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Abstract 

The ubiquitous usage of smartphones makes camera-captured document images as widely used 
as scanned ones as the input of a modern document recognition system. A document captured by a 
smartphone camera may appear mechanically distorted in the image creating the need for an image 
rectification step. The present paper considers a particular case of document image distortions. 
Specifically, if a business document is sent via postal service, it may need to be folded to fit the 
envelope. Once the document is taken out of the envelope and unfolded, its geometric shape is 
distorted in a very particular pattern. Since the most popular envelope formats in Europe and 
America require the document to be folded into thirds, this case is considered in this paper. We 
propose a novel content-independent model-based algorithm for the localization and geometrical 
rectification of documents folded into thirds. Our algorithm outperforms current SOTA rectification 
methods on the recently published dataset FDI by key rectification accuracy metrics (AD and CER) 
and is able to rectify documents held in hand. Moreover, it can be executed on a mobile CPU and 
has a reasonable execution time: it takes only about 17 ms to localize a document and about 110 ms 
to projectively rectify it. So it makes it possible to embed the proposed algorithm into document 
recognition systems designed for on-device acquisition. 

Keywords: Folded documents, document rectification, document unwarping, on-device 
acquisition. 
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Introduction 

Despite the fact that digital technologies are becoming more and more widespread and business tasks often become 
being solved on computers, the paper document flow is not decreasing. A lot of business documents are still printed on 
paper, folded into envelopes and sent with postal services. The problem of integrating such physical printed documents 
into electronic business systems is an important issue creating the need for printed document digitization systems. 
Unfortunately, when sending a paper document by postal service, one has to fold it so that it fits into an envelope, 
distorting the paper sheet. 

Common OCR systems are often tuned to operate with scanned documents [1, 2]. However, flatbed scanners are bulky 
and inconvenient, whereas mobile phones equipped with cameras are compact and handy. These cameras are able to 
reproduce an image of a document that has enough quality for a human to be able to read the text on the document image. 
Unfortunately, unlike scanned images, photos can make the documents appear [3] distorted (see Fig. 1). To deal with 
such distortions one has to make use of a "rectification" or "unwarping" algorithm. 

If a document is simply a flat rectangle, it will be captured by a camera as a quadrilateral, which is a projective 
distortion of the initial rectangle. Even such simple perspective deformation may cause trouble to a document recognition 
system. The problem of perspective quadrilaterals rectification is well-studied, a lot of methods were proposed to assess 
it and many of them show extremely good results [4, 7]. 

The rectification problem becomes a lot more complicated if the document has undergone some mechanical 
distortions. A paper sheet being a medium of the document can be easily obscured. For example, it may appear with 
creases, curls, or crumples. These changes complicate the rectification dramatically – both in terms of techniques used 
and computational cost. In recent years, this problem has been mostly addressed with the usage of neural networks, that 
are tuned to work with the most general obscurations. Despite being reported to gradually improve the rectification 
accuracy, the published algorithms are still far from being as good as the previously mentioned methods for the 
rectification of flat documents. 

Of course, the development of such general methods is a task of the highest importance, but, until these methods are 
accurate and fast enough, their applications are only of academic interest. In real life, no business document is crumpled or 
contains multiple curls. However, neatly and carefully folded documents with creases parallel to the sides of the paper sheet 
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are commonly used everywhere. Thus, this specific case is of interest for document recognition systems being used in real 
business applications. Now the question is the following: what creases appear when one takes the document out of its 
envelope? 

Several international standards regulate the most common envelope sizes. The most used and most popular standard 
envelope sizes in Europe, Russia, and the United States suppose the sent letter to be folded into halves, quarters, or thirds. 
Namely, in Europe, the most used envelope formats C6/C5 from the ISO 216 [8] and DL from DIN 678 [9] (and the 
corresponding Russian GOST standard GOST R 51506-99 [10]) are suitable for standard A4 paper folded into thirds. The 
formats C5 and C6 from the same ISO standard are suitable for an A4 folded into halves and quarters, respectively. 
Similarly, the most commonly used (though not being regulated by any standardizing organization) envelope size in the 
USA, No. 10 "business" envelope was designed to fit the US Letter (ANSI A as defined in ANSI/ASME Y14.1 [11]) 
standard paper folded into thirds. 

So, summing up, documents withdrawn from an envelope are most typically folded into halves, quarters, or thirds. 
The first and the second classes of folds are assessed in the works [12] and [13] respectively. So, the rectification of 
documents folded into thirds is not thoroughly studied, thus we address this problem in the present paper. We provide a 
new content-independent model-based method for document rectification that can be executed on a mobile phone. Sample 
images and their expected rectifications are presented in Fig. 2. 

a)  b)  c)  
Fig. 1. Examples of document distortions: (a) projective distortion (source: SmartDoc dataset [4]), (b) creased document (source: 

WarpDoc dataset [5]), (c) curved document (source: DocUNet benchmark dataset [6]) 

1. Related work 

Despite the obvious need for practical applications, the problem of envelope rectification is not deeply studied. A 
recently published work [14] is dedicated to the rectification of historical letters folded into envelopes in many different 
ways via computer tomography. Despite the significance of this work, the problem solved in it differs a lot from the one 
studied here. In [13] a paper folded into quarters is considered. It is proposed to detect each quadrilateral of the paper 
sheet, and then utilize Coons patches [15] to rectify each quarter separately. Unfortunately, this method may lead to 
content tearing along the lines of concatenation, and the authors report this issue in their paper. A recently published work 
[12] deals with the documents folded into halves. The authors provide a contour-based method for the localization of 
document outer border and rectify the image with a piecewise-projective transformation. 

Now let us review the methods addressing the most general problem of document image rectification. All the 
approaches for document image rectification can be separated into two main categories: model-based and data-driven. 

1.1 Model-based approaches 

All the model-based approaches can be categorized into several groups of methods based on the addressed problem. 
The first group utilizes the explicit 3D reconstruction of a document surface. Typically the authors obtain a dense 3D 
point cloud with the help of additional equipment [16 – 20], or methods of algorithmical 3D shape restoration, such as 
Shape-from-Motion (SfM) [21 – 23] or Shape-from-Shading (SfS) [24]. Once the spatial parameters of the document are 
figured out, the flattening process can be performed by physical or geometrical optimization. Since additional equipment 
is bulky and hard to acquire, SfM requires several images instead of one, and SfS depends heavily on illumination 
conditions, none of these methods appears practical in our case. 

Another group of methods utilizes the outer borders of the document to approximate its deformation. Several papers 
[13, 25 – 27] make use of the so-called Coons patches [15] for rectification. This simple yet efficient method can come 
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very handy when document distortions are not severe. Unfortunately, when the depth variation of the document surface 
is significant, the rectified image can contain uneven distortions, which makes this class of methods limited in the 
considered matter. 

The last subclass of model-based approaches deals with the content of the document as discussed further. 

a)  b)  

c)  d)  
Fig. 2. Examples of (a, c) given mechanically distorted document images, (b, d) corresponding geometrical rectifications. 

Input images are taken from the open dataset FDI [12] 

One way of considering it is to rectify the document content itself. For example, to rectify it word-by-word (or use 
other textline atomization) as proposed in [28, 29], or unwarp whole textlines as in [30 – 33]. Unfortunately, these 
methods heavily depend on the "textness" of the content and may fail on documents containing graphical information 
typical to business documents, such as graphs, images, tables, logos, stamps, etc. 

Another way to use the document contents is to extract several text lines to deduce a global image transformation assuming 
that the document shape is cylindrical [34 – 36], developable [37] or ruled [38]. Unfortunately, these assumptions do not apply 
to the considered case. Documents with two folds do not produce a strict developable or even ruled surface as the creases are 
the points of non-smoothness. They can be considered as piecewise-developable, or piecewise-ruled, but unfortunately, none of 
the works mentioned in this class considers these surfaces. 

1.2 Data-driven approaches 

Deep learning methods in document image rectification problem were first introduced in 2018 by Ma et.al. [6]. The 
authors trained an end-to-end neural network consisting of two stacked UNets. They also proposed a DocUNet benchmark 
that has become a standard way to compare document rectification methods. The subsequent neural-network-based 
approaches were shown to increase the accuracy of rectification on this benchmark. For example, in [39 – 41] the authors 
propose to explicitly restore the 3D shape of the document. Others improve performance by introducing gated networks 
[42] or residual blocks in UNet architecture [43]. 
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One of the latest improvements in data-based rectification algorithms is concerned with introducing transformer 
architectures. A Geometric Transformer DocTr was introduced in [44] and was shown to have a SOTA performance on 
the DocUNet benchmark. Future development of transformers led to the introduction of 3D data prediction [45] and 
template consideration [46]. 

Despite the fact that neural networks are widely represented as document image rectification algorithms, they are not 
fit for on-device rectification for several reasons. On one hand, execution of such algorithms on CPUs is very inefficient. 
Namely, in this paper, we conduct experiments showing that the SOTA geometric transformer DocTr, despite having a 
fairly small number of parameters (26.9 ൈ 10଺) has a running time of 6 s on a mobile 6-core ARM Cortex-A78AE v8.2 
(1.5 GHz) processor. This measurement correlates with the ones performed in [47]. 

On the other hand, the execution of a neural network on a GPU (Graphics Processing Unit) may be quite untrivial. 
Even if a smartphone is equipped with a GPU and it is available for thirdparty applications (which is not always), their 
deployment into an end-user application, such as a document recognition system, can suffer from some untrivial 
difficulties. While iOS-based mobile devices (such as iPhones and iPads) all utilize a single API (Metal API developed 
by Apple Inc.) to access a GPU, Android-based devices may use variable hardware acceleration libraries for neural 
network inference [48]. If one is willing to create a multiplatform document recognition system, the developed algorithms 
have to be ready to work with a wide range of different APIs, complicating the deployment of mobile versions. Moreover, 
as shown in [48], network inference time may vary on different Android-driven smartphone models, creating the need to 
optimize the recognition pipeline for every model separately. 

Thus, no method allows for the rectification of documents folded into thirds, that could be executed on a CPU of a 
mobile device and have reasonable running time while delivering high accuracy. One way of overcoming this problem is 
the improvement of neural networks making it possible to run them on a mobile CPU. One can improve the inference 
time of a neural network by reducing the number of parameters [49] or itroducing neuron approximations [50]. 
Another way is to develop a model-based method for a popular real business case. In the present paper, we choose 
the second way and propose a novel algorithm for the rectification of documents folded into thirds. We use a recently 
published content-independent contour-based method Unfolder [12]. We perform several simplifications and 
generalizations of Unfolder to make this algorithm fit for the addressed problem. 

So, the main contributions of the present work are the following:  
1. We propose a simple, yet efficient algorithm for the localization and rectification of documents folded into thirds;  
2. The proposed algorithm shows superior performance by key rectification metrics (AD and CER) compared to 
the current SOTA neural network-based approach DocTr [44];  
3. The proposed algorithm can rectify a document held in hands;  
4. The proposed algorithm self-assessment can detect inaccurate localizations and reject them, making it possible 
to combine our algorithm with the rectification network to produce a cascade self-sufficient document rectification 
system;  
5. The proposed algorithm can be executed on the CPU of a mobile device, e.g. a smartphone, and has reasonable 
running time: the execution time of the proposed method on an iPhone XR is only 127 ms (17 ms for the localization 
step and 110 ms for the projective rectification).  

2. Proposed algorithm 

We follow a pipeline proposed in [12] for the rectification of documents with a single crease. Its generalization is 
schematically illustrated in Fig. 3. It can be easily adapted for any number of horizontal creases. The present study is 
concentrated only on the considered case – documents with two horizontal creases. We utilize a simple contour-based 
method to localize the outer border of a folded document and then apply a piecewise-projective image transformation to 
rectify it. Due to the usage of the continuity criterion for a piecewise-projective transformation, the proposed algorithm 
does not produce any content tearing on image concatenation lines. 

2.1 Notation 

In the text below we use the following notation. All the images, sets, and vertices are denoted with capital Latin 
letters. All the geometrical primitives (except for points) such as lines, segments, and polygons, are denoted with 
lowercase Latin letters. Subscript indices 𝑡, 𝑏,𝑚 refer to the considered object position relative to the image or 
other objects: subscript index 𝑡 denotes "top" position, 𝑚 denotes "middle" position, 𝑏 denotes "bottom" position. 
Superscript indices ℎ, 𝑣  denote the object orientation: superscript index ℎ  denotes "horizontal" direction, 𝑣 
denotes "vertical" direction. 

A document folded into thirds is considered to consist of three flat concatenated rectangles, forming an octagon having 
two "horizontal" segments and six "vertical" segments when it is captured by a camera. An example of the octagon in 
question is demonstrated in Fig. 3 (center image). The input image is denoted with 𝐼, the localized octagon is denoted 
with 𝑝, and the rectified image is denoted with 𝑅. 
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2.2. Localization 

The document localization step consists of the following stages. At first (see Sec. 2.2.1) the document top and 
bottom parts are roughly approximated by quadrilaterals with the usage of quadrilateral search proposed in [51]. After 
that, a pair of quadrilaterals is considered to generate an octagon corresponding to a document with two crease lines 
(see Sec. 2.2.2). Then each octagon is ranked based on its corresponding to the image contours (see Sec. 2.2.3). In the 
end, the best octagon is corrected to fit the continuity criterion so that it is guaranteed not to produce content tearing 
(see Sec. 2.2.4). This corrected octagon is the output of the localization step. 

 
Fig. 3. The pipeline of the proposed method is presented at the top of the figure. The bottom of the figure contains the following: 

input image 𝐼 (left), the polygon in question 𝑝 having horizontal segments sharing a common vanishing point (VP) (center), 
and the rectification result 𝑅 (right) 

2.2.1. Rough quadrilateral approximation 

The rough quadrilateral search begins with the extraction of image edge maps 𝐸௛,𝐸௩ the same way as proposed in 
[51]. The resulting edge map for a sample image is illustrated in Fig. 4a. After that, Fast Hough Transform [52] is 
employed to extract sets of straight lines. The set 𝐿௛ contains lines obtained from 𝐸௛ and set 𝐿௩ contains lines obtained 
from 𝐸௩. The resulting sets of lines are illustrated in Fig. 4b. 

Once the sets of lines are collected, we obtain a rough quadrilateral combining 4 lines: two vertical lines from 𝐿௩, one 
horizontal line from 𝐿௛, and the line 𝑙௠ – the horizontal line splitting the image into two equal parts horizontally. We get 
two sets of quadrilaterals: the ones lying in the upper half of the image 𝑄௧ ൌ ሼ𝑞௧ ∈ 𝐼௧ሽ and the ones lying in the bottom 
half of the image 𝑄௕ ൌ ሼ𝑞௕ ∈ 𝐼௕ሽ. These sets are sorted by the contour score as described in [51]. The best resulting 
quadrangles are depicted in Fig. 4c. 

a)  b)  c)  
Fig. 4. Folded document localization steps: (a) merged smoothed image edge map 𝐸, green represents horizontal edges (𝐸௛), 

red represents vertical edges (𝐸௩), (b) the sets of lines 𝐿௩, 𝐿௛ and a line 𝑙௠ dividing image 𝐼 into two equal parts, (c) top-ranked 
quadrilaterals, roughly approximating the top and bottom parts of the document 

2.2.2. Octagon formation 

Let us consider a pair of quadrilaterals 𝑞௧ and 𝑞௕. The 8 points of the octagon in question are defined the following way. 
Denote the upper horizontal segment of 𝑞௧ as 𝑠௧௧ and the lower horizontal segment of 𝑞௕ as 𝑠௕௕. Now let us find 

two brightest (in terms of Hough space) distinct horizontal lines 𝑙௧௠ and 𝑙௠௕, having 𝑙௧௠ closer to 𝑠௧௧ and 𝑙௠௕ closer 
to 𝑠௕௕. All these designations are depicted in Fig. 5a for clarity. 

Now the only thing left is to find where the actual octangle vertices lying on the lines 𝑙௧௠ and 𝑙௠௕ are. Since the 
vertical segments of 𝑞௧ and 𝑞௕ do not necessarily correspond to the actual document borders, for each of them the longest 
path graphs from the edge map lying along them are retrieved (red path on Fig. 5b) as described in [12]. These path graphs 
are intersected with the corresponding crease lines to obtain the crease vertices. If there is no such an intersection, the 
lines are intersected with the vertical segments to obtain the vertices in question. 
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a)  b)  c)  
Fig. 5. Folded document localization steps: (a) the crease lines between 𝑠௧௧ and 𝑠௕௕ (b) the crease lines intersection 

with the left document edge, (c) edges lying along the detected octagon 𝑝 

2.2.3. Octagon scoring and ranking 

After the octagon 𝑝 was constructed, its "brightness" is used to compare it with the other octagons to choose the one with 
the highest score. It is computed the following way. The edge maps are subjected to the Gaussian smoothing. The score considers 
ten segments: the sides of the octagon and two crease lines. For every such a segment, the following values are calculated: the 
sum of pixels under the segment 𝑝௞, the number of zero-pixels under the segment 𝑟௞, and the penalty 𝑞௞, where 𝑘 is some 
arbitrary index for a segment. The penalty 𝑞௞ is calculated as the sum of pixels under the segment extension by 10 px in each 
direction for horizontal segments and in the direction opposite to the crease lines for upper and lower vertical segments. The 
number of zero-pixels below each segment is summed and divided by the total length of all segments 𝑙, resulting in the ratio 
𝑟 ൌ ∑ 𝑟௞/𝑙. Then the contour score of the octagon is the value  

𝑆ሺ𝑝ሻ ൌ
∑௣ೖ
௥ାଵ

െ ∑ 𝑞௞. (1) 

The scoring procedure is depicted in Fig. 5c. The figure represents the edge map 𝐸 with the highlighted regions 
considered in 𝑆ሺ𝑝ሻ. 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. 

2.2.4. Octagon correction to fit the continuity criterion 

Since we are willing for the final rectification to produce no content tearing, we correct an octagon corresponding to 
the document outer borders so that it fits the continuity criterion. As it was stated in [12], if one supposes that a document 
in the image consists of several flat concatenated rectangles with each of them undergoing a perspective transformation 
during the image capture, then for two quadrilaterals to produce a continuous piecewise-projective transformation, one 
has to follow the continuity criterion proposed in that paper. We generalize this criterion for the documents consisting of 
three parts. Turns out that a piecewise-projective transform in our case is continuous if and only if all the horizontal 
segments of our octagon share a common vanishing point. Due to the inaccuracies in the localization process, the 
horizontal segments might not satisfy this condition. To make the octagon fit for it, we utilize the algorithm described in 
[53]. It finds a common vanishing point for the 4 considered horizontal segments. Once the new vanishing point has been 
established, these segments are rotated and intersected with the vertical ones to create a corrected octagon 𝑝෤. We shall 
drop the tilde for the sake of simplicity of further narration and shall write simply 𝑝 instead of 𝑝෤. 

2.2.5. Octagon filtration 

The final stage of document localization is the validation of the detected octagon 𝑝. Namely, we compute the aspect 
ratios for each of the three concatenated quadrilaterals with the usage of an algorithm proposed in [7] and if one of them 
exceeds the true value of 99 / 210 (A4 folded into thirds) by 30 %, then the localization is rejected and the output of the 
localization step is empty. 

2.3. Rectification 

If the localization algorithm returned no octangle, then we simply return the input image as the rectification result. 
Otherwise, we do the following. 

The detected polygon being the result of the localization step 2.2 defines three concatenated quadrilaterals, each 
representing a flat third of the physical paper sheet. Each of these thirds is projectively transformed to one third of the 
rectangle with the same aspect ratio as the printed document (i.e. 210/297 mms for A4 paper or 8.5/11 inches for US 
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Letter). The rectified image is the output of the proposed algorithm. The rectification result for a localized octangle is 
presented in Fig. 6. 

a)  b)  c)  
Fig. 6. Proposed algorithm results: (a) input image; (b) localization step, the resulting octagon 𝑝 is depicted with green, crease 

lines are depicted with magenta; (c) rectification result 

In the present study, we suppose the document aspect ratio to be known, however, it is also possible to figure out 
the aspect ratio using estimation based on a pinhole camera model [7]. 

3. Experiments 
3.1. Dataset 

Document image rectification problem was addressed in many publications, and there are plenty of datasets available. 
The DocUNet benchmark [6] has been widely used to compare the approaches to solving the task of arbitrary distortions. 
WarpDoc dataset presented in [5] contains about a thousand images with different document distortions, and it is suitable 
to assess a similar problem under various conditions. Both datasets combined contain only three images of the target case. 
Such datasets as DIR300 [45], DIW [54], Inv3d [46] and FDI-AC [47] either do not contain enough images of documents 
folded for envelopes or do not contain such images at all. So, the only dataset known to the authors containing enough 
images of documents folded into thirds is the subset 3fold of the dataset FDI [12]. 

In this study, we make use of it and measure the accuracy of our algorithm on it. The dataset contains two types of 
scenes: when the document is held in hand (see Fig. 7a, b and Fig. 8a) and when the document is placed on the table (see 
Fig. 7c, d and Fig. 8e). We test our algorithm on both of these subsets. 

3.2. Metrics 

In the present paper we follow the proposed in [6] way to measure and compare the accuracy of image rectification 
algorithms. Namely, a rectified image is compared with the original grayscaled image that was printed out with the 
following standard metrics: multiscale structural similarity index (SS = 1 – MS SSIM, [55]), local distortion (LD, [22]), 
absolute Levenstein distance between a string extracted from the input image and reference image, also called edit distance 
(ED, [56]) and relative levenstein distance, or character error rate (CER), which is ED normalized by the recognized string 
length. We also make use of the recently published aligned distortion (AD, [54]) metric. It was proposed to overcome the 
disadvantages of the LD metric. Namely, the LD metric sometimes tends to produce high values in the areas where the 
document has no content. Thus, AD reweights the LD so that the content distortion is more significant than the distortion 
of blank areas. 

In the present paper, all these metrics are evaluated to compare the rectification algorithms. However, in our opinion, 
one should prefer AD and CER to the other metrics, as the former is shown [54] to be more robust and representative than 
MS SSIM and LD, and the latter can provide insights on the whole document recognition pipeline. 

3.3 Rectification accuracy 

We conduct 4 experiments on the dataset FDI/3fold. At first, we measure the accuracy across all the metrics for 
the raw (original) FDI images. These results are presented in the first row of the Tab. 1. Secondly, we measure the 
accuracy of the proposed algorithm and the baseline SOTA network GeoTr [44], the results are shown in the second 
and the third rows respectively. The illustration of the rectified images from FDI/3fold/hand and FDI/3fold/table 
are presented in Fig. 8. 
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a)  b)   

c)  d)  
Fig. 7. Sample images from FDI [12]: (a, b) hand subset, (b, d) table subset 

a)  b)  c)  d)  

e)  f)  g)  h)  
Fig. 8. Rectification results on FDI dataset, hand (a-d) and table (e-h): (a, e) input image, (b, f) result by GeoTr, (c, g) proposed 
method result, (d, h) reference image. Note that the accuracy measurements considered the grayscaled versions of all the images 

We also make use of the self-assessment of the proposed system in the following way. Our algorithm can decide if 
the localized polygon does not correspond to the document outer borders or if it does not fit the model of a document 
folded into thirds, and the output image in this case is simply the input image (see Sec. 2.2.5, 2.3). So, this self-assessment 
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makes it possible to introduce a cascade-like scheme: if the proposed algorithm returned a valid localization, we use the 
proposed rectification (see Sec. 2.3), otherwise, we use the rectification of GeoTr. This cascade system is self-sufficient 
since it returns a rectified image no matter what. We test it together with other algorithms, and its results are presented in 
the fourth row in Tab. 1. 

Tab. 1. Rectification accuracy on FDI/3fold dataset. The best value in each column is highlighted with underline, 
and the best value in the first 3 rows is highlighted with bold 

# System Subset hand 
 SS↓  LD↓   AD↓   ED↓   CER↓ 

1  Raw (no algo)   0.72   52.57   1.12   1595   0.60  
2  Proposed   0.61   24.30   0.80   1422   0.53  
3  GeoTr   0.63   24.82   0.85   1653   0.62 
4  Proposed+GeoTr   0.57   15.35   0.58   1434   0.54  

# System Subset table 
 SS↓  LD↓   AD↓   ED↓   CER↓ 

1  Raw (no algo)   0.75   49.33   1.30   1187   0.46 
2  Proposed   0.53   16.34   0.34   1046   0.41 
3  GeoTr   0.54   11.48   0.36   1209   0.48 
4  Proposed+GeoTr   0.50   7.81   0.20   1036   0.41  

Let us consider Tab. 1 in detail. At first, one can notice that the proposed algorithm shows performance superior to 
GeoTr across all measurements except for LD metric on table subset. It is also of interest that judging by OCR metrics 
GeoTr shows results that are worse than the ones for raw FDI images even though its values for SSIM, LD, and AD are 
quite good, especially on table subset. It means that embedding this system into a document recognition system "as-is" 
will not improve the accuracy of the whole recognition pipeline: it will only consume time to corrupt the input image for 
the upcoming OCR system. Nevertheless, the combined cascade system involving GeoTr as its part shows performance 
comparable with the ones of the proposed algorithm, particularly reaching its peak accuracy in measurements by AD 
metric. This fact allows us to make a conclusion that the errors of the proposed method and GeoTr are uncorrelated, and 
such a cascade can hypothetically be utilized in applications. 

3.4. Proposed algorithm AD values distribution 

Let us perform some further analysis of the proposed algorithm in terms of AD metric. Based on the data from Tab. 1 one 
can estimate the average AD value for the proposed algorithm on full FDI/3fold: AD௔௩௘ ൌ ሺ0.8൅ 0.34ሻ/2 ൌ 0.57. Since the 
proposed algorithm sometimes rejects the localization result and returns the input image as its result, it is of interest to 
analyze, what is the distribution of the values across all the images in the FDI dataset depending on whether the 
localization result is rejected or not. Such a distribution is presented as a histogram in Fig. 9. The blue subgraph shows 
the distribution for the non-rejected localizations, and the orange subgraph illustrates the rejected ones. The histogram 
depicts the number of images having an AD value in a certain range: 1 range – one histogram bin and the rightmost 
bin for each color represent the range ሾ1.35;∞ሻ. A blue dashed line shows the mean value for all non-rejected 
localizations (0.26), a red dashed line shows the mean value for all rejected localization values (1.31) and a magenta 
dashed line shows the mean value across all the images (AD௔௩௘ ൌ 0.57). It can be clearly seen that the non-rejected 
values tend to have a low value of AD, and most of these images have AD values less than 0.2, while the distribution 
of the rejected values is concentrated in the right part of the graph. 

 
Fig. 9. The histogram of AD values for rejected (orange) and non-rejected (blue) rectifications. The blue dashed line is the mean 

value for non-rejected answers, the red one for rejected answers, and the magenta one is the mean for the whole dataset  

3.5. Runtime measurements 

We conduct runtime measurements of the two algorithms: the proposed one and GeoTr. Two devices were employed 
for this task: Jetson Orin Nano equipped with a 6-core ARM Cortex-A78AE v8.2 (1.5 GHz) processor and iPhone XR 
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with Apple A12 Bionic, which is a 6-core ARM-based processor (max. 2.49 GHz). The algorithms were allowed to use 
only a CPU with all its cores available at execution time. Note that our implementation of the proposed algorithm used 
parallelization only in standard image processing operations, such as edge extraction, Hough transform, projective transform, 
etc. Mean execution time in milliseconds is illustrated in Tab. 2. As it can be seen, the proposed method allows for the better 
execution time than DocTr, with the localization step 60 times faster, and the normalization time 3 times faster than DocTr. 
Moreover, our approach takes only 137 ms when being run on iPhone XR. 

Tab. 2: Mean execution time per image in milliseconds. The asterisk (*) indicates the average time on a subset of the dataset 
with a non-rejected localization result 

   Device   Localization   Normalization  
Proposed   Jetson   87   199*  
GeoTr   Jetson   5415   592  
Proposed   iPhone XR   17   110*  

Conclusion 

The paper presents a novel model-based method for the localization and rectification of documents folded into 
thirds. This folding type is very common in business cases since it appears when a document is taken out of a 
standard-sized envelope. The proposed method allows to localize a document with two creases in a camera-captured 
image. This localization is used to projectively rectify the document to flatten its geometrical shape. Our method 
outperforms the current SOTA rectification algorithm DocTr by key rectification metrics (AD, CER) on the 
FDI/3fold dataset. The proposed algorithm can rectify a document even if it is held in hand. The proposed algorithm 
self-assessment can detect bad localizations and reject them, making it possible to combine our algorithm with the 
rectification network DocTr to produce a cascade-like self-sufficient document rectification system. It is also shown 
that the algorithm can be run on the CPU of a mobile device: the execution time on an iPhone XR is only 127 ms 
(17 ms for localization and 110 ms for projective rectification), making it possible to utilize it in an on-device 
recognition system. 
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