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Abstract—Lumbar motion is one of the most widely used
information to diagnose low back disorder. By using the
Digitalized Video Fluoroscopy (DVF) technique, a sequence of
X-ray frames can be acquired, which shows the movement of
patient vertebra. But the X-ray frame sequence is usually
indistinct and having extra information. These interferences
may lead to problems when doctors analyze the lumbar
motion. In this paper, we propose an image histogram analysis
based approach to deal with interferences in the X-ray video
sequence. The method also employs a particle filter to
implement automatic detecting and tracking of lumbar motion.
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l. INTRODUCTION

Nowadays, low back disorder is becoming the most
popular disease among people. Usually, doctors diagnose the
disease by using the X-ray film. However, the main problem
of X-ray films is that the image quality is poor due to the
limitation of image acquisition devices. As this reason,
manually disease diagnosis is often suffering inaccurate and
more seriously, may lead to misdiagnosis.

Some computer vision based approaches have been
proposed to help doctors diagnosing lumbar disease and
achieved some results. But there are some drawbacks in
these approaches, for example: inadequate utilization of
available information and requirement of manually marking
the position of lumbar bones at the first frame of the video
sequence. In this work, we cope with these problems using a
method that combines histogram analysis and a particle
filter. The remainder of this paper is structured as follows.
Section 2 introduces related work on medical image
processing and lumbar tracking. Section 3 explains methods
of image processing to analyze and improve frames of video
sequence and the particle filter based tracking approach.
Section 4 shows the experiment results. And finally, we
conclude the work in Section 5.

Some methods have been developed for lumbar bones
detection and tracking. The typical approach is based on
setting control points manually to obtain contours of all
lumbar bones [4][8][12]. This approach suffers from
inaccurate landmark position given by system users and
indistinct images. These problems may lead to shift in object
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tracking. Some approaches use medical image data to build
template of lumbar bone and implement tracking by using
template matching [1][6][10]. The main benefit of these
approaches is accurate than other methods. But drawbacks of
these approaches are also obvious. Modeling template is time
consuming and need large training data. The template is
fixed after modeling which will make it cannot fit different
lumbar bones due to different position and view point. Some
approaches cannot eliminate impact of geometric distortions
caused by medical image acquisition device [2][3][7]. Some
approaches use active contour method [9][11]. But active
contour method is sensitive to image quality which can be
impacted by complex environment or change of illuminate.

I1l.  AUTOMATIC LUMBAR SEGMENTATION AND

TRACKING
A. Image Processing and Segmentation on Lumbar Motion
Video Frequency

By analyzing the video sequence (Figure 1), some
problems of X-ray film can be found. These problems are the
main resources of interference for lumbar detecting and
tracking:

*  The original video frames show image parameters
of medical image acquisition devices. However, this
information has no relationship to the video targets and
disturbs automatic lumbar segmentation and tracking.

* The video frames contain lumbar, other body
organs, part of the image acquisition devices, and some
background information, such as the device parameters. It
makes the gray level range of original X-ray films is very
large. Some nearby body organs have similar pixel gray
value to the lumbar.

*  The original X-ray films are indistinct. It is difficult
to distinguish the edge and contour of lumbar from other
body organs.
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Figure 1. Original X-ray film image, collected by medical image
acquisition devices.

To deal with problems of the original X-ray film image,
three main steps have been applied, including image
histogram equalization, image gray level adjustment and
image cutting.

Image histogram equalization is a method which is
commonly used to Image enhancement in image processing
field. The main idea of histogram equalization is briefly
described as fellow.

For a discrete grayscale image x, n; be the number of
appearance frequency of gray level i. Therefore, probability
of occurrence of a pixel of the gray level i in the image is

px(i):%,i €0,...,L-1,

where L is the total number of gray levels of the image
(usually 256 for grayscale image), n is the number of pixels
in the image.

We can also define the cumulative distribution function
(CDF) corresponding to py as

i
cdf, => " p,(j).
j=0
In this approach, we create a transformation of the form

sz(X) to produce a new image which with a flat

histogram. Using the properties of the CDF, we can define a
map between the original pixel value y and the transformed
pixel value y’ as:

cdf, (y')=cdf, (T (k))=cdf, (k).
where k is in the range [0, L). Because we use a
normalized histogram of x, the function maps the levels into

the range [0, 1]. Thus it is necessary to map the values back
into the original range of the image. The map function is
y'=y*(max(x)—min(x))+min(x).

The original image sequence has very low contrast. It
makes pixels of lumbar bones and nearby body organs has
similar gray values. In order to enhance the contrast of
original images and highlight the part of lumbar bones, we
use histogram equalization as the first step to process the
original images.

After this step, we acquire distinct results from the
original images (Figure 2).
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Figure 2. Original image (a) and image after histogram equalization (b).

Compare the two images, we find the image after
histogram equalization is more distinct than the original
image. But the contrast of other parts, with similar pixel gray
value to the lumbar part, is also enhanced. These parts insist
of the medical image acquisition devices at upper right
corner, viscera and musculature in the image (Figure 2(b)).

After histogram equalization, clarity of images is
enhanced. But interferences are also obvious. In order to
further enhance the part of lumbar bones, we use gray level
adjustment technique.

The gray level adjustment (or gray level transform) is a
method that enhance image content which is in a certain gray
level or color range by adjusting luminance of grayscale
image or color matrix of color image. This method can
effectively filter parts which exceed or under a certain
threshold, as well as keep the completeness of source
images.

In our approach, we use gray level adjustment to process
the medical image acquisition devices at upper right corner,
viscera and musculature in the image. As a result, images
after gray level adjustment have better result: the lumbar
bones are clear than before (Figure 3(b)).

Compare the images in Figure 3, image areas of the
lumber bones become more distinct after processing.
Moreover, most of the medical image acquisition devices,
viscera and musculature are obviously eliminated.

Figure 3.  Image after histogram equalization (a) and image after histogram

equalization and gray level adjustment (b).



After the step of histogram equalization and gray level
adjustment, the lumbar part of the images is more distinct.
But existence of redundant information still have negative
effect on tracking process. As the goal of this work is to
track lumbar motion, in order to focus on the lumbar bones,
we use image cutting to remove redundant information.

By analyzing the images, we find that pixel gray value of
most parts in the images is similar to the lumbar part. If we
segment the images simply using a threshold method,
interfered parts may remain in the image and affect the
performance of object tracking. Therefore we consider the
architectural feature of the images. It can be found that
lumbar bones in the images arranged approximately in the
vertical direction. Thus, in the proposed method, sum of
pixel gray value (SPGV) in each vertical line of the images is
computed. Comparing the SPGV distribution curve in each
image, there is a similar part of SPGV in the image sequence
(Figure 4). As pixels of lumbar bones have smaller gray
values, it is obviously that this part represents the lumbar
bones. Therefore we use the SPGV in vertical direction as
threshold to cutting images. As we can see from Figure 5,
the lumbar bones remain in the image and most redundant
and interfered parts are removed (Figure 5).

After all the processing steps, we get a more distinct and
fewer interference image and, more important, the whole
lumbar bones remain in the images (Figure 5(b)).
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Figure 4. Sum of pixel gray value in each vertical line of the first frame (a)
and 64th frame (b)
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Figure 5. Original image (a) and after our processing steps (b)

B. Automatic Lumbar Motion Tracking

By observing the image sequence, we find the lumbar
motion can be divided into two phase: from flexion to
upright and from upright to extension. We compute the
motion displacement of lumbar bones frame by frame and
get characteristic of the motion. During the motion process,
displacement in x direction is increasing, displacement in y
direction increasing at first phase and decreasing at second
phase, rotation angle of lumbar bones also increasing.
Increments of displacement in x and y direction and rotation
angle are almost fixed. Also, the distance between two
adjacent bones is almost fixed.

According to these motion displacement, the known
position L of lumbar at time t-1 can be used to compute the
position L; of lumbar at time t. Recursive function of this
procedure can be represented as

L= f (Lt—l’nt—l)'

Before lumbar bones tracking, regions of interest (ROI)
in the images should be located to extract characteristics of
lumbar bones. Tracking is initialized by manually setting an
initial ROI in the first frame and computing characteristics in
this ROI region. Then, using the characteristics of the first
ROI and the Bhattacharyya distance between two adjacent
bones, the rest four ROI (assuming total five ROI) can be
computed.

According to the above, state of lumbar motion can be
described recursively. Therefore we choose particle filter as
tracking approach.

Particle filter is a Monte Carlo method that uses a set of
random samples with associated weights to represent
required posterior density function and computes estimates
based on these samples and weights.

In our approach, particle filter estimates the posterior

distribution p(L, | Ny, ) of the unknown motion state L of
the lumbar motion frame by frame from the image sequence
N, :{Nl,..., Nt}. From frame t-1 to t, the particle filter
generates samples (or particles) according to the prior
distribution of a state transition model p(L[ | LH) for
each lumbar to predict the position in frame t. The



observation model gives the likelihood of the fit between the
contour according to the particles and the original ROI edge.
The best particle is the one best matches the characteristic of
the ROI. The particles are then resampled and the state

A
estimate L, is approximated from the posterior distribution

p(L[ | LH) by a set of particles with associated weights.
The control vector C, of frame t is acquired from C; of

A

frame t-1. Then C, L, after which L, and L, are passed
back to the particle filter for the next iteration.

IV. EXPERIMENTS AND RESULTS

A. Experiments

After we acquire the video frequency collected by the
Digitalized Video Fluoroscopy system, we use the proposed
method to process every frame of the image sequence. Then
we composite all frames into a video sequence and use this
video sequence to implement lumbar tracking.

In order to test our approach, we implement another
typical segmentation and tracking method based on image
smooth, histogram equalization and particle filter. The
results of this method is shown in Figure 6. To compare the
two approaches, we show initial state of the first frame and
the 50th frame in tracking process. Tracking shift is
obviously in the method based on image smooth, histogram
equalization and particle filter, while performance of our
method is well.

(a) (b)
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Figure 6. Comparison between tracking process based on image smooth,
histogram equalization and particle filter (a), (b) and our approach (c), (d).

Compare with other approaches, our method is more
distinct and more accurate. After image processing using the
proposed method, the lumbar part becomes distinct and have
clear edge for identification. In the proposed approach, only
the initial ROI in the first frame need to be set manually.
This method not only reduce workload of manual landmark,
but also increase the object tracking accuracy. It can be used
to help doctors diagnosing the low back disorder and reduce
the probability of misdiagnosis.

B. Results

Our final tracking results are shown in Figure 7. The red
rectangles is represented the lumbar we need tracking.
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Figure 7. ROI tracking result in first frame (a), 50th frame(b) and last
frame(c)

V. CONCLUSIONS

Our approach is suitable for general situation and reduces
effort of manually control points setting. The tracking results
is also accurate enough for doctors to diagnose low back
disorder. The drawback of our method is time consuming. It
cannot be used in real-time applications. Future works will
focus on real-time implementation of the proposed method.
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