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TurboPixels: Fast Superpixels
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Abstract—We describe a geometric-flow-based algorithm for computing a dense
oversegmentation of an image, often referred to as superpixels. It produces
segments that, on one hand, respect local image boundaries, while, on the other
hand, limiting undersegmentation through a compactness constraint. It is very fast,
with complexity that is approximately linear in image size, and can be applied to
megapixel sized images with high superpixel densities in a matter of minutes. We
show qualitative demonstrations of high-quality results on several complex
images. The Berkeley database is used to quantitatively compare its performance
to a number of oversegmentation algorithms, showing that it yields less
undersegmentation than algorithms that lack a compactness constraint while
offering a significant speedup over N-cuts, which does enforce compactness.

Index Terms—Superpixels, image segmentation, image labeling, perceptual
grouping.

1 INTRODUCTION

SUPERPIXELS [18] represent a restricted form of region segmenta-
tion, balancing the conflicting goals of reducing image complexity
through pixel grouping while avoiding undersegmentation. They
have been adopted primarily by those attempting to segment,
classify, or label images from labeled training data [8], [9], [10],
[16], [18]. The computational cost of the underlying grouping
processes, whether probabilistic or combinatorial, is greatly
reduced by contracting the pixel graph to a superpixel graph.
For many such problems, it is far easier to merge superpixels than
to split them, implying that superpixels should aim to oversegment
the image. Region segmentation algorithms which lack some form
of compactness constraint, e.g., local variation [6], mean shift [3], or
watershed [7], can lead to undersegmentation in the absence of
boundary cues in the image. This can occur, for example, when
there is poor contrast or shadows. Algorithms that do encode a
compactness constraint, including N-Cuts [27] and TurboPixels (the
framework we propose), offer an important mechanism for coping
with undersegmentation. Fig. 1 shows the oversegmentations
obtained using these five algorithms; the effect of a compactness
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constraint in limiting undersegmentation can be clearly observed
in the results produced by TurboPixels and N-Cuts.

The superpixel algorithm of Ren and Malik [18] is a restricted
graph cut algorithm, constrained to yield a large number of small,
compact, quasi-uniform regions. Graph cut segmentation algo-
rithms operate on graphs whose nodes are pixel values and whose
edges represent affinities between pixel pairs. They seek a set of
recursive bipartitions that globally minimize a cost function based
on the nodes in a segment and/or the edges between segments.
Wu and Leahy [26] were the first to segment images using graph
cuts, minimizing the sum of the edge weights across cut
boundaries. However, their algorithm is biased toward short
boundaries, leading to the creation of small regions. To mitigate
this bias, the graph cut cost can be normalized using the edge
weights being cut and/or properties of the resulting regions.
Although many cost functions have been proposed (e.g., [5], [11],
[19], [25]), the most popular normalized cut formulation, referred
to widely as N-Cuts, is due to Shi and Malik [21] and was the basis
for the original superpixel algorithm of [18].

The cost of finding globally optimal solutions is high. Since the
normalized cut problem is NP-hard for nonplanar graphs, Shi and
Malik proposed a spectral approximation method with (approx-
imate) complexity O N32  where N is the number of pixels. Space
and runtime complexity also depend on the number of segments,
and become prohibitive with large numbers of se%nents. In [20], a
further reduction in complexity by a factor of = N is achieved,
based on a recursive coarsening of the segmentation problem.
However, the number of superpixels is no longer directly
controlled nor is the algorithm designed to ensure the quasi
uniformity of segment size and shape. Cour et al. [4] also proposed
a linear time algorithm by solving a constrained multiscale N-Cuts
problem, but this complexity does not take the number of
superpixels into account. In practice, this method remains
computationally expensive and thus unsuitable for large images
with many superpixels.

There are fast segmentation algorithms with indirect control
over the number of segments. Three examples include the local
variation graph-based algorithm of Felzenszwalb and Huttenlocher
[6], the mean-shift algorithm of Comaniciu and Meer [3], and
Vincent and Soille’s watershed segmentation [7]. However, as
mentioned earlier, since they lack a compactness constraint, such
algorithms typically produce regions of irregular shapes and sizes.

The TurboPixels algorithm introduced in this paper segments an
image into a lattice-like structure of compact regions (superpixels)
by dilating seeds so as to adapt to local image structure.
Computationally, the approach is rooted in the early curve
evolution techniques in computer vision (e.g., [1], [13], [14]). In
an approach that is similar in philosophy to the one we develop in
this paper, in [28] properties of the medial axis are used to modify
the evolution of two simultaneously evolving contours, in
application to carpal bone segmentation. In the reaction-diffusion
space of [13], a constant motion (reaction) term was played off
against a curvature term (diffusion) for shape analysis. This flow
was subsequently adapted to the problem of segmentation in [14]
and [1] via the inclusion of a multiplicative image gradient
stopping term. These methods led to active contour models that
could handle changes in topology in a natural way. Formal
theoretical justification, as the gradient flows associated with
particular weighted length or area functionals, followed [2], [12],
[23]. A reaction-diffusion space of bubbles was further developed in
[24], where instead of a single contour, multiple bubbles were
simultaneously placed and grown from homogeneous regions of
the image.

While there are many variations on the theme of dilating seeds
using geometric flows (e.g., this idea has been used for segmenting
vasculature in medical imaging [29]), none of these methods have
been applied thus far to superpixel segmentation. Below we
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Fig. 1. Oversegmentations obtained with five algorithms: (a) TurboPixels, (b) N-Cuts [27], (c) Local variation [6], (d) Mean shift [3], and (e) Watershed [7]. Each
segmentation has (approximately) the same number of segments. The second row zooms in on the regions of interest defined by the white boxes.

develop such a technique by combining a curve evolution model
for dilation with a skeletonization process on the background
region to prevent the expanding seeds from merging. We
demonstrate that this technique advances the state of the art in
compact superpixel computation by 1) being applicable to
megapixel size images, with very high superpixel densities, and
2) providing comparable accuracy to N-Cuts, but with significantly
lower runtimes.

2 SUPERPIXELS FROM GEOMETRIC FLOWS

The key idea in our approach is to reduce superpixel computation
to an efficiently solvable geometric-flow problem.
Our approach is guided by five basic principles:

Uniform size and coverage: Superpixel segmentation
should partition an image into regions that are approxi-
mately uniform in size and shape (compactness), minimiz-
ing region undersegmentation, provided that superpixel
size is comparable to the size of the smallest target region.
We achieve this by designing a geometric flow that dilates
an initial set of uniformly distributed seeds, where each
seed corresponds to one superpixel. The seeds behave
initially like reaction-diffusion bubbles [24].

Connectivity: Each superpixel should represent a simply
connected set of pixels. Our dilation-based flow combined
with its level-set implementation, ensures that this

constraint is always satisfied.
Compactness: In the absence of local edge information,

superpixels should remain compact. Our flow begins from
circular seeds and assumes no prior bias on the location of
superpixel boundaries. To maximize compactness, we
include a term that produces constant motion in the
direction of the outward normal in regions of uniform
intensity. This term maximizes the rate of area growth,
while retaining the minimum possible isoperimetric ratio,
which is 4 for a circular region.

Smooth, edge-preserving flow: When growth stops,
superpixel boundaries should coincide with image edges.
This requires a geometric-flow formulation with three
properties: 1) It should slow down boundary growth in the
vicinity of edges, 2) it should be attracted to edges, and 3) it
should produce smooth boundaries. To do this, we borrow
ideas from work on geometric active contours [1], [2], [12],
[13], [14]. Such formulations provide an easy way to
incorporate image-based controls on boundary growth,
and include both a “doublet” term for attraction and a

curvature term for shape regularization.
No superpixel overlap: A superpixel segmentation should

assign every pixel to a single superpixel. Therefore,
boundary evolution should stop when two distinct dilating
seeds are about to collide. To achieve this, we incorporate a
simple skeleton-based mechanism for collision detection in
the background.

These considerations lead to a geometric-flow-based algorithm,
that we call TurboPixels, whose goal is to maintain and evolve the
boundary between the assigned region, which contains all pixels
that are already inside some superpixel, and the unassigned region,
which contains all other pixels. At a conceptual level, the algorithm
consists of the following steps, as illustrated in Fig. 2:

1. place initial seeds;

2. iterate over the following basic steps until no further

evolution is possible, i.e., when the speed at all boundary
pixels is close to zero,

a. evolve this boundary for T time steps;

. estimate the skeleton of the unassigned region;

c. update the speed of each pixel on the boundary and of
unassigned pixels in the boundary’s immediate
vicinity.

See Algorithm 1 for a pseudocode summary of these steps, each of
which is discussed in detail below.
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