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Introduction
• Image retargeting

– Resized to a new aspect ratio
• [Rubinstein et al. 2008; Wang et al. 2008]

• Image completion
– Automatically synthesizes an erased region

• [Criminisi et al. 2003; Komodakis and Tziritas 2007]

• Image reshuffling
– Grab portions of the image and move them around

• [Simakov et al. 2008; Cho et al. 2008]

• User interaction is essential
– Toolset must provide the flexibility
– must be fast
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Interactivity in the artistic process

• Most high-level editing approaches meet only one of these 
criteria

– Flexibility
• Non-parametric patch sampling

– [Hertzmann et al. 2001; Wexler et al. 2007; Simakov et 
al. 2008]

– Structural image editing
– Far too slow
– WE MADE IT FASTER

» Possible to apply them in an interactive editing

– Fast
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Nearest-Neighbor Field (NNF)

• A core element of nonparametric patch 
sampling methods

• naive brute force search is expensive
– O(mM2)

• Image regions : M pixels
• Patches : m pixels

• Approximate nearest neighbors (ANN)
and dimensionality reduction
– [Mount and Arya 1997]
– Not interactive speed
– Use memory in O(M) or higher
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Key observations

• Dimensionality of offset space
– The patch is sparsely populated 

• O(M) patches
– Previous methods attacking patch space

• Tree structures (e.g., kd-tree)
• Dimensionality reductions (e.g., PCA)

• Natural structure of images
– The output typically contains large contiguous 

chunks of data from the input
• The law of large numbers
– Some nontrivial fraction of a large field of random 

assignments will likely be good guesses
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Related work
• Texture synthesis and completion

– Non-parametric texture synthesis
• Efros and Leung [1999]

– better structure preservation
• [Wei and Levoy 2000; Ashikhmin 2001; Liang et al. 2001; Efros and 

Freeman 2001; Kwatra et al. 2003; Criminisi et al. 2003; Drori et al. 
2003].

– completion problem as a global optimization
• Wexler et al. [2007]

– Patch optimization
• [Kwatra et al. 2005; Kopf et al. 2007; Wei et al. 2008]

– parallel update
• Lefebvre and Hoppe [2005]

– Loopy Belief Propagation
• Komodakis and Tziritas [2007]
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• Nearest neighbor search methods
– TSVQ

• [Wei and Levoy 2000]
– kd-trees 

• [Hertzmann et al. 2001; Wexler et al. 2007; Kopf et al. 2007],
– VP-trees 

• [Kumar et al. 2008]
– dimensionality reduction techniques such as PCA 

• [Hertzmann et al. 2001; Lefebvre and Hoppe 2005; Kopf et al. 
2007],

– local propagation
• Ashikhmin [2001]

– k-coherence
• [Tong et al. 2002]
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• Control and interactivity
– user control over the process by initializing the 

output pixels with desired colors
• Ashikhmin [2001]

– image analogies
• Hertzmann et al. [2001]

– Annotating structures
• [Sun et al. 2005].

– deform image feature curves
• Fang and Hart [2007]

– interactive completion
• Pavic et al. [2006]
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• Image retargeting
– using some metric of saliency

• [Liu and Gleicher 2005; Setlur et al. 2005;Wolf et al. 
2007;Wang et al. 2008].

– Seam carving 
• [Avidan and Shamir 2007; Rubinstein et al. 2008]

– bidirectional similarity between small patches in 
the original and output images
• Simakov et al. [2008]

– create texture summaries for faster synthesis
• Wei et al. [2008]

9



• Image “reshuffling”
– Simakov et al. [2008] and Cho et al. [2008]
– requires the minimization of a global error 

function

– Interactivity is essential
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Approximate nearest-neighbor 
algorithm
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Initialization

• Initialization
– Assign random values
– Use prior information

• Coarse-to-fine gradual resizing process
– Initial guess upscaled from the previous level
– sometimes get trapped in local minima

• Few early iterations of the algorithm using 
a random initialization
– then merge with the upsampled initialization 

only at patches where D is smaller, 
– and then perform the remaining iterations
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Iteration - Propagation
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Random search
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Efficiency
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GPU implementation

• Propagation is inherently a serial
– Jump flood scheme
• Rong and Tan [2006]

– Long propagations are not needed
–Maximum jump distance of 8 suffices
– Only 4 neighbors at each jump distance
– 7x faster than the CPU algorithm
• on a GeForce 8800 GTS card
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Analysis for real-world images

• We performed error analysis
– Inputs and outputs of our editing operations (very similar)
– Stereo pairs and consecutive video frames (somewhat similar)
– Images from the same class in the Caltech-256 dataset (less 

similar)
– Pairs of unrelated images

• Our algorithm is both substantially faster than kd-tree and 
uses substantially less memory over a wide range of 
parameter settings.
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Editing tools
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Expectation Minimization (EM) 
like optimization
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Search space constraints

• Image completion is challenging
– Can produce inconsistencies
• where structured content is inpainted

– Boundaries of the missing region 
• provide few or no constraints

• Sun et al. [2005]
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• Limiting the search space for labeled 
pixels inside the hole to the regions outside 
the hole with the same label
– adding these extra constraints accelerates the 

convergence properties by limiting the search 
space

• Similar to the “texture by numbers” 
approach
– [Hertzmann et al. 2001]
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Deformation constraints

• The user to mark semantically important 
regions
– [Avidan and Shamir 2007; Simakov et al. 

2008; Wang et al. 2008]
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Model constraint
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• RANdom SAmple Consensus (RANSAC)

30



Models

• Free lines
– Figure 6

• Fixed-slope lines
– Figure 5

• Fixed-location lines
– Figure 12(n)

• Translating regions
– Figure 11(right)

• Scaled regions
– Figure 6
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Hard constraints 
(a.k.a. “reshuffling”).
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• This can be easily done in our framework
– After each EM iteration we simply correct 

the offsets to the output position

• Options to the user to determine the 
initialization of the contents of the hole
– Swap
– Interpolate
– Clone
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Local structural scaling
• Gradually scaling

the object and 
running a few EM 
iterations after 
each scale at the 
coarse resolution
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Implementation details
• For larger angle and scale changes 

– that may be required for extreme retargeting factors, 
• one may have to rotate/scale the patches as well.

• Increase the weight of patches 
– In the important regions and lines by 20%.

• Finer levels of the pyramid have better initial 
guesses
– Fewer EM iterations are needed
– Coarsest level: 20-30

• Global matching is less necessary
– For the fine level 
– random search radius to w = 1
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Results, discussion, 
and future work
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Extending the matching 
algorithm

• k nearest neighbors
– may allow the k-coherence strategy

• optimal random sampling pattern and halting 
criteria are functions of the inputs

• By exploring these tradeoffs 
and further investigating GPU implementations,
– additional speed gains may be realized
– opening up new applications 

• in real-time vision and video processing
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Other applications
• Fully automatic stitching of photographs

– Rother et al. [2006],
• Generate image collages
• New view synthesis

– Fitzgibbon et al. [2003]
• Image denoising

– [Buades et al. 2005]
• Learning based superresolution

– [Freeman et al. 2002].
• Reshuffling on 3D geometry
• 4D animation or volumetric simulation sequences
• Object detection and tracking

– Although the optimization we perform has no explicit neighborhood 
term penalizing discontinuous offsets
• (as required in stereo and optical flow)
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Not yet finished
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Analysis for a synthetic example
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1 - (1 / e) = 0.632120559
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The worst case

• image B consists of a highly repetitive 
texture with many distractors similar to 
the distinct feature in A
– effective neighborhood region size C might 

be decreased to 1 
• (i.e., only the exact match can pull the solution 

out of the distractor during random search)

• In practice, an approximate match will 
not cause any noticeable difference
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