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ABSTRACT

Modern imaging technologies enable the study of microstruc-

tural features, which require capturing the finest details in

high-resolution gigapixel images. Nevertheless, the resolu-

tion disparity between gigapixel images and megapixel dis-

plays presents a challenge to effective visual analysis because

subtle texture differences are hardly perceivable at coarser

resolutions. In this paper, we present a hierarchical segmen-

tation technique based on the joint distribution of intensity

and noise-resistant local binary patterns to differentiate subtle

microstructural textures across various scales. The coarse-

to-fine segmentation procedure subdivides each parent seg-

ment into texturally-distinct child segments at progressively

higher resolutions. The hierarchical structure of segments al-

lows creating intermediate segmentation results interactively.

Based on the intermediate results, we highlight regions with

texture differences using distinct colors, which provide salient

visual hints to users despite the current viewing resolution.

Our new technique has been validated on large microscopy

images and shows promising results.

Index Terms— Image segmentation, gigapixel images

1. INTRODUCTION

As technology pushes the limits of image resolution, the

widening gap between image and screen resolutions has be-

come an impediment to visual analysis of high-resolution

images. For example, visually inspecting a 281-gigapixel

microscopy image [1] on an ordinary four-megapixel screen

would take tremendous effort, especially in an exploratory

analysis when viewers have yet to decide which specific tar-

gets to focus on before exploring the image. The analysis of

gigapixel images therefore requires human-computer collab-

oration, especially in non-trivial analyses that are laborious

even for moderate-sized images.

Many examples of such demanding analyses involve tex-

ture detection, which is challenging because of the complex

nature of textures. Besides the complexity in modeling tex-

tures computationally [2], visually inspecting textures in large

images is also difficult because textures can easily become

indistinguishable after the high-frequency components are re-

moved by downsampling. Analysts are therefore faced with

two conflicting operations: 1) zooming in to specific regions

of the image for the high-resolution details required in texture

analysis, and 2) zooming out for a global view that puts the

target microstructures in a better context [3, 4].

Although the conflicts caused by resolution disparity ag-

gravate image understanding, additional visual cues such as

color [3] and depth [5] can enhance human perception of im-

ages. In the past, specialized lighting functions [6] and clus-

tering techniques [7] have been used to assign colors and

opacities that highlight brain microstructures in volumetric

data. Studies in visual psychophysics have also revealed that

human eyes are naturally more efficient in processing colors

than textures [8]. Therefore, in this work, we use colors to

highlight texture differences and facilitate the search for dis-

tinct textures and microstructures in large images. Whereas

the resolution disparity problem is inevitable when explor-

ing large images, texture differences that are less apparent at

a given resolution stand out more easily because the color-

based highlights are more salient to human eyes. We ad-

dress the following challenges. First, conducting texture anal-

ysis on gigapixel images is extremely computationally expen-

sive. Second, the textures of interest are not discernible at all

scales. The need for finding and visualizing texture differ-

ences across scales in large gigapixel images calls for an effi-

cient segmentation procedure and a flexible interaction com-

ponent to enable manual exploration of gigapixel images.

We use the joint distribution of intensity and noise-

resistant local binary pattern (NRLBP) [9] to characterize

textures in the image (Section 2.1). Based on the joint

intensity-NRLBP distribution, we apply an efficient hierarchi-

cal segmentation algorithm to identify regions with different

textures at various scales (Section 2.2). Segments are col-

ored differently to allow visual detection even when zooming

out. Based on the color-based highlights, users can decide

whether they need to split a segment further (Section 2.3).

Such a user-mediated approach may significantly reduce the

time needed to locate regions with texture differences, reveal

ones that could otherwise be overlooked, and lead to a more

thorough exploration.



2. METHODOLOGY

The computation and memory required to segment an im-

age grow significantly with the number of pixels. For exam-

ple, in our preliminary experiments, we found that F&H [10]

and FSEG [11] terminated prematurely when segmenting gi-

gapixel images because of insufficient memory when allocat-

ing memory space for an excessive number of vertices and

edges (F&H) or a large high-dimensional feature vector for all

pixels (FSEG). Because segmenting a gigapixel image based

on pixel-level representations is infeasible, in this paper we

reduce the memory usage by partitioning a segment at pro-

gressively higher resolutions and modeling the image as a

graph of superpixels.

Similar to previous research on gigapixel images [3, 12,

13], we use a Gaussian pyramid as the multiscale image rep-

resentation. A tile-based storage divides each pyramid level

into a set of rectangular tiles of size 1024 × 1024, allowing

efficient loading of relevant regions in the image pyramid at

various scales. In addition to browsing gigapixel images, our

tool allows exploring the segmentation results (the color high-

lights) hierarchically and interactively.

2.1. Joint intensity-NRLBP histogram

We use the joint histogram of intensity and noise-resistant lo-

cal binary pattern (NRLBP) [9], which is a variant of local

binary pattern (LBP) [14, 15], to identify texture differences.

An LBP is a binary string in which each bit encodes the sign

of the difference between the intensity value of the center

pixel and the intensity value of a neighboring pixel. Nev-

ertheless, this binary encoding is prone to noise that causes

unstable sign of intensity differences. Local ternary pattern

(LTP) [16] alleviates the sensitivity to noise by a ternary en-

coding that uses the third state to represent situations when

the intensity difference is less than a predefined threshold.

NRLBP [9] treats the third state of LTP as a wild card that

can map to either zero or one. Each ternary encoding of LTP

therefore corresponds to a specific set of conventional uni-

form LBPs [15] after mapping the wild cards to zero or one.

The LBP-based features describe textures based on inten-

sity differences instead of actual intensity values. Neverthe-

less, intensity values are important attributes in many appli-

cations, including the analysis of microscopy images in this

work because tissues of different types may have distinct in-

tensity values. By combining intensity with NRLBP, we use

the joint distribution of intensity and NRLBP to improve the

descriptive power. The joint histogram divides the intensity

range [0, 255] into eight non-overlapping bins and uses a sepa-

rate bin for each pattern of NRLBP. We use the chi-square dis-

tance χ2(x, y) to compare two normalized intensity-NRLBP

joint histograms x and y; χ2(x, y) is defined as:

χ2(x, y) =
∑

i,j

(xi,j − yi,j)
2

xi,j + yi,j
, (1)

where xi,j and yi,j are the values of bin (i, j) in x and y,

respectively.

Fig. 1 shows the power of the intensity-NRLBP joint his-

tograms by visualizing the result of multidimensional scaling

(MDS) [17] with the intestine (Fig. 1a), cartilage (Fig. 1b),

and muscle (Fig. 1c) tissue samples. Each sample of size

256× 256 is divided into 8× 8 blocks (each of size 32× 32),

which are projected to a two-dimensional space based on the

pairwise chi-square distances computed using LBP (Fig. 1d),

NRLBP (Fig. 1e), and the joint distribution of intensity and

NRLBP (Fig. 1f). By modeling noise explicitly, NRLBP sep-

arates the blocks of different tissue types better than LBP. Us-

ing the joint distribution of intensity and NRLBP further sep-

arates the blocks into three distinguishable clusters, one for

each tissue type.

(a) Intestine (×) (b) Cartilage (·) (c) Muscle (◦)

(d) LBP (e) NRLBP (f) Intensity+NRLBP

Fig. 1. The two-dimensional projections (d–f) show the distri-

bution of sample blocks of (a) intestine, (b) cartilage, and (c)

muscle tissues. The projections are obtained by MDS analy-

sis based on the pairwise distances computed using (d) LBP,

(e) NRLBP, and (f) joint distribution of intensity and NRLBP.

2.2. Unsupervised graph-based segmentation

For large images, working directly at the pixel level is imprac-

tical because of the computational burden. Instead, we per-

form the actual texture segmentation at the superpixel level.

Because the number of superpixels is two orders of magnitude

smaller than the number of pixels, the computational burden

becomes less of an issue.

We use the simple linear iterative clustering (SLIC) [18]

to efficiently segment each image tile into superpixels of size

about 500 pixels. The SLIC generates regular-shaped super-

pixels and therefore avoids the bias introduced by the irregular

distribution of nodes in a graph, which may diminish the qual-

ity of graph-based segmentation techniques [19]. We set the

compactness to ten to generate results with a balanced shape



regularity and boundary accuracy. The superpixel extraction

is repeated for each pyramid level independently.

Given the superpixels, we first construct a superpixel ad-

jacency graph G and then partition G into disjoint connected

components. Each connected component corresponds to a

segment that differs from its neighboring segments in texture.

An edge in G is assigned a weight representing the texture

dissimilarity (Eqn. 1) between the corresponding pair of su-

perpixels. Because a tile-based image representation is used

here, constructing G requires iterating over all the tiles, con-

necting vertices within the same tile as well as vertices that

lie on the boundary of adjacent tiles.

After constructing G, we use a modified version of the

efficient graph-based segmentation (F&H) [10], originally

formulated to work at the pixel level, to partition G. Starting

from having each vertex being its own connected compo-

nent, the algorithm examines all edges in a non-decreasing

order with respect to edge weights. Given that the two end

nodes of the edge under inspection belong to the connected

components C1 and C2, these two connected components

are merged if that edge has a weight less than or equal to a

threshold min{diff(C1)+ τ(|C1|), diff(C2)+ τ(|C2|)}. Here

diff(C) denotes the internal difference of C, calculated as

the largest edge weight in the minimum spanning tree of C.

Function τ(|C|) = k
|C| , in which k is a constant and |C|

denotes the number of vertices (superpixels) in the connected

component C; τ(|C|) decreases as connected component C
grows. Setting k to a larger value leads to larger segments

consisting of more superpixels.

2.2.1. Hierarchical segmentation

The hierarchical segmentation procedure starts from the

coarsest resolution and gradually moves to finer resolutions

(i.e. from top to bottom level in the Gaussian pyramid).

We first create a separate graph for each segment obtained

in the previous (low resolution) level and then apply the

aforementioned graph-based segmentation procedure to sub-

divide that segment. The hierarchical approach establishes

the parent-child relationships between segments, which can

be represented as a tree of segments across scales.

We make an additional modification before applying

the graph-based segmentation hierarchically. In the origi-

nal F&H segmentation [10], the image size determines the

size of the input graph. However, in the hierarchical set-

ting described here, the size of graph depends on the size

of segment (i.e. the number of superpixels) in the previous

level. Small values of the constant k in τ(|C|) usually lead

to over-segmentation of large segments, and large values of

k lead to under-segmentation of small segments. To alleviate

this problem, we set k = kH × log |G|, where |G| denotes the

segment size (i.e. the number of vertices in the input graph)

and kH is a constant (kH = 0.6 in this paper); this way the

value of k is adjusted dynamically according to the size of

the parent segment.

Because superpixels are generated independently before

applying the hierarchical segmentation, the boundaries of seg-

ments at a previous (low resolution) level may not align per-

fectly with the superpixels in the following (high resolution)

level. We address this inconsistency using a majority vote to

assign superpixels in the child level to a parent segment.

2.3. User interaction

After building the segment tree, each intermediate segmenta-

tion consists of the segments that correspond to the leaf nodes

in the pruned segment tree. We use a hierarchical exploration

strategy similar to Ip et al. [20] and build a tool that allows

users to unfold a leaf node by clicking on the corresponding

segment. The newly-added child nodes of that unfolded leaf

node become the leaf nodes in the updated pruned tree, lead-

ing to the subdivision of the clicked segment. The colors of

segments reflect the changes made to the tree interactively.

3. EXPERIMENTS AND RESULTS

Our method was applied to the zebrafish embryo image [1]

obtained through the Journal of Cell Biology (JCB) DataViewer.

This image consists of eleven types of tissues: brain, carti-

lage, eye, intestine, liver, muscle, notochord, olfactory pit,

pancreas, pronephric duct, and yolk. We scaled down the

image from its original resolution of 281 gigapixels to 6.04
gigapixels to reduce processing time.

Fig. 2 shows an example of the hierarchical segmenta-

tion. For simplicity, only part of the whole segment tree is

shown. In the first row the root node, which represents the

whole image, unfolds into node 5 and node 6 that correspond

to segments 5 and 6 in the second row. Segment 5 further sub-

divides into child segments including segments 26 and 34 in

the third row. In the segment tree, each node (except for the

root) corresponds to a segment obtained through the graph-

based segmentation. The tree edges between nodes 5 and 26
and nodes 5 and 34 represent the parent-child relationships

between them.

The user interaction facilitates the reconfiguration of the

segment tree following the steps from the first row to the third

row in Fig. 2. Initially, the segment tree contains only one

(root) node, which corresponds to the yellow segment. Upon

clicking the yellow segment, the root node unfolds into its

child nodes (e.g. nodes 5 and 6). The two nodes correspond to

two segments (blue and dark slate gray) in the second row; the

dark slate gray segment contains eye tissues. Another click

on the blue segment in the second row further subdivides the

blue segment into a few smaller child segments (e.g. the red

and brown segments in the third row). The click triggers the

unfolding of node 5 into its children nodes 26 and 34 in the

segment tree. If the users keep unfolding node 34 (and its

child), they can eventually reach the visualization shown in

the first column of Fig. 3, which separates the muscle tissue
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Fig. 2. With our visualization tool, clicking the yellow seg-

ment in the first row subdivides the top-right region of the

zebrafish embryo into segment 5 (blue) and segment 6 (dark

slate gray). Another click on segment 5 subdivides segment 5

into segment 26 (brown) and segment 32 (red).

from the intestine tissue.

Many tissues in the image, such as the muscle, intestine,

and pronephric duct tissues (first column of Fig. 3), are in-

distinguishable at low resolution. Users can hardly detect the

subtle differences in texture because the high-frequency in-

formation is missing after zooming out. Our method, by en-

abling user intervention, provides corresponding color-based

highlighting such that the muscle-intestine tissue boundaries

are easily observable. The muscle tissues can also be split

into several regions separated by a thin dark boundary (sec-

ond column of Fig. 3).

The total processing time of the image applying the hier-

archical segmentation is 98.27 minutes. Over half of the time

(50.94 minutes) was spent on constructing the graph, which

involves creating the joint intensity-NRLBP histograms and

calculating the edge weights (χ2 in Eqn. 1). The processing

time reported here is based on an Intel Xeon 2.6GHz CPU.

It has been shown that the calculation of LBP and χ2 can be

substantially accelerated on a GPU [21]. We expect a similar

MMMMuscclleeMuscle
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Fig. 3. The texture differences in the down-sampled grayscale

images are more distinguishable with color highlights. First

column shows the boundary between the muscle, intestine,

and pronephric duct tissues; second column shows the bound-

ary between muscle tissues.

degree of acceleration when we migrate the calculation from

CPU to GPU.

4. CONCLUSIONS

The disparity between image size and screen resolution poses

new challenges to the analysis of subtle microstructures. This

work presents a method to assist exploration and analysis of

gigapixel images by highlighting regions with different tex-

tures. We use a multiscale hierarchical image segmentation

algorithm to identify regions that differ in texture based on the

joint distribution of intensity and noise-resistant local binary

pattern. These segments across resolutions are organized into

a tree to facilitate the exploration of intermediate segmenta-

tion results interactively. The texture-based color highlights

provide visual feedback to assist users in determining which

parts of the image need more detail. We are extending this

work to images obtained from other modalities.
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