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The Problem

Shredder Deshredder
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Who cares?

¨  Bad guys do!
¤ Us good guys want to know how to defend against the 

bad guys

¨  Good guys do too!
¤ Reconstruct evidence
¤ Reconstruct maliciously destroyed documents
¤ Reconstruct accidentally destroyed documents

¨  Academics do!
¤ What can I say I like interesting problems
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Why is it hard?

¨  Pieces are both similar and irregular
¤ No easily identifiable shapes, just strips
¤ Mangled strips

¨  O(N!)
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Why is it hard?

¨  Many possible orientations

¨  Many possible offsets (sometimes)
¨  Sparse feature density 
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Don’t Believe Me?

¨  DARPA Challenge attempted to fill in the lack of  
solutions
¤ Completely automated – CV not good enough (yet?)
¤ Partially automated – Similar to our framework
¤ Completely manual – No Thanks!
¤ Crowd sourced – Not realistic for sensitive documents
¤ Winner spent over 600 man hours

¨  Commercial solutions are only useful for simple 
shreds not crosscut shreds
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Deshredder Framework 

Segmentation!

Digitized shreds 
in one image! Separated Shreds!

Straightening!

Straightened 
shred!

Time series 
extraction!

Feature 
matching and 
affinity matrix 
construction!

Affinity 
Matrix 

database!

Hide and Lock!

Placement!

Orientation!

User Interface!

Constraint 
Propagation!

&!
Visualization!

Color selection and 
matching refinement!
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Orientation 

¨  Simplifying assumption: all strips are roughly 
rectangular

Figure 5: The pipeline of the Deshredder algorithm and user interface.

the background. A noise filtering step accounts for many shred de-
fects such as non-straight cuts, bleaching, tearing, and crumpling.
This step involves discounting areas near the top and bottom of the
edges, and considering an average value of colors near the edges to
account for degradations.

(a) (b)

Figure 6: Two methods for determining the correct shred orientation.
(a) Maximizing the number of edge pixels. (b) Minimizing the least
squares deviation of the edges of the shred. The arrows represent the
deviation from vertical.

If it is assumed that the shreds are cut into strips which are taller
than they are wider and relatively straight, pieces, there are several
simplifying assumptions to help determine the correct orientation.
One team (‘wasabi’; [20]) in the DARPA Challenge noted that in
a perfect rectangle, a correctly oriented shred will have a maximum
number of edge pixels oriented along a single vertical line. In prac-
tice, however, this is not the case because each piece is not perfectly
cut, some cuts can be slightly curved, some may have mangled cuts,
and these could lead to errors in using this metric. Instead we build
a vertical edge time series as mentioned earlier, in Fig. 2.

Definition 1. A Vertical Edge Time Series is a time series V (y) in-
dexed by row and gives the distance from the left-most or right-most
pixel from a perfectly vertical line. For each shred there exists a ver-
tical edge time series for the left and for the right-hand sides (Vl(y)

and Vr(y) respectively).

An image that is well oriented should seek to minimize the aver-
age distance between each edge pixel and a vertical line. Therefore
in finding the correct orientation for each shred we seek to find the
optimum !! such that:

!
! = argmin

!

(V (y)"E)2

where E is the average location of the vertical edge that we are trying
to orient (Note that V (y) is implicitly a function of ! ).

In Figure 7, we study the performance of this approach for Puz-
zle 1 of the DARPA Shredder Challenge. We can see that our ori-
entation approach performs with # 2% error for the vast majority
of shreds; the greater errors are predominantly confined to shreds
that are not completely separated from their neighbors. The visual
analytics approach described later brings in crucial user input that
alleviates some of these outlier cases.

Figure 7: Distribution of straightening errors for Puzzle 1 of the
DARPA Shredder Challenge.
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Orientation Error

¨  This method works well on most pieces
¨  Error of  < 5 degrees on 98% of  pieces
¨  User input can then be taken into account on the 

remaining pieces
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Time series analysis

¨  Timeseries are much simpler than a full image and 
therefore easier to work on computationally

¨  We generate a time series based upon relevant 
features
¤ Shape
¤ Luma
¤ Color
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Time Series: Shape

¨  Use shape to find the inverse time series on 
matching pieces.

Table 2: Comparative analysis of capabilities of various deshredding
algorithms
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and hence we focus on capturing them in a suitable time series repre-
sentation. There have been several preliminary attempts at academic
solutions to document reconstruction, however they either deal with
large pieces [9, 25, 29], non-cross cut shreds [19], or they do not pro-
vide user guided iterative machine learning techniques [23]. Some
other approaches can be found in [15, 22, 26, 28, 30]
Motif Mining and Time Series Modeling: Concurrent to advance-
ments in image processing tools, there have been extensive research
in representing images through 1-dimensional time series and mining
motifs from these time series in order to match image objects [4, 11].
These methods work with image boundaries in general and hence do
not require overlapping regions to compare two images. Keogh et
al [16] in 2006 detailed the process of converting a 2-D shape into
a time series and matching two shapes based on the motifs discov-
ered in these time series, allowing for rotations. Yankow et al [36]
and Xi et al. [34] extend this framework further to more complex
scenarios of matching and similarity search. In 2007, Yankow et
al. [37] presented a uniform scaling approach to match differently
scaled shapes. Rakthanmanon et al. [24] matched near duplicate fig-
ures found in historical documents using a time series approach. Our
work is motivated by the above techniques but, as we will show, we
require significantly specialized pipelines to accommodate shredded
documents.
Similarity matrix interaction and visualization: Similarity matri-
ces are the underlying basis for many data mining and visual analytic
algorithms, e.g., clustering [13]. There is significant work on matrix
visualization and interaction, in general (e.g., [27]) and similarity
matrix visualization, in particular (e.g., [31]). Much of these works
are focused around problems like social network analysis, bioinfor-
matics, and network traffic. Here, we demonstrate the use of sim-
ilarity matrix visualization and interaction as a primary mechanism
for users to understand the landscape of possible shred matches and
how they can systematically prune this space to identify key shreds
that can (or cannot) form important segments in the reconstructed
image.

4 OVERVIEW

We introduce Deshredder by identifying three of its salient themes.

4.1 Representing Shapes as Time Series

The first step in Deshredder is to process the individual shreds and
extract two time series from each of these shreds. Although it might
appear unconventional to represent fragments as time series, as in-
troduced in the related work section there is precedence for such a
representation and it provides significant benefits in matching as we
shall see. The two extracted time series correspond to the left and

right side of the shreds, respectively, and closely follows the relevant
contours of the raw shreds as shown in Figure 2. Using a perfectly
vertical line as reference, the time series captures the distance of the
shred boundary from the vertical line. Subsequently, the time se-
ries are used to compute different similarity metrics between shreds
which in turn form the basis of the assembly process.

Figure 2: Extraction of left and right time series from a shred.

4.2 Visualizing and Interacting with Similarity Matrices

One of the basic interfaces available in Deshredder is the similarity
matrix interaction capability (e.g., see Fig. 4 (A)), which provides a
high level overview of the best matches between all pairs of shreds
(assuming all possible orientations). It enables the user to spot pat-
terns that occur over large sets. One such useful pattern occurs with
blank or nearly blank pieces, which are composed of primarily the
background color and therefore yield relatively good matches with
most other shreds. This can be seen by prominent rows and columns
of blue pixels in Figure 4 . The user can use this view to choose
a threshold (‘Threshold’ slider) of what equates to a good match,
and then automatically discount any pieces that have too many good
matches (‘Max Positives’ slider).

Figure 3: Four possible orientations between two shredded pieces.

4.3 Constraint Propagation via User Interaction

Constraint propagation is an important tool for reducing the number
of possible matches to the user. During the process of reconstructing
documents in the physical world humans employ constraint propaga-
tion in order to reduce the number of choices remaining. Deshredder
automatically employs several forms of constraint propagation. The
first is enabled when a user matches all possible spaces along a single
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Time Series: Luma

¨  Luma is a measure of  brightness
¨  Here it is used to detect broad features in the color

5.2 Image Analysis

In matching two pieces together, there are several pieces of infor-
mation which are available in order to find the optimum matches be-
tween them. The first has already been discussed as a tool for finding
the correct orientations, viz. the shape of the vertical edges. This in-
formation is encoded as the vertical edge time series and used further
below. The second piece of information is the content of the shreds
themselves. This information is encoded in the Luma (a measure of
brightness) time series:

Definition 2. A Luma Time Series is a time series L(y) indexed by
row and gives the value of the Luma of the left-most or right-most
pixel of that row. For each shred there exists a Luma time series for
the left and for the right-hand sides (Ll(y) and Lr(y) respectively).

Although the datasets we use here contain full color information
(and thus three channels of data, one for each primary color), we
have found that using Luma [12], defined as L = .3R+ .59G+ .11B
was sufficient.

While both Luma and edge shape information exist for the top and
bottom edges, it is important to note that our algorithm focuses on
primarily the left and right edges. This is because the cross cut shred-
ding action creates large numbers of deformities on the cross-cuts
and often mangle the top and bottom edges. Furthermore, because
the top and bottom edges are much smaller, there is less information
to match on and consequentially much harder to match effectively.

Each of the two encoded data sources pose different advantages
and disadvantages. The vertical edge time series, while extremely
useful for jigsaw style pieces that had exaggerated features in the
edges, did not by itself provide enough information to identify good
matches. It resulted in false negatives when pieces were mangled
on one side of a cut but not on the other, or when both pieces were
mangled in different ways. Furthermore, false positives were created
as a result of cuts being too straight and thus matching every other
straight cut. The Luma time series, on the other hand, provides a
better source of data, but brought its own problems. The Luma chan-
nel allows for matching content but is susceptible to false positives
such as regularly spaced features e.g., the background lines on ruled
paper, as can be seen in Figure 6. Furthermore, the data provided by
the Luma channel is mostly discontinuous, as the features contained
in the shredded documents tend to be sharp and distinct. This means
that, in comparing two time series, near misses will generate as much
error as complete misses.

Figure 8: A sample Luma time series for the left- and right-hand
sides of the example shred.

5.3 Color Targeting

While by default the Deshredder feature matching algorithm ob-
serves the luminosity of the shreds for points of interest to match
with, Deshredder also allows the user to filter out a specific color to
match pieces against. For instance, in Figure 9a the user desires to
begin to match by the colored ruling on the page. The user then uses
an eye-dropper tool to select that color from an example piece and

(a) (b)

Figure 9: Deshredder allows a user to guide the matching algorithm
to focus on a particular color in comparing shreds.

can use a threshold slider to set the variability of colors to consider.
Deshredder responds by highlighting the colors of interest and then
rerunning the matching algorithm in the background focusing on the
specific colors chosen. In Figure 9b, conversely, the user wishes to
match against the black pen color; in response Deshredder highlights
the black pen strokes and focuses on matching the pen strokes as it
reruns the matching algorithm.

5.4 Matching Shreds

Figure 10: The process for converting an edge, first to a Luma time
series, then finding the edges, and finally creating a Chamfer distance
distribution. The red lines denote the locations of the features.

While being able to compare shreds based on their content and
their shape is useful it is still not sufficient to make good matches. In
order to make the best use of the information in the Luma channel,
we developed a nearest neighbor matching algorithm based upon the
notion of Chamfer similarity, described next.

For each side of each image we build a Luma time series, and from
this time series we use a simple one dimensional convolution kernel
with weights [!1,0,1] to find the edges along the Luma time series.
Next, we filter the Luma time series and note the largest peaks in the
graph. to find the largest such edges in the image and mark these as
our features. Finally, we build a Chamfer distance distribution which
denotes the distance of a pixel to the nearest feature. Figure 10 shows
each step of the process of building the Chamfer distance distribu-
tion [5]. After building a Chamfer distance distribution for each ver-
tical edge of the shred, we can then use these distributions to find the
most suitable match between two edges. Suitable matches are found
using the Chamfer similarity of two Chamfer distance distributions
c1 and c2 defined as:

ChamferSim(c1,c2) =
c1 · c2

max(c1 · c1,c2 · c2)
Here, c1 and c2 are distributions defined over the common bound-

ary of the shreds. The entries of these distributions denote distances
from the nearest feature in the corresponding shred. c1 · c2 denotes
the scalar (dot) product of the vectors.

We compute the Chamfer similarity four times for every pair of
shreds, once for every possible orientation (see Fig. 3). These sim-
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Time Series: Color

¨  Problem: Shreds can be multi-coloured  
¤ Luma can reduce information.

¨  Solution: Focus on particular colors
5.2 Image Analysis

In matching two pieces together, there are several pieces of infor-
mation which are available in order to find the optimum matches be-
tween them. The first has already been discussed as a tool for finding
the correct orientations, viz. the shape of the vertical edges. This in-
formation is encoded as the vertical edge time series and used further
below. The second piece of information is the content of the shreds
themselves. This information is encoded in the Luma (a measure of
brightness) time series:

Definition 2. A Luma Time Series is a time series L(y) indexed by
row and gives the value of the Luma of the left-most or right-most
pixel of that row. For each shred there exists a Luma time series for
the left and for the right-hand sides (Ll(y) and Lr(y) respectively).

Although the datasets we use here contain full color information
(and thus three channels of data, one for each primary color), we
have found that using Luma [12], defined as L = .3R+ .59G+ .11B
was sufficient.

While both Luma and edge shape information exist for the top and
bottom edges, it is important to note that our algorithm focuses on
primarily the left and right edges. This is because the cross cut shred-
ding action creates large numbers of deformities on the cross-cuts
and often mangle the top and bottom edges. Furthermore, because
the top and bottom edges are much smaller, there is less information
to match on and consequentially much harder to match effectively.

Each of the two encoded data sources pose different advantages
and disadvantages. The vertical edge time series, while extremely
useful for jigsaw style pieces that had exaggerated features in the
edges, did not by itself provide enough information to identify good
matches. It resulted in false negatives when pieces were mangled
on one side of a cut but not on the other, or when both pieces were
mangled in different ways. Furthermore, false positives were created
as a result of cuts being too straight and thus matching every other
straight cut. The Luma time series, on the other hand, provides a
better source of data, but brought its own problems. The Luma chan-
nel allows for matching content but is susceptible to false positives
such as regularly spaced features e.g., the background lines on ruled
paper, as can be seen in Figure 6. Furthermore, the data provided by
the Luma channel is mostly discontinuous, as the features contained
in the shredded documents tend to be sharp and distinct. This means
that, in comparing two time series, near misses will generate as much
error as complete misses.
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can use a threshold slider to set the variability of colors to consider.
Deshredder responds by highlighting the colors of interest and then
rerunning the matching algorithm in the background focusing on the
specific colors chosen. In Figure 9b, conversely, the user wishes to
match against the black pen color; in response Deshredder highlights
the black pen strokes and focuses on matching the pen strokes as it
reruns the matching algorithm.

5.4 Matching Shreds

Figure 10: The process for converting an edge, first to a Luma time
series, then finding the edges, and finally creating a Chamfer distance
distribution. The red lines denote the locations of the features.

While being able to compare shreds based on their content and
their shape is useful it is still not sufficient to make good matches. In
order to make the best use of the information in the Luma channel,
we developed a nearest neighbor matching algorithm based upon the
notion of Chamfer similarity, described next.

For each side of each image we build a Luma time series, and from
this time series we use a simple one dimensional convolution kernel
with weights [!1,0,1] to find the edges along the Luma time series.
Next, we filter the Luma time series and note the largest peaks in the
graph. to find the largest such edges in the image and mark these as
our features. Finally, we build a Chamfer distance distribution which
denotes the distance of a pixel to the nearest feature. Figure 10 shows
each step of the process of building the Chamfer distance distribu-
tion [5]. After building a Chamfer distance distribution for each ver-
tical edge of the shred, we can then use these distributions to find the
most suitable match between two edges. Suitable matches are found
using the Chamfer similarity of two Chamfer distance distributions
c1 and c2 defined as:

ChamferSim(c1,c2) =
c1 · c2

max(c1 · c1,c2 · c2)
Here, c1 and c2 are distributions defined over the common bound-

ary of the shreds. The entries of these distributions denote distances
from the nearest feature in the corresponding shred. c1 · c2 denotes
the scalar (dot) product of the vectors.

We compute the Chamfer similarity four times for every pair of
shreds, once for every possible orientation (see Fig. 3). These sim-
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Chamfer Distance

¨  Problem:
¤ Features are often strong, thin peaks
¤ Differing by even a few pixels can destroy the similarity

¨  Chamfer Distance distribution -- distance to nearest 
feature.

5.2 Image Analysis

In matching two pieces together, there are several pieces of infor-
mation which are available in order to find the optimum matches be-
tween them. The first has already been discussed as a tool for finding
the correct orientations, viz. the shape of the vertical edges. This in-
formation is encoded as the vertical edge time series and used further
below. The second piece of information is the content of the shreds
themselves. This information is encoded in the Luma (a measure of
brightness) time series:

Definition 2. A Luma Time Series is a time series L(y) indexed by
row and gives the value of the Luma of the left-most or right-most
pixel of that row. For each shred there exists a Luma time series for
the left and for the right-hand sides (Ll(y) and Lr(y) respectively).

Although the datasets we use here contain full color information
(and thus three channels of data, one for each primary color), we
have found that using Luma [12], defined as L = .3R+ .59G+ .11B
was sufficient.

While both Luma and edge shape information exist for the top and
bottom edges, it is important to note that our algorithm focuses on
primarily the left and right edges. This is because the cross cut shred-
ding action creates large numbers of deformities on the cross-cuts
and often mangle the top and bottom edges. Furthermore, because
the top and bottom edges are much smaller, there is less information
to match on and consequentially much harder to match effectively.

Each of the two encoded data sources pose different advantages
and disadvantages. The vertical edge time series, while extremely
useful for jigsaw style pieces that had exaggerated features in the
edges, did not by itself provide enough information to identify good
matches. It resulted in false negatives when pieces were mangled
on one side of a cut but not on the other, or when both pieces were
mangled in different ways. Furthermore, false positives were created
as a result of cuts being too straight and thus matching every other
straight cut. The Luma time series, on the other hand, provides a
better source of data, but brought its own problems. The Luma chan-
nel allows for matching content but is susceptible to false positives
such as regularly spaced features e.g., the background lines on ruled
paper, as can be seen in Figure 6. Furthermore, the data provided by
the Luma channel is mostly discontinuous, as the features contained
in the shredded documents tend to be sharp and distinct. This means
that, in comparing two time series, near misses will generate as much
error as complete misses.
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an eye-dropper tool to select that color from an example piece and
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can use a threshold slider to set the variability of colors to consider.
Deshredder responds by highlighting the colors of interest and then
rerunning the matching algorithm in the background focusing on the
specific colors chosen. In Figure 9b, conversely, the user wishes to
match against the black pen color; in response Deshredder highlights
the black pen strokes and focuses on matching the pen strokes as it
reruns the matching algorithm.

5.4 Matching Shreds
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distribution. The red lines denote the locations of the features.
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c1 and c2 defined as:
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can use a threshold slider to set the variability of colors to consider.
Deshredder responds by highlighting the colors of interest and then
rerunning the matching algorithm in the background focusing on the
specific colors chosen. In Figure 9b, conversely, the user wishes to
match against the black pen color; in response Deshredder highlights
the black pen strokes and focuses on matching the pen strokes as it
reruns the matching algorithm.

5.4 Matching Shreds

Figure 10: The process for converting an edge, first to a Luma time
series, then finding the edges, and finally creating a Chamfer distance
distribution. The red lines denote the locations of the features.

While being able to compare shreds based on their content and
their shape is useful it is still not sufficient to make good matches. In
order to make the best use of the information in the Luma channel,
we developed a nearest neighbor matching algorithm based upon the
notion of Chamfer similarity, described next.

For each side of each image we build a Luma time series, and from
this time series we use a simple one dimensional convolution kernel
with weights [!1,0,1] to find the edges along the Luma time series.
Next, we filter the Luma time series and note the largest peaks in the
graph. to find the largest such edges in the image and mark these as
our features. Finally, we build a Chamfer distance distribution which
denotes the distance of a pixel to the nearest feature. Figure 10 shows
each step of the process of building the Chamfer distance distribu-
tion [5]. After building a Chamfer distance distribution for each ver-
tical edge of the shred, we can then use these distributions to find the
most suitable match between two edges. Suitable matches are found
using the Chamfer similarity of two Chamfer distance distributions
c1 and c2 defined as:

ChamferSim(c1,c2) =
c1 · c2

max(c1 · c1,c2 · c2)
Here, c1 and c2 are distributions defined over the common bound-

ary of the shreds. The entries of these distributions denote distances
from the nearest feature in the corresponding shred. c1 · c2 denotes
the scalar (dot) product of the vectors.

We compute the Chamfer similarity four times for every pair of
shreds, once for every possible orientation (see Fig. 3). These sim-
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Similarity Example

15



Constraints

¨  Constraints can help decrease the # of  pieces 
considered
¤ Orientation
¤ Unmatched edges
¤ Lack of  useful features

¨  As constraints are added and pieces matched we 
can propagate these constraints to other pieces.
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Constraint Propagation
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UI

¨  Normal mode

Long mode
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Expert Studies

¨  Performed on DARPA Challenge Puzzle 1 using 
two experts

¨  Both hid pieces that had no handwriting on them
¨  Found about 17% time had to adjust a match
¨  Helped to identify the need of  an overview that 

lead to the affinity matrix visualization
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Results
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Future Work

¨  OCR and stroke recognition
¨  Perform hybrid matches 
¨  Present a client/sever model that allows analysts to 

interact simultaneously
¨  New match times such as those based upon a 

modification of  SIFT and SURF
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