, and three aperture-variable
pinholes. The laser is reflected from the dichroic mirror
assembly and steered by the X-Y galvanometer optical scan-
ner. Then, it goes through the scanning lens and is focused
on the sample by the objective lens. The excited fluorescence
is recollected by the same objective lens, goes through the
scanning lens and dichroic mirror assembly, and is focused
at pinhole by the pinhole lens.There is an individual dichroic
mirror assembly (including a dichroic mirror and a fluores-
cence filter) for each laser wavelength. For themultiple lasers,
there is another dichroic mirror assembly. An aperture-
variable pinhole is for 60x oil immersion objective lens. The
second one is for 100x oil immersion objective lens.The third
one is used to balance image resolution and signal-to-noise
ratio.

The multi-channel spectral imaging module is based
on light separation of the prism. There are three spectral
detection channels. The spectrum of the fluorescence is
expanded by the prism’s dispersion. At the focal plane of
the fluorescence, there are two movable mirrors. Part or all
of the fluorescence passes through the slit between the two
mirrors and is collected by the first spectral channel. The
fluorescence can also be reflected by the twomovablemirrors
and then goes to the second and third spectral detection
channels individually. There are two movable diaphragms in
the second and third spectral channels, which can be used
to control the spectral band width of the fluorescence by
adjusting the location and the size.

3. Key Technologies

The multi-channel spectral imaging laser scanning confocal
microscopy involves several key technologies, such as high-
speed synchronization control of galvanometer scanning, 3-
dimensional optical sectioning imaging, multi-channel spec-
tral imaging, spatial fine pinhole filter technique [4], and opti-
mization of the point spread function for illumination [8].
The first three are the foundation of the confocal microscopy
and will be discussed in the follow paragraphs.

3.1. High-Speed Synchronization Control of Galvanometer
Scanning. The scanning control system is responsible for
the control signal generation for the galvanometer. The data
acquisition and hardware synchronization are realized by
the combination of sampling signal control system and gal-
vanometer scanning control system. It ensures the accuracy
of scanning data for the image reconstruction. Figure 3 is the
diagramof the galvanometer synchronization control system.
ARM accomplishes the function of user interface, calculation
of waveform data, parameters’ setup for sampling signal,
and writing operation to FPGA. FPGA module realizes the
function of DDS signal generation and sampling control
signal generation. DAC transforms the output of the FPGA
to the analog voltage signal, which is used to control the
movement of the galvanometer scanner.
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Figure 4: Synchronization between the galvanometer scanner control and data acquisition. Phase 1: AOTF is switched off after one line
scanning, phase 2: x-axis and y-axis scanners retrace to the start position for the next line scanning, phase 3: AOTF is switched on, phase 4:
process of one line scanning.

The strict synchronization between the galvanometer
scanner and data acquisition is very important. In the fast
retracing scanning process, data is not collected. To avoid
the photobleaching of fluorescence, AOTF is used for rapid
switch off of laser [14]. The synchronization between the
galvanometer scanner control and data acquisition is shown
in Figure 4.The requirement for the synchronization is as fol-
lows: (i) frame synchronization signal (the rising edge of the

square wave). It has the same frequency as the slow scanning
trigger signal. It appears on the rising edge of the square wave
during the slow scanning process. (ii) Line synchronization
signal. The data is collected whenever the trigger voltage is
at the high level. The whole line data are obtained at each
high level trigger signal. It has the same frequency as the
fast scanning trigger signal. The trigger signal is at high level
when it is in scanning, while it is at low level when it is in the
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retracing process. (iii) Sampling pulse. The sampling pulse is
generated when the line synchronization signal is high. The
sampling control signal is synchronized with galvanometer
control voltage from the DAC.

3.2. 3-Dimensional Optical Sectioning Imaging. One feature
of the confocal microscopic imaging is that only the very
thin tissue in the focal plane can be imaged once a time. The
tissue above or below the focal plane cannot be imaged due
to the block of the pinhole. This feature makes the confocal
microscopic imaging suitable for the lossless sectioning
imaging. After collecting a series of 2-dimensional images, 3-
dimensinal image of the tissue can be reconstructed.

During the experiment, the sample tissue needs to be
moved accurately in the z direction with the step size of
0.2 𝜇m. A piezo nanopositioner meets the requirement. The
parameters such as single step size and total step numbers
can be adjusted by the control software. Those parameters
are the basis of the 3-dimensional confocal images. Figure 5
demonstrates the control program of nanopositioner using
LabVIEW. Firstly, the positioner is initialized according to the
setting of start position, end position, and number of slices.
Then, the positioner is moved to the start position, and the
movement of each slice is calculated. It is kept in the current
position during the process of 2-dimensional scanning. After
that, it is moved to the next slice and a new 2-dimensional
scanning starts. The process is sequentially cycled until fin-
ishing the number of slices. During the process, the interface
shows the actual position of the nanopositioners.

In order to get a series of 2-dimensional confocal images,
a relatively long time is needed. During the time, the sample
slide should be fixed, which requires that the supporting
structure for the slide and microscope base have enough
rigidity.However, it is still hard to eliminate all the small drifts
during the long data acquisition time. So, postprocessing
algorithms such as image registration are needed to correct
the drifts.

The 3-dimensional image is reconstructed from a series of
2-dimensional images using volume rendering. The volume
rendering method resamples the collected 3-dimensional
data and transforms the data into 2-dimensional discrete
signals in image display cache. It classifies the 3-dimensional
data, sets color and opacity for each voxel, and generates the
2-dimensional display image according to the illumination
and shading model. Main algorithms of volume rendering
include ray casting, footprint tracing, and shear deformation.
The ray casting is used in our system.

3.3. Multichannel Spectral Imaging. In the case that multiple
fluorescence is excited simultaneously, single channel or
multi-channel detection is needed to effectively differentiate
the fluorescence components. Fluorescence efficiency, spec-
tral resolution, dispersion linearity, and stray light effect need
to be considered in the design.

The fluorescence usually is weak for biological samples.
So, the light transmission efficiency is very important for
the design of the fluorescence spectrometer. In the visible

spectrum, the maximum efficiency of the grating spectrom-
eter is only 1/2–2/3 of that of prism spectrometer. The
efficiency decreases to 1/4 of that of prism spectrometer when
it is far away from the blazed wavelength. Hence, grating
spectrometer loses more fluorescence for the weak signal
detection.

In the confocal system, the grating area used is very small
and the line number is at the level of 103. The theoretical
resolution is higher than prism. However, the required
minimum spectral bandwidth is only 5 nm.The high spectral
resolution of the grating spectrometer is not fully utilized.

Comparedwith linear dispersion of grating spectrometer,
dispersion of prism spectrometer is nonlinear. In the confocal
system, the user needs to select the spectral band before data
acquisition. So the nonlinear dispersion has little effect on the
imaging system.

Stray light of prism spectrometer mainly comes from
prism surface reflection. After antireflection coating on the
prism surface, stray light decreases to 10−3 or less. For the
grating spectrometer, stray light comes from many sources
such as grating diffraction energy level overlap, 30–40%
unused energy from zero order, and high orders. The non-
working surface of the grating groove and ghost lines caused
by grating ruling error also contributes to the generation of
stray light.

So, the prism spectrometer outperforms the grating
spectrometer and is thus used in the system.

Due to the cost limitation, there are 3 fluorescence
detection channels in the system. It can be extended to
have more channels as desired. The multi-channel spectral
imaging system based on prism is shown in Figure 1. The
spectral range of detection of each channel can be adjusted
from 400 to 700 nm. The minimum spectral band width is
5 nm and the maximum band width is 300 nm.

In the system, constant deviation angle is used to expand
the spectrum. The optical path is rotated 90 degrees to
make sure tha the total deviation angle is constant after the
prism for the light in the minimum deviation condition. The
dispersion function of constant deviation angle of the prism
is equal to the prism with the apex angle of 60 degrees.

The fluorescence from the sample is focused on the
image plane after collimation. The prism is fixed, and the
detected central wavelength and spectral band width can be
adjusted by the exit slit assembly. In Figure 1, the exit slit 1 is
located at the focal plane. The two blades of the slit, coated
with reflective film, are tilted to both sides by 30 degrees
independently. The light reflected from the blades’ surface
goes to the channel 2 and 3. Slit 1 controls the spectral band
width detected in PMT 1. Slit 2 and 3 adjust the spectral band
width detected in PMT 2 and 3 separately.

4. Experiment Results

Figure 6 shows the system setup. (a) is the laser source,
(b) is the X-Y galvanometer optical scanner, (c) is the
nanopositioner, and (d) is the detector. In the system, oil
immersion objective UPLSAPO 100x from Olympus was
used. The NA is 1.4 and working distance is 0.13mm. Super



Computational and Mathematical Methods in Medicine 5

Ramp

Init

DBL

DBL

V16
Number

Write
Read

1

3

Delay

DBL

False

Start position (𝜇m)

End position (𝜇m)

Position (𝜇m)
𝑧-axis

Figure 5: Control program of nanopositioner using LabVIEW.

(a)

(b)

(c)(d)

Figure 6: Confocal microscopic imaging system setup.

Figure 7: Confocal fluorescence image of rat kidney slice.

apochromat objectives fully compensate for both spherical
and chromatic aberrations from the UV to the near infrared
region. The illumination source was semiconductor fiber
laser from Pavilion Integration Corporation. The fibers are
single-mode polarization maintaining. The wavelength of
lasers are 405 nm, 488 nm, 561 nm, and 638 nm. The output

power is 35mw. The optical scanner 6215H from Cambridge
Technology was used. The PMT was H10720 from Hama-
matsu.Despite the small size nearly equal to photodiodes, this
PMT delivers high gain, wide dynamic range, and high-speed
response. PCI 6132 from National Instruments was used
as data acquisition board. It has 4 simultaneously sampled
analog inputs, up to 2.5 or 3MS/s in warp mode. The ADC
resolution is 14 bits. Experiments of the confocal imaging,
3-dimensinal sectioning imaging, and spectral imaging were
accomplished based on the system.

4.1. Confocal Imaging Experiment. In the experiment, the
illumination source was 488 nm laser. The biological tissue
prepared was slide-mouse kidney section from Molecular
Probes. The slide contains a 16 𝜇m cryostat section of mouse
kidney stained with a combination of fluorescent dyes. Alexa
Fluor 488 wheat germ agglutinin, a green-fluorescent lectin,
was used to label elements of the glomeruli and convoluted
tubules. The imaging area was 112 𝜇m × 112 𝜇m. The result
is shown in Figure 7. The glomeruli and convoluted tubules
were clearly distinguished. It can be observed that the confo-
cal image is only from a very thin tissue section (focal plane),
which is the feature of the confocal imaging. The dark area
means no tissue in that section, which is totally different from
traditional fluorescence microscope. The images obtained
from the traditional microscope are composed of a thick
section. The tissue information in the focal plane as well as
that above and below the focal plane is displayed together. So,
the whole image contrast is degraded.

4.2. 3-Dimensional Sectioning Imaging Experiment. The sam-
ple and excitation sourcewere the same as the ones used in the
experiment in Subsection 4.1.The imaging area was 106 𝜇m×
110 𝜇m. To get the 3-dimensional images, a nanopositioner
(Nano-Z100,MadCity Lab) was used tomove the sample inZ
direction.The step size was 0.2𝜇mand the sample wasmoved
100 steps. As a result, 100 sequential images were obtained.
Then the 3-dimensional image was reconstructed from those
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(a) (b)

Figure 8: Two confocal images at various depths.

Figure 9: Reconstructed 3-dimensional image.

100 images. They are shown in Figures 8 and 9. The two
images of Figure 8were focused on the two different depths in
z position. The distance between the two images was 1.2 𝜇m.
It can be observed that the details of the tissue were changed.

4.3. Confocal Spectral Imaging Experiment. An improved
spectrometer was added before the detector and the incident
slit were removed. The pinhole was imaged at incident slit
and a circular slit was formed. The exit slit was replaced
by a slit with adjustable position and width. The spectrum
of fluorescent dye Cy5 excited by 638 nm laser is shown
in Figure 10(a). The bandwidth of the spectrum was 50 nm.
The fluorescence in particular bandwidth can be imaged
by changing the position and bandwidth of the slit. By the
calculation, the 50 𝜇m slit corresponded to 2.5 nm spectrum
bandwidth. It is shown in Figure 10(b).

In the experiment, the illumination source was 405 nm
laser. The biological tissue was rat kidney sliced fromMolec-
ular Probes. In the slice, the nuclei were counterstained

with the blue-fluorescent DNA stain DAPI. Image area was
106 𝜇m × 110 𝜇m. The full spectrum image and image with
2.5 nm bandwidth are shown in Figure 11. In both images, the
nuclei were clearly observed. The fluorescent light became
weak and signal-to-noise ratio became worse when the
spectrum bandwidth decreased.

The system has the advantage of illumination of mul-
tiple fluorescent components simultaneously and confocal
imaging of multiple detection channels. Each channel can
be used for spectral imaging and spectral analysis. Prism
was applied to split the spectrum, which has higher light
utilization efficiency, compared to grating method. This is
very important for the weak fluorescence signal. In addition,
the stray light of the prism is relatively small. So the image
can be obtained at higher signal-to-noise ratio. Due to the
realization of multi-channel simultaneously spectral imag-
ing, the disadvantage of the system is that many parts need
to be controlled simultaneous. Hence, the control system is
very complex and requires the synchronization of all parts.
Besides, the real-time display of images requires intensive
computation of image reconstruction and processing. The
graphic workstation with high performance is needed.

5. Conclusions

This paper introduces our newly developed multi-channel
spectral imaging laser scanning confocal microscope. The
system design and key technologies (such as high-speed
synchronization, control of galvanometer scanning, 3-
dimensional optical sectioning imaging, and multi-channel
spectral imaging) are described. The experimental results
demonstrate that the system is capable of multifluorescent
spectral imaging. Our multi-channel spectral imaging laser
scanning confocal microscope has many advantages. Firstly,
it can excite multiple dyes simultaneously and differentiate
various fluorescent components effectively. In the system,
four lasers of 405 nm, 488 nm, 561 nm, and 638 nm were
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(a) Spectrum energy distribution (b) 50 um slit (spectrum bandwidth:
2.5 nm)

Figure 10: Spectrum energy distribution for Cy5.

(a) Full spectrum image (b) Image with 2.5 nm bandwidth

Figure 11: Confocal images for dye DAPI in rat kidney with various bandwidth.

used as illumination source. The laser source module is
scalable. Additional laser extension is available for the user’s
upgrade. Secondly, the different spectral components from
the same dye can be imaged and postprocessed to meet the
requirements of biological experiments. Three fluorescence
detection channels realized multiple spectral imaging
simultaneously. The detected spectrum’s central wavelength
and spectral width can be adjusted individually for each
channel. The information from the detected spectrum is
fully utilized. Thirdly, the illumination and shading model
was improved, and 3-dimensional image reconstruction
algorithm was optimized especially for confocal sectioning
images.The image reconstruction time was greatly decreased
from 30 seconds to 15 seconds.
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Quantitative reconstruction of bioluminescent sources from boundary measurements is a challenging ill-posed inverse problem
owing to the high degree of absorption and scattering of light through tissue.We present a hybridmultilevel reconstruction scheme
by combining the ability of sparse regularization with the advantage of adaptive finite elementmethod. In view of the characteristics
of different discretization levels, two different inversion algorithms are employed on the initial coarse mesh and the succeeding
ones to strike a balance between stability and efficiency. Numerical experiment results with a digital mouse model demonstrate
that the proposed scheme can accurately localize and quantify source distribution while maintaining reconstruction stability and
computational economy. The effectiveness of this hybrid reconstruction scheme is further confirmed with in vivo experiments.

1. Introduction

Bioluminescence imaging (BLI) is an in vivo imaging
modality that has been successfully used in preclinical
researches [1–3].This imaging strategy exploits the properties
of luciferase that can generate visible or near infrared light
through the oxidation of an enzyme-specific substrate in
the presence of oxygen and adenosine triphosphate [4]. As
the produced light intensity is directly proportional to the
concentration of luciferase-expressing cells, BLI can reveal
cellular and molecular features of biology and disease [5].
However, BLI fails to provide depth information of the
internal biological sources [6]. Collecting measurement data
from multiple views or combining multiple BLI acquisition
with geometrical structures acquired by micro-CT or MRI,
bioluminescence tomography (BLT) tries to reconstruct the
3D biological source distribution. In this way, BLT overcomes
the limitation of planar imaging in poor spatial resolution
and further facilitates our understanding of biomolecular
processes as they occur in living animals. Therefore, BLT has

substantial potential to be a powerful tool for noninvasively
monitoring and tracking a variety of biological processes [7].

Generally, BLT involves a forward and an inverse problem
(source reconstruction).Due to the diffusive nature of photon
propagation in tissue, BLT source reconstruction is known
to be a highly ill-posed problem [6, 8]. To overcome the
inherent ill-posedness of the tomographic problem in BLT,
different strategies have been proposed either by increasing
the amount of independent measurements with spectrally
resolved or multispectral approaches [9–13] or by reducing
the number of unknowns with permissible source region [6,
10, 13, 14]. Up to now, quantitative reconstruction for whole
domain BLT with monochromatic boundary measurements
has not been intensively investigated.

As in many other imaging modalities, the achievable
resolution for BLT is determined firstly by the signal to
noise ratio, and secondly by the level of discretization.
Image quality can be improved by uniformly refining mesh
throughout the reconstruction domain. Nevertheless, global
refinement tends to further aggravate the ill-posedness and
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incur insurmountable computational burden due to the
increased unknowns and problem size. Consequently, the use
of adaptive finite element method (AFEM) is an indispens-
able approach to improve image quality [15–21].

In this contribution, we present a whole domain BLT
method based on AFEM which provides fine resolution
around targets with coarser resolution in other regions.
Unlike the previous AFEM-based BLT that adopted identical
inversion strategy on different mesh levels [15, 18–21], we take
the variance on different discretization levels into account
and propose a novel hybridmultilevel reconstruction scheme
to maintain solution stability and computational economy.
Two different inversion algorithms, the stagewise fast LASSO
(SwF-LASSO) [22] and the incomplete variables truncated
conjugate gradient method (IVTCG) [23], are applied to the
first mesh level and the succeeding ones according to their
respective characteristics.

The following sections describe some of the implemen-
tation details of the hybrid AFEM algorithm, the evaluations
on a digital mouse model, and the validation with an in vivo
experiment. Short discussions and concluding remarks are
given at the end of this paper.

2. Methodology

2.1. Photon Propagation Model. In this work, we assume
that the structural and optical parameters regarding different
organs are given. Therefore, the BLT reconstruction comes
down to a linear inverse source problem. Based on the
diffusion approximationmodel of radiative transfer equation,
a linear relationship between the source distribution and
boundary measurements is then derived with the finite
element method [6]:

𝐴𝑆 = Φ
𝑚
, (1)

where 𝐴 ∈ 𝑅
𝑀×𝑁 (𝑀 < 𝑁) is the system matrix, 𝑆 ∈

𝑅
𝑁 denotes the internal source distribution, and Φ𝑚 ∈ 𝑅

𝑀

represents measurable boundary nodal photon density that
is usually calculated from the surface flux image captured by
a CCD camera.

In view of the limitation of using permissible source
region in BLT reconstruction, we consider a whole domain
reconstruction scheme without this kind of a priori informa-
tion. On the other hand, 𝑙

1
-norm based sparse regularization

methods have attracted considerable amount of attention
in BLT [10, 20–25], and the reconstructions’ results therein
demonstrate that 𝑙

1
-norm solution fits the sparsity nature of

bioluminescent source distribution in BLT practice. Using 𝑙
1

regularization, we formulate the BLT inverse problem to the
following optimization problem:

min
S

1

2

𝐴𝑆 − Φ
𝑚
2

2
+ 𝜏‖𝑆‖1, (2)

where ‖ ⋅ ‖
2
denotes the Euclidean norm, ‖ ⋅ ‖

1
is the 𝑙

1
norm,

and 𝜏 > 0 is a regularization parameter.

2.2. Hybrid Multilevel Reconstruction Based on AFEM. In
order to provide the resolution necessary for imaging at

acceptable computational cost, the domain Ω is dynamically
discretized into a nested sequence of tetrahedral meshes
{Θ
1
, . . . Θ

𝑘
, . . .}, rather than a fixed and uniformly fine mesh.

In the proposed hybridmultilevel AFEM reconstruction pro-
cess, reconstruction starts at the coarsest level and proceeds
to the finer ones by locally refining the particular region based
on a previous reconstruction procedure.

We note that the first reconstructed procedure on the
coarsest mesh is quite different from the subsequent ones
in the following three aspects. (i) It is based on a uniform
mesh while others are with a locally refined mesh. (ii)
The inversion on the first discretization level involves a
large-size underdetermined system. In contrast, all of the
subsequent reconstructions on locally finer region involve
overdetermined systems. (iii) It has no a priori information
of a promising region in whole domain case, whereas the
others can obtain a permissible source region to constrain
the solution space from a previous reconstruction procedure.
Consequently, the specific inversion should be different on
different meshes, and thus we propose a hybrid multilevel
reconstruction scheme.

On the first mesh Θ
1
, we employed the recently reported

greedy algorithm SwF-LASSO to solve the underdetermined
problem in (2). The SwF-LASSO algorithm converges very
fast and is able to find an approximate value close to the real
distribution in only a few iteration steps. A brief outline of
SwF-LASSO is given as follows [22].

Step 0. Initialization. 𝑛 = 0, index set𝑂 = {1, 2, . . . 𝑁},𝑃 = Φ.

Step 1. Selecting basis function.
For 𝑖 ∈ 𝑂, compute Δ𝐿𝑛+1

𝑖
= −(𝑞

𝑛

𝑖
)
2
/𝑎
𝑇

𝑖
𝑎
𝑖
, compute

the stagewise threshold 𝛾 = √∑
𝑖∈𝑂

(Δ𝐿
𝑛+1

𝑖
)
2

/|𝑂| and then
determine the index set of the basis functions to be selected
𝐾
𝑛+1

= {𝑖 : Δ
0
> |Δ𝐿

𝑛+1

𝑖
| > 𝑐 ⋅ 𝛾, 𝑖 ∈ 𝑂}.

Step 2. The algorithm will be terminated when the index set
𝑂 = Φ is empty, or |max

𝑖∈𝐾
𝑛+1Δ𝐿
𝑛+1

𝑖
| < 𝜀, or𝐾𝑛+1 = Φ.

Step 3. Update variables.

𝑄
𝑛+1

= (
𝑄
𝑛 0

0T 0
) + 𝜂(

𝜌

−1
) (𝜌
𝑇
−1) , (3)

where 𝜌 = 𝑄
𝑛
𝐴
𝑇

𝑃
𝐴
𝐾
, 𝜂 = (𝐴

𝑇

𝐾
𝐴
𝑃
− 𝐴
𝑇

𝐾
𝐴
𝑃
𝜌)
−1 and 𝐴

𝐾

consists of those column vectors of A relating to the selected
basis functions in𝐾𝑛+1. The updating formula of S is

(
𝑆
𝑛+1

𝑃

𝑆
𝑛+1

𝐾

) = (
𝑆
𝑛

𝑃

0 ) + (
𝜌𝜂Δ

−𝜂Δ
) , (4)

where Δ = 𝜌𝑇(𝐴𝑇
𝑃
Φ
𝑚
− 𝜆𝜈
𝑃
/2) − 𝐴

𝑇

𝐾
Φ
𝑚
+ 𝜆𝜈
𝐾
/2.

Step 4. 𝑂 = 𝑂 − 𝐾
𝑛+1, and 𝑃 = 𝑃 + 𝐾𝑛+1.

Step 5. 𝑛 = 𝑛 + 1, go to Step 1.

After the inversion on Θ
𝑖
(𝑖 = 1, 2, 3, . . .) completes,

adaptive mesh refinement is triggered. All of the elements
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Begin

Set the initial mesh level 𝑘 = 1

Discretize the whole domain Ω into a
uniform coarse mesh Θ1

Build the reconstruction model

with l1 regularization

Get an approximate solution 𝑆𝑘 on mesh 1

with the SwF-LASSO method.

or 𝑘 > 𝑘max
Yes

No

𝑘 = 𝑘 + 1

Obtain the next locally finer mesh Θ𝑘 with
the adaptive mesh refinement strategy.

Take all of the nodes with nonzero value
into account to form a permissible source

region and build a reduced model:

Solve the model with the IVTCG method
and obtain the reconstruction result on this

locally refined mesh Θ𝑘

End

Θ

𝑆𝑘 = argmin
𝑆𝑘
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𝑚

𝑘
‖
2
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Figure 1: Flow chat of the hybrid multilevel reconstructions method.
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Figure 2: (a) The torso of the mouse atlas model with a cylindrical source in the right kidney. (b) Initial mesh for reconstruction and the
simulated photon distribution on surface.
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Figure 3: Evolution of reconstruction results with the local refined mesh in the single-source case. The green mesh denotes the local region
that consists of nonzero nodes of the solution; the black mesh is the discretized source. (a) to (d) corresponds to four mesh levels, that is, Θ

1

to Θ
4
.

with nonzero reconstructed value are selected to be refined,
which can be regarded as a kind of mesh refinement strategy
based on posteriori error estimation. Using the longest-edge
bisectionmethod, a locally refinedmeshΘ

𝑖+1
is obtained [17].

Unlike other previous reports, we employ a different
reconstruction procedure on the succeeding mesh levels
Θ
𝑖
(𝑖 > 1). The IVTCG algorithm proposed in [23] has

been demonstrated as an effective reconstruction method
by reformulating (2) as a convex quadratic program with
nonnegative constrained conditions. It updates only partial
variables in working set per iteration and adopts a working
set splitting strategy to find the searching directionmore effi-
ciently, which leads to a small subproblem to be minimized
and greatly decreases the number of iterations. The model
transformation and the mechanism of IVTCG are detailed in
[23].

We note that it is the sparseness-related parameter 𝑁
𝑠

that controls the size of the subproblem, which is solved
by the truncated conjugate gradient method. Generally, for
a very sparse problem, IVTCG can obtain accurate results
with reasonable computational efficiency by setting 𝑁

𝑠
=

⌊𝑀/10⌋ and the maximum iterate number of the subproblem
itermax = 𝑁𝑠. However, in the reconstruction procedures after
local mesh refinement, the target is not a very sparse signal
and the computational cost will increase sharply. In view of
this feature, wemake amodification and adjust the parameter
𝑁
𝑠
= ⌊𝑀/4⌋, and itermax = 25 in our implementation.
Anew roundof localmesh refinement and reconstruction

will be performed until the number of refinement exceeds
the maximum number 𝑘max or the model misfit ‖𝐴𝑆 − Φ𝑚‖2

2

is reduced below a prespecified threshold 𝜀. For the results
reported in this work, we used 𝑘max = 4 and 𝜀 = 10

−5.
The procedure of the proposed hybrid multilevel recon-

structions method is illustrated in Figure 1.

3. Numerical Experiments and Results

We tested the proposed hybrid multilevel reconstruction
method with a digital mouse model employing synthetically
generated data. In the following simulations, we employed
a 3D mouse atlas of CT and cryosection data to provide
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Figure 4: From (a) to (d): transverse views at 𝑧 = 25mm of the reconstruction results on mesh Θ
1
to mesh Θ

4
in single source, respectively.

anatomical information [26].TheCT slices of themousewere
segmented into major anatomical components, including
lungs, a heart, a liver, a stomach, kidneys, and muscles.
The corresponding optical properties were the same as the
settings in [27], as shown in Table 1. The whole region
included the mouse torso with a height of 45mm.

In the following numerical experiments, the torso model
was discretized into a tetrahedral-element mesh, and syn-
thetic measurements were generated by solving the forward
model with FEM. To simulate the noise involved in real
BLT experiments, 15% Gaussian white noise was added to
the synthetic data. The qualities of the reconstruction are
quantitatively assessed in terms of location error (LE) and
relative error (RE) between the reconstructed power and the
actual value.

3.1. Single-Target Reconstruction. In the first set of experi-
ments, a cylindrical source with 0.4mm radius and 1mm
height was positioned in the right kidney with the center at
(11, 6, 25), as shown in Figure 2(a). The actual source power
was 0.2299 nW after discretization with FEM. Figure 2(b)
shows the initial mesh for reconstruction and the photon
distribution on the surface.

Following the proposed hybrid multilevel reconstruc-
tions method, the final result in single-source case was
obtained by four rounds of reconstructions. Figure 3 shows
the refinement of local mesh around targets and the solution

Table 1: Optical properties for the atlas organs region.

Material Muscle Lungs Heart Liver Kidney Stomach
𝜇
𝑎
[mm−1] 0.23 0.35 0.11 0.45 0.12 0.21

𝜇


𝑠
[mm−1] 1.00 2.30 1.10 2.00 1.20 1.70

progress from mesh Θ
1
to mesh Θ

4
. According to the pro-

posed methods, fine resolution only presents around targets,
while coarser resolution retains in other regions, which
contributes to reaching the desirable resolution at acceptable
computational cost. Figures 4 and 5 are the transverse views
and 3D views of reconstruction results from mesh Θ

1
to

mesh Θ
4
, which illustrate the improvement of results during

adaptive mesh refinement.
To demonstrate the necessity and effectiveness of the

hybrid reconstruction scheme, we first compared the SwF-
LASSO and IVTCG method on the initial coarse mesh Θ

1
,

and then we compared the results of hybrid method, that is,
SwF-LASSO + IVTCG, with that of only using SwF-LASSO
on the succeeding mesh levels. The detailed reconstruction
results are presented in Table 2. Obviously, the reconstruction
results by IVTCG are inferior to that of SwF-LASSO on
Θ
1
, and hybrid AFEM scheme performs better than the

traditional AFEM that uses monoalgorithm of SwF-LASSO
on the subsequent mesh Θ

2
to mesh Θ

4
.

Owing to the hybrid multilevel reconstruction scheme,
the location error and the relative error of power distinctly
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Figure 5: 3D views of the reconstruction results on mesh Θ
1
to mesh Θ

4
in single source.

decrease with the adaptively local mesh refinement. Espe-
cially, significant improvement of reconstructed density and
power can be seen from the results in Table 2 and Figure 4.

3.2. Double-Source Reconstruction. We also investigated the
resolving ability of the proposed method with two closely
separated sources. Two cylindrical sources, same as that in the
above single-target setting, were located in the right kidney
with their centers at (9, 6.5, 25) and (12, 4, 25), respectively.
They were identical in size and density, but the initial powers
of them were 0.2120 nW and 0.2250 nW, mainly due to the
influence of the mesh. The source setting and the simulated
photon distribution are shown in Figure 6.

In double-source case, the multilevel reconstruction ter-
minated on the third mesh level Θ

3
. Figure 7 displays the

reconstruction results by the proposed method on mesh Θ
1

and mesh Θ
3
. The final result of the traditional AFEM, only

using SwF-LASSO as the inversion algorithm on each mesh
level, is also shown in Figures 7(c) and 7(f) for comparison.
More detailed quantitative results are summarized in Table 3.

Figure 7 witnesses an apparent advantage of using hybrid
scheme. Although the first-round result was biased towards a
node between the targets on mesh Θ

1
, the proposed method

successfully identified the two targets finally, which should
be attributed to both the AFEM and the hybrid strategy.
By contrasting Figure 7(d) with Figure 7(e), we can observe
that the improvement caused by multilevel reconstruction
with AFEM is evident. Nevertheless the final result of using
monoalgorithm of SwF-LASSO is obviously inferior to that
of using hybrid algorithm in terms of location accuracy and
the reconstructed power error. Take source 1 for instance,
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Figure 6: (a) Source setting in double-source case. (b) Initial mesh for reconstruction and the simulated photon distribution on surface.

Table 2: Reconstruction results in single-source case on different mesh levels.

Mesh Recon. method Recon. location (mm) LE (mm) Power (nW) RE (%)

Θ
1

SwF-LASSO 11.02, 5.45, 25.18 0.58 0.1409 38.71
IVTCG 10.60, 5.38, 27.00 2.13 0.0514 77.64

Θ
2

SwF-LASSO 11.02, 5.45, 25.18 0.58 0.1711 25.58
Hybrid method 11.02, 5.45, 25.18 0.58 0.1773 22.88

Θ
3

SwF-LASSO 11.02, 5.45, 25.18 0.58 0.1765 23.23
Hybrid method 11.02, 5.45, 25.18 0.58 0.1861 19.05

Θ
4

SwF-LASSO 11.00, 5.99, 25.01 0.01 0.1834 20.23
Hybrid method 11.00, 5.99, 25.01 0.01 0.2529 10.00

the LE of the hybrid scheme reduces by 0.19mm and the RE
of power falls down to 2.3%. As for source 2, the proposed
hybrid reconstructionmethod yields a 78% plunge in relative
error of power.

4. In Vivo Experiments

To further validate the proposed method, an in vivo exper-
iment was performed on an adult nude mouse. The animal
procedures were in accordance with the Fourth Military
Medical University that approved the animal protocol.

In the in vivo experiment, a capillary approximately
1.25mm in diameter and 4.08mm in length was inserted
into the abdomen of the nude mouse. The capillary filled
with 5𝜇L luminescent liquid served as the testing source
in this experiment. The luminescent solution was extracted
from a red luminescent light stick (Glow products, Victoria,
Canada), and the generated luminescent light had an emis-
sion peakwavelength of about 644 nm.The initial total power
was 300 nW (the total power = luminescent solution volume
× luminescent solution flux density = 5𝜇L × 60 nW/𝜇L).

This set of BLT experiments were conducted with a
dual-modality BLT/micro-CT system [23]. The anesthetized
mouse was first photographed, and luminescent images were
taken by a calibrated CCD camera from four directions at
90 degree intervals with different exposure times. The multi-
view superimposed photographs and luminescent images are
shown in Figures 8(a)–8(d).

After the optical data were acquired, the intactmouse was
scanned using the Micro-CT. Because of the limited field of
view, only the torso section was scanned. The volume data
were reconstructed using GPU-accelerated FDK algorithm
[28]. From the CT slices, we located the center coordinate
(21.44, 27.52, 9.76) of the actual luminescent source. The
mouse bodywas segmented into five anatomical components,
including muscle, heart, lungs, liver, and kidneys. The rel-
evant optical properties of the mouse are listed in Table 4
[29].

Based on the collectedmultiview luminescent images and
the volume data of CT, the 3D surface distribution is deter-
mined by the mapping algorithm described in [30], as shown
in Figure 8(e). After the mapping process, three rounds of
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Figure 7: Top row: transverse views of reconstruction results in double-source case at 𝑧 = 25mm. Bottom row: 3D views. (a) and (d) are the
first-round results on mesh Θ

1
, (b)and (e) are the final results of the proposed hybrid method, (c) and (f) are the final reconstruction results

by the monoalgorithm of SwF-LASSO.

Table 3: Reconstruction results on different mesh levels in double-source case.

Mesh Recon. method Source ID Recon. location (mm) LE (mm) Power (nW) RE (%)

Θ
1

SwF-LASSO 1 10.96, 7.63, 24.52 2.31 0.5231 147.5
2 10.96, 7.63, 24.52 3.81 0.5231 132.5

Θ
2

Only SwF-LASSO 1 9.98, 7.58, 25.33 1.50 0.3337 57.4
2 12.09, 4.66, 25.06 0.67 0.5805 158

Hybrid method 1 9.70, 6.14, 25.10 0.79 0.2208 4.2
2 12.09, 4.66, 25.06 0.67 0.2083 7.4

Θ
3

Only SwF-LASSO 1 9.70, 6.14, 25.10 0.79 0.2894 36.5
2 12.09, 4.66, 25.06 0.67 0.4393 95.2

Hybrid method 1 8.80, 5.94, 24.91 0.60 0.2168 2.3
2 12.09, 4.66, 25.06 0.67 0.2638 17.2

reconstructions on gradually refinedmeshes were performed
with the proposed hybrid method. The reconstruction result
on meshΘ

1
is presented in Figure 9, where the source center

is (20.39, 27.98, 9.78) with a deviation of 1.15mm to the actual
center. From mesh Θ

1
to mesh Θ

3
, the source locations are

identical, which means that the SwF-LASSO algorithm yields
relatively accurate location from the begging. However, the
preliminary reconstruction on the initial coarsemeshΘ

1
pos-

sesses relative bigger errors in source power. After two rounds
of local mesh refinement, the final results of hybrid method
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Figure 8: (a)–(d) are multiview superimposed images of photographs and luminescent images, and (e) is the surface mapping result before
reconstruction.

Table 4: Optical properties of the living nude mouse.

Material Muscle Lungs Heart Liver Kidney
𝜇
𝑎
[mm−1] 0.009 0.460 0.138 0.829 0.155

𝜇


𝑠
[mm−1] 1.258 2.265 1.077 0.736 2.533

improved prominently. Specifically, the reconstructed power
increased from 149.01 nW to 214.60 nW, and the RE of power
decreased from 50.33% to 28.47%. The 3D views of the
corresponding results on mesh Θ

1
to mesh Θ

3
are presented

in Figure 10.

5. Discussion and Conclusion

We present a novel multilevel reconstruction method for
whole domain BLT, which combines the merit of sparse reg-
ularization with the advantage of adaptive FEM. Numerical
experiment results employing synthetic data with a digital
mouse model illustrate that the proposed hybrid multilevel
reconstruction scheme is able to accurately localize and

quantify source distribution without a priori information of
permissible source region and multispectral measurements.
The in vivo experiments conducted on a nude mouse with
a dual-modality BLT/micro-CT system further validate the
proposed method.

From the above experiments, we can find that the
inversion algorithm on the initial coarse mesh has more
important impact on the final result in the proposed hybrid
scheme. The SwF-LASSO algorithm is able to provide a
good initial localizationwith better numerical stability, which
guides the subsequent reconstruction on finer meshes to
obtain more accurate location and power. Furthermore,
the experimental results also demonstrate that the hybrid
strategy works. Compared with the multilevel reconstruction
using monoalgorithm, the hybrid scheme performs better
especially for multiple targets reconstruction. Therefore, it is
also possible to form another qualified hybrid scheme using
some other promising inversion algorithms.

For the sake of computational efficiency, the recon-
structions presented in this paper are based on the diffu-
sion equation. Therefore, the inadequately accurate forward
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Figure 9:The transverse view of the reconstruction result and the comparison with the corresponding CT slices. The cross of the green lines
denotes the actual source center, and the cross of the red lines denotes the reconstructed center.
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Figure 10: (a)–(c) are the reconstruction results for in vivo data on mesh Θ
1
to mesh Θ

3
.
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model also leads to some inevitable error.The reconstruction
performance might be further improved by using more
accurate models, which is also the direction of our further
work.

In addition to the many advantages of adaptive finite
element methods, such as providing fine resolution around
targets with coarser resolution in other region, the proposed
hybrid scheme has two remarkable features. (i) Recon-
struction result evolves adaptively with iterations, and the
reconstruction accuracy is easily controlled by users. (ii) The
inversion techniques employed on the initial coarse mesh
and the succeeding ones vary with the discretization level to
maintain solution stability and computational efficiency.
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Cell morphology is the research foundation in many applications related to the estimation of cell status, drug response, and toxicity
screening. In biomedical �eld, the quantitative phase detection is an inevitable trend for living cells. In this paper, themorphological
change of HeLa cells treated with methanol of different concentrations is detected using digital holographic microscopy. e
compact image-plane digital holographic system is designed based on �ber elements. e quantitative phase image of living cells
is obtained in combination with numerical analysis. e statistical analysis shows that the area and average optical thickness of
HeLa cells treated with 12.5% or 25% methanol reduce signi�cantly, which indicates that the methanol with lower concentration
could cause cellular shrinkage. e area of HeLa cells treated with 50% methanol is similar to that of normal cells (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃𝑃,
which reveals the �xative effect of methanol with higher concentration. e maximum optical thickness of the cells treated with
12.5%, 25%, and 50% methanol is greater than that of untreated cells, which implies the pyknosis of HeLa cells under the effect
of methanol. All of the results demonstrate that digital holographic microscopy has supplied a noninvasive imaging alternative to
measure the morphological change of label-free living cells.

1. Introduction

Cell morphology closely related to its various functions
and activities is the research foundation of the modern
biomedical discipline and life science. Under the normal cell
culture, the size of the living cell changes apparently due
to cell proliferation or cell death, and the survival status of
the cells can also be estimated by the cell morphology to
a great extent. Apoptosis, as a process of the programmed
cell death, plays an important role in the development and
homeostasis, and the morphological change is a typical fea-
ture for distinguishing the apoptosis and necrosis [1, 2]. e
cell morphology can also reveal how the living cells have been
in�uenced by the different environmental factors or different
medical treatments such as anticancer drugs [3, 4]. Besides,

in some diseases such as diabetes mellitus, iron de�ciency
anemia, and thalassemia, the cell morphology is signi�cantly
changed [5, 6]. Comparing with the simple observation, the
quantitative phase detection for the morphological change of
the label-free living cells has become an urgent demand for
the biomedical research.

Optical microscopy is a major and powerful facility
for the biological and medical study for several centuries.
Since biological cells are nearly a kind of transparent objects
called phase objects, the conventional intensity-based light
microscopy imaging method hardly provides the adequate
contrast between the cells and the environment. Fluorescence
microscopy needs the exogenous label contrast agents such as
rhodamine, acridine orange, green �uorescent protein ��FP�
to solve the contrast problem, which may make the living
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cells phototoxic and cytotoxic, and in�uence the cellular
behavior unfortunately [7]. For these issues, many optical
phase-imaging methods have been developed to achieve
the label-free visual observation of living cells. e phase-
contrast imaging techniques such as Zernike phase con-
trast microscope or differential interference contrast (DIC)
microscope apparently increase the contrast of phase or
semiphase objects; however, they are inherently qualitative
approaches and cannot give the quantitative information
of the subcellular structure. erefore, several techniques
have been developed to obtain the full-�eld and quantitative
phase-contrast imaging, such as Fourier phase microscopy
(FPM), Hilbert phase microscopy (HPM), diffraction phase
microscopy (DPM), and digital holographic microscopy
(DHM) [8–13]. Comparing with other imaging methods,
DHM has attracted more attention of researches for its par-
ticular advantages. DHM can retrieve the quantitative ampli-
tude and phase information of the object wavefront from a
single digital hologram, which makes the real-time detection
possible. Since the numerical focusing can be implemented
by the wave propagation theory, DHM does not demand
to strictly record the hologram in the focused image plane
of the object, and the digital autofocusing algorithm can help
to search the best in-focused image. Furthermore, DHMdoes
not need any complex scanning con�guration and possesses
a simple setup accordingly.

e noninvasive cell imaging based on DHM has
attracted more attention in the biomedical �eld. �appaz et al.
measured the physiological parameters of the neurons and
the testate amoebae by using premagni�cation digital holog-
raphy [12, 13]. Kemper et al. studied the invasionmechanism
of the living pancreas carcinoma cells and the interaction
mechanism of the anticancer drug through the dynamic
detection of living cells based onDHMsystem [14]. Kim et al.
achieved the quantitative imaging of ovarian cancer cells
through the angular spectrum method. Besides, they also
quantitatively studied the wrinkling of a silicone rubber �lm
by motile �broblasts based on digital holography [15, 16].
Jeong et al. utilized the digital holographic optical coherence
imaging to track the effect of cytoskeletal anticancer drugs
on tissue inside its natural 3-dimension (3D) environment
using time-course measurement of motility within tumor
tissue [17]. Pavillon et al. applied the digital holographic
microscopy to the early and label-free detection of cell death
of the mouse cortical neurons [18]. However, it is also
essential to develop the effective setup of DHM and expand
its new applications.

e active ingredients of many drugs that are hardly
soluble in water can only be dissolved in the organic solvents
with high polarity [19, 20]. Methanol, as a kind of organic
solvents, is oen applied to the in vitro pharmacodynamic
screening. Nevertheless, the methanol solution with high
concentration has toxic effects on living cells; thus the
methanol should be diluted to a low concentration when it
is used for cell culture. In addition, the �xation of tissues and
cells is a key process of immunohistochemistry. Methanol is a
frequently used �xative with good penetration [21, 22]. It can
remove the lipids leading to cellular dehydration, meanwhile,
the proteins instantaneously precipitated on the cytoskeleton.

Culture plate

Incident wave 

Transmission wave with cell information

Culture medium

Cell

𝑛𝑚
ℎ𝑐
𝑛𝑐
ℎ𝑚

F 1: Schematic diagram of the phase imaging.

e �xative effects of methanol terminate or reduce the
response of exogenous or endogenous enzymes to prevent
autolysis of the cells in order to maintain the inherent shape
and structure of the tissue cells, more importantly, to preserve
antigenicity, and to prevent the loss or diffusion of antigen. In
this paper, HeLa cells (human cervix carcinoma cell) are used
as the tested sample. e cell morphological change treated
with methanol solutions of different concentration is studied
by the DHM imaging system. In combination with the
numerical analysis and image processing, the surface area and
optical thickness of cells are calculated, and the results show
that the methanol solutions with different concentrations
have diverse effects on the morphology of living HeLa cells.

2. Materials andMethods

2.1. Principle of Digital HolographicMicroscopy. Digital holo-
graphic microscopy, as a quantitative phase-contrast imaging
method, is essentially a kind of optical interferometry to
detect the phase delay related to the light passing through the
tested object. When passing through a relatively transparent
sample, the intensity of the light changes very little, while
the light through the sample speeds up or slows down and
brings a corresponding phase change as indicated in Figure
1. e phase delay or advance depends on the relation of
the refraction index between the sample and surrounding
environment. Since the phase information is proportional to
the optical path length called optical thickness, a depth pro�le
of the tested sample can be calculated. erefore, digital
holography is particularly suitable to measure the phase
object such as the living cells and microoptical elements.

In general, the coherent light source is divided into two
arms, one arm goes through the tested object as the object
beam, and the other one is used as the reference beam. e
interference pattern of the object and reference beams is
recorded by a high-resolution CCD detector to obtain the
digital hologram represented by

𝐼𝐼 𝐼 |𝑅𝑅|2 + |𝑂𝑂|2 + 𝑅𝑅∗𝑂𝑂 + 𝑅𝑅𝑂𝑂∗, (1)
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where 𝑂𝑂 and 𝑅𝑅 are the complex amplitude distributions for
object and reference waves in the hologram plane, and ∗

denotes the complex conjugate operator.
As shown in (1), |𝑅𝑅|2 and |𝑂𝑂|2 is the dc term, 𝑅𝑅∗𝑂𝑂 is the

real term, and 𝑅𝑅𝑂𝑂∗ is the virtual term. In the off-axis DHM
con�guration, the three terms are well separated, and the real
term can be extracted by �ltering in the frequency domain
[23]. en the real term 𝑅𝑅∗𝑂𝑂 can be propagated to the image
plane using the diffraction theory. Various algorithms have
been developed for the numerical reconstruction including
Fresnel transform, convolution, and angular spectrum, all
of which can be achieved with the help of fast Fourier
transform (FFT), and we have analyzed the overlapping
quality, accuracy, pixel resolution, computation window, and
the speed of these methods [24]. e FFT-based angular
spectrum method is used in this paper, which is superior
to the FFT-based convolution method in the accuracy and
speed. Different from the conventional optical holography,
image processing technology can be combined to acquire the
quantitative amplitude and phase distribution. In order to
obtain the phase distribution from the digital hologram, it
is essential to propagate the optical wave to different recon-
structed distances to ensure the in-focus plane. e phase
aberration induced by the tilted reference wave, microscopic
objective (MO), and other optical elements can be corrected.
Besides, the phase values are limited in the range of (−𝜋𝜋𝜋 𝜋𝜋𝜋𝜋
due to the principle of the arctan function, so the phase
image will contain 2𝜋𝜋 discontinuities when the optical depth
of test sample is greater than the wavelength 𝜆𝜆. e least-
squares phase-unwrapping algorithm is a good alternative to
acquire the phase information [25]. Aer deducing the object
complex amplitude distribution, we can obtain the phase-
contrast image.

Next, the relation of the optical thickness and the physical
thickness is discussed. For the adherent living cell is typically
immersed in the cell culture solution as shown in Figure 1,
the total optical path delay (OPD) of the transmission wave
can be expressed as [12]:

OPD𝑡𝑡 𝑥𝑥𝜋 𝑥𝑥 = 𝑛𝑛𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥 − 𝑛𝑛𝑚𝑚 ℎ𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥 𝜋 𝑛𝑛𝑚𝑚ℎ𝑚𝑚

= OPD𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥 𝜋OPD𝑚𝑚𝜋
(2)

where 𝑛𝑛𝑐𝑐(𝑥𝑥𝜋 𝑥𝑥𝜋 is the spatially varying integral refractive
index, 𝑛𝑛𝑚𝑚 is the refractive index of the culture solution,
ℎ𝑐𝑐(𝑥𝑥𝜋 𝑥𝑥𝜋 is the spatially varying thickness of the cell, and ℎ𝑚𝑚
is the height of the culture solution. e integral refractive
index 𝑛𝑛𝑐𝑐(𝑥𝑥𝜋 𝑥𝑥𝜋 is de�ned as follows:

𝑛𝑛𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥 =
1

ℎ𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥

ℎ𝑐𝑐(𝑥𝑥𝜋𝑥𝑥𝜋

0
𝑛𝑛𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥𝜋 𝑥𝑥 𝑑𝑑𝑥𝑥𝑑 (3)

OPD𝑚𝑚 is a reference OPD and can be measured in the place
with no cells before calculating OPD𝑐𝑐. en, OPD𝑐𝑐 can be
converted to the cell thickness distribution by

ℎ𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥 =
OPD𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥
𝑛𝑛𝑐𝑐 𝑥𝑥𝜋 𝑥𝑥 − 𝑛𝑛𝑚𝑚

(4)
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F 2: Schematic diagram of setup for the image-plane digital
holographic microscopy.

Lue et al. and Jericho et al. have measured the refractive
index of HeLa cells using Hilbert phase microscopy based on
the micro�uidic devices [26, 27], and the results indicated
that the refractive index 𝑛𝑛𝑐𝑐 is 1𝑑385 ± 0𝑑047. However, a
change of the cellular refractive index may happen when
seeding the Hela cells in different culture medium [13, 28];
meanwhile, as seen from (4), 𝑛𝑛𝑐𝑐(𝑥𝑥𝜋 𝑥𝑥𝜋 is the function of the
spatial coordinate, and the intracellular refractive such as
the nucleoli and cytoplasm also possesses different refractive
index. In view of the refractive index change caused by the
intracellular refractive and the addition of different amounts
of methanol in our experiment, we only give the optical
thickness of Hela cells to describe the morphological feature.

2.2. Digital Holographic System. Digital holographic setup
can be simpli�ed with the combination of the �ber [29–
31]. e image-plane digital holographic microscopy setup
is designed as illustrated in Figure 2. e laser source with a
wavelength 532 nm is coupled into a �ber by a laser-to-�ber
coupler (LFC) and then divided into two arms by a 1 × 2
�ber coupler (FC). A beam collimated by a �ber collimator
(FCL) is employed as the object illumination beam, and the
other one that is nearly spherical is used as the reference
beam.e microscopic objective (20x, NA = 0.4) collects the
light transmitted by the sample and produces amagni�ed real
image on the image plane. e CCD camera is placed at the
image plane of the object and records the digital hologram.
e CCD camera can generate 1280 × 1024 pixel images
with 4.65 𝜇𝜇m × 4.65 𝜇𝜇m sized pixel. e reference light is
re�ected by a beam splitter (BS), which makes a small angle
between the object beam and the reference beam. e two
�ber attenuators (FA) in the object and reference arms are
applied to adjust the intensity ratio to improve the image
quality of digital hologram.
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2.3. Sample Preparation. HeLa cells (from American Type
Culture Collection) were maintained in Dulbecco�s modi�ed
eagle medium (DMEM) supplemented with 10% (v/v) heat-
inactivated fetal bovine serum (FBS), 100 units/mLpenicillin,
100mg/mL streptomycin, and 2mM L-glutamine. e cells
were incubated at 37∘C with 5% CO2. When the cell con�u-
ence reached about 90%, 0.25% trypsin solution was used to
digest the cells for �ve minutes. en 3.0 × 105 HeLa cells
were seeded in 6-well plastic plates. Twenty-four hours aer
seeding, the cells were about 70% con�uence. Methanol solu-
tion was serially diluted to 2-, 4-, or 8-fold using DMEM.e
cultural supernatant was replaced with the diluted organic
solvents or fresh DMEM. ree dilutions were applied, and
four duplicates were adopted for each dilution. e concen-
tration of methanol of each dilution was 12.5%, 25.0%, and
50% (v/v), respectively. e wells only with cells and without
any organic solvent were used as cell control (CC). Twelve
hours later, four samples are used for the morphological
analysis of the living cells.

2.4. Digital Processing and Measurements. e hologram
recorded by the image-plane digital holographic system is
�ltered in the frequency domain to remove the dc term and
the virtual term. We adjusted CCD to the image plane of
the object as much as possible in experiments, whereas it is
inevitable that there may be a small distance between CCD
and the exact image plane due to the limitation of the tuning
component. To compensate the experimental error, the
diffraction propagation within a distance ±2mm is applied
to rede�ne the in-focus plane by angular spectrum algo-
rithm. e phase aberration is corrected using the two-step
phase subtraction method. In experiments, a reference holo-
gramwithout the culturemedium is recorded �rstly, and then
the phase images of the holograms with the culture medium
can be acquired. It has been proved that it is sufficient
to record a reference hologram prior to the measurement
procedure to compensate the phase aberration [32]. Finally,
the unwrapped phase image is obtained by the least-squares
phase-unwrapping algorithm, and then the quantitative
phase information of living cells can be obtained. In order to
describe the morphological change of cells, the image seg-
mentation is utilized to extract each cell from the phase image
based on Matlab programs.

e process of the image segmentation is that �rstly,
the noises are reduced by the �auss �lter and median-�lter
with 5 × 5 pixels. ere are usually a few tens of cells in a
phase image, thus a small area including the interested cell
is cut from the whole phase image to reduce the computa-
tional complexity and improve the accuracy of segmentation.
Secondly, the image is enhanced by Sobel operator, and
an adaptive threshold algorithm is adopted to transfer the
phase image to a binary image. Considering the living cell is
generally bigger than the discrete noises, so the connection
area of a cell is larger than that of noises. According to this
idea, the residual discrete noises can be mostly removed by
detecting the pixel number of the connection area. Finally,
we can label the location of the interested cell in the binary
image. On the one hand, the surface area can be easily

calculated according to the total pixel number covered by
the cell; on the other hand, we can also obtain the optical
thickness of the cell. We pay more attention to the maximum
optical thickness and average optical thickness of the cell. It
is worth noting that the optical thickness of the cell is the
difference between the thickness with cells and the reference
thickness without cells. To increase the precision of optical
thickness, the reference thickness is computed by averaging
the optical thickness of several areas without cells.

3. Results and Discussion

In experiments, HeLa cells treated with different concen-
trations of methanol are imaged in the plastic plate. e
morphology of untreated cells is illustrated in Figure 3(a).
e cells are arranged regularly with the shape of polygon or
diamond, which indicate that cells are mostly growing adher-
ently in a healthy status. Besides, it is worth to note that the
spontaneous death or aging of some cells may happen though
cultured in a good condition. With the death of aging cells,
the cells gradually lose the ability of adherent and become
rounded under the surface tension in the solution. As shown
in the dashed box of Figure 3(a), it is apparently a typical
rounding death cell. Aiming to this kind of cells, not only
the surface area changes into a round shape, but also the cell
thickness has a visible change that can be supplied by digital
holographic technology superiorly. For 18 normal cells in
Figure 3(a), their average optical thicknessOT is 0.99 rad, and
the average maximum optical thickness OTmax is 2.89 rad.
Here, the average maximum optical thickness is de�ned as
the average value of the maximum optical thickness of the
counted cells. For the rounding cell in the dashed box, its
average optical thickness OT becomes higher up to 3.47 rad,
and its maximum optical thickness OTmax is 6.45 rad. ere-
fore, the oversize optical thickness may be a characterization
of this kind of abnormal cells.

Methanol solutions with different concentrations have
diverse effects on the morphology of living HeLa cells.
Since the intermediate metabolite such as formaldehyde and
formic acid caused by the excessive methanol will damage
the cells to some extent. e cell morphologies treated
with 12.5%, 25% and 50% methanol are shown in Figures
3(b), 3(c), and 3(d), respectively. We can see that the cell
morphologies treated with methanol have obvious changes,
especially the cell morphologies treated with 12.5% and 25%
methanol.

e size distribution of 56 cells treated with 0% or 12.5%
methanol is depicted in Figure 4 intuitively, where 𝑥𝑥 and
𝑦𝑦 coordinates represent the surface area (𝑆𝑆) and the aver-
age optical thickness (OT) of cells. Comparing Figure 4(a)
with 4(b), both the cell area and average optical thickness
distribute in a different interval, which imply the shape
changes accordingly.

To describe the shape change quantitatively, the informa-
tion of 56 cells are extracted from each concentration, and
the parameters including area 𝑆𝑆, average optical thickness
(OT), average maximum optical thickness (OTmax), and the
respective standard deviations (SD) are listed in Table 1. e
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F 3: Phase-contrast imaging results of living cells aer seeding 12 hours: (a) cell control; (b) treated with 12.5% methanol; (c) treated
with 25%methanol; (d) treated with 50%methanol.
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F 4: Size distribution of 56 cells: (a) cell control; (b) treated with 12.5%methanol.



6 Computational and Mathematical Methods in Medicine

T 1: Data of the cell morphology with different methanol concentration.

Methanol concentration (%) Parameters
𝑆𝑆 (𝜇𝜇m2) OT (rad) OTmax (rad)

0 (CC) 590.3 ± 153.9 1.1 ± 0.4 3.1 ± 0.6
12.5 394.8 ± 152.8∗∗ 0.8 ± 0.4∗∗ 3.2 ± 0.7
25 488.3 ± 180.6∗∗ 0.8 ± 0.3∗∗ 4.2 ± 0.6∗∗

50 574.0 ± 211.8 1.3 ± 0.4∗∗ 4.1 ± 0.6∗∗

Remark: where ∗∗𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃 compared with the group of cell control.

statistical signi�cance of experimental data is analyzed using
𝑡𝑡 test and (analysis of variance) ANOVA based on Statistical
Package for the Social Sciences (SPSS) Release 16.0. ANOVA
shows signi�cant differences existing in the above parame-
ters between the four groups (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃). en differences
between the group of cell control and the group treated with
methanol were probed. For HeLa cells treated with 12.5% or
25% methanol, the area is reduced signi�cantly compared
with that of the normal cells (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃), which indicates that
the methanol with lower concentration could cause cellular
shrinkage. ForHeLa cells treatedwith 50%methanol, the area
is similar with that of the normal cells (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃), which
veri�es the �xative effect of higher methanol concentration.
However, there are still signi�cant differences in bothOT and
OTmax (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃) that can only be detected by phase image.
emorphological feature of cells treated with 25%methanol
shows signi�cant differences in three parameters 𝑆𝑆, OT, and
OTmax (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃). Besides, the average maximum optical
thickness of the cells treated with 12.5%, 25%, and 50%
methanol is greater than that of untreated cells, which implies
the pyknosis of HeLa cells under the effect of methanol.

4. Conclusions

It has been recently an urgent demand to quantitatively detect
the morphology for living cells in the biomedical and life
science �eld. In this paper, the morphological change of
HeLa cells treated with the methanol solution is measured
based on digital holographic microscopy.Methanol, as a kind
of organic solvents, is oen used to dissolve some drugs
with low concentrations and also applied to the �xation of
tissues and cells with high concentrations. Aer recording the
hologram using the image-plane digital holographic system,
the phase image of living cells is calculated by numerical
analysis. With the assistance of the image processing, the
surface area and optical thickness of the living cells are
computed to describe the cell morphology quantitatively.
e ANOVA shows signi�cant differences between the four
groups (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃). Compared with the CC group, 𝑆𝑆 and OT
ofHeLa cells treatedwith 12.5% or 25%methanol are reduced
signi�cantly, which veri�es that the methanol with lower
concentration has the toxic effects and could cause cellular
shrinkage. For HeLa cells treated with 50% methanol, 𝑆𝑆 is
similar with that of the normal cells (𝑃𝑃 𝑃 𝑃𝑃𝑃𝑃), which reveals
the �xative effect of methanol with higher concentration.
Furthermore, OTmax of the cells treated with 12.5%, 25%,
and 50% methanol is greater than that of untreated cells,

which implies the pyknosis of HeLa cells under the effect
of methanol. All of the results demonstrate that digital
holographic microscopy is a noninvasive imaging approach
for detecting themorphological change of the label-free living
cells.
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Bioluminescence tomography (BLT) has a great potential to provide a powerful tool for tumor detection,monitoring tumor therapy
progress, and drug development; developing new reconstruction algorithms will advance the technique to practical applications.
In the paper, we propose a BLT reconstruction algorithm by combining SP3 equations and Bregman iteration method to improve
the quality of reconstructed sources. e numerical results for homogeneous and heterogeneous phantoms are very encouraging
and give signi�cant improvement over the algorithms without the use of SP3 equations and Bregman iteration method.

1. Introduction

As an emerging molecular imaging technique, biolumines-
cence imaging (BLI) is potentially well suited for early detec-
tion, clinical drug development and monitoring, and regen-
eration research [1–5]. erefore, this imaging modality has
received increasingly intense research interest worldwide
over the recent years.

To date, planar BLI is commonly used because of its
ease of implementation and operational simplicity, but it
also suffers from signi�cant limitations, including the low
resolution, the lack of quanti�cation, and the incapacity
of accurately providing depth information [6]. In contrast,
bioluminescence tomography (BLT) could overcome these
limitations by using accurate reconstruction algorithms
coupled with theoretical models of photon propagation in
biological tissues, providing higher resolution, quanti�cation
accuracy, and depth information [7]. In comparing BLT to
planar BLI, planar BLI is a qualitative analysis and BLT is a
quantitative analysis [8]. erefore, scientists are now paying
more attention to the advancement of BLT research.

e objective of BLT is to recover the unknown biolumi-
nescent source distribution 𝑠𝑠 𝑠 𝑠𝑛𝑛 based on the noisy surface
measurements Φmeas 𝑠 𝑠𝑚𝑚 [6, 7]. Indeed, the problem is
also called the inverse problem.However, amajor difficulty in
recovering the bioluminescent source distribution is imposed

by multiple scattering which occurs when light propagates
through biological tissues. is makes the inverse problem
severely ill-posed [7]. Furthermore, the number of recovered
unknown source distributions is usually far more than the
number of detected boundary measurements, that is, 𝑚𝑚 𝑚 𝑛𝑛
(in many cases, 𝑚𝑚 𝑚 𝑛𝑛). Hence, BLT is also a typically
underdetermined problem. To obtain a meaningful solution,
regularization techniques are usually adopted, which consist
of solving the following constrained optimization problem
[9]:

min
𝑠𝑠𝑠𝑠

𝐴𝐴𝑠𝑠 𝐴 Φmeas22 + 𝜆𝜆 𝜆 𝜆𝜆 (𝑠𝑠) , (1)

where 𝜆𝜆(𝜆) is a properly chosen regularization term, 𝜆𝜆 𝜆 𝑠
represents regularization parameter, and𝐴𝐴 𝑠 𝑠𝑚𝑚𝑚𝑛𝑛 is a linear
operator, typically formed by discretizing diffusion equation
with �nite element methods [10].

When 𝜆𝜆(𝑠𝑠)𝐽𝐽𝑠𝑠𝐽22, the above regularized problem becomes
the popular Tikhonov regularization, which inherently pro-
vides smoothed solutions and therefore offers compromised
accuracy in localizing bioluminescent sources [11]. Recently,
𝑙𝑙1-regularized problems, that is, 𝜆𝜆(𝑠𝑠) 𝐽 𝐽𝑠𝑠𝐽1, have received
an increasing amount of attention in optical imaging, which
allow high-quality images to be reconstructed from a small
amount of boundary measurements [11–14]. However, 𝑙𝑙1-
regularized problems can sparsify the bioluminescent source
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distribution, which affects the quality of reconstructed
images [13, 15].

Furthermore, in order to obtain the matrix 𝐴𝐴 in (1), the
diffusion approximation (DA) to radiative transfer equation
(RTE) is widely used as the forward model for BLT recon-
structions. Although the DA is one of the most important
approximation methods in BLT [6–11], it suffers from some
limitations [12–14]. Firstly, the scattering is dominated over
absorption and secondly, the DA fails in modeling light
propagation in the vicinity of those highly vascularized tissue
parts [12–14]. erefore, the DA will introduce signi�cant
error in some BLT cases [14]. In contrast, the RTE is widely
accepted as an accurate model for light propagation in
biological tissues. However, the use of the RTE as the forward
model for BLT is oen not feasible due to the facts that
analytical solutions cannot exist for biological tissues with
spatially nonuniform scattering and absorption properties
and the computation of numerical approximations for the
solution is extremely time consuming [16, 17]. A generalized
delta-Eddington phase function was recently presented to
simplify the RTE, and the more accurate solution was
obtained relative to the DA [18, 19]. However, the parameter
𝑓𝑓 used in the model is difficult to compute [18, 19]. In
addition, the system matrix for the model is also difficult
to construct for complex heterogeneous geometries. ese
factors seriously limit the utilization of the model in BLT.
e use of simpli�ed spherical harmonics (SPN) equations to
approximate the RTE has been demonstrated to signi�cantly
improve the diffusion solution in domains with high absorp-
tion and small geometries [5, 12–14, 16, 20]. Meanwhile, the
SPN methods are computationally less expensive than the
RTE ones.

Large efforts in combining multiple types of a priori
information to develop BLT reconstruction algorithms to
improve the quality of reconstructed images, particularly
the permissible source region and multispectral information,
have formed the grounds of BLT reconstructions [9–11,
20–26]. Despite the recent advances in BLT reconstruction
algorithms and light propagation models, it is necessary to
develop and re�ne reconstructionmethods to improve image
quality.

Bregman iteration method has been studied recently and
is widely used in compressed sensing [27, 28]. e idea
is to add the residual, that is, the error produced at the
current iteration, back to the data for the next iteration to be
corrected [27].emethod is particularly attractive for sparse
reconstruction, but so far it has not been fully investigated
and analyzed in BLT, and this is the goal of this paper.

In this paper, we propose a BLT algorithm to improve
the quality of reconstructed images. In the algorithm, SP3
equations are adapted to model light propagation, and Breg-
man iteration method is used to solve the inverse problem
for BLT. Numerical results demonstrate that the quality of
reconstructed images is improved greatly. e rest of the
paper is organized as follows. In the following section, we
described SP3 equations as light propagation model and
Bregman iteration method. Last, numerical experiments
were performed to evaluate the proposed algorithm, and
corresponding conclusions were made.

2. Methods

2.1. SP3 Equations. epropagation of light in biological tiss-
ues can be well modeled by SP3 equations. SP3 equations are
two coupled diffusion equations for the moments 𝜙𝜙1 and 𝜙𝜙2
[16, 17]:

− ∇ ⋅ 
1

3𝜇𝜇𝑎𝑎1 (𝑟𝑟)
∇𝜙𝜙1 (𝑟𝑟)+𝜇𝜇𝑎𝑎 (𝑟𝑟) 𝜙𝜙1 (𝑟𝑟)−

2𝜇𝜇𝑎𝑎 (𝑟𝑟)
3

𝜙𝜙2 (𝑟𝑟)=𝑆𝑆 (𝑟𝑟) ,

−
2𝜇𝜇𝑎𝑎 (𝑟𝑟)
3

𝜙𝜙1 (𝑟𝑟) − ∇ ⋅ 
1

7𝜇𝜇𝑎𝑎3 (𝑟𝑟)
∇𝜙𝜙2 (𝑟𝑟)

+ 
4
9
𝜇𝜇𝑎𝑎 (𝑟𝑟) +

5
9
𝜇𝜇𝑎𝑎2 (𝑟𝑟) 𝜙𝜙2 (𝑟𝑟) = −

2
3
𝑆𝑆 (𝑟𝑟) ,

(2)

where 𝜇𝜇𝑎𝑎𝑎𝑎 = 𝜇𝜇𝑎𝑎 + (1 − 𝑔𝑔
𝑚𝑚) ⋅ 𝜇𝜇𝑠𝑠 (𝑚𝑚 = 1, 2, 3), and 𝜇𝜇𝑎𝑎 and 𝜇𝜇𝑠𝑠

are the absorption and scattering parameters, respectively. 𝑔𝑔
is the anisotropy parameter.

e boundary conditions are given by


1
2
+ 𝐴𝐴1 𝜙𝜙1 (𝑟𝑟) +

1 + 𝐵𝐵1
3𝜇𝜇𝑎𝑎1 (𝑟𝑟)

𝑎𝑎 ⋅ ∇𝜙𝜙1 (𝑟𝑟)

= 
1
8
+ 𝐶𝐶1 𝜙𝜙2 (𝑟𝑟) +

𝐷𝐷1
𝜇𝜇𝑎𝑎3 (𝑟𝑟)

𝑎𝑎 ⋅ ∇𝜙𝜙2 (𝑟𝑟) ,


7
24

+ 𝐴𝐴2 𝜙𝜙2 (𝑟𝑟) +
1 + 𝐵𝐵2
7𝜇𝜇𝑎𝑎3 (𝑟𝑟)

𝑎𝑎 ⋅ ∇𝜙𝜙2 (𝑟𝑟)

= 
1
8
+ 𝐶𝐶2 𝜙𝜙1 (𝑟𝑟) +

𝐷𝐷2
𝜇𝜇𝑎𝑎1 (𝑟𝑟)

𝑎𝑎 ⋅ ∇𝜙𝜙1 (𝑟𝑟) .

(3)

e coefficients 𝐴𝐴1,… ,𝐷𝐷1,… ,𝐴𝐴2,… ,𝐷𝐷2 can be found
in [16]. Furthermore, the partial current can be obtained from
solutions 𝜙𝜙1 and 𝜙𝜙2:

𝐽𝐽+ (𝑟𝑟) = 
1
4
+ 𝐽𝐽0 𝜙𝜙1 (𝑟𝑟) −

0.5 + 𝐽𝐽1
3𝜇𝜇𝑎𝑎1 (𝑟𝑟)

𝑎𝑎 ⋅ ∇𝜙𝜙1 (𝑟𝑟)

+−
1
16

−
2
3
𝐽𝐽0+

1
3
𝐽𝐽2 𝜙𝜙2 (𝑟𝑟) −

𝐽𝐽3
7𝜇𝜇𝑎𝑎3 (𝑟𝑟)

𝑎𝑎 ⋅ ∇𝜙𝜙2 (𝑟𝑟) .

(4)

e coefficients 𝐽𝐽0, 𝐽𝐽1,… , 𝐽𝐽3 can also be found in [16].
Solving the above equations by �nite element methods, a
linear operator 𝐴𝐴 can be established [29].

2.2. Bregman Iteration Method. Bregman iteration method is
based on the de�nition of Bregman distance. e Bregman
distance associated with a convex function 𝐸𝐸 at the point 𝜐𝜐 is
given as [27]

𝐷𝐷𝑝𝑝
𝐸𝐸 (𝑢𝑢, 𝑢𝑢) = 𝐸𝐸 (𝑢𝑢) − 𝐸𝐸 (𝑢𝑢) − 𝑝𝑝, 𝑢𝑢 − 𝑢𝑢 , (5)

where 𝑝𝑝 𝑝 𝑝𝑝𝐸𝐸 is in the subgradient of 𝐸𝐸 at 𝑢𝑢. Clearly, this is
not a distance in the usual sense because it is not in general
symmetric. However, it does measure closeness in the sense
that 𝐷𝐷𝑝𝑝

𝐸𝐸(𝑢𝑢, 𝑢𝑢) 𝑢 0 and 𝐷𝐷𝑝𝑝
𝐸𝐸(𝑢𝑢, 𝑢𝑢) 𝑢 𝐷𝐷𝑝𝑝

𝐸𝐸(𝑤𝑤, 𝑢𝑢) for 𝑤𝑤 on the line
segment between 𝑢𝑢 and 𝑢𝑢 [27].
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Initialization: 𝜀𝜀 𝜀 𝜀, 𝑘𝑘max 𝜀 𝜀, 𝑘𝑘 𝑘 𝑘, 𝑣𝑣𝑘 𝑘 𝜀, and 𝑠𝑠
Construct the operator 𝐴𝐴 by solving SP3 equations

While 𝑠𝑠𝑘𝑘𝑘𝑘 − 𝑠𝑠𝑘𝑘 / 𝑠𝑠𝑘𝑘𝑘𝑘 < 𝜀𝜀 or 𝑘𝑘 < 𝑘𝑘max do
Solve (7): 𝑠𝑠𝑘𝑘𝑘𝑘 ← arg min

𝑠𝑠𝑠𝜀
‖𝐴𝐴𝑠𝑠 − 𝐴𝐴meas 𝑘 𝑣𝑣𝑛𝑛)‖

2
2 𝑘 𝜆𝜆 𝜆 𝜆𝜆𝐴𝑠𝑠)

Update 𝑣𝑣𝑘𝑘: 𝑣𝑣𝑘𝑘𝑘𝑘 ← 𝑣𝑣𝑘𝑘 𝑘 𝐴
meas − 𝐴𝐴𝑠𝑠𝑘𝑘𝑘𝑘

𝑘𝑘 ← 𝑘𝑘 𝑘 𝑘
End while

A 1: BLT reconstruction with SP3 equations and Bregman iteration method.

Based on Bregman iteration method, (1) can be reformu-
lated as

𝑠𝑠𝑘𝑘𝑘𝑘 𝑘 arg min
𝑠𝑠𝑠𝜀

𝐷𝐷𝑝𝑝
𝜆𝜆 𝑠𝑠𝑠 𝑠𝑠𝑘𝑘 𝑘

𝑘
𝜆𝜆
𝐴𝐴𝑠𝑠 − 𝐴meas22

𝑘 arg min
𝑠𝑠𝑠𝜀

𝜆𝜆 𝐴𝑠𝑠) − 𝑝𝑝𝑘𝑘𝑠 𝑠𝑠 − 𝑠𝑠𝑘𝑘 𝑘
𝑘
𝜆𝜆
𝐴𝐴𝑠𝑠 − 𝐴meas22 𝑠

𝑝𝑝𝑘𝑘𝑘𝑘 𝑘 𝑝𝑝𝑘𝑘 −
𝑘
𝜆𝜆
𝐴𝐴𝑇𝑇 𝐴𝐴𝑠𝑠𝑘𝑘𝑘𝑘 − 𝐴

meas 𝑠
(6)

where 𝑝𝑝𝑘𝑘𝑘𝑘 ∈ 𝜕𝜕𝜕𝜕𝐴𝑠𝑠𝑘𝑘𝑘𝑘) and 𝐴𝐴𝑇𝑇 is the adjoint operator of
𝐴𝐴. Since the operator 𝐴𝐴 is linear in BLT reconstructions,
the above complicated iteration can be transformed to the
following two-stage iteration procedure with 𝑣𝑣𝜀 𝑘 𝜀 [27]:

𝑠𝑠𝑘𝑘𝑘𝑘 𝑘 arg min𝑠𝑠𝑠𝜀
𝐴𝐴𝑠𝑠 − 𝐴meas 𝑘 𝑣𝑣𝑛𝑛

2
2 𝑘 𝜆𝜆 𝜆 𝜆𝜆 𝐴𝑠𝑠) 𝑠 (7)

𝑣𝑣𝑘𝑘𝑘𝑘 𝑘 𝑣𝑣𝑘𝑘 𝑘 𝐴
meas − 𝐴𝐴𝑠𝑠𝑘𝑘𝑘𝑘. (8)

is is done by iteratively solving the optimization problem
(7) and then modifying the measured value of 𝐴meas used in
the next iteration. And (8) is usually referred as “adding back
the noise” [30]. In the paper, 𝜆𝜆𝐴𝜆) is �xed as the 𝑙𝑙𝑘 regularizer.
e implementation of (7) was performed by a gradient
projected (GP) algorithm [31]. e proposed algorithm was
depicted in Algorithm 1.

3. Results

To fully evaluate the performance of the proposed algo-
rithm, homogeneous and heterogeneous experiments were
performed. In the experiments, the parameters 𝜀𝜀 and 𝑘𝑘max
were set to 𝑘×𝑘𝜀−3 and 10, respectively.e parameters in GP
algorithm set default values, except the maximum iteration
number is �xed at 50000 to ensure the convergence of the
algorithm unless otherwise is speci�ed.

3.1. Homogeneous Phantom Experiments. In this section, 2D
numerical simulations were used to investigate the perfor-
mance of the proposed algorithm since less computational
time was required for 2D data. Here, two individual cases
were considered. In the �rst case, numerical simulations
were performed on a homogenous circle with 10mm radius.
Within this circle, two sources (source 1 and source 2) were
placed in (−5, 0) mm and (0, 5) mm, respectively and each

T 1: Optical properties for different bands [22].

Wavelength 𝜇𝜇𝑎𝑎 (mm−1) 𝜇𝜇𝑠𝑠′ (mm−1) 𝜇𝜇𝑠𝑠′/𝜇𝜇𝑎𝑎 𝑔𝑔
600 nm 0.0281 1.6667 59.3 0.9
620 nm 0.0109 1.6129 147.9 0.9

source had a radius of 1.0mm. e corresponding optical
parameters were listed in Table 1. e boundary data were
generated for two wavelengths (600 and 620 nm) with �nite
element methods, and different levels of Gaussian noise (0%,
10%, and 30%) were added to the datasets. BLT reconstruc-
tions were performed without and with Bregman iteration
method. Corresponding results were shown in Figure 1. In
this case, the ratios of 𝜇𝜇𝑠𝑠′/𝜇𝜇𝑎𝑎 are larger than 10; therefore, the
circular phantom has high-scattering characteristics. Hence,
the DA is suitable for the simulation. For comparison,
we carried out BLT reconstructions with the DA as the
forward model; reconstructed images were also illustrated
in Figure 1. From Figure 1, we can see that the results
with SP3 equations are better than those obtained with the
DA and Bregman iteration method can improve the quality
of reconstructed images. e best results are obtained by
combing SP3 equations and Bregman iteration method. In
addition, quantitative results were summarized in Table 2.
Data inTable 2 show that reconstructed position errors can be
signi�cantly reduced when SP3 equations are used together
with Bregman iteration method

Furthermore, we tested the proposed algorithm by using
experiments with multiple bioluminescent sources.e opti-
cal properties of a real mouse muscle for different wave-
lengths (580 and 620 nm) were assigned as listed in Table 3
[29]. Four identical sources with 1mm radii were placed
different positions. First, the sources were placed near the
surfaces, and the distance to the center of the circle was
7.07mm. e boundary measurements were also produced
by �nite element methods, and 20% Gaussian noise was
added into the simulated data. Note that in the test, 𝜇𝜇′𝑠𝑠/𝜇𝜇𝑎𝑎
for two wavelengths are less than 10; therefore, the condition
𝜇𝜇′𝑠𝑠 ≫ 𝜇𝜇𝑎𝑎 does not hold and the DA is less valid. Hence,
BLT reconstructions with the DA were not implemented.
e results with SP3 equations are shown in Figures 2(a)
and 2(b). Next, the sources were placed at 5mm positions
off the center. en BLT reconstructions were performed, as
shown in Figures 2(c) and 2(d). Furthermore, quantitative
results were shown in Table 4. It is worthy of mentioning
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F 1: Reconstructed images with different methods with different levels of noisy data. e �rst and second columns are reconstructed
results with the DA and SP3 equations as the forward models, respectively. e last column is the images by combing SP3 equations and
Bregman iteration method. e �rst row is the results with noise-free data and the middle and last rows are the results with 10% and 30%
noisy data. e white circles represent the actual sources.

T 2: Quantitative reconstruction results in the case of two sources for homogeneous phantom experiments.

Noise levels Number of source Reconstructed central position using different methods (unit: mm)
DA SP3 SP3 + Bregman

0% No. 1 (−5.99, 0.35) (−5.49, 0.28) (−5.00, 0.21)
No. 2 (−0.08, 6.00) (0.14, 5.50) (−0.15, 5.00)

10% No. 1 (−5.99, 0.35) (−5.49, 0.28) (−5.00, 0.21)
No. 2 (−0.08, 6.00) (0.14, 5.50) (−0.15, 5.00)

30% No. 1 (−5.45, 0.78) (−5.49, 0.28) (−5.00, 0.21)
No. 2 (−0.86, 5.43) (−0.64, 4.96) (0.07, 4.50)

that BLT reconstructions without andwith Bregman iteration
method use the same regularization parameter (i.e., 3×10−6),
but the reconstructed results are different. From Figure 2
and Table 4, it is easily concluded that better images can be
obtained by combining SP3 equations and Bregman iteration
method.

3.2. Heterogeneous Phantom. In the subsection, a micro-
MRI-based heterogeneous mouse model (MOBY) was used
to validate the proposed algorithm [32]. About 2/3 of the
entire phantomwas used formesh generation, and a volumet-
ric mesh with 17661 nodes and 93312 tetrahedron elements
was obtained by iso2mesh [33], as shown in Figure 3.
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F 2: Reconstructed images in the case of four sources.e corresponding images are shown for sources near the surfaces (top row) and
near the center (bottom row). (a) and (c) are results obtained only with SP3 equations. (b) and (d) are the results by combing SP3 equations
and Bregman iteration method.

F 3: e heterogeneous mouse phantom.

e optical properties of different tissues were assigned
according to Table 5, reproduced from Alexandrakis et al.
[21�. e forward simulation data was produced by �nite
element methods, and 10% Gaussian noise was added. en
BLT reconstructions were performed without and with Breg-
man iterationmethod.e regularization parameters used in

the two methods were the same, and the value was 0.1. e
maximum iteration number in the GP algorithm was set to
5000, and other parameters remained unchanged.e recon-
structed results without and with Bregman iteration method
were shown in Figure 4. From the images, we can see that
the quality of reconstructed images can be improved with the
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F 4: Cross sections of the reconstructed images through the actual center of the real source for heterogeneous mouse experiment. (a)
and (b) are coronal sections� (c) and (d) transverse sections� (e) and (f) sagittal sections. e �rst and second columns show reconstructions
without and with Bregman iteration method, respectively.

T 3: Optical property parameters used in the case four sources
[29].

Wavelength 𝜇𝜇𝑎𝑎 (mm−1) 𝜇𝜇𝑠𝑠 (mm−1) 𝜇𝜇𝑠𝑠′/𝜇𝜇𝑎𝑎 𝑔𝑔
580 nm 0.463 9.75 2.11 0.9
620 nm 0.107 9.22 8.62 0.9

use of Bregman iteration method. Furthermore, the recon-
structed central positions for the two algorithms are (22.77,
14.95, 13.33mm) and (22.24, 13.95, 14.49mm), respectively.

e real source position is (22.07, 14.43, 13.06mm). e
absolute distances between reconstructed sources and the
real source are 0.91mm and 1.52mm, respectively. e
quantitative results also demonstrate that Bregman iteration
method can improve the quality of reconstructed images.

4. Conclusion

We have presented a BLT reconstruction algorithm by comb-
ing SP3 equations and Bregman iteration method as a com-
petitive method for reconstructing bioluminescent sources
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T 4: Quantitative results between the actual and the reconstructed source centers with different methods in the case of four sources.

Actual source position Reconstructed source position
with SP3 method

Reconstructed source position
with SP3 and Bregman method

(5, −5) (5.14, −5.47) (4.96, −4.94)
(−5, −5) (−5.27, −5.34) (−4.94, −4.96)
(−5, 5) (−4.81, 5.76) (−4.95, 4.95)
(5, 5) (4.86, 5.72) (4.95, 4.95)
(5, 0) (4.98, 0.50) (4.98, 0.50)
(−5, 0) (−5.45, 0.78) (−5.49, 0.28)
(0, 5) (−0.36, 5.49) (0.14, 5.50)
(0, −5) (0.72, −5.96) (0.58, −5.47)

T 5: Optical properties of biological tissues for different wavelengths [21].

620 nm 700 nm
𝜇𝜇𝑎𝑎 (mm−1) 𝜇𝜇𝑠𝑠 (mm−1) 𝑔𝑔 𝜇𝜇𝑎𝑎 (mm−1) 𝜇𝜇𝑠𝑠 (mm−1) 𝑔𝑔

Muscle 0.086 4.29 0.9 0.0027 11.8 0.9
Skeleton 0.06 24.95 0.9 0.039 23.4 0.9
Heart 0.058 9.63 0.9 0.038 9.05 0.9
Bladder 0.086 4.29 0.9 0.0027 11.8 0.9
Testis 0.086 4.29 0.9 0.043 21.09 0.9
Pancreas 0.345 6.78 0.9 0.23 6.48 0.9
Spleen 0.345 6.78 0.9 0.0077 13.77 0.9
Stomach 0.086 4.29 0.9 0.23 6.48 0.9
Liver 0.345 6.78 0.9 0.043 21.09 0.9
Kidneys 0.05 5.4 0.9 0.23 6.48 0.9
Lungs 0.195 21.73 0.9 0.13 21.24 0.9

and validated the proposed algorithm using homogeneous
and heterogeneous experiments. It has been demonstrated
that the proposed algorithm can enhance the recovery of bio-
luminescent sources in terms of the quality of reconstructed
images and localization error.

e use of SP3 equations is a helpful technique to improve
BLT reconstructions. Our experiments have illustrated that
the appearance of artifacts can be reducedwhen SP3equations
are used as the forward model. However, the computation
of the system matrix 𝐴𝐴 by solving SP3 equations is very
expensive, especially when the imaged objects are very
complex, irregular, and heterogeneous. Fortunately, with the
fast development of graphics processing unit (GPU), the
computation of 𝐴𝐴 can be signi�cantly accelerated.

Onemerit of the proposed algorithm is that the improved
results are obtained by making use of the available boundary
measurements and thus do not require increased number of
boundary measurements and do not bring more hardware
requirements. Meanwhile, the proposed algorithm is rela-
tively easy to implement. erefore, the algorithm is suitable
for in vivo applications. As a sacri�ce, the computational
burden for the proposed algorithm is greatly increased,
especially for the heterogeneous mouse experiment, since
solving (1) brings extra cost through Bregman iteration
method, and each iteration of which is equivalent of solving a
standard “L1” problem. To increase computational efficiency

for mouse experiments, developing fast large-scale optimiza-
tion algorithms is essential.

In conclusion, we have developed a BLT reconstruction
algorithm by combing SP3 equations and Bregman iteration
method and indicated its feasibility and merits. In the near
future, we expect to accelerate the proposed algorithm based
on GPU and extend it to in vivomouse experiments.
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