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Pedicle screw (PS) implantation is an ideal method for the treatment of severe multilevel vertebral instability. )e key problem is
the accuracy of PS fixation. In this paper, the spectrum of different tissues along the fixation trajectory of PS is studied to tackle the
accuracy problem. Fresh porcine vertebrae, bovine vertebrae, and ovine vertebrae were measured by using the near-infrared
spectrum (NIRs) device to obtain the reflected spectrum from these vertebrae. Along the fixation trajectory of PS, the classification
method based on the sparse representation-based classifier (SRC) was applied to different vertebral tissues (cortical bones and
cancellous bones). Considering the large amount of spectral data, sparse preserving projection (SPP) was applied to improve the
performance of SRC.)e proposed method based on the SPPmethod for dimensionality reduction and the SRCmethod for tissue
recognition was first used in vertebrae classification and showed superior performance compared with other classification
methods, such as SVM and 1NN. )e results gained from this project are vital significant to the development of hi-tech medical
instruments with independent intellectual property rights.

1. Introduction

Pedicle screw (PS) implantation is an ideal method for the
treatment of severe multilevel vertebral instability [1–4].
Accuracy in placement of PS is very important for effective
PS fixation, which has attracted extensive interest in in-
creasing the accuracy of tissue recognition and PS placement
[5–8]. Nowadays postoperative computed tomography (CT)
scan becomes the clinical standard for evaluation of PS
position and tissue recognition [9, 10]. But, it is not ap-
plicable as a real-time monitoring method during surgery.
On the contrary, the X-ray fluoroscopy can achieve real-time
monitoring [11–13], but the high radiation dose to surgeons
and usually requiring multiple scans limit its use.

In previous studies, we have presented the design and
implementation of the free-hand drilling probe as well as the
spectrum measurement system for in vitro assessment of

pattern from the optical reflectance [14, 15]. Based on this
device, we have found some ways to explore the different
tissues of porcine vertebrae on the PS fixation trajectory, by
comparing the specific area and the peak value of reflected
spectrums. However, these methods have some disadvan-
tages, which cannot be avoided. In this paper, the spare
representation-based classifier (SRC) was first applied for
tissue optical reflectance spectra recognition [16]. Compared
with other methods, the proposed method does not need to
extract the features of area, peak, and shape of the spectra.
)erefore, the computing complexity was reduced and the
robustness and the real-time performance of the automatic
identification were improved.

Recently, SRC was first proposed in 2008 and has been
applied to face recognition and further extended to cancer
classification [17–19]. SRC has been deeply studied by Yang
et al. and some theoretical supports were provided for its
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effectiveness [20]. A new SRCmethod was proposed by Peng
et al., and a better representation coefficient vector was
obtained [21]. Later, the SRC-steered discriminative pro-
jection (SRC-DP) method has been proposed for classifi-
cation [22]. )ey have demonstrated that SRC can well
characterize the local relationship of data. Later, the adaptive
class preserving representation for classification (ACPRC)
was proposed based on SRC [23]. However, SRC constructs
all training images into a redundant dictionary, and the size
of the redundant dictionary is very large, which makes the
sparse solution of SRC time-consuming. Considering the
large amount of spectral data, sparse preserving projection
(SPP) was applied to improve the performance of SRC
[24, 25], which was proposed by Qiao, and it has higher
classification accuracy than PCA and NPE [26]. Sun et al.
studied a novel supervised learning way, named supervised
sparsity preserving projections (SSPP) and used it in face
recognition [27].

Inspired by these meaningful works, we proposed a
vertebral spectral data classification algorithm by combining
SPP for dimensionality reduction and SRC for tissue rec-
ognition. Specifically, the spectra from various animal
vertebral bones at similar positions along the trajectory were
investigated, including fresh porcine vertebrae, bovine
vertebrae, and ovine vertebrae. )e same anatomical ver-
tebral regions showed similar reflectance spectra among
different animals. )en, the SPP method was used to reduce
the dimension of spectra, and SRC was used for different
animal vertebrae recognition along the fixation trajectory of
PS. At last, other classification methods were applied and
compared with our method. To our knowledge, this is the
first report of a simple, accurate, and sensitive method based
on the optical reflectance spectrum collected by the spec-
trum measurement system to monitor the PS during
fixation.

2. Materials and Methods

2.1. Instrument. )e experimental system for spectrum
measurement is shown in Figure 1, which consists of a
HL2000-HP-FHSA light source (Ocean Optics), free-hand
drilling probe, USB2000 fibre optic spectrometer (Ocean
Optics, wavelength gating from 200 nm to 1100 nm), and a
computing workstation [16]. )e self-made free-hand drill
probe holder has a diameter of 5mm, and two optical fibres
with a diameter of 200 μm each were used for optical
transmission and acquisition, respectively.

Data acquisition, scan conversion, and display were
executed in real time at 2 frames per second in commercial
LabVIEW interface software (National Instrument, Austin,
TX). Each measurement showed the optical reflection
spectrum with the wavelength range of 200–1100 nm. It was
analysed by using customized software in LabVIEW and
Matlab (Math Works, Natick, MA).

In the calculation of spectrum, the original spectrum was
calibrated as R� (raw-dark)/(reference-dark). Reference
optical reflectance data were taken from a standard reflec-
tance board (WS-1, Ocean Optics, Inc., Dunedin, FL), while
the source light was on. )e default assumption of the board

was that the reference was equal to exactly 100% reflection in
the wavelength range of 250–2500 nm. Dark optical re-
flectance signal due to random noise of the system was
presented by turning off all the lights and covering the whole
model. Raw optical reflectance data were obtained by placing
OHDP on the surface of the vertebral bone. )e background
signal was subtracted from the actual measurement raw and
reference spectra.

2.2. Vertebral Bones Experiment. )e human vertebra was
similar to that of porcine, especially between T6 and T10
[25, 26]. We chose porcine vertebrae for this experiment. In
this study, 10 fresh mature porcine vertebral bones
weighting 38–45 kg were used. All vertebral bones were
carefully cleaned off all soft tissues, except the periosteum, as
shown in Figure 2.

Briefly, the light spectra were produced in a three-step
process: first, porcine vertebra specimens were cut into two
halves from the axial plane. )e preferred trajectory of PS
was drawn on the surface of the section of porcine vertebra.
)e length of the trajectory ranged from 22 to 35mm. Nine
sampling points were drawn on the trajectory line. )e
distance between them was 5mm. Second, the optic probe
was put on each sampling point, as shown in Figure 2(b).
In order to eliminate the volatility, 30 spectra were
recorded and stored for each point. Integrating time was
100ms, and each optical reflectance spectra consisted of
2048 pixels.

In the bovine vertebra experiment, 10 fresh mature
bovine vertebral bones weighting 300–350 kg were used. All
vertebral bones were carefully cleaned.)e light spectra were
produced in a three-step process, which was similar to the
steps in the porcine vertebra experiment. Several sampling
points were chosen with an 8mm distance between each two
of them, due to the larger volume of bovine vertebra.

Ovine vertebra experiment also contained 10 fresh
mature ovine vertebral bones weighting 70–80 kg. )e
vertebral bones were carefully cleaned off all soft tissues, as
shown in Figure 2(e).)e volume of ovine vertebra is smaller
than that of porcine and bovine vertebrae. )erefore, the
chosen sampling points have the nearest distance between
each two of them. Other experimental steps were similar to
those of porcine vertebrae experiments.
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Figure 1: Schematic representation of the measurement system for
the measuring spectrum on the vertebra bone model: 1, light
source; 2, free-hand drilling probe; 3, CCD spectrometer; 4,
computer; 5, porcine vertebra bone model; and 6, cross section of
the probe.
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Statistical analysis was carried out by the Student’s t-test.
In order to determine the significance of the differences
between two groups, 95% confidence level was chosen. If the
P value is less than 0.05, it is a significant difference.

2.3. Classification Method Based on the SRC. After the ver-
tebra vector was obtained and normalized, SRC was used to
distinguish different bone tissues. Based on this algorithm,
SPP constructed an adjacent data set weight matrix and then
projected the samples to a low-dimensional subspace with
the reconstructive relationship best preserved. Here, we
briefly describe the SRC algorithm for classification and SPP
algorithm for data dimensionality reduction.

Suppose that X � [x1, x2, . . . , xc] ∈ Rm×n is regarded as a
training sample set, where c refers to subclasses number, m
denotes dimensionality, and n denotes the sample number.
)e ith class training samples Xi can be used as
Xi � [xi1, xi2, . . . , xini

] ∈ Rm×n and i� 1, 2, 3, . . ., c, where Xi,j

denotes a sample of ith class and nj corresponds to the ith
class training samples number. y ∈ Rm refers to one of the
test samples. Finally, the SRC problem can be shown in the
following equation:

δ(ϕ) � argminϕ ‖y − Xϕ‖
2
2 + λ‖ϕ‖1 , (1)

where δ(φ) contains the SR coefficient of y with respect to X,
and λ denotes a small positive constant. )en, to test sample
y, we assign a label based on the SRCmethod as shown in the
following equation:

ei � y − Xiδi(φ)
����

����
2
2, (2)

where δi(φ) denotes the SR coefficient subvector associated
with subclass Xi. )e classification rule is set in the following
equation:

identity(y) � argmini ei . (3)

Based on the abovementioned discussion, we summarize
the SRC algorithm as follows:

Step 1. Normalize the columns of X to have unit l2-
norm and code y over X via l1-minimization using
equation (1)
Step 2. Compute the residuals ei according to equation
(2)
Step 3. Output the identity of y using equation (3)

Suppose X � [x1, x2, . . . , xc] ∈ Rm×n is the training
sample set, c refers to the subclasses number, m is dimen-
sionality, and n is the samples number. First, the version of
SPP obtains a SR coefficient vector for each sample Xi by
solving a modified l1 problem:

min
θi

θi

����
����1

s.t. xi − Xiθi

����
����< ε,

I � I
Tθi,

(4)

where θi � [θi1, . . . , θi,i− 1, θi,i+1, . . . , θin]T ∈ Rn is the n-di-
mensional coefficient vector in which the ith element equals
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Figure 2: Photography of the experiment: (a) the diagram of animal vertebra, (b) photography of experiment, (c) porcine vertebra,
(d) bovine vertebra, and (e) ovine vertebra.
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to zero (implying Xi is removed from X) and ε is the residual
constraint value. All optimal sparse reconstruction coeffi-
cient vectors θi are from a sparse weight matrix
θi � [θ1, . . . , θi, . . . , θn]T ∈ Rn×n, which characterizes the
sparse reconstructive relationship among samples.

Second, SPP seeks the projections, which makes pres-
ervation of the sparse reconstructive relationship best, by
solving the following optimization problem:

min
P



n

i�1
P

T
xi − P

T
Xθi

����
����
2
, (5)

where X is a matrix dictionary for all training samples and
P ∈ Rm×d is the projection matrix. )e problem of equation
(5) can be solved based on the following equation:

X θ + θT
− θTθ X

T
p � λXX

T
p. (6)

)e projection matrix is composed of the eigenvectors
corresponding to the largest d eigenvalues in the selection
equation (6).)en, the training samples and the test samples
both are projected on the projection matrix in order to
reduce the dimension, and finally the classification and
recognition are carried out.

Based on the above mentioned discussion, we summa-
rize the SPP algorithm as follows:

Step 1. Construct weight matrix θ using equation (4).
Step 2. Calculate the projection vectors P according to
equation (6). Also, the eigenvectors corresponding to
the largest d eigenvalues span the optimal subspace.

3. Results

)e classification of various vertebral tissues based on SRC
and SPP algorithm is proposed in this paper. To verify the
effectiveness of this algorithm, the proposed algorithm is
compared with other algorithms. First, recognition accuracy
of different spectral data based on the same animal or tissue
was compared. Second, SPP was used as a preprocessor for
any typical classifiers, including SRC, SVM, and 1NN.
Recognition accuracy based on different classifiers was
compared. )e experimental samples were tested in Matlab
2013a and run on a PC (2.50GHz CPU, Intel Core2 Duo,
2GB RAM).

3.1. Original Spectrum. Figure 3 shows a representation of
spectra relating to 9 sampling points along the trajectory
from one bone of each of the three animal species after
pretreatment. Each spectrum curve represents the value in
one sampling point on one animal vertebra. Point 1 and
point 9 are in the cortical bones, and points 2 to 8 are in the
cancellous bones. )e values of point 1 and point 9 in
cortical bones are both distinct from those in the cancellous
bones. )e values of point 1 and 9 are larger than those of
points 2 to 8 in Figure 3(a). However, the values of point 1
and 9 are smaller than those of points 2 to 8 in Figures 3(b)
and 3(c).

3.2. Results of Different Spectral Data Groups. In this paper,
spectral database contains experimental data on vertebral
tissue of three species of animals. Specifically, porcine
vertebral data were defined as Group 1, bovine vertebral data
were defined as Group 2, and ovine vertebral data were
defined as Group 3. Each group contains 80 samples, and
each sample contains 10 spectra. In addition, cortical bone
data were defined as Group A, and cancellous bone data
were defined as Group B. Each group contains 120 samples,
and each sample contains 10 spectra. A total of five ex-
perimental groups were used as the input of the classifier
after data dimension reduction. )e experimental group
contains 40 samples, such as Group 1A and Group 1B, and
each sample contains 10 spectra.

In each experiment, half of the samples were used for
training, and the remaining were used as testing samples.
)e experiment was repeated 10 times. )e recognition
accuracy was calculated, as shown in Table 1. For different
experimental groups, the recognition rate was different.

3.3. Results Based onDifferent Classifiers. In this experiment,
different classifiers were applied, including SPP + SRC,
SPP + 1NN, and SPP+ SVM, and three experimental groups
were used as input of these classifiers. )e experimental
group contains 80 samples, such as Group 1 and Group 2,
and each sample contains 10 spectra. Half of the samples
were selected for training, and the remaining samples were
used for testing in each experiment. )e experiment was
repeated 10 times. )e average recognition accuracy was
calculated, as shown in Table 2. )e recognition rate of the
proposed algorithm was higher than that with other
algorithms.

4. Discussion

In PS fixation, there are two major problems to the effect of
surgery [28]. )e first one is that the tip of the traditional
instrument breaks the boundary of the bone (cortical bone)
and damages ambient organs of patients. )e second one is
that the screw is not placed in the exact position and the
fixation stability is not strong. )e ideal position is
approached by that the screw is placed through the arch of
the cancellous bone till the tip arrives at the cortical bone. In
the previous study, the method based on optical spectrum
and needle-like probe presented a new way to overcome the
two problems to the most extent, which was working on the
principle of the local bone reflectance spectrum.

In this study, different animal bones were used in the
experiment, including porcine vertebra, bovine vertebra,
and ovine vertebra. )e measurement device was put on the
section surface to obtain the original spectrum. We obtained
different animal vertebral spectra according to 9 sampling
points along the trajectory. In Figure 3, each spectrum curve
represents a different sampling point on one animal ver-
tebra. Point 1 and point 9 are in the cortical bones and points
2 to 8 are in the cancellous bones. )e results show that the
values of point 1 and point 9 in cortical bones are both
distinct from those in the cancellous bones. During different
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animal experiment, the values of point 1 and 9 are compared
with those of points 2 to 8. We found that some values of
point 1 and 9 are larger but some are not. It means the
spectra of cancellous bones and cortical bones have similar
shapes but different values. )e cause of this result is that
different vertebrae have different structures. It is the first
time to search for differences in vertebral spectra among
different animal species.

In this study, near-infrared optical spectroscopy was
used, which would not be the only way. Another optical
spectroscopy has also been used in both clinical and basic
research about vertebra [29]. For example, the cartilage,

subchondral bone, and cancellous bone could be examined
by using a fibre-optic Raman spectroscope. As reported in
the literature, the varying optical signal can provide some
information about structures and composition of bone, such
as bone mineral crystallinity and tissue density. In this study,
the cortical and cancellous bones are different in mineral
crystallinity and density. )e near-infrared optical spectrum
will be characterized according to different domains in
different animal experiments.

In the classification part, different vertebral tissues
identification methods based on SPP algorithm are pro-
posed. )e research shows that if SRC is used, the
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Figure 3: Original spectra from the vertebra of different animal species: (a) original spectra of one porcine vertebra, (b) original spectra of
one bovine vertebra, and (c) original spectra of one ovine vertebra.
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classification performance of themost significant feature will
converge with the increase in feature dimension [30, 31].
Even so, effective feature extraction is still very important
because classification algorithms can become simple and
easy to handle. For practical spectral data recognition, a
small amount of representation features is desirable, because
it can reduce storage requirements and improve classifica-
tion efficiency. )erefore, SPP is used to implement a small
number of presentation features to achieve better perfor-
mance [32]. )e algorithm first constructs the adjacency
weight matrix of the data set based on an improved SR
framework and then evaluates the low-dimensional em-
bedding of data to keep the weight matrix optimal. )ough
SPP is essentially a global method, it has some local prop-
erties because of its sparse representation process, as shown
in the experimental results.

A good method should be applied on the large accuracy
data based on fact verification. First, different spectral data
groups were input to the classifier, and the results are
shown in Table 1. Based on the same classification method,
cortical bones and cancellous bones of porcine vertebrae
(Group 1A and 1B) have the highest recognition rate and
cortical bones and cancellous bones of bovine vertebrae
(Group 3A and 3B) have the lowest recognition rate. )ese
results suggest that cortical bones and cancellous bones of
porcine vertebrae are quite different based on the spectrum.
)e result of this experiment may suggest that the porcine
vertebrae have stable bone structure and large bone
structural differences. Moreover, the recognition rate of
three animal cortical bones (Group 1A, 2A and 3A) is
higher than that of three animal cancellous bones (Group
1B, 2B, and 3B). )ese results suggest that there is little
difference in the same type of bone structure for different
animal species and structural differences in cancellous
bones are smaller.

Second, different algorithms based on SPP were used to
identify different tissues in porcine, bovine, and ovine
vertebral bones. Compared with the 1NN and SVM clas-
sifier, SRC based on the proposed method performs better

during tissue classification. )e comparison of classification
accuracy of our results with the previous works is given in
Table 2. )e experimental results indicate that the average
accuracy rate achieved by the proposed method is 86%,
which is higher than that from other methods. Our results
suggest that SRC solves the influence of external interference
factors on recognition, enhances the robustness of recog-
nition, and improves the recognition rate. In addition, PCA
and NPE were used as different data dimension reduction
methods in this paper. )e results show that SPP can be
more conveniently used in practice and has higher accuracy
with SRC (average recognition rate of PCA+ SRC was 75%
and that of NPE+ SRC was 75%), which are in good
agreement with [33].

)is paper provides a vertebral tissue classification
method for assisting the surgical procedure. )is method
can effectively distinguish different tissues along the PS
implant path, and it can also distinguish different animal
bone tissues. However, each approach has its own advan-
tages and plays out differently in different situations. For
application, the method must have high sensitivity, should
be in real time, and be accurate. )ere are two things one
should do to validate and verify this method: first, the sample
number needs to be increased andmore calculationmethods
are needed to be improved and tested; second, the surgery
required real-time and accurate acquisition. In the follow-up
work, we will try to overcome these limitations by using
other detection methods and integrate relevant information
into classification or dimension reduction algorithm to
improve its performance.

5. Conclusions

In this study, a NIRs optical fibre probe is employed to
monitor the tissues characteristic spectrum along the PS
placement trajectory in various animal vertebral bones.
)en, we investigated the near infrared spectroscopy and
distinguished different tissues along the fixation trajectory of
PS based on SRC. )e main research contents of this project
include the following:

(1) Wemeasured the spectrum of tissue on the trajectory
of the pedicle screw. Fresh porcine vertebrae, bovine
vertebrae, and ovine vertebrae were used in the
experiments.

(2) )e proposed method based on the SPP method for
dimensionality reduction and the SRC method for
tissue recognition was used in vertebra classification
and showed superior performance.

)e results gained from this project are vital significant
to the development of hi-tech medical instruments with
independent intellectual property rights.

Table 1: )e average recognition rates of SRC and SPP algorithm based on different groups.

Group 1A and 1B 2A and 2B 3A and 3B 1A, 2A, and 3A 1B, 2B, and 3B
Average recognition rate (%) 86 83 85 81 80
Standard deviation ±1.6 ±1.5 ±1.5 ±1.3 ±1.5

Table 2: )e recognition rates of different algorithms.

Group Recognition rates 1A, 2A, and
3A

1B, 2B, and
3B

SPP+ SRC
Average recognition

rate 81% 80%

Standard deviation ±1.3 ±1.5

SPP+ 1NN
Average recognition

rate 73% 72%

Standard deviation ±2.1 ±1.7

SPP+ SVM
Average recognition

rate 76% 74%

Standard deviation ±0.9 ±1.1
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