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Abstract—Magnetic Resonance Imaging (MRI) is the
primary non-invasive method to visualize internal body
condition such as brain tumors. However, automating tumor
detection is a difficult area of research due to tumors not
forming well-defined objects with their unclear boundaries
and appearance like healthy tissues. This paper attempts to

view effectiveness of spectral clustering in image
segmentation of brain tumors.
Keywords—Spectral Clustering, Magnetic Resonance

Imaging, Brain Tumor, Image Segmentation.

I. INTRODUCTION

Magnetic Resonance Imaging (MRI) provides high-
contrast detailed visualization of tissues with non-
invasive method. Precise segmentation of tumors from
MRI is critical because treatment relies on information of
tumor composition. Normally, multiple MRI modalities
(T1, Tlc, T2, FLAIR) are acquired to capture the
biological characteristics of brain tissue. Each modality
reveals complementary information that will be used to
diagnose tumor composition. Due to the importance of
tumor boundary segmentation, demand for automated or
semi-automated methods of diagnosis is high. Despite
that, the complex nature of tumor makes this field remain
a difficult area of research.

Spectral clustering is an unsupervised image
segmentation technique that has been generally used to
analyze images. Spectral clustering represents image as
graph where each node is a pixel and each edge is a
similarity connection between two pixels. This changes
the problem to a graph partitioning problem. Spectral
clustering has succeeded in natural image segmentation
where objects generally have distinct colors and textures.
This makes the method an interesting candidate to solve
brain tumor detection problems. In this paper, spectral
clustering will be tested against the complex problem of
MRI image processing.

II. LITERATURE REVIEW

A. Vectors

Vectors are fundamental mathematical objects used to

represent data, which often has a magnitude and direction,
and are represented as ordered list of numbers. Vectors
may exist in any number of positive dimensions. In linear
algebra, vectors must have these characteristics:
1. Vector addition
Addition of two vectors in the same dimension
results in a vector in that same dimension.
2. Scalar multiplication
A vector multiplied by some scalar (number
without direction) results in a vector in the same
dimension

B. Matrix

Matrices (plural of matrix) are a way to organize and
manipulate data represented as vectors. Matrices can be
interpreted as linear transformation that transforms a
vector and outputs a vector. Linear algebra generally
revolves around these matrix concepts:

1. Matrix transpose

2. Matrix addition

3. Matrix multiplication
4. Inverse of a matrix

C. Graph

Graph is a structure composed of a set of nodes and a
set of edges connecting two nodes. A graph can be
represented by adjacency matrix. In an undirected simple
graph, the adjacency matrix is a symmetrical matrix.

D. Degree Matrix and Graph Laplacian

Degree matrix is a matrix where the diagonal element
is the sum of degree in the corresponding row of
adjacency matrix. A graph Laplacian is the degree matrix
subtracted by the adjacency matrix. The graph Laplacian
captures the feature of graph connectivity.

E. Eigenvalue and Eigenvector

F. Spectral Clustering

G. K-Means Clustering
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III. IMPLEMENTATION

. . pixel_index(x, y, w
A. Pipeline return y*width + x

get_neighbors(x, y, height, width):

B. Python Program

path = " ain
load_slice(volume: i

fullPath = path + "vo olume) + "_slice
i fullPath,

flair = image[:,

return flair
for dx, dy in directions:
nx, ny = x + dx, y + dy
if @ <= nx < width © <= ny < height:
neighbors.append((nx, ny))

return neighbors

, width

compute_normalized_laplacian(W):

degrees = np.array(W.sum(axis=1)).flatten()
degrees_inv_sqrt = np.zeros_like(degrees)

nonzero = degrees > @

degrees_inv_sqrt[nenzerc] = 1.8 / np.sqrt(degrees[nonzero])

D_inv_sqrt = sparse.diags(degrees_inv_sqrt)

L_norm = sparse.eye(W.shape[@]) - D_inv_sqrt @ W @ D_inv_sqrt
return L_norm

cluster(U):

U=U/ np.linalg.norm(U, axis=1, keepdims=

kmeans (Means (n_clusters=2, random_state=42, n_init=10)
labels = kmeans.fit_predict(U)

return labels
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image = load_slice(5, 77)

W = build_adjacency(image)
spectral_embedding(W, k=2)

labels = cluster(U)

height, width = image.shape
mask_2d = labels.reshape(height, width)

plt.imshow(mask_2d, cmap='gray')
plt.show()

V. CONCLUSION

A conclusion section is not required. Although a
conclusion may review the main points of the paper, do
not replicate the abstract as the conclusion. A conclusion
might elaborate on the importance of the work or suggest
applications and extensions.

VI. APPENDIX

Appendixes, if needed, before the

acknowledgment.

appear
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