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Abstract

Presentation of folded documents is not an uncommon case in modern society. Digitizing such
documents by capturing them with a smartphone camera can be tricky since a crease can divide the
document contents into separate planes. To unfold the document, one could hold the edges
potentially obscuring it in a captured image. While there are many geometrical rectification
methods, they were usually developed for arbitrary bends and folds. We consider such algorithms
and propose a novel approach Unfolder developed specifically for images of documents with a
crease from folding in half. Unfolder is robust to projective distortions of the document image and
does not fragment the image in the vicinity of a crease after rectification. A new Folded Document
Images dataset was created to investigate the rectification accuracy of folded (2, 3, 4, and 8 folds)
documents. The dataset includes 1600 images captured when document placed on a table and
when held in hand. The Unfolder algorithm allowed for a recognition error rate of 0.33, which is
better than the advanced neural network methods DocTr (0.44) and DewarpNet (0.57). The

average runtime for Unfolder was only 0.25 s/image on an iPhone XR.
Keywords: folded documents, image rectification, dewarping, on-device acquisition, open

dataset.
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Introduction

Physical documents digitalization has become a crucial
task in the modern world. This problem used to be solved
with the help of flatbed scanners with further Optical
Character Recognition (OCR)[1]. Nowadays smartphones
have become widely-spread, so the camera-captured
images are no less popular than the scanned ones.
However, common OCR methods can not be performed on
the camera-captured images straightforwardly as the

document can be heavily distorted. For example, a
document can be folded in half and presented to the camera
as shown on Fig. la. Thus an additional step — image
rectification [2—5] is required. The rectification includes
restoring a document image as if it was scanned with a
flatbed scanner based on the image of a document captured
with a mobile device (see Fig. 15). The creases could
complicate the rectification, and then the problem is
referred to as image dewarping, image unwarping, image
restoration, textures unwrapping.
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Fig. 1. (a) Input image, (b) rectified image with a content tearing (marked in orange) caused by inappropriate image stitching,
(c) enlarged region

We found a single work among the published studies
dedicated to rectification which considers the documents

folded in half. S. Das et al. in [6] proposed to localize the
contour of the document parts (defined by the crease),
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then rectify each part independently, and concatenate
them in a resulting image. However, the authors
themselves stated that the document content could be torn
(see Fig. 1.b and 1.c which illustrate the tearing of the
content) in the concatenation areas of the rectified image.

This work examines the available rectification
algorithms and provides details on the developed
algorithm. We designed the proposed solution to (i)
rectify an image of a document with a crease from
folding in half which was captured with a smartphone
camera, (ii) guarantee the absence of content tearing, and
(iii) be executable on smartphones.

One of the difficulties when developing such an
algorithm is the absence of a sufficient dataset. In [6],
only 9 images are published. The DocUNet [7] dataset
includes about 10 images of documents with a crease
from folding in half. The recently published WarpDoc [8]
dataset includes a subset of folded documents, but most
of the creases are arbitrary, often not dividing the
document in half and non-parallel to its edges.

In this paper a new dataset FDI is presented. In
contrast with the aforementioned ones it is not designed
to fulfill all possible document warps or arbitrary folds,
concentrating only on specific, but very common cases.
This dataset contains multiple types of folds (2, 3, 4, 8) of
different documents when the document placed on a table
and when it is held.

The main contributions of the present paper are the
following:

1. We propose an algorithm Unfolder, being able to

rectify images of documents folded in half. The

Unfolder allows to rectify images very fast even on

smartphone central processors (0.25 s on iPhone XR).

2. We present a criterion of continuity of a mapping

comprised of two projective transformations used in

the Unfolder algorithm. It makes possible to get rid of
content tearing on the line of image concatenation.

3. We introduce a brand-new dataset FDI comprised

of real camera-captured images of folded documents.

4. The Unfolder sets an initial baseline performance

on the twofold subset of FDI, outperforming the

current state-of-the-art algorithms.

The paper is structured as follows: Section 1 reviews
published rectification methods, the absolute majority of
which does not consider the specific case of folded
documents; Section 2 explains the proposed Unfolder
algorithm in detail; Section 3 describes the proposed
Folded Document Images (FDI) dataset, provides the
measurement of the accuracy and runtime for the
Unfolder algorithm, and compares its performance with
other methods.

1. Related work

Certain rectification methods explicitly reconstruct
the surface of a document in three-dimensional space.
They employ shape from x, where x is shading [9, 10],
motion [11, 12], and some methods rely on additional

equipment such as stereo cameras or lasers [13—16].
Such methods are either computationally expensive or
require multiple captured images or additional equipment.

Another approach (e.g., [6, 17—19]) to the rectification
problem includes two steps: document contour detection,
and document image normalization using the Coons patch
[20]. The document image normalization, however, could be
inappropriate — when normalizing projectively distorted
documents, the document’s contour is corrected, but its
content is distorted.

Another way to rectify the image given the borders of
the document is to make assumptions on the model of the
document in the image. The document surface can be
supposed to be cylindrical [21—-23]. Additionally, the
document content is used to help the rectification. The
authors make use of the text lines to improve their
methods. These constraints make it possible to simplify
the rectification, though are not suitable for all possible
images. There are works both not including projectivity
in such a case [21] and including [22, 23]. In all these
works a grid is generated on the document to make the
rectification possible.

Modern researchers focus on the neural network-based
approach to the rectification problem [7, 8, 24—40]. The
DocUNet [7] dataset has been adopted for benchmarking.
To compare the performance of the proposed algorithm with
the published algorithms, we consider DewarpNet [24].
Several authors of the latter have introduced the DocUNet
dataset in the first place. We also consider the recent state-
of-the-art (among the published studies) neural network
method, DocTr [26]. The authors of corresponding papers
provided open source code as well as the pre-trained neural
network models.

Among the algorithms we have considered, none
would allow the uncorrupted rectification of a document
folded in half using only one frame and take less than a
second on a smartphone mobile processor. Therefore, in
the next section we propose a new algorithm Unfolder.

2. Proposed algorithm

In this section we propose the new algorithm
Unfolder for rectification of twofold document images.
We suppose that the document on the image consists of
two concatenated flat rectangles. So localization of the
quadrilaterals of the outer contour and projective
transformation for each of them are two main steps of
Unfolder (see Fig. 2).

Consider the algorithm scheme from Fig. 2 in detail.
We suppose the upper half of the input image to contain
most of the upper half of the document, and the bottom
half of the image to contain most of the bottom half of the
document. So at first the input image [ is split into top
half 7' and bottom half 7%, and we try to roughly
approximate the halves of the documents by two
quadrilaterals. Thereby, both halves are subjected to an
algorithm of quadrilateral localization based on edges and
lines extraction [5] having a set of quadrilaterals as its
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output. Thus sets of quadrilaterals Q! from /* and Q°
from I ? are extracted (see Sec. 2.1 for more details).

Each pair of quadrilaterals is used to form a hexangle
representing the document outer borders on the image /.
For that we develop special refining techniques (see Sec.
2.2). All the generated hexangles undergo a correction
step to fit a continuity criterion (see Sec. 2.3), so after the
projective transformation there is no the content tearing.

After that the hexangles are sorted by their contour score
and the one with the highest contour score is chosen as
an output of the localization step (see Sec. 2.4).

The final step of Unfolder is a mapping defined by
two projective transformations of the input image (see
Sec. 2.5), so the rectified image is an output of the
proposed algorithm. Let us consider all the dashed blocks
of the scheme in detail.

Input image splitting
into top half and bottom
half: 1, 1°

Input image: I = (qt

1
B
L
....... % 1 Output image: R

' Hexa correction to fit ! !

1 continuity criterion ! T

For cach I T Mapping defined by ' :
qb) cQtx Qb ¢ two pro»]e_clwe b
» transformations: R |

L — — — - - — —
|

-
| Projective tranformation '

Localization

Fig. 2. Schematic structure of the Unfolder algorithm

2.1. Quadrilateral search

An algorithm proposed in [5] is employed as follows.
At first, the images Ej, E, of horizontal and vertical edges
are extracted the same way as in [5]. Let us denote L, all
lines, hereinafter referenced as horizontal, having an
angle with the horizontal directing vector lying in the
interval (—(m/4), n/4). Similarly L, as a set of vertical
lines, having angle with the vertical directing vector lying in
the interval (—(n/4), ©/4), is denoted. The sets L, and L, are
localized utilizing Fast Hough Transform [41]. Let us denote
the line separating / into halves as /. The desired
quadrilaterals are formed by intersecting four lines each: one
horizontal line [,eL;, the line [ and two vertical lines
[ e L,. All possible quadrilaterals are localized by the
brute-force search among all lines configurations and
divided into those lying fully in /' and those lying fully in /°.
As a result we get two sets of all quadrilaterals:
O'={q'cIt and Q’={g®c1I"}. These sets are separately
sorted with the contour score described in [5].

In order to facilitate further understanding consider
Fig. 3 with illustrations of Unfolder steps on a sample
image. Fig. 3a depicts the “merged” edge map: E, is shown
with red color, Ej, — with green. The lines are illustrated on
Fig. 3b, L, is shown in red, L, is shown in green, the line
separating the image into halves is shown in blue.

2.2. Hexangle formation

Here and hereafter, by crease points we mean the
points at which the crease line and the outer document
edge intersect (see point F on Fig. 3a).

Let us consider a pair of quadrilaterals ¢g’eQ’, ¢’ Q®.
To generate a hexangle all the segments of these
quadrilaterals except from the ones lying on the line / are
analyzed. One might suppose that the vertical segments of
g ' and ¢° can be intersected to get a hexangle. However,
since in general the halves of the document are not flat and

their contours are not strictly line segments, the
aforementioned intersection points of the segments may not
correspond to crease points. Let us consider Fig. 3¢c. A cian
polyline represents the quadrilateral ¢’ and a yellow polyline
represents the quadrilateral ¢°, the line [ is not depicted for
simplification. If the vertical segments are simply
intersected, the detected crease line (depicted with red) will
not correspond to the “real” one (depicted with green).

Thereby we analyze edges rather than the line
segments. Consider the edge map E,. It by-design [5]
contains edges being non-zero pixels united into
components e, of 8-connectivity having no more than one
pixel in each image row. These components hereinafter
are referred to as path graphs. For every vertical segment
of the quadrilaterals ¢, ¢° a corresponding path graph
from the edge map is distinguished and taken into
consideration.

Namely, for every path graph e, we calculate the
number of its pixels at distance not farther than d;,, (=3)
from a given segment s (Note: here and hereafter all the
manual parameters of the proposed algorithm are denoted
with greek letters, their values used in the experimental
section are written in brackets. The units used to measure
metric distances coincide with the 1-pixel grid on the
image I. Most of these parameters were selected
independently by analyzing the errors occurring in the
subprograms of the present algorithm to reduce
overfitting effects). After that the path graph with the
highest such number is selected and is said to be
corresponding to s:

e, (s)=argmax#{p e, : dist(p,s) < 8%,}. (D

e,ck,

If this number for e, is greater than pmin (=50 %) of
the length of s, then it is considered valid.

Once every segment has a path graph assigned to it,
we check if there is a pair of vertical segments
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s'eq’,s"eq” such that e)(s')=e;(s"). We shall denote
such a path graph e,” and say that it is common to two
vertical segments. If there is such a pair on the left or on
the right side, we generate up to four document location
alternatives for the considered pair (¢',¢”). We use two
primitives to generate them: the angle approximating the

fracture of the boundary generated by the paper fold (see
Sec. 2.2.1) and the crease line (see Sec. 2.2.2). The
alternatives are defined by these primitives as follows: in
hi — by the two angles, in hy — by the left angle and the
crease line, in hs — by the right angle and the crease line,
in h4 — only by the crease line.

e

(1 glEes

Fig. 3. (a) Horizontal (green) and vertical (red) edges on the “merged” edge map, (b) detected lines (red and green) and the blue line
splitting the image into halves, (c) a pair of quadrilaterals (the top one is depicted with blue, the bottom one with yellow), the true crease line
(green) and crease line computed by vertical segments intersection (red), (d) a polyline ABCD approximating a boundary fracture on the
path graph marked by a dotted rectangle on (a), (e) detected hexangle, (f) edges lying along the detected hexangle, (g) rectified image

2.2.1. The boundary fracture estimation

Let us consider the path graph e, common to the
two vertical segments s’,s” (for instance, the red path
graph inside the dotted region on Fig. 3a). The goal is to
detect the crease point (F on the same figure) as a point
with the maximal boundary fracture.

To estimate the crease point, a 3-segment polyline
ABCD with a central segment BC and outer segments 4B
and CD is searched along the path graph. Let us index

C* = argmax{i(C) <i| argmin{| BC: E
kK = ok *k —
Cee, Cee, pee, :i(B)<i(p)<i(C)

Here dist, ( p,BC) denotes the algebraic distance
between a point and a line.

Then, given that i(B)>i(A), a line segment A"B with the
maximal possible length is constructed so that the same
regression would allow for the quadratic error exceeding
£o(=1). Under the same constraints, given that i(C")<i(D), a
line segment C"D" is constructed (see Fig. 3d). The angle of

the points of e;" from 0 to N :=#e," top to bottom and
denote the index of an arbitrary point p of e," as i(p).
Starting at each point of e,", we shall construct an
optimal polyline in the following way. Consider an
arbitrary point of ;" and suppose it is the point B of
ABCD. First, given that i(C)>i(B), the shortest line
segment BC 1is constructed so that the linear regression
for points between them would have a quadratic error
exceeding & (=0.2) and take the point C" as the point
before C ™

dist, (p,BE)2 >e. ¢ |r- 2)

the given polyline is introduced as the largest angle between
lines containing segments 4A"B and C"D". The vertex of the
angle is the intersection of segments 4"B and C"D". If these
lines do not intersect, the midpoint of the segment BC" is
considered to be its vertex.

After such a polyline is constructed for each point of
the path graph, the point with the smallest angle of the
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corresponding polyline is selected. If this angle exceeds
050 (=170 degrees) it is assumed that the fracture of the
path graph in question was not detected. Otherwise, the
vertex of this angle is the output of the crease point
detection algorithm.

2.2.2. Crease line detection

The alternative 4, is based on the left crease point and
the crease line, the alternative A3 considers the right
crease point and the crease line, and the alternative /4 is
generated by the crease line only. First, let us describe
the crease line detection algorithm for each alternative,
and then we will define the remaining vertices.

The crease line for h, and hs is selected from Lj
containing all the horizontal lines. The desired crease line
is chosen as the brightest (in terms of the Hough image)
among the lines non-further than &, (=15) from the
crease point. If there are no lines in the neighborhood of
the considered point, the alternatives #o,/3 are not
considered further.

As for h4, the crease line is detected as follows. First,
we calculate the intersection points P', P, P* and P’
of lines containing the horizontal segments of ¢' and ¢°
with the left and right image boundaries. Then for each
line from the set of horizontal lines, we search for the
intersections with these image boundaries. Then we select
the lines intersecting the left image boundary between P’
and P’ at a distance of at least 8%,,(=10) from each, and
the right boundary between P' and P’ at the same
distances.

From the selected lines, we choose the line with the
largest value in the Hough image as the crease line. Then,
we consider the crease line’s path graphs with a length of

at least phl,(=40%) of the image width. The
correspondence between the crease line and a path graph
is determined identically as described previously in
Sec. 2.2. For each of these path graphs, we check
whether or not at least pj;,(=90%) of its length lies
within ¢' Uq®. If some path graph does not pass the
check, it is no longer considered.

Then we extend the remaining path graphs by adding
B(=3) pixels to its left in the same image row with its
leftmost point and B pixels to its right to the right from its
rightmost point. After that we intersect it with the path
graph e," . If there are such intersections both on the left
and on the right, we pick the left one. This intersection
point (if exists) is considered to be one of the vertices of
the hexangle.

For the alternatives /o, i3, hs five vertices (all except
one vertex on the crease line) and the crease line are
known. Without loss of generality, let the left vertex be
known. To determine the right vertex, we intersect the
crease line with the right vertical segments of ¢, and g.
The midpoint between these intersections is the last
vertex of the hexangle.

2.3. Hexangle correction to fit the continuity criterion

When using a mapping defined by two projective
transformations to rectify the hexangle of the document’s
outer edges: the upper half of the document is
projectively transformed into the upper part of the
rectified image, the lower half of the document is
projectively transformed into the lower part of the
rectified image, there is a possibility that the text will be
split at the junction of the two halves (see Fig. 1¢ and the
red part of Fig. 4).

Hy, Hp A’

A,

/_\/
B,'

D' c'
/_\/
/—\/

D’| c

B,
e

Fig. 4. Examples of a continuous (Hi, Hz) and discontinuous (Hs, Hz) mapping

The following criterion guarantees the continuity. Let
there be two quadrilaterals on the plane: 4,8,CD and
A>B,CD with the adjacent side CD, located in different
half-planes relative to CD. Let there be rectangles
A1BiC'D' and A4,B,C'D' with the adjacent side C'D’ in
different half-planes relative to it. Let H; be a projective
transformation from 4,8,CD to A\B,C'D’, and H, be a
projective transformation from 4,8,CD to A>B,C'D’. Let
H be a mapping equal to H; on the half-plane with

A1B\CD and equal to H, on the half-plane with 4,B,CD.
Then H is correctly defined on the segment CD if and
only if the intersecting lines 4181, 428, and CD share a
common point (see the blue part of Fig. 4). The proof of
this statement is listed in Appendix A.

Let us transform each of the document location
alternatives according to this criterion as follows. For
the tree horizontal segments of the hexangle an
algorithm estimating three lines passing through one
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point and approximating these segments [42] is
employed. After acquiring these lines, the vertices of
the hexangle are recalculated: the resulting top and
bottom lines are intersected with the corresponding
vertical lines. The resulting crease line is intersected
with the top vertical segments. This operator for
reducing the hexangle to the model of a single
horizontal vanishing point will be denoted V. Thus, the
hexangle /4 is changed to a new one, A'= V(h).

2.4. Hexangle filtration and ranking

For each hexangle from the set {/}, we calculate its
contour score as follows. The edge maps E,, E; are
subjected to the Gaussian smoothing with a variance of
o (=1.83). The contour score considers seven
segments: the sides of the hexangle and the crease
segment. For every segment, the following values are
calculated: the sum of pixels along the segment p,, and
the number of zero-pixels along the segment 7,. The
number of zero pixels along each segment is summed
and divided by the total length of all segments 1,
resulting in the ratio r=Xr,/l. We also calculate the
penalty value ¢ as proposed in [43]. Consider a non-
crease vertex v, of a hexangle. The sum of B,(=10)
pixels nearest to v, outside of 4 along the sides
intersecting in v, is added to g. As for the crease vertex
ve, the sum of B,(=10) pixels nearest to v. outside of 4
along the crease line is added to g. Then the contour
score of the hexagon is the value

S(h) = 2.0

+1

Let us consider Fig. 3e, f. The first one illustrates the
hexagon /2 as a set of its segments. The latter are
considered in S(%#). The second one shows the merged
edge map with the regions considered in S(%). The color
coding on this illustration is the following. White- and
gray-colored pixels are out of consideration. Black-
colored pixels represent the absence of an edge, the
colored pixels represent its presence.

(€))

Execution

‘Compater softars s 1o b Toadd o the compters e (ch

instructions.

b)

-

Fig. 5. Examples of a rejected and accepted rectification: (a) the input sample image with a detected hexangle (blue) and its

From the set of hexagons {4'}, we select 42" such that

h" = argmax {S(V‘1 (h')) :
" 4)
:max {|R, (h’) -R

R ()~ Ri[} < 0.3R0},

where V!(h") is the hexagon i from which /' was obtained
by the operator V, R;(h') and R,(h') are the aspect
ratios [44] for the upper and bottom half of /" in the pinhole
camera model with the focal length of A (=0.705) and with
the principle point in the center of the image, Ry is the true
aspect ratio of 297/210 for A4 paper.

We calculate the distances between corresponding
vertices of 2" and A"=V"'(1"™) as well as the angles between
new and old horizontal segments. If any of the angles
exceeds @) (52.56 degrees), or any of the vertices
deviations is greater than p),..(=1%) of the image height,
then we assume that such correction may corrupt the
horizontal text lines and this hexangle is rejected and the
output of the algorithm is trivial (no hexangle).

Let us consider Fig. 5. It illustrates two different
images. In both cases the formed hexangles (depicted
with blue in Fig. 54, ¢) correspond to actual document
position. The document on the first image does not fit the
model of two planes, so the hexangle h" is heavily
affected by the operator V' and the rectification by the
corrected hexangle 4™ (depicted with red in Fig. 5a) is
corrupted (Fig. 5b). The document on the second image
fits the model, so the corresponding corrected hexangle
h"™ (depicted with green in Fig. 5¢) is accepted and the
rectification (Fig. 5d) is fine.

2.5. Projective transformation

If the selected hexangle A" is rejected, the
original image is returned as an output of Unfolder.
Otherwise, each half of the hexangle is transformed
projectively (using bilinear interpolation as described
in [45]) onto the corresponding half of the rectified
image (2100x2970). This image is the output of the
Unfolder algorithm (see Fig. 3g).

correction (red), which is rejected, (b) the rectification of this image by the red hexangle, (c) the input sample image with a detected
hexangle (blue) and its correction (green), which is accepted, (d) the rectification of this image by the green hexangle
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3. Dataset and performance analysis
3.1. Folded Document Images dataset

We propose a brand new Folded Document Images
(FDI) dataset which includes 1600 annotated A4
document images and can be accessed at
ftp://smartengines.com/fdi. To create the dataset we
selected 200 documents containing Wikipedia articles in
Arabic, Chinese, English, Hindi, and Russian (40
documents in each language). Using a laser printer, we
printed out all the documents in two copies. Both copies
were used for creation the dataset with 4 different folding
types (see Fig.6): (a) in half along the short edge —
hereinafter referred to as 2fold; (b) in half along the short
edge, then in half along the long edge — 4fold; (c) in half
along the short edge twice and in half along the long edge —
8fold; (d) along the short edge into thirds (as when folding
into an envelope) — 3fold. The first copy was used for (a)-(c),
the second for (d). All images are captured with a
smartphone (iPhone 12 or Samsung Galaxy S10) camera in
4032%3024 resolution. We captured 2 scenes for each
document: the document is placed on the fable; the
document is held in hand and shot in front of the office
furniture. In total, we captured 40x5x4x2=1600 images.

There are three folders in the root directory of the
dataset: images, annotation and reference. In the first two
directories all the files are ordered by folding type and

Fig. 6. Examples of vertex indexing in the annotation for the subsets (a) 2fold, (b) 4fold, (c) 8fold, (d) 3fold

3.2. Metrics and baseline algorithms

In 2018, K. Ma et al. proposed the DocUNet
dataset [7] which include annotated images of 65
arbitrarily folded (warped) documents. The standard
accuracy metrics for this dataset include the following
statistics: multi-scale structural similarity index (MS-
SSIM) [47]; local distortion (LD) [11] based on SIFT
flow [48]; the Levenshtein distance or edit distance
(ED) [49] between the optical character recognition
results produced with Tesseract 5.0.1 [50] for a
reference image and a rectified image; Character Error
Rate (CER) calculated as the ratio of Levenshtein
distance to the length of text recognized in the
reference image. In our experiments we will also use
these metrics for performance analysis. We execute
Tesseract with all 5 languages enabled.

We chose DewarpNet [24] and DocTr [26] as a
baseline for rectification of the FDI dataset. DocTr is the
current state-of-the-art according to the DocUNet
benchmark, DewarpNet is one of the first neural network

then according to the captured scene. The 1600 images in
the images folder are named using the following pattern:
[xf]_[nnn].jpg, where x is the number of folds, ¢ is the
scene type (k stands for hand, t stands for table), nnn is
the ordinal number of the document. For instance,
2h_001.jpg means the twofold document with number
001 being held in hand on the captured image. The
reference images of the documents can be found in the
reference folder: 200 files with pattern [nnn].pdf in
reference/pdf folder and 200 files with pattern [nnn].tiff
in reference/tiff folder. The PDF files were used for
printing and then were converted to TIFF images which
were employed to evaluate the accuracy of rectification.
For each image [xf] [nnn]jpg, the annotation folder
contains the corresponding annotation [xt] [nnn].jpg.json.
Each JSON annotation file provides information on: the
corresponding reference image (key reference); the
language of the document (language); the folding type
(folding); the scene type (scene); the reference
coordinates of the points (vertices) where the creases
and/or edges of the document intersect. The vertices are
indexed starting from the upper left corner of the
document spiraling clockwise (see Fig.6). The
coordinates of the vertices were determined manually via
the VGG Image Annotator 2.0.11 [46]. In addition to
above mentioned files each terminal directory contains
runlist.Ist file, which specifies a list of files in the folder.

publications dedicated the document rectification
problem. To execute these methods we used source code
together with the pretrained models available in DocTr
(github.com/th2019ustc/DocTr, acquired on 16 Sep.
2022) and DewarpNet (github.com/cvlab-
stonybrook/DewarpNet, acquired on 12 Oct. 2022) public
repositories. For our experiments the geometrical part of
DocTr was used, annotated below as GeoTr.

3.3. Rectification accuracy on FDI

Since Unfolder is designed under the assumption that
the document has been folded in half along the short side,
we will analyze in detail only the subset 2fold. The
performance of the proposed and baseline algorithms on
it is presented in rows 1 —6 of the Tab. 1.

Row 1 contains the statistics of raw FDI images: SS
(equals to 1 — MS SSIM), LD, CER, ED. They can be
referenced as the initial accuracy on images with no
rectification algorithm applied.

The accuracy for Unfolder algorithm (see Sec. 2) is
shown in row 2.
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Tab. 1. Rectification accuracy on 2fold, 4fold, 8fold, 3fold subsets of FDI

= Accuracy| Subset hand Subset table
S System SSY | LDy | CERV |EDJ | SS{ |[LDJ | CERJ [ED{
No algo (raw FDI) 0.78 | 51.24 0.55 | 1814 | 0.75 |46.39| 0.43 | 1379
Unfolder (our) 0.59 | 15.20 035 | 1158 | 0.54 | 7.34 | 0.30 941
;g GeoTr 0.61 | 21.72 0.51 | 1599 | 0.52 | 8.61 036 | 1133
~ DewarpNet 0.68 | 26.78 0.59 | 1893 | 0.69 |22.10| 0.55 | 1731
C+GeoTr 0.54 | 11.01 042 | 1319 | 0.55 | 10.04 | 0.49 | 1541
C + DewarpNet 0.58 | 11.26 0.39 | 1252 | 0.57 | 10.22 | 0.45 | 1373
No algo (raw FDI) 0.72 | 51.53 0.50 | 1552 ] 0.72 | 53.57 | 0.44 | 1402
Unfolder (our) 0.60 | 25.53 042 | 1338 | 0.53 | 11.60 | 0.36 | 1142
;2 GeoTr 0.59 | 20.93 0.47 | 1453 | 0.55 |1045| 0.42 | 1309
> DewarpNet 0.67 | 25.14 0.55 | 1707 | 0.70 | 29.84 | 0.57 | 1742
C+GeoTr 0.54 | 9.69 045 | 1388 | 0.53 | 1048 | 042 | 1316
C + DewarpNet 0.58 | 11.09 041 | 1243 | 0.59 | 10.97 | 0.39 | 1197
No algo (raw FDI) 0.72 | 48.47 0.49 | 1557 | 0.72 | 51.08 | 0.48 | 1546
Unfolder (our) 0.69 | 40.28 0.46 | 1466 | 0.65 |31.57| 047 | 1517
;: GeoTr 0.60 | 20.73 047 | 1487 | 052 | 899 | 041 | 1309
oy DewarpNet 0.68 | 21.98 0.57 | 1756 | 0.70 | 27.07 | 0.58 | 1811
C+GeoTr 0.55 | 10.24 046 | 1442 | 0.53 | 988 | 044 | 1354
C + DewarpNet 0.59 | 11.41 0.42 | 1298 | 0.57 [ 10.59 ] 0.39 | 1214
No algo (raw FDI) 0.75 | 49.33 0.50 | 1574 | 0.72 | 52.58 | 0.33 | 1022
Unfolder (our) 0.73 | 48.21 0.49 | 1540 ] 0.72 | 51.71 | 0.33 991
;g GeoTr 0.63 | 24.85 054 | 1679 | 054 | 11.51 | 0.34 | 1050
oy DewarpNet 0.68 | 22.49 0.59 | 1822 | 0.70 |29.84 | 0.57 | 1738
C+GeoTr 0.56 | 11.70 045 | 1398 | 0.54 [10.76 | 0.41 | 1294
C + DewarpNet 0.58 | 12.47 0.39 | 1202 | 0.59 | 12.31 | 0.36 | 1094
g -
E
ﬂ =
ﬁ .
B -
3=
M
i -
H-

2 —) o j """ )
Fig. 7. The first row is an example from 2fold/table, the second — 2fold/hand.
The columns left to right: input, DewapNet, DocTr, Unfolder, reference

GeoTr and DewarpNet are tested in 2 setups each: on
raw FDI images (rows 3, 4) and on FDI images obtained
by cropping over the document reference hexagon parsed
from the annotation (rows 5, 6). We will denote this
additional crop step as C. The crop is performed as
follows: the maximum and minimum values for each of
manually annotated polygon’ coordinates are calculated.
The orthotropic rectangle enclosing the outermost points is

expanded by 20 pixels in each direction, if it is possible
without exceeding the image boundaries. The image region
corresponding to the extended orthotropic rectangle is the
result of the crop step.

At first let us consider rows 3 and 4. GeoTr shows
high accuracy in the case when the document is placed on
the table, though the obscuration of the document by
hands has a negative impact across all metrics. The
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accuracy for DewarpNet is low: the statistics of text
recognition (CER and ED) are worse than even if there
was no rectification algorithm applied. Thus we can
conclude that these algorithms are not robust in all cases

a) . T

present in 2fold subset of FDI dataset when it comes to
working on raw images. Fig. 8 shows that both these
methods perform well on fable while having trouble
rectifying images of hand-held documents.

d)

Fig. 8. Examples of Unfolder incorrect localization: (a, c) input images with a detected hexangle (green),
(b, d) the corresponding rectifications

Let us compare rows 5 and 3 for GeoTr as well as 6
and 4 for DewarpNet. As it can be seen, cropping by a
reference hexagon results in some non-trivial changes in
statistics for different subsets. The efficiency of GeoTr
becomes greater on the hand subset and poorer on the
table subset. As for DewarpNet, it becomes more
accurate in both cases. Note that the proposed algorithm
was not tested in such a setup, because cropping the
image loses all the information concerning the camera
parameters (focal length and principal point position),
and the Unfolder relies on this information.

Based on the comparison between the row 2 and rows
3 — 6 we can conclude that despite the fact that GeoTr is
more accurate measuring by MS SSIM and LD metrics,
Unfolder shows the best accuracy in terms of character
recognition.

The performance on 4fold, S8fold and 3fold is
illustrated further in Table 1. DewarpNet and GeoTr
perform uniformly across all subsets. The Unfolder
allows for the satisfactory accuracy only on 4fold/table
subset. It can be seen that the accuracy of Unfolder
gradually decreases as long as document images become
less and less fit for the two planes model.

An important feature of the proposed algorithm is its
ability to adequately react to the document image not fit
for the model of two planes, i.e. it can detect that the
document image is not fit and returns trivial result. We
tested this feature on several subsets of FDI and found
out that the trivial result of the Unfolder appears on 110
images of 4fold subset, 273 images of 8fold subset and
334 images of 3fold subset. We have also tested it on the

subset perspective of the WarpDoc dataset [8] containing
170 images of non-folded rectangular documents with
perspective distortions. The Unfolder managed to get
trivial result on 165 images (97 %).

The Unfolder sometimes has incorrect hexangle
localization resulting in bad rectification (see Fig. 8). It
also gets trivial results on 34 images of 2fold subset. The
analysis of these images shows that 20 of them (59 %) do
not fit the two planes model (shown on Fig. 5a) and 13 of
them (38 %) suffer from issues concerned with the edge
detection step.

3.4. Runtime measurements

Let us remind that the Unfolder algorithm includes
two main steps: the localization and the projective
transformation of the half pages. The first step will be
annotated with L, the second with T.

The runtime of the Unfolder was measured for three
central processors in single-threaded mode: Apple A8
(iPhone 6), Apple A12 Bionic (iPhone XR), and AMD
Ryzen 9 5950X (see the first row in Tab. 2). The FDI
subset (hand/table scenes in a 50/50 ratio) was employed
for runtime measurements. In all images of this subset,
the rectification of the document performed by the
Unfolder was non-trivial and visually correct. In addition,
we measured the average neural network runtime of the
GeoTr (row 2) and the DewarpNet (row 3) for AMD
Ryzen 9 5950X CPU and NVIDIA GeForce RTX 3090
GPU. The resolution of the first and the last layer for
DocTr pretrained model is 288%288, for DewarpNet —
256x256. All the CPU tests were single-threaded.

Tab. 2. The average processing time (ms) for the FDI images

Devieq iPhone 6 iPhone XR Desktop CPU Desktop GPU
System
L/T/Unfolder 125/893/1018 35/216/251 30/84/114 —
GeoTr - - 4570 39
DewarpNet — — 425 8

GeoTr and DewarpNet work quite fast on a desktop
GPU. However, mobile GPUs are less powerful and not

always available for third-party applications. Special
processing units for neural networks can be found on a
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small number of smartphones and also have limited
availability for developers. So, we consider the CPU as
the standard device for mobile document processing.

It takes nearly 0.11 of a second to rectify an image by
Unfolder on AMD Ryzen 9 5950X, a quarter of a second
on the iPhone XR and nearly a second on iPhone 6. Note,
that Transformation step of Unfolder (namely projective
transformation with bilinear interpolation) resulting in an
image of size 2100%2970 takes from 74 % to 88 % of all
processing time. The latter can be reduced if the desired
resolution of the rectified image is lowered. However,
even with this resolution Unfolder allowed for the best
running time on the AMD comparing to the time of
neural network execution with smaller resolution of the
first and the last layer.

Conclusion

We considered the problem of geometric image
rectification for documents folded in half. To account for
this particular case of document distortion, we propose a
two-stage algorithm Unfolder. The first stage determines
the hexagonal outer edges of the document with a
common horizontal vanishing point of its halves, and the
second stage performs the projective transformation of
each half. We found that the common horizontal
vanishing point requirement was necessary to avoid
tearing the content of a document at its fold.

Along with this paper, we also publish FDI dataset
which includes annotated images of documents folded
in half — twofold, as well as fourfold, eightfold, and
threefold (envelope-fold) (1600 images in total). Two
scenes were captured for each folded document: the
document was placed on the table; the document was
held in hand.

The Unfolder allowed for the best accuracy results on
the twofold subset of the FDI dataset: the local distortion
in the hand/table scenes was 15.2/7.34, the Levenshtein
distance was 1158/941, and the recognition error rate was
0.35/0.3. The proposed algorithm’s average runtime was
only 0.25 s per image for the iPhone XR processor and
0.11 s for the PC processor. The comparison between
state-of-the-art  approach  DocTr and  Unfolder
demonstrates the superiority of the latter in terms of
required computational resources and in terms of
accuracy on the twofold subset of FDI. Thus, the
Unfolder sets an initial baseline performance on the
twofold subset of FDI.

In the future works we are planning to generalize the
localization and rectification algorithms for all subsets of
the FDI dataset. Another way of Unfolder enhancement is
its generalization to the case when the crease is not
parallel to the short sides of the document.
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Supplementary materials. Appendix A

Proposition. Let there be two quadrilaterals on the plane: 4181CD and 4,B,CD with the adjacent side CD, located
in different half-planes relative to CD. Let there be rectangles 4,8:C'D" and 4,B,C'D' with the adjacent side C'D' in
different half-planes relative to it. Let H; be a projective transformation from 4,8:CD to 4B\C'D’', and H, be a
projective transformation from A4>B,CD to A>B>C'D'. Let H be a mapping equal to H; on the half-plane with 4,8,CD
and equal to A, on the half-plane with 4,B,CD. Then H is correctly defined on the segment CD if and only if the
intersecting lines 4181, 428> and CD share a common point.

Proof. Consider an arbitrary point X on CD. Denote X|=H,(X),X;=H,(X). Denote Vi=4,B1 N"CD,
V2= A2B> NCD. Since the projective transform preserves the cross ratio,

CD Cy, _CD" C’W@X’DE c'D'-Cc'v Cn  CD

1

XD DV, XD D'V, DV, DV, XD’
€D .CV _ CD CVY | oy CDCVY CV, CD
XD DV, X,D' Dy, D'V, DV, XD

Since A1B1C'D"and A,B,C'D’ are rectangles, V= V>=00, so the equality XD = X,;D is equivalent to the equality V;="V>.
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