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Abstract. This paper presents a set of methods for detection of im-
portant features in historical cadastral maps. The goal is to allow a
seamless connection of the maps based on such features. The connection
is very important so that the maps can be presented online and utilized
easily. To the best of our knowledge, this is the first attempt to solve this
task fully automatically. Compared to the manual annotation which is
very time-consuming we can significantly reduce the costs and provide
comparable or even better results.
We concentrate on the detection of cadastre borders and important points
lying on them. Neighboring map sheets are connected according to the
common border. However, the shape of the border may differ in some
subtleties. The differences are caused by the fact that the maps are hand-
drawn. We thus aim at detecting a representative set of corresponding
points on both sheets that are used for transformation of the maps so that
they can be neatly connected. Moreover, the border lines are important
for masking the outside of the cadastre area.
The tasks are solved using a combination of fully convolutional networks
and conservative computer vision techniques. The presented approaches
are evaluated on a newly created dataset containing manually annotated
ground-truths. The dataset is freely available for research purposes which
is another contribution of this work.

Keywords: Historical Document Images · Cadastral Maps · Fully Convolutional
Networks · FCN · Computer Vision

1 Introduction

In the recent years, there has been a growing interest in the field of historical
document and map processing. Such materials already exist in digital form
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(scanned digital images) and the efforts of current research lie in the automatic
processing of such documents (e.g. information retrieval, OCR and full-text
search but also computer vision tasks such as noise reduction, localization and
segmentation of regions of interest and many others). All such tasks are very
important for making the documents easily accessible and usable.

This paper deals with historical cadastral Austro-Hungarian maps from the
19th century. The maps are available as isolated map sheets covering particular
cadastre areas. To be able to fully utilize such materials it is very important to
create a continuous seamless map that can be easily presented online.

The map sheets are arranged in a rectangular grid [1]. Each cell of the grid
can contain one or more map sheets (if the grid lies on the border of two or more
cadastre areas). A preliminary step is to place the map sheets into corresponding
cells according to textual content contained in the sheets. In this work, we
concentrate on merging of sheets lying on the same position in the grid. The
sheets have to be connected according to the common border line present in both
sheets. However, the maps are hand-drawn and there might be tiny differences in
the position and shape of corresponding border lines. We thus have to transform
the sheets so that they can be neatly put together. Two map sheets belonging to
the same cell in the grid are shown in Figure 1.

Our goal is twofold. First, we have to find a set of corresponding points in
the two adjacent sheets that allow the transformation. The second goal is to find
the border line which allows us to mask the regions outside the cadastre area.

The presented methods are developed as a part of a robust system for a seam-
less connection of map sheets which will require a minimum manual interaction
of the user. This is the first attempt to solve this task fully automatically. We
utilize machine learning approaches based on fully convolutional neural networks
(FCN) complemented by analytic computer vision approaches. It is important to
note that there is a potential of using the same system for processing of cadastre
maps from neighboring countries that were also part of the Austro-Hungarian
empire and have the same form (i.e. Slovakia, Hungary, Austria and parts of
Ukraine, Serbia or Croatia).

An important contribution is the creation of an annotated dataset which is
used for training of neural networks as well as for evaluation of the methods.
This dataset is freely available for research purposes.

2 Related Work

To the best of our knowledge there are no studies utilizing deep learning for
exactly the same task. We thus present relevant papers utilizing neural networks
for map analysis and processing with a particular focus on segmentation methods
based on neural networks.

A complete survey of historical cadastral maps digitization process is provided
by Ignjatić et al. in [2]. The authors try to pave the way for employing deep
neural networks in this field, highlighting potential challenges in map digitization.
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Fig. 1: Example of map sheets belonging to the same cell; The map areas are
complements to each other; The outer area of one sheet is the inner area of the
other one.

Convolutional neural networks are used for the analysis of aerial maps by
Timilsina et al. in [3]. The objective of this work is to identify tree coverage of
cadastre parcels.

Illegal building detection from satellite images is investigated by Ostankovich
and Afanasyev in [4]. Their approach integrates various computer vision tech-
niques with the GoogLeNet model and obtains reasonable and acceptable results
that are verified against cadastral maps.

A method for cadastre border detection utilizing FCNs was presented by Xia
et. al in [5]. They were able to effectively extract cadastral boundaries, especially
when a large proportion of cadastral boundaries is visible. Another example of
cadastre border extraction has been explored by Fetai et. al [6].

Nyandwi et. al [7] present detection and extraction method of visible cadastral
boundaries from very high-resolution satellite images. They compared their
approach with human analysis and they were able to obtain good results on rural
parcels. On the other hand, the methods for the urban area extractions have
significant room for improvement.

Kestur et. al [8] presented an approach for road detection from images acquired
by sensors carried out by an unmanned aerial vehicle (UAV). They obtained
promising results with a novel U-shaped FCN (UFCN) model that is able to take
inputs of arbitrary size.

A combination of neural networks and mathematical morphology for historical
map segmentation was proposed in [9]. The approach first utilizes CNN based
network for edge detection. Follows morphological processing which helps to close
the shapes and extract final object contours.

To sum up the related work, we can say that variants of CNN, especially the
FCN architecture are suitable for our task of detection and segmentation of the
important map features.
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3 Historical Cadastral Maps

This section is intended to facilitate a basic understanding of the maps we work
with and the terminology used in following sections.

The map sheets are arranged to a rectangular grid. The position (cell) of
the sheet in the grid is described in so called “nomenclature”. Each map sheet
contains a map frame which defines the area of the cell that the sheet covers. The
resolution of the scanned sheets is circa 8400 × 6850 pixels and the dimension of
the map frame is usually around 7750 × 6200 pixels. The area inside the map
frame can be divided into the map itself and the blank area outside the map. The
map area is delimited by cadastre border which is marked as a black line with
map symbols (dots, triangles, crosses etc.) determining the type of the border.

Our main concern is finding map sheets from neighboring cadastre areas
that belong to the same cell. Such sheets are the most problematic ones for the
creation of the seamless map. We focus on detection of landmarks (“Grenzsteine”
from German) that are marked as black/red dots lying on the cadastre border
line. These points are important because their positions are physically marked in
the terrain and they are present on both map sheets covering a particular cell.

Another type of important points are significant direction changes on the
border line. We will denote such points as “break points”. These points are
important mainly for map sheets containing no landmark positions. Both types
of points can be used for transformation and connection of the map sheets.

The outside of the border line is usually accompanied by a colored (mostly
red) area denoted as “edge-line”. The border line, landmarks and edge-line are
illustrated in Figure 2.

Fig. 2: Detail of a cadastre border with landmarks (red/black symbols) and red
edge-line on the outside of the border
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4 Proposed Detection Methods

The scheme of the overall map sheet processing pipeline is depicted in Figure 3.
We assume that the input map sheet is already cropped according to the bounding
box given by the map frame. Our task is to find a set of points that can be used
for connection with the corresponding (complementing) map sheet. We utilize
four separate algorithms, namely Landmark Detector, Border Line Detector,
Break Point Detector and Edge-line Detector, to extract all necessary information.
We first search for explicitly drawn landmarks and also identify the border line.
If the amount of landmark points is low or we find no landmarks at all, the
border line is further processed by the Break Point Detector that seeks significant
direction changes in the border line and such points are used together with
the landmark points to create a set of Map Border Key-points that are used
for map transformation and connection. The Edge-line Detector is useful for
removing false positive landmark points. Moreover, the relative edge-line position
to the border line is crucial for determining the inner and outer area of the map.
According to the border line and edge-line we can construct a map area mask
which is subsequently utilized for map area masking.

Input Image

Landmark
Detector

Border Line
Detector

Edge-line
Detector

Landmark
Points

Border Line Break Point
Detector Break Points

Edge-line

Map Border
Keypoints

Map Area Mask

Fig. 3: Overall scheme of the map sheet processing pipeline

4.1 Landmark Detector

The landmark detection algorithm utilizes an FCN trained to predict landmark
positions. We use the architecture proposed by Wick and Puppe [10]. In our
preliminary experiments we compared this architecture with U-Net [11], which is
one of the first and most popular FCN architectures, and obtained comparable
results. Moreover, U-Net has ten times more parameters and is computationally
much more demanding.

Because of the large size of the input images and the need of preserving
relatively small details, we chose a patch-based approach instead of processing
the whole (resized) map sheet at once. The training is performed on rectangular
image crops that were extracted randomly from annotated training examples. We
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only ensure that each extracted patch contains at least one landmark if there are
any in the map sheet. See Section 5.1 for examples of annotated ground-truths.

In the prediction process, we divide the map sheet into a set of overlapping
patches and predict each of them by the network. The prediction result is a
composition of individual patches predictions. It is a black and white image where
white points represent the predicted landmarks.

We then apply a post-processing step based on the connected components
analysis. After that we perform a reduction of false positives. We reduce compo-
nents with size smaller than a specified area threshold (50 px). The centres of
remaining components comprise the resulting set of landmark positions.

The further filtration of the resulting points is done according to the detected
edge-line (see Sec. 4.4). We keep only the points that are sufficiently close (defined
by distance threshold 20 px) to the edge-line.

4.2 Border Line Detector

The border line detector uses the same neural network architecture as the land-
mark detector. The training is also performed using patches randomly extracted
from the training images. We take only patches coinciding with the border line.
The trained network is used for patch-wise prediction of a map sheet. The final
prediction result contains the predicted border line mask.

4.3 Break Point Detector

The input of this algorithm is the detected border line. Our goal is to find
significant direction changes on the line. The predicted border line may have
varying width and it is also disconnected in some cases. We therefore apply
morphological closing with a circular structuring element (size 10 pixels) in
order to fill small holes in the border. Then we compute the skeleton [12] to
get a one-pixel wide representation. The skeleton is further simplified using an
implementation of Douglas-Peucker algorithm [13]. This way we obtain a line
(or several line segments) represented by a series of points.

The final step is the reduction of non-significant angles. We inspect all triplets
of consecutive points (P1, P2 and P3) and calculate difference in direction of
vectors (P1,P2) and (P2,P3). If this direction difference α is lower than specified
angle threshold (we use a value of 10 degrees), we discard point P2. Figure 4
illustrates the process of direction difference computation.

4.4 Edge-line Detector

We use traditional image-processing techniques (edge detection, flood fill, mor-
phology etc.) for this task. We divide the pipeline into the following major steps
and describe each of them separately.
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P1
P2

P3

α

Fig. 4: Illustration of direction change at three consecutive border-line points

Edge Detection The goal of this step is to create a binary edge map. To
partially suppress noise in the input, median filter (with kernel size 9) is used.
Edges are then detected by Sobel operator [14] for each RGB channel separately.
A single-channel version is created by taking maximal difference among the
channels. To create the binary edge map, we use Otsu’s thresholding [15].

Components Detection In this step, we identify areas (components) with
similar colors. We first transform the RGB color space into HSV that is more
suitable for this task.

Then we detect initial components by iterating the image pixel by pixel. For
every pixel P of the image that is not already part of any component or is not
an edge pixel, we start the flood filling algorithm [16]. The newly processed pixel
Q is added to the current component only if it satisfies the following conditions:

1. Q is not an edge pixel - its value in edge map corresponds to the background;
2. Differences between pixels P and Q in H and S channels are lower than a

specified threshold (pixels are considered to have a similar color).

The result of the initial components detection can be seen in the left part of
Figure 5. It can be observed that there are many small, noise-like components. We
first filter “holes” formed by edge detection by merging them with the neighboring
component (if there is just one).

Second, we iteratively search for small components that have only one unique
surrounding neighbor. This process utilizes a max-heap implementation. For
the remaining components, we apply morphological opening which removes fine
details and jagged edges. Thus we improve stability and performance. The result
of the filtering can be seen in the right part of Figure 5.

Components Filtering We further filter the remaining components. We focus
on long and narrow components that should represent edge-line candidates. To
obtain the width of the components, we use signed distance field (SDF) [17]. The
length of the component is obtained from its skeleton [12]. Components with
sufficient length and width (according to the specific threshold) are marked as
edge-line candidates.
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Fig. 5: Component detection example. Each component has a different color, the
edges are black. Left: Initial components; Right: After filtering

Nonetheless, after the previous step, we still have many false positives (e.g.
roads, rivers). To remove them, we exploit the knowledge that there is a border
line with map symbols (mostly “dots”) in the immediate vicinity of the edge-line
as shown in the middle part of Figure 6.

The “dots” are detected using the V channel of the HSV color space.
We apply morphological opening to eliminate thin lines and texts that can

cause false detections. Then we apply Harris corner detector [18] followed by
another morphological opening for noise removal. The result is depicted in the
right part of Figure 6.

Fig. 6: Left: all detected edge-line candidates; Middle: original image; Right: “dots”
on the border line

To filter out false positives, we use following conditions:

1. Majority of “dots” is placed around one side of the candidate;
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2. The distance between neighboring “dots” is in a specific range based on the
input images. In our experiments it was 20 – 100 px;

3. The distance between each “dot” and skeleton of the edge-line is in a specific
range (10 – 40 px).

The final detected edge-lines together with associated “dots” are presented in
Figure 7.

Fig. 7: The final detected edge-lines and their corresponding “dots”; The central
line is a vectorized representation of the edge-line.

5 Experiments

5.1 Dataset

In order to obtain the training data for proper FCN training, we have created
a dataset containing 100 map sheets. Annotated ground-truths also allow us to
evaluate the presented methods.

The dataset is split into training (70 images), validation (10 images) and
testing (20 images) parts. For each of the map sheets we have manually annotated
a set of ground-truth images for landmarks, border line, break points and edge-
line. The ground-truths for break points and edge-line were created only for the
testing part because they are not used for network training.

All ground-truth types are stored as binary images with black background
and the objects of interest are marked with white color. Landmarks are marked
as white circles with diameter corresponding approximately to the real size of
the drawn landmarks.

Border lines are drawn as a white line, trying to have a similar width as
the original border line. Break point ground-truths were annotated in the same
way as landmarks – white dots represent significant direction changes in the
border line. Edge-line ground-truths contain white mask for the red edge-line.
The latter two types of ground-truths are used only for evaluation purposes. All
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types of ground truths are shown in Figure 8. Note that the crop contains just
one explicitly drawn landmark symbol. However, the break-point ground-truth
contains 4 points in border line direction changes.

The dataset is freely available for research and education purposes at3.

(a) Original Image (b) Landmark GT (c) Break point GT

(d) Border line GT (e) Edge-line GT

Fig. 8: Example of a map sheet fragment with corresponding ground-truths

5.2 Evaluation Criteria

For the evaluation of landmark and break point detectors, we present the standard
precision (P ), recall (R) and F1 score (F1). The edge-line is represented as a set
of consecutive points and thus we use the same evaluation criteria. We first count
true positives (TP ), false positives (FP ) and false negatives (FN) as follows.

For each ground-truth point, we identify the closest predicted point. If their
distance is smaller than a certain distance threshold T the point is predicted
correctly (TP ). Otherwise, it is counted as either FP (present only in prediction)
or FN (present only in ground-truth).

Visualization of the evaluation process is depicted in Figure 9. It shows a
fragment of a processed map sheet with marked TP , FP and FN points. Green
circles denote TP points, yellow circles are used for FN and yellow crosses for FP
points. The colored circles show the distance threshold T used for computation
of the scores.

3 hidden_during_review

hidden_during_review
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Fig. 9: Visualized TP (green circles), FP (yellow crosses) and FN (yellow circle)
points

5.3 Landmark Detection

The crucial part of the landmark detector is the network trained for landmark
prediction. We performed an experiment with different network configurations in
order to find suitable parameters. We utilized several sizes of the training patches.
The patch size determines the context the network takes into consideration and
can thus influence the overall result. We also must consider that larger patches
are computationally more demanding.

We also varied the number of patches extracted from one training map sheet.
The main reason was to find a minimum amount of patches that provides enough
variability to learn the features.

We use the cross-entropy loss for network training and as an optimizer we
utilize Adam [19] with initial learning rate set to 0.001. We apply early-stopping
based on validation loss to prevent overfitting as well. Results for different patch
sizes and different numbers of training patches extracted from one image are
presented in Table 1. The best performing configuration is typeset in bold.

We report the scores for two values of distance threshold T . Smaller threshold
causes lower scores, however, it ensures that the predicted points are really close
to the ground-truth ones. The ground-truth images contain 33 break points in
average. The presented recalls are thus sufficient for our goal (5 – 10 detected
landmarks are usually enough for the transformation and connection).

When using T = 5, the average distance of the corresponding points is 1.3 px.
Using T = 2 we reduce this value to 0.8 px. We have performed a comparative
experiment with landmarks annotated by two human annotators. On three
randomly selected map sheets we obtained average distance of 1.5 px between
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the annotations. We thus can state that the presented approach performs better
than a human annotator and the resulting set of detected landmarks is usable
for map sheets connection.

Table 1: Evaluation of the landmark detection algorithm with different sizes and
numbers of the training patches extracted from one map sheet

Threshold 5 Threshold 2
Patch Size (w × h) P R F1 P R F1

10
pa

tc
he

s 320 × 240 37.6 34.7 36.1 22.2 19.8 20.9
640 × 480 65.0 56.8 60.6 31.5 27.9 29.6
960 × 720 85.5 76.2 80.6 62.2 49.7 55.2
1280 × 960 86.5 81.3 83.8 66.0 57.0 61.2

25
pa

tc
he

s 320 × 240 53.9 37.9 44.5 33.3 21.0 25.8
640 × 480 74.6 36.4 48.9 54.5 25.1 34.4
960 × 720 84.5 80.6 82.5 61.7 53.4 57.2
1280 × 960 82.2 31.7 45.7 63.9 21.1 31.7

50
pa

tc
he

s 320 × 240 79.3 76.2 77.7 54.8 48.7 51.6
640 × 480 85.2 84.7 84.9 62.7 58.3 60.4
960 × 720 86.0 71.7 78.2 65.2 50.6 57.0
1280 × 960 84.5 85.3 84.9 61.2 57.6 59.4

75
pa

tc
he

s 320 × 240 74.2 90.5 81.5 56.0 64.9 60.1
640 × 480 78.9 84.7 81.7 58.6 59.7 59.2
960 × 720 88.3 82.0 85.1 67.3 58.2 62.4
1280 × 960 88.4 38.7 53.9 71.7 28.0 40.3

10
0
pa

tc
he

s 320 × 240 78.7 89.2 83.6 59.0 59.3 59.1
640 × 480 76.5 37.7 50.5 53.9 24.6 33.7
960 × 720 86.5 80.0 83.2 59.6 50.9 54.9
1280 × 960 87.1 81.6 84.2 65.2 56.1 60.3

5.4 Border Line and Break Points Detection

In this section, we experiment with neural network configurations in the same
way as for the landmark detection. We do not evaluate the predicted border line.
Instead of that, the evaluation is performed for the detected break points using the
same criteria as in the case of landmarks. Also the settings and hyper-parameters
of the network are the same.

The results are summarized in Table 2. We report the scores for two values
of distance threshold, namely T = 5 and T = 2. We can observe that the scores
are significantly lower compared to the landmark detection. However, the recall
exceeding 60 % is still sufficient for finding enough points usable for the map
sheet connection. It is also important to note that the break point detector is
applied only on map sheets containing insufficient amount of landmarks which
happens only in a minority of cases.

5.5 Edge-line Detection

To validate the results of the proposed solution, we have compared our detected
edge-lines against the ground-truth data.
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Table 2: Evaluation of the break point detection algorithm with different sizes
and numbers of training patches

Threshold 5 Threshold 2
Patch Size (w × h) P R F1 P R F1

10
pa

tc
he

s 320 × 240 13.6 33.6 19.3 4.0 9.4 5.6
640 × 480 10.8 34.7 16.5 3.1 7.2 4.4
960 × 720 14.9 38.3 21.5 3.6 9.2 5.2
1280 × 960 25.1 58.7 35.2 7.1 18.1 10.2

25
pa

tc
he

s 320 × 240 6.4 42.0 11.1 0.9 6.2 1.6
640 × 480 19.6 50.8 28.3 6.6 16.5 9.4
960 × 720 20.7 46.6 28.7 7.3 14.5 9.7
1280 × 960 34.0 45.9 39.1 7.6 17.0 10.5

50
pa

tc
he

s 320 × 240 14.2 54.6 22.6 4.7 16.9 7.4
640 × 480 26.0 63.7 36.9 7.5 18.3 10.7
960 × 720 28.3 52.8 36.8 9.5 17.5 12.3
1280 × 960 32.3 50.2 39.3 8.6 19.3 12.0

75
pa

tc
he

s 320 × 240 15.9 50.6 24.1 6.4 20.5 9.8
640 × 480 20.3 49.2 28.8 6.4 15.8 9.2
960 × 720 35.1 46.5 40.0 9.7 17.6 12.5
1280 × 960 37.5 52.6 43.8 6.3 12.8 8.5

10
0
pa

tc
he

s 320 × 240 14.5 57.1 23.2 5.1 17.1 7.9
640 × 480 30.7 53.9 39.2 4.1 9.0 5.7
960 × 720 32.6 58.5 41.9 12.9 24.9 17.0
1280 × 960 33.9 65.5 44.7 8.9 18.4 12.0

To overcome problems with the detected edge-lines that may contain noise, we
have vectorized the edge-lines in both datasets. The lines are represented as sets
of equally distant points. Therefore, instead of pixel-based comparisons, we use
vector-based calculations that are more robust. The downside is that the points
from ground-truth and the results may not be aligned. For comparison, we have
used the solution with a threshold defined in Section 5.2. We have tested three
different threshold values T selected to be near the median distance between
points in the ground-truth dataset (median distance is 27.3 px). We present the
results of the edge-line detection in Table 3.

Table 3: Evaluation of edge-line detection algorithm

Threshold P R F1

20 73.6 75.4 74.5
30 80.1 81.5 81.2
40 81.5 86.4 83.9

This table shows clearly, that the best results are obtained for the threshold
value of 40. This configuration gives very high F1 score (F1 = 83.9%). This quality
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of detection is sufficient for our needs. We do not require detected edge-line to be
pixel accurate. Our goal is to have a correct orientation against the border line.

5.6 Final Results

In this final experiment, we used the above described methods on the whole task
of the seamless map sheet connection and visualize the results.

Fig. 10: Example of connected maps (left) with the detail of the connection in
the complicated areas (right)

Figure 10 shows one example of the resulting connection of two neighboring
map sheets. The corresponding detected break points on these sheets are marked
by the different blue cross symbols. Based on the manual analysis of the small
sample containing 100 of resulting images, we can claim that the proposed
approaches are sufficient to be integrated into the final system.

6 Conclusions and Future Work

We have presented a set of methods for the detection of important features
in historical cadastral maps. The methods represent the fundamental part of
a system for seamless connection of the individual map sheets. We have focused on
finding important points lying on cadastre border usable for seamless connection
of neighboring map sheets. Another task is the detection of the cadastre border
which allows masking of the area outside the map. The presented methods are built
upon FCN networks in combination with traditional computer vision techniques.
Only the task of edge-line detection is solved using solely traditional computer
vision techniques. The reason is a relatively more complicated annotation of
ground-truths for this task and also the sufficient results obtained by the presented
solution.

The methods are evaluated on a newly created dataset containing ground-
truths for all four solved tasks. We have compared several configurations of the
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algorithms and searched for the best performing ones. We have further visually
demonstrated that the best implemented methods have sufficient accuracy to be
integrated into the final system.

We have utilised a standard FCN architecture and there is surely a room
for further improvements using different architectures. We can also concentrate
on strategies of networks training, e.g. balance between positive and negative
training samples etc.
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