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Abstract
Introduction: Nowadays, Magnetic resonance imaging (MRI) has a high ability to distinguish between
soft tissues because of high spatial resolution. Image processing is extensively used to extract clinical
data from imaging modalities. In the medical image processing �eld, the knee’s cyst (especially baker)
segmentation is one of the novel research areas.

Material and Method: There are different methods for image segmentation. In this paper, the
mathematical operation of the watershed algorithm is utilized by MATLAB software based on marker-
controlled watershed segmentation for the detection of baker’s cyst in the knee’s joint MRI sagittal and
axial T2-weighted images.

Results: The performance of this algorithm was investigated, and the results showed that in a short time
baker’s cyst can be clearly extracted from original images in axial and sagittal planes.

Conclusion: The marker-controlled watershed segmentation was able to detect baker’s cyst reliable and
can save time and current cost, especially in the absence of specialists it can help us for the easier
diagnosis of MR images.

Introduction
Knees are the largest synovial and most complex joints in the body. They suffer a lot of injuries due to
their complex anatomical structure and weight-bearing [1]. Baker or popliteal cyst is one of the common
injuries in knees, and this cyst is produced by herniation of synovial membrane or leakage of synovial
�uid usually resulting from distention of semimembranosus medial gastrocnemius bursa, meniscal and
ligament injuries [2]. Baker’s cyst is diagnosed in 10–41% of knee MRI [3]. Magnetic resonance imaging
(MRI) has a high spatial resolution, a high ability to distinguish between soft tissues and is less invasive,
compared to other diagnostic modalities; therefore, it has the most use for the diagnosis of knee injuries
[4, 5].

The golden standard for the diagnosis of baker’s cyst is MRI, especially in T2-weighted axial images, but
ultrasound can be helpful especially for better diagnosis of this cyst in patients over 50 years old because
of osteoarthrosis occurrence in this age [6]. The high advantage of ultrasound is the revealing of
hypoechoic and anechoic �uid between semimembranosus and medial gastrocnemius tendons,
especially sonography can be very helpful when the baker’s cyst appears heterogeneous or has soft
tissue neoplasm [7]. Some factors such as poor quality imaging, tiredness, and inattention of physicians,
can limit the diagnosis of MRI reports [8].

Using a computer program that can analyze the digital imaging and recognize injuries can be very helpful
to physicians. One of these programs is the image segmentation algorithm. Characteristics of the
nominated algorithm, one of the most prominent image segmentation algorithms, are discontinuity and
similarity that do edge detection and threshold processing. It can be introduced as the watershed
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algorithm that is a morphological method based on region processing [9]. There are three methods to
implement watershed; gradient method, distance transform approach, and marker controlled approach,
the last of which being more effective than the other two [10]. Among the limitations of the watershed
algorithm, we can mention over-segmentation, therewith many regions are recognized [11]. To control this
problem, we can use some markers in or out of images. These markers are connected to images’
elements and can dominate over-segmentation problems. This processing is called marker-controlled
watershed segmentation. This algorithm can improve the accuracy of the radiologist’s diagnosis [12].

Using marker-controlled watershed segmentation, which has been used mostly for the detection of brain
tumors and knee injuries, has been discussed in many studies [13, 14]. These studies have investigated
meniscus tearing and articular surface, but other pathologies such as baker’s cyst have not been
investigated yet, so we have decided to evaluate this cyst by using marker-controlled watershed
segmentation. The study aims to evaluate the feasibility of the marker-controlled watershed
segmentation in order to detect the baker’s cyst in knee joint’s MRI sagittal and axial T2 images.

Materials And Method
A. MRI Databases (Data Acquisition)

In our study, Signa HDxt 1.5 T scanner of General Electric Company was used, this unit is equipped with
an 8-channel coil for knee examination. Axial T2 (fat saturation), Coronal Proton Density (fat saturation),
Coronal T1, Sagittal T2 (fat saturation), and Sagittal Merg were performed on a patient's knees using the
standard procedure in �ve sequences. Axial T2 and sagittal T2 images were used in our research. In this
paper, we have suggested using the Marker-Controlled Watershed Transform Technique to remove baker's
cyst in MRI images using MATLAB (r2018b) software. 

Image preprocessing was one of the primary steps in advanced algorithm. The aim of preprocessing
operation for input images was edge detection and image noise reduction. At the beginning of this
process, images are converted to grayscale; in the next step, Sobel code is used for edge detection and
noise reducing, and low-pass �ltering is utilized by using Gaussian kernel. Sobel is a mask that detects
points on the edge of an image. Based on the mask’s coe�cients, it gives more value to the neighboring
edges whereupon better edges are gained [9]. Gaussian kernel is a two-dimensional low pass �lter, the
formula of which is presented below:

Where D0 and D(u,v) are the cut-off frequency and distance from the center of rectangular frequency,
respectively [9]. 

C.   Segmentation 
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C.1. Gradient Magnitude Calculation 

Before using the watershed transform for segmentation, it's common to use gradient magnitude to pre-
process a gray-scale image. High pixel values along object edges and low pixel values everywhere else
characterize the gradient magnitude image [9]. Therefore, using the linear �ltering technique in this
method, the gradient magnitude of the gray-scale image is computed. The gradient vector magnitude and
the angle at which the maximum rate of change of intensity level occurs at the speci�ed coordinates (x,
y) can be computed for any gray-scale image (x, y) at coordinates (x, y) using Eq. (2) and (3).

The gradients in the x and y directions are g1(x, y) and g2(x, y). The Sobel masks H1 and H2 - used to
calculate the magnitude of these gradients- are described by Eq.(4)[9]. 

C.2 Watershed Transformation

The watershed transformation is a popular image segmentation technique based on analytical
morphology. It's a gradient-based segmentation system with catchment basins as the segmented areas.
By treating a picture as a surface with high light pixels and low dark pixels, the watershed transform
detects catchment basins and watershed ridge lines.  [9,10].

As previously mentioned, the key issue with the watershed transform is over-segmentation, which results
in a large number of segmented regions in each image's local minimum. This technique has made a
change in image intensity that constructs extra-regional minima due to the over-segmentation di�culty.
To control over-segmentation, markers of the gradient image beginning from these markers instead of
regional minima are recommended [11]. Marker-controlled watershed segmentation is a systematic
procedure that reduces the over-segmentation di�culty [12].

C.3 Marker-Controlled Watershed Transform algorithm

Dividing touching objects in an image is one of the most di�cult image processing steps. For this issue,
watershed transforms are commonly used. Marker-controlled watershed segmentation has proven to be a
reliable and versatile method for segmenting artifacts with closed outlines, with ridges indicating the
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boundaries. Foreground and backdrop markers are aligned with internal and external markers,
respectively. Following segmentation, the watershed sections' boundaries are drawn on desired ridges;
hence, using the watershed transform to separate any object from its neighbors' segmentation works best
if you can distinguish or "mark" foreground and background objects and locations. In these procedures,
marker-controlled watershed segmentation is used; compute a segmentation function for the items we
were trying to segment in this section. The second phase involved calculating foreground markers to link
blobs of pixels within each of the objects. Because of the presence of pixels that were not part of an
entity, the next step was to compute background markers. The segmentation feature was then modi�ed
to provide minima only at the foreground and background marker positions. Finally, the watershed
transform of the modi�ed segmentation function was computed [9,10]. 

Results
Image acquisitions are the �rst step. Original images in this study consisting of Axial T2 FS and Sagittal
T2 FS images of the left knee of a patient, are illustrated in Fig. 1.

The second step to gain our purpose in this study was pre-processing that consisted of conversion to
gray-scale [Figure 3a,3d], Gaussian low pass �lter [Figure 3b, 3e], and Sobel high pass �lter [Figure 3c, 3f],
as shown for sagittal and axial images in Fig. 2, respectively.

Using Gaussian and Sobel �lters, pixels intensity was changed, and the following histograms have shown
this fact. At this stage, the histogram of the image was obtained following the application of the
Gaussian �lter and then the Sobel �lter. Figures 4a, 4b, and 4c show the original image histogram, image
histogram after pre-processing with Gaussian and Sobel �lters, respectively, in the axial plane; and
similarly Figs. 4d, 4e, and 4f show histograms of the sagittal plane. The image histogram after using the
Gaussian �lter graphically shows the effect of noise deletion on image, and after applying the Sobel �lter
on this image, the histogram of this image is split into two sections, brightness as edges and darkness as
background [Figures 4].

The third step in this process was segmentation. In the beginning, gradient magnitude [Figures 5a, 5e] is
performed, then watershed segmentation [Figures 5b, 5f] on gradient magnitude image is applied. After
that, on this image, with the aim of cleaning up the image, opening by reconstruction [Figures 5c, 5g] is
performed; and eventually, opening-closing by reconstruction [Figures 5d, 5h] is performed. The aim of the
nominated measures, which were foreground section subcategories, was to link blobs of pixels within
each of the objects.

The next step in this process was the background section; dark pixels refer to the background. Here pixels
that were not part of images are cleaned up. This section began with thresholding on the �nal image in
the foreground section, and then to help better understanding, this image was superimposed on the
original image. Finally, by operating the threshold opening and closing (morphological operation) by
reconstruction, background pixels were removed. The following �gure illustrates this section for the axial
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and sagittal image. Figures 6a, 6b, 6c, and 6d show thresholding image, regional maxima are
superimposed on the original image, modi�ed regional maxima are superimposed on the original image,
and thresholded opening-closing by reconstruction image for the axial plane, sequentially. Similarly,
Figs. 6e, 6f, 6g, and 6h show sagittal plane.

Finally, by superimposing foreground and background markers and divided object boundaries images,
this step is �nished. Related images are shown below. Figures 7b and 7d show markers and object
boundaries superimposed on the original image. The last section has displayed the result that includes
colored watershed label matrix [Figures 8a and 8c] and colored labels transparently superimposed on the
original image [Figures 8b and 8d].

Discussion
We �nd no article applying Marker-Controlled Watershed Transform to detect baker’s cyst in MRI images.
The results of this study reveal that using Marker-Controlled Watershed Transform can detect the baker’s
cyst. Using this algorithm, the baker’s cyst can be extracted with high precision. The role of �lters was
highlighted in this study, low pass �lter (e.g. Gaussian) affects the high frequencies and causes the
image to be smoothened, while high-pass �lter (e.g. Sobel) creates changes on low-frequency pixels that
cause edges to be detected.

Nowadays, 3-Tesla (3T) MRI scanners, compared to 1.5T scanners, provide high resolution as a result of
an increased signal to noise (SNR). Utilizing 3T can improve the diagnosis of knee’ small pathologies,
especially ACL tearing, but in addition to the high cost of these facilities, it does not have a signi�cant
impact on the baker’s cyst diagnosis [15].

Knee joint has a complex structure like soft tissues, articular, and bone; therefore, in MRI images much
pathology can be reported. This means that image processing may confront errors, especially around the
bone [16]. To decrease these errors, some studies used the region of interest (ROI) that is an external
marker used to evaluate a point or background signal; for example, while utilizing this algorithm for
examination meniscus tearing and malignant lesion in the breast. In this process, we should determine
the pathology of interest in MR images that need some parameters to detect ROI [17, 19]. The
outstanding advantage of our study was no need for appling ROI. The time used in our study was 1.5
seconds. This value can change based on the power of the computer CPU.

In addition to the watershed, other methods like thresholding and region growing were used in some
papers. In a study, with the aim of detecting meniscus tearing by image processing, the three mentioned
methods were used. The results show the superiority of the watershed segmentation from the point of
view of effectiveness and better distinguishing of some irregularities [18].

In some studies, using marker-controlled watershed segmentation was discussed for the detection of
brain tumors, malignant lesions of the breast, meniscus tearing, and the articular surface of the knee.
These studies illustrated the capability of this algorithm for extracting these pathologies from MR
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images. Results demonstrated that watershed segmentation has the potential to be used as a screening
method for meniscal injuries and diseases, with the aim of improving care. [17–20]. We could not �nd an
article that has used this algorithm for the detection of baker’s cyst in MRI. Moreover, due to more
accuracy detection of lesions and delineation lymphomas, nominated algorithm was performed in
mammography and computed tomography (CT) [21, 22].

Conclusion
The marker-controlled watershed segmentation was able to detect the baker’s cyst reliability. Watershed
segmentation can save time and current costs, especially in the absence of specialists who can help us
with easier diagnosis of MR images. We will consider checking the accuracy and validity of this algorithm
for the detection of baker’s cyst by Checking the data set of patients. Our future purpose includes
evaluation accuracy of marker-controlled watershed segmentation for detecting baker’s cyst by selecting
more patients that have baker’s cyst in their knees’ MRI images.
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Figures

Figure 1

Diagram of all steps during image processing.
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Figure 2

Image (a) is an axial plane and image (b) is a sagittal plane of the knee, with a baker’s cyst.

Figure 3
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Pre-processing step on Sagittal and axial plane images. Gaussian and �lters are utilized for sagittal and
axial images.

Figure 4

Using the Gaussian and Sobel �lters and its effects on the image histogram (values in b and e histogram
are expressed in the form of ×105).
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Figure 5

Foreground section of segmentation process, upper and lower row images show axial and sagittal
images, respectively.
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Figure 6

Background section of the segmentation process, upper and lower row images show axial and sagittal
images, respectively.

Figure 7

superimposing foreground and background markers.

Figure 8

Output images.


