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Abstract

ID document recognition systems are already deeply integrated into human activity, and the pace
of integration is only increasing. The first and most fundamental problems of such systems are
document image localization and classification. In this field, template matching-based approaches
have become widely used. These methods offer industrial precision, require minimal training data,
and provide real-time performance on mobile devices. However, these methods have a significant
limitation in scalability: every document type represents a set of local features to store and process,
which affects the required computing resources. Moreover, considering the number of different
document types supported by modern industrial recognition systems, they become unusable. To
mitigate the drawback, we propose a method to select a subset of the most "stable" keypoints. To
estimate keypoints' stability we synthesize a dataset of images containing various distortions
relevant to the process of taking photos of hand-held documents with a smartphone camera in
uncontrolled lighting conditions. To perform experiments we use well-known MIDV datasets, which
have been designed to benchmark modern ID document recognition. The experiments show that the
proposed method allows for increased ID document detection performance with limited computing
resources.
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Introduction

Identity document recognition systems have become an integral part of automated identification and
authentication processes. Such processes include the KYC procedure in finance and the sharing economy,
identification when crossing borders, authentication in access control systems, hospitality business, medicine,
insurance, and other areas that require identification and verification of the authenticity of identity documents. The
very fundamental processing stage in hierarchical recognition systems is determining the type and boundaries of the
document [1, 2]. Identity documents are usually hard plastic cards or passport pages with a set of geometrically
fixed static elements. Such static elements include a variety of logos, flags, background elements, and field
annotations. Paper [3] states that the most useful methods for recognizing such documents are those based on a
comparison of visual representations of documents. The statement is supported by numerous experimental results
obtained on large public datasets, and the approach is actively being developed and refined [4, 5, 6, 7, 8]. Among
the methods based on visual representation matching, the method of matching local features has become very
popular among scientists and recognition systems engineers. Fig. 1 shows a diagram containing the main blocks of

the method.
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Fig. 1. Document retrieval scheme using local features template matching. Source: [9]

Despite the impressive list of such advantages as high accuracy sufficient for the operation of government systems or for
business applications; no need for large arrays of training data; and real-time performance on energy-efficient devices, the
method has some significant drawbacks [4]. One of them is limited scalability: each document type is represented as a set of
local features by which the algorithm searches for a match with the features extracted from an input image. This significantly
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affects memory consumption (both for storing templates in persistent storage and RAM), loading time into RAM, the speed of
document localization, and type detection and recognition in general. At the same time, the method is widely used on mobile
devices with limited computing power [1, 10, 4]. In this case, the method may not be applicable in the context of modern
industrial recognition systems that support thousands of different types of documents.

1. Related Work

Enormous number of papers are devoted to the selection of the optimal set of features for solving pattern recognition
problems. Considering specifics of identity documents retrieval with local features matching, various researchers have
tried to mitigate the lack of scalability of the method in different ways. Paper [4] shows that the use of document
boundaries can significantly improve the quality of document localization, which can potentially reduce the number of
keypoints in a document template. Paper [11] shows that the use of 128-bit binary descriptors BinBoost [12], instead of
SURF [13], can significantly reduce memory consumption. Document-oriented descriptors [14] can simultaneously
improve the quality of document localization and further reduce memory consumption. For individual scenarios, for
example, images obtained using flatbed scanners, 64-bit descriptors are sufficient to ensure localization quality at the
level of 95 %. In any case, a document template consists of a set of pairs of keypoints and descriptors, and the size of the
template description linearly depends on the size of the keypoints set. Therefore, choosing an optimal subset of relevant
and high-quality keypoints considering the specifics of the task allows for significantly reducing the computing resources
and expanding the scope of the method. In paper [3], a document template is computed according to local features specific
to a certain document type detected outside the pre-marked document zones. In Fig. 2, the document exemplar's unique
zones (photo, personal data, document number, issuing authority identifier, etc.) are selected with red rectangles, and
zones containing the same data in all the exemplars of the particular type are in green

The paper states that a document template can be computed either from a set of document copies of a certain type (set
of matched features during the "inference" stage in the dataset) or from a single image.

To mitigate the scalability drawback, we propose to select a limited subset of the most "stable" keypoints which is
used to compute a document template. We elaborate the idea proposed in [3] and propose selecting the "best-quality"
keypoints using a dataset of images.
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Fig 2. The personal data zones of a document exemplar are highlighted with red rectangles, while the data annotations are
highlighted with green ones. Source: [9]

Despite significant progress in the area of access to public datasets [10, 15, 16], identity documents are highly sensitive
data, and personal data (which include document images) is regulated by many laws around the world. We propose to
synthesize a set of document images relevant to capturing documents in uncontrolled conditions, including "handheld"
capturing with a smartphone camera, using only one ideal document image of identity document exemplar.

2. Proposed Method
2.1. Document Image Synthesis

To research a set of distortions typical for capturing hand-held document with a smartphone camera in uncontrolled
conditions, we investigated public datasets MIDV [10, 17, 18]. The observed distortions can be grouped by the source of
their formation, as follows:

. Geometric - distortions caused by the geometric model of image formation (Fig. 3a);

. Brightness - distortions caused by uneven and insufficient lighting (Fig. 3b);

. Blurring - distortions caused by defocus and motion blur (Fig. 3¢);

. Noise - signal sampling and discretization errors caused by camera sensor (Fig. 3d).

Let us consider the models and methods we use to synthesize distorted document images in more detail.

2.1.1. Camera shift and rotation simulation

To synthesize images with geometric distortions, we use the model presented in the paper [19]. The paper presents a
method for rectifying a document plane in an image (in the rectified image, the sides of the document are parallel to the
sides of the image) by two vanishing points, and is based on the pinhole camera model. The method tests a number of
hypotheses about potential camera rotations and shifts in three-dimensional space at which the observed image of the
document quadrangle is consistent with the expected rectangular image. We solve the inverse problem - having the camera
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rotations and shifts parameters and the "original" camera image, where the ideal document image is placed in the center
of the camera, we calculate the corresponding homography. The process of computing a geometrically distorted document
template is shown in Fig. 4.
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Fig. 3. Distortions from MIDV. (a) Geometric, (b) Lighting, (c) Motion-blur, (d) Noise
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Fig. 4. The process of synthesizing document images with geometric distortions. (a) Ideal document, (b) Camera image,
(c) Simulated distortion

2.1.2. Uncontrolled lighting

To synthesize images of uneven and insufficient lighting, we use various pixel brightness transformations. Fig. Sa
shows an example of global darkening using a linear transformation of the brightness of all pixels. Fig. 5b shows an
example of a 'shadow' simulation, where the document image is divided by a line, and all pixels of the plane on one side
of the line are linearly darkened. Fig. 5S¢ shows an example of a synthesized image emulating uneven illumination caused
by light diffusion.

b) 9] :
Fig. 5. Simulation of different lighting conditions. (a) Global and local darkening, (b) Shadow, (c) Local lightening

2.1.3. Defocus and Motion blur

a)

To simulate defocus and motion blur we use classical methods of image smoothing with a Gaussian filter with various
o parameters. To simulate motion blur, a motion map was generated along a straight line and then convolved with the
motion and Gaussian kernels.

2.2. Stability of keypoints

Feature point detectors provide some estimate of the "goodness" of each detected point based on intermediate
calculations performed by the algorithm. Thus, in the Harris corner detector [20], the Harris estimate is used, which is
closely related to the model of a corner that the algorithm uses. A local contrast estimation is used both in SURF [13] and
SIFT [21]. Modern machine-learning based detectors such as TILDE [22], SuperPoint [23] and LF-Net [24] use estimates
computed according to the architectures of the models and seen training data. In any case, every keypoint extraction
algorithm, especially handcrafted, addresses a certain class of problems and objects. There exist several published
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methods for evaluating the "goodness" of a keypoint, without being tied to a specific detector that extract it. In papers
[25, 26], the authors propose to estimate the "goodness" of a keypoint based on the anaylyis of neighbourhood pixels,
which may conflict with the criteria used for its detection. This approach could lead to a situation where a keypoint
extracted infrequently is assigned the highest quality score. We propose to estimate the "goodness" of a keypoint
considering stability [27] of its detection on distorted images. Let there be a sequence of images {I,,, m = 0,1,..., M}
containing the same object under different geometric or brightness distortions. Let image I, be a reference image, and
H,, be aprojective transformation from I, to I,,. Then the keypoint stability R(p € I;) of the keypoint p is defined as

R(p € lo) = X [min|Hn(p) — qll2 <], (1

where [.] is the indicator function, ||. ||, is the Euclidean distance, q € I,,,. Points g and p are considered matched if
the distance between them is less than the specified threshold €. This approach allows to treat a keypoint detector as a
"black box" and is independent of the specific detection algorithm used. To describe a document template, we select
keypoints with the largest R(p) on the synthesized dataset of documents, and the algorithm can be represented as follows:

Algorithm. 1. Algorithm for selecting keypoints for a document template

Input: Ideal template image fo, set of rectangles S, number of
images to synthesize M, maximum number of keypoints to
select N, maximum matching distance ¢

Qutput: Set of selected keypoints T'

1 Detect a set of keypoints P = [(z1,y1,71), (Z2,Y2,72), -y (Zy Yoy )]
in /p using any keypoint extraction algorithm;

2 P=P\{p|pe P,p¢ 5S};// Remove keypoints that lie in

personal data rectangles

3 m+ 1

4 while m < M do

5 Generate a synthetic [D image [, using /5 and get homography

matrix Hy, : I, — I

6 Detect a set of keypoints P, = {(z,%)} in I,
7 foreach p,, € F,, do

8 Dm0 Hn (pm)

9 matchig + —1

10 err +— ¢

11 foreach z € {1,...,|P|} do

12 i < |[Pmo — pill2

13 if erry; < err;; then

erT 4— e Tpm;
matchyy <1

16 end
17 end
18 if match;y # —1 then

r(P[matchig)r) + r(P|match;y]) + 1;// Increase
repeatability score of the match;;~th point

20 end
21 end
22 end

23 Select a subset 7' of size |N| from P with the highest r
24 return 7'

3. Experimental Evaluation
3.1. Datasets and metrics

To evaluate the performance of the proposed keypoints scoring and selection method in the identity document
recognition problem, we use the pipeline of the method presented in [3] and measure the quality of document typing and
localization according to [4]. Unlike [3], we perform brute force matching instead of FLANN [28] during descriptors
search to get reproducible results and exclude potential collisions. As for test data, we use the well-known MIDV [10, 17,
18] datasets. MIDV-500 [10] contains video clips of 50 different document types taken by a smartphone camera, presented
on various and complex backgrounds under projective distortions. MIDV-2019 [17] includes documents captured under
extreme projective distortion and low light in 4K resolution. MIDV-2020 [18] contains only 10 document types, but this
dataset has even greater variability in capturing conditions and consists of 1000 fictitious ID cards with unique personal
data. From MIDV-2020, we consider only the images obtained from the scanner, since we consider video frames from
MIDV-500 and MIDV-2019 to be sufficiently relevant for evaluating our method.

3.2. Image synthesis and keypoints stability estimation

To generate projective distortions, we generate 3 parameters of camera rotation angles relative to the optical axis
according to the uniform distribution X~U(—45°,45°). To simulate the illumination changes, we used the following
transformations:

. Monotone transformation of brightness by random function [29]
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. Global linear brightness transform

. Smooth brightness change along a random line on the image

. Normally distributed noise

. Darkening of one of the half-planes of the image divided by a random line

. Morphological closing

. Gaussian blur

To compute keypoints stability for further selection we synthesize 1000 images for each target document type and
calculate the keypoint stability using € = 5. Fig. 6 shows the keypoints stability computation process. Fig. 6a shows all
the keypoints detected in an ideal template image and filtered according to the personal data zones. Fig. 65 shows the
keypoints detected in a distorted synthesized image. Fig. 6¢ shows matching verdict for every template point (indicator
function result in Eq. 1) — matched points are highlighted with green color, while unmatched is in red.

3.3. Experimental results

The size of the document template directly affects the localization and classification quality. To assess this
dependency, we performed a series of experiments on 50 types of documents using MIDV datasets [10] and estimated
document detection quality following the pipeline noted in Sec. 3.1. The algorithm of assessing localization performance
is based on the calculation of the maximal deviation of the computed document corner coordinates divided by the length
of the shortest document boundary side [4]. We use SURF as a keypoint detector and descriptor and assessed the document
localization and classification quality using different limits on the maximum number of keypoints to describe a document
template. We compare two methods for keypoints scoring: a method based on the responses provided by the SURF
algorithm on an ideal template image, and the proposed method, which is based on stability estimates obtained from a
synthesized dataset. Fig. 7 shows the graph of this dependency obtained on MIDV-500 dataset.
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Fig. 6. The visualization of the point stability calculation. (a) Template image, (b) Synthesized image, (c) Matched points
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Fig. 7. The dependence of the quality of document detection on the maximum number of points describing the template

The left vertical axis OY in Fig. 7 represents the detection quality, while the horizontal axis OX displays the explored
restrictions on the maximum number of keypoints N to describe a document template. The right vertical axis OY displays
amount of memory required to store SURF descriptors of a single document's template. Table 1 shows the exact values
of the obtained document localization quality with various restrictions on the maximum template size obtained for video
clips from MIDV-500 and MIDV-2019. To improve readability, some values have been omitted due to their low
informational content. The last row in the table shows the performance when all the detected points were used for a
document template construction.

Tab. 2 displays the average amount of memory required to store SURF descriptors for a document template from
MIDV datasets.
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Tab. 1. Document classification and localization performance in video clips from MIDV-500 and MIDV-2019

N MIDV-500 MIDV-2019

Localization, % Typization, % Localization, % Typization, %
Resp. Stab. Resp. Stab. Resp. Stab. Resp. Stab.
50 | 48.73 | 60.03 | 65.56 | 77.76 | 32.21 3442 | 52.58 | 57.25
100 | 61.74 | 73.86 | 75.23 84.55 | 46.29 | 48.62 | 63.75 | 67.63
150 | 68.07 | 77.02 | 79.25 86.59 | 51.52 | 54.73 | 68.62 | 71.85
200 | 71.39 | 78.57 | 81.8 87.33 | 5494 | 57.57 | 69.83 72.83
250 | 73.97 | 79.39 | 83.67 87.69 | 56.78 | 58.35 | 71.17 | 73.53
300 | 75.12 | 79.75 | 84.69 87.99 | 57.68 | 59.33 | 71.6 73.78
350 | 76.91 80.01 86.05 88.15 | 58.64 | 59.5 72.38 | 74.05
400 | 77.65 | 80.17 | 86.79 88.43 | 59.7 60.2 72.87 | 74.15

o | 8289 |- | 91.48 | - | 6222 | - | 7542 | -

Tab. 2. The average memory consumption of a document template for indexing SURF descriptors depends
on the number of points in the template

N 50 100 | 150 | 200 | 250 | 300 | 350 | 400 0
KiB | 12.5 | 25 37.5 | 50 62.5 | 75 87.5 ] 100 | ™ 1478.3

One may see from the Fig. 7 that starting from a certain value of the maximum number of keypoints for a document template,
the performance gain becomes extremely insignificant regardless the keypoints selection method. At the same time, the
scalability of the method decreases remarkably. For example, to store SURF descriptors for 11,000 document templates
considering the keypoints limit at the value of 750, one may need ~ 2 GiB. However, if one chooses a value of 500, there is a
need in ~ 1.3 GiB of memory without significant quality loss. It can also be noted that under more stringent memory
consumption constraints, the proposed method of estimating keypoints stability allows to select the most efficient subset of
points in terms of quality compared to selecting based on SURF response.

The number of keypoints in a template directly affects the required computing resources and document recognition
performance. The choice of the maximum number of keypoints for a template (parameter N in Algorithm 1) is primarily
determined by the class of the executable device and the number of target document types. Considering an energy-efficient
single-board computer with a RAM capacity of 1-4 GB and several thousand target document types, the algorithm may exceed
the memory limit. The paper [9] provides a measurement of the memory consumption for storing descriptors for 50 document
types from MIDV using an unlimited number of SURF keypoints. In this case, the average size of one template takes
~1.64 MiB of memory, and in the case of 1000 document types, more than 1.5 GiB of memory is required just to store
descriptors. Considering memory-efficient document-oriented RFDoc descriptors [9], to store 11,000 templates which are
supported by an industrial recognition system [30] will require ~1900 MiB of memory.

To verify the effectiveness of the image synthesis methods we use, which mainly address distortions related to
documents captured in video stream in uncontrolled conditions, we also assessed the detection quality on images produced
by the flatbed scanner. Tab. 3 shows the experimental results obtained on MIDV-2020 dataset. The experimental results
show that the proposed method also allows for increased detection performance in high-resolution images.

Tab. 3. Document classification and localization performance in the scan parts of the MIDV-2020

Scan upright Scan rotated
N | Localization, % | Typization, % | Localization, % | Typization, %
Resp. Stab. | Resp.| Stab. | Resp. Stab. Resp. | Stab.
50| 48.95 | 49.94 80.1 | 88.3 33.05 | 33.14 71.3 74.1
100| 67.5 70.74 89.1 | 954 57.42 | 60.01 84.2 92.6
150 76.51 | 77.5 93.5 | 97.8 69.1 69.1 914 | 974
200| 79.53 | 86.86 98.5 | 99.8 73.82 | 78.0 95.2 98.9
250| 83.39 | 87.65 100 100 78.43 | 83.18 97.9 99.3
300| 85.74 | 89.16 100 100 81.7 83.98 98.8 99.6
350 87.4 | 90.68 100 100 83.49 | 84.49 99.3 99.9
400| 88.23 | 90.95 100 100 83.83 | 88.94 99.8 99.8

o | 9563 | - | 100.0] - | 93.62 | - | 100.0 | -

4. Conclusion

In this paper, we proposed a method to improve the scalability of the method of localization and identification of
identity documents with local features matching. The proposed method consists of selecting the most effective set of
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keypoints for describing a document template using one ideal document image. The method consists of a preliminary
assessment of the stability of extracting a template keypoint on a set of synthesized document images relevant to the
problem of recognizing identity documents under uncontrolled conditions and is independent of the keypoint detection
algorithm. Experimental results show, that the proposed method significantly increases the quality of localization and
identification of documents compared with the keypoint selection based on estimates provided by the keypoint detection
algorithm while working with a large number of document types and limited computational resources.

For future work extension, we plan to research more advanced methods of image synthesis, including JPEG
compression, dithering, and color distortions, and to investigate the independence of the method for template keypoint
stability estimation from the used keypoint extraction algorithm. Another possible research is to study the correlation of
the distributions of the keypoints' responses provided by different detectors and their stability in the context of identity
document recognition in uncontrolled conditions.
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