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Abstract. The mass appearance of illegal and unregistered in the Unified
State Register of Real Estate (USRRE) real estate objects complicates cadastral
registration for many entities at the territorial and administrative levels.
Traditional methods of identifying objects of this type, based on manual analysis
of geospatial data, are labor-intensive and time-consuming.

To improve the efficiency of this process, it is proposed to automate the
detection of objects in aerial photographs by solving the instance segmentation
problem using the Mask R-CNN deep learning model. The article describes the
preparation of a dataset for this model, examines the main quality metrics,
and analyzes the results obtained. The efficiency of the Mask R-CNN model
in practice is shown for solving the problem of detecting construction projects
that are not registered in the USRRE. (Linked article texts in English and in
Russian).
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Introduction

Cottage settlements, dacha cooperatives and gardening associations
have a high density of development, which complicates the automatic
detection of illegally built real estate objects and objects not registered in
the Unified State Register of Real Estate on aerial photographs (USRRE).

For the implementation of aerial photography, the Roskadastr PPC
uses quadcopters. The resulting photographs are used to search for real
estate objects subject to mandatory registration. Such objects include:

« country houses intended for permanent residence,
+ objects standing on a foundation (baths, terraces, summer kitchens),
« buildings on plots for individual housing construction.

Manual search limits the efficiency and accuracy of this process. With
the development of deep learning models such as RetinaNet [1], SOLO
[2], YOLACT |[3], Mask R-CNN [4] and others, it becomes possible to
significantly reduce the time and improve the quality of image analysis
due to automatic detection of objects. The models listed above are
a powerful tool for implementing instance segmentation, which allows
not only to identify objects in an image, but also to accurately highlight
their boundaries. This is especially important for tasks related to the
analysis of dense buildings, where objects can be partially overlapped or
located in close proximity to each other. The use of instance segmentation
implemented by these models is best suited for analyzing geospatial data,
since the presence of masks and bounding boxes around the found object
instances allows not only to anticipate the presence of search objects,
but also to estimate their sizes. The latter can be useful when assessing
changes in the size of objects associated with their reconstruction.

This paper presents the results of a study of the applicability of the
Mask R-CNN (Mask Region-based Convolutional Neural Network) model
for detecting real estate in cottage settlements, summer cottage cooperative
and gardening associations. The peculiarity of the proposed approach is the
processing of aerial photographs in order to identify the bounding frames
of the detected objects, compared with certain geographic coordinates, and
the comparison of their presence or significant change in size with the
results of similar processing of aerial photographs for the previous period,
usually a year. This approach allows us to identify changes in development
and record buildings that may not have official registration in USRRE.
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1. Overview of works on object recognition in aerial photographs
using Mask R-CNN

Mask R-CNN is an extension of the Faster R-CNN model, designed
to solve the problems of object detection and image segmentation [5].
A distinctive feature of Mask R-CNN from Faster R-CNN is the creation
of accurate masks for each of the detected objects in the image. The
model consists of two main components — object detection and object
segmentation [4].

To extract features from the input image, Mask R-CNN uses the
ResNet architecture [6] or another convolutional neural network. These
features are then passed to a Region Proposal Network (RPN) [4, 6], which
generates Regions of Interest (Rol) — predicted object locations. All
obtained Rols are passed to the main classifier, which determines the class
of the object and specifies its boundaries.

Unlike Faster R-CNN, Mask R-CNN has an additional branch
responsible for creating segmentation masks. This branch uses a small
convolutional network to generate binary masks for all objects in the Rol.
The mask size corresponds to the size of the Rol.

The model is trained using a loss function that combines the losses
from classification, coordinate regression, and segmentation, which allows
the model to simultaneously optimize all three tasks [4].

Mask R-CNN copes well with occluded objects and complex backgrounds
due to its ability to generate accurate masks. However, its performance
may depend on the quality of the training dataset and the chosen model
architecture. Overall, Mask R-CNN is a strong tool for object detection
and segmentation tasks in images, providing high accuracy and flexibility
in application.

Currently, there are quite a lot of works on recognizing objects
of various types in photographs and aerial photographs using this model,
which indicates the effectiveness of its application for solving practical
problems.

The paper [4] presents the basic architecture of Mask R-CNN and
its application to various segmentation problems, including instance
segmentation of objects.
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In [7], the authors apply Mask R-CNN to detect buildings in high-
resolution satellite images. High segmentation accuracy and advantages
of using the Mask R-CNN model for solving such problems are demonstrated.

Detection of buildings in photographs from natural disaster zones using
the Mask R-CNN model and pre-processing of the dataset, in order to
improve the efficiency of its use, is given in [8]. The paper demonstrates
the advantages of this model over other models that implement object
detection in photographs.

The paper [9] solves the problem of localizing building polygons
in high-resolution satellite images. The efficiency of the Mask R-CNN
model for obtaining real building contour boundaries in photographs with
high object density is demonstrated.

A method for detecting and segmenting ships at the pixel level using
the Mask R-CNN model is proposed in [10]. The advantages of using this
model are noted and the efficiency of the proposed method is evaluated.

In [11], it is shown that extracting building contours from satellite
images is a complex task due to differences in scale, structure and types
of buildings. To solve this problem, it is proposed to use the Mask R-CNN
model. The efficiency of its use is demonstrated. The results of extracting
individual buildings from satellite images are proposed to be used for
applications that automate population assessment, implement urban
planning and others.

Detection of modern urban architecture using the Mask R-CNN model
trained on a dataset consisting of elements of modern architectural styles is
given in [12]. As a result of comparing the obtained results, the efficiency
of using Mask R-CNN is shown in comparison with other models.

The work [13] shows the difficulty of detecting buildings and various
types of structures on satellite images due to illumination, building density,
different types of terrain and other factors. To effectively solve this problem,
it is proposed to use the Mask R-CNN model and our own dataset with
improved image augmentation.

The use of the Mask R-CNN model for recognizing various objects
on satellite images and aerial photographs for the purpose of automating
mapping and maintaining local maps up to date is described in the work
[14].
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In [15], the Mask R-CNN model is proposed to be used to maintain
the accuracy of terrain maps for effective response to natural disasters and
catastrophes. It is proposed to update terrain maps based on aerial and
satellite images. The work obtained more than acceptable results for
photographs of different quality, resolutions and color channels.

In [16,17], a hybrid approach to extracting building contours from
low-resolution satellite images using the Mask R-CNN model is proposed.
This approach opens up prospects for the development of automated
tools for processing satellite images, and their effective use in land use
monitoring and disaster response.

2. Justification for the choice of the model

Based on the above review, the Mask R-CNN model can be reasonably
chosen for implementing instance segmentation of real estate objects
in aerial photographs, since it has the following advantages.

(1) Accuracy

o The Mask R-CNN model demonstrates higher accuracy in de-
tecting objects compared to other models [9,10].

« The two-stage approach of the Mask R-CNN model (region
proposal and segmentation [4-6]) allows for more accurate
localization and segmentation of objects while simultaneously
generating their masks.

(2) Versatility
» Mask R-CNN can be easily adapted to solve a variety of problems,
including object detection and contouring, instance segmentation
and semantic segmentation [4-6].
o The modular architecture of this model allows you to easily add
or remove components as needed.

(3) Robustness
« Mask R-CNN is more robust to noise and distortion in images
[15].
« The two-stage approach of this model helps reduce the number
of false positives and improves the overall robustness [4-6].
(4) Support for objects of different sizes

» Mask R-CNN can effectively segment objects of different sizes,
from small to large [4,8].
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« The region proposal mechanism [4] allows this model to detect
objects regardless of their type and size (e.g. COCO [5]).

(5) Less overfitting issues

« Mask R-CNN is less prone to overfitting [11].

» Using multiple loss functions and a two-stage approach helps
the model to generalize better [4-6, 18]

Mask R-CNN models also have some drawbacks that are not critical
when solving the problem of automating image processing, these are
relatively low speed of operation and complexity of implementation [19].

In addition to the models discussed above, the YOLO model [20],
which has become quite popular recently, can be used to solve the instance
segmentation problem. Despite the high speed of obtaining results, this
model has significant drawbacks — low quality of recognition of groups
of small objects due to the limited number of candidates for bounding boxes
(two) and the possibility of duplicating bounding boxes for the same object
[21]. A comparison of the results of real estate recognition with similar
results obtained using the latest version of the YOLO model is given in p. 6

3. Purpose of the work

As noted above, photographing the territories under study by the
«Roscadastr» PLC control center is carried out using quadcopters. The
quadcopter (at the time of writing, it is Phantom 4 RTK) implements
movement along a predetermined trajectory. The camera automatically
takes pictures upon reaching certain points along the route, forming either
its full image or images of route fragments (in most cases, with overlap).

The purpose of this work is to study the applicability of the Mask
R-CNN model for the implementation of automatic or automated processing
of the obtained images and the identification of illegally built or unregistered
real estate objects on them. To achieve the stated goal, the following tasks
were solved in the work:

(1) creation of our own dataset for training the model,

(2) analysis of the quality of the model,

(3) analysis of the results of using the model to detect illegal construction
sites or real estate objects not registered in the USRRE.


https://4vision.ru/products/phantom-4-rtk?ysclid=m2h711dfcu361189719
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TaBLE 1. Object types and their labels

Label name and

Object type (class) class segmentation color

Cottage or summer house building
Greenhouse (hothouse) greenhouse
Outbuilding

Vehicle

Swimming pool swimming

4. Dataset creation
4.1. Image annotation

The main task in generating a dataset used for training and testing the
model is labeling or annotating the original images, which is a polygonal
contouring of objects recognized in photographs. The accuracy of the
contouring determines the accuracy of object detection.

Currently, there is a large amount of software that implements image
annotation. To generate the dataset, open source software LabelMe was
selected.

The annotation process involves assigning a label to each recognizable
object of a particular type. When annotating aerial photographs, labels
were assigned to the following 5 types of objects, Table 1.

The main type of objects is a cottage or a summer house. Other types
of objects are used to prevent false recognition of the latter and for the
purpose of possible continuation of work in this direction.

The annotation results were saved in the JSON format supported by
LabelMe. When forming the dataset, 435 photographs obtained from
a quadcopter were annotated. An example of a photograph of a fragment
of a summer house cooperative and the polygonal contouring of 2 classes
of objects — summer house and greenhouse in LabelMe implemented during
the annotation process are shown in Figure 1, 2a and 2b, respectively.

The dataset formed for training and testing the model is a collection
of the above number of aerial photographs and the same number of JSON
files in the LabelMe software format, containing arrays of coordinates
of polygonal contouring points and names for objects of 5 types.

For training and testing the model, 80% and 20% of the elements
of this dataset were randomly selected, respectively. The distribution


https://github.com/wkentaro/labelme?tab=readme-ov-file
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FIGURE 1. Photograph of a fragment of a summer cottage
cooperative taken by a Phantom 4 RTK quadcopter

(a) A summer cottage and (b) Contouring of objects of
a greenhouse 2 types

FIGURE 2. Dataset element — image of objects and their
polygonal contouring on a fragment of an image

diagram of objects belonging to these classes on aerial photographs is

shown in Figure 3.
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Ficure 3. Distribution of classes in the dataset photographs

4.2. Dataset augmentation

To improve the generalization ability of the model, a pipeline of trans-
formations implemented in the PyTorch package was formed and applied to
the images from the training dataset. At the very beginning, based on the
IoU (Intersection over Union) metric, images were cropped while preserving
the ROI. Then, stochastic color transformations were applied, including
variations in brightness, contrast, saturation, and hue, as well as random
grayscale transformation (RandomGrayscale) and histogram equalization
(RandomEqualize).

Further increase in diversity consisted in reducing the number of color
levels and horizontal reflection of images using the methods RandomPosterize
and RandomHorizontalFlip respectively. In addition, scaling of images
to the maximum size while maintaining the aspect ratio, padding to
a square shape, and resizing to the required size using antialiasing were
implemented. The final step was to convert the data type to torch.float32
with scaling of pixel values and validation of bounding box coordinates
(SanitizeBoundingBoxes).

5. Model creation and exploration
5.1. Model creation

Mask R-CNN is characterized by a relatively high complexity of imple-
mentation. As a result, successful application of this model requires careful
tuning of the parameters and network architecture. A fairly fast and


https://pytorch.org/
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://pytorch.org/vision/main/generated/torchvision.transforms.RandomGrayscale.html
 https://pytorch.org/vision/master/generated/torchvision.transforms.RandomEqualize.html
 https://pytorch.org/vision/main/generated/torchvision.transforms.RandomPosterize.html
 https://pytorch.org/vision/stable/generated/torchvision.transforms.RandomHorizontalFlip.html
https://pytorch.org/vision/main/generated/torchvision.transforms.v2.SanitizeBoundingBoxes.html
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FI1GURE 4. The initial convolutional layer in ResNet-101 and
the first residual block [22]

accurate object detection model maskrenn resnet50 fpn  v2 from the
torchvision package was chosen in this work. To improve the efficiency
of feature extraction (backbone), the ResNet-101 architecture with Feature
Pyramid Network (FPN) [4] was chosen in this model. The general
principles of its formation and training are described quite well in [22] and
[23].

The model is pre-trained on the COCO dataset [5]. For this model, the
optimal number of epochs for additional training was experimentally found,
the optimizer Adam and the scheduler OneCycleLR (the mechanisms that
determine the decrease in weights during training and the speed of this
process) were selected, the number of output channels was changed, and
the partitioning for anchor boxes — pre-defined rectangular frames that are
used to propose potential Rols when detecting objects in an image was
configured. The code for generating and exploring the model was written
using the PyTorch machine learning library [24].

The initial convolutional layer of ResNet-101 was modified to efficiently
implement instance segmentation of objects of different scales. Several
parallel convolutional layers with kernels of different sizes were added before
the layer with a sufficiently large kernel size (7x7), Figure 4 and Figure 5.

This potentially allows the model to simultaneously take into account
both contextual features (kernel 5x5) and detailed characteristics of objects
(kernels 1x1 and 3x3). In addition, parallel convolutional layers allow
accelerating the convergence of the model.

Attempts to vary the residual blocks of this model did not lead to any
significant improvement in object detection.


https://pytorch.org/vision/main/_modules/torchvision/models/detection/mask_rcnn.html
https://pytorch.org/vision/main/index.html
https://pytorch.org/docs/stable/generated/torch.optim.Adam.html
https://pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.OneCycleLR.html
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FIGURE 6. Change in the mean value of the model loss function

5.2. Model exploration

To analyze the accuracy of the model during the experimental studies,
3 key metrics were calculated — Loss, mAP and CS.

Loss in Mask R-CNN allows you to evaluate how accurately the model
predicts classification, coordinate regression and object segmentation. The
closer the values of this metric to 0 (0%), the more accurate the model’s
result. The change in the average value of this metric for all 5 classes from
the training and testing (valid) datasets depending on the training epoch is
shown in Figure 6.

The mAP (mean Average Precision) metric is the average value of the
precision metric over all classes of objects. A similar metric mAP50-95 is
calculated for different thresholds of overlapping bounding boxes IoU
(Intersection over Union) — from 50% to 95%. Both metrics take into
account both precision (precision) and recall (recall) at different IoU
levels. The closer the values of each of these metrics are to 1 (100%), the
more accurate the model’s output is. The dependence of the mAP and
mAP50-95 metrics for all classes from the training and valid datasets
on the training epoch is shown in Figure 7.

The Confidence Score (CS) metric represents the probability that

an object belongs to a certain class. CS is a measure of the model’s
confidence that the predicted object is actually present in the bounding


https://torchmetrics.readthedocs.io
hhttps://torchmetrics.readthedocs.io
https://torchmetrics.readthedocs.io
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/precision.html#id3
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/recall.html#recall
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FicUure 8. Change in the average value of the CS metric
during object detection

15

box. This metric is one of the most important for models implementing
object detection. CS values range from 0 to 1 (100%); higher values
indicate greater model confidence in the correctness of its prediction.
The dependence of this metric for all classes from the training and valid
datasets on the training epoch is shown in Figure 8.
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TABLE 2. Accuracy metric values at the last epoch of model
training

Dataset Loss mAP mAP50-95 CS

train 0.741 0.851 0.475 0.999
valid 0.915 0.753 0.416 0.991

building

L]

building , ¥

building 0.999 -

(a) CS=0.998 (b) CS=0.999 () CS=0.999

FIGURE 9. Detecting real estate objects in images from the
test dataset

Table 2 shows the values of the accuracy metrics for the training and
test datasets at the last epoch of model training, see Figure 6-8.

Calculating accuracy metric values in Google Colab Pro in the T4
GPU runtime took about 80-100 minutes. From the graphs and table above,
it follows that the Mask R-CNN model trained on its own dataset has more
than acceptable accuracy in detecting real estate objects of interest to us
in aerial photographs. Several examples of detecting summer houses from
the datasets for training the model and for testing it are shown in Figure 9,
10, respectively.

When using this model, minor errors were detected in 3-5% of cases,
manifested in the form of incorrect identification objects or incorrect
segmentation of these boundaries. The occurrence of these errors is
associated with the density of the segmented objects, with an insufficiently
representative dataset, the presence of noise in the images and insufficient


https://colab.research.google.com/
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building.0:999

(a) CS=0,999 (b) CS=0,997 (¢) CS=0,999

FIGURE 10. Detection of real estate objects in images from
the test dataset

Count

swimming 0 1 1 0 78
2000

vehicle 2 2 2 275 1
1500

outbuilding 3 2 400 3 3

Predicted classes

1000

greenhouse 10 8 5
500
building| 17 17 11
0
building greenhouse outbuilding vehicle swimming

Actual classes
FIGURE 11. Model confusion matrix for the test dataset

sharpness of the image area. The matrix of errors in detecting real estate
objects in images from the test dataset is shown in Figure 11.

Example incorrect identification for several objects of the greenhouse,
outbuilding and wvehicle classes is shown in Figure 12. It is easy to see
that all objects of the building class, due to their large number in the
training dataset, are identified correctly, which is quite sufficient for the
above stated purpose of the work.
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FIGURE 12. Results of detection of objects of different types
in a photograph of a fragment of a summer cottage cooperative
(see Figure 1)

6. Comparison with the YOLO model results

The YOLO deep learning model is currently being intensively developed
and can be used to implement real estate detection in aerial photographs
along with Mask R-CNN. Studies similar to those above were also conducted
for the yolol1n-seg model from Ultralytics. Figure 13 shows the dependence
of the mAP and mAP50-95 accuracy metrics on the training epoch when
detecting real estate bounding boxes. This figure shows that these metrics
achieve values comparable to those obtained by the Mask R-CNN model
over a larger number of epochs.

Quite often, when analyzing the obtained results, cases were found
where the detected object was related to different classes. In Figure 14,
which displays the detection results similar to those shown in Figure 12,
several such cases are visible (for example, with objects of the building and
outbuilding classes). When studying the results obtained using Mask
R-~CNN, no similar cases were found. In addition, when analyzing a fairly
large number of detection results, a more accurate (up to 10%-15%, see


https://docs.ultralytics.com/models/yolo11/
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FIGURE 13. Change in the average value of the mAP and
mAP50-95 metrics of the YOLO model when detecting
bounding boxes

Figure 12,14) definition of object masks by the Mask R-CNN model was
noted compared to YOLO. Incorrect (inaccurate) definition of an object
mask can be critical for the «Roscadastrs> PLC information system.

Overall, the YOLO model from Ultralystics left a favorable impression
with its ease of use and the availability of ready-made functionality for
conducting experiments and analyzing the results obtained. In some cases,
depending on the specifics of the problem being solved and the dataset,
using YOLO models allows you to get a slightly better result compared to
Mask R-CNN [25].

7. Practical implementation of the results

The results obtained in the course of work to improve the efficiency
of detecting cottages and summer houses on aerial photographs using the
Mask R-CNN model were implemented in the beta version of one of the
subsystems of the of the «Roscadastr» PLC information system. The
main goal of this subsystem is to determine the presence of registration
of construction objects in the USRRE. This subsystem implements a process
that includes orthotransformation, creating a digital terrain model (DTM),
obtaining reference points and calculating the coordinates of real estate
objects [26].

A photograph taken from a quadcopter is divided into a number
of fragments (tiles), which are analyzed for the presence or absence
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greenhouse 0.865
greenhouse 0.824

FiGUuRE 14. Results of detecting objects of different types
using YOLO

of unregistered objects. The tile size in pixels is determined by the
scale of the image and the detection capabilities of the model. Dividing
a photograph into fragments is justified by its large size, which can be
several hundred thousand pixels and a size reaching 1T. An example
of detecting an unregistered summer house on one of the aerial photograph
fragments is shown in Figure 15.

Conclusion

This paper assessed the possibility of using the Mask R-CNN model
with a modified backbone for detection and segmentation of cottages and
summer houses on aerial photographs. To train the model, a custom
dataset was created, including images of objects and their annotations.
The studies showed that the Mask R-CNN model successfully copes with
the task of instance segmentation, demonstrating acceptable accuracy for
the Loss, mAP, mAP50-95 and CS metrics.

The developed beta version of the subsystem of the «Roscadastrs
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FIGURE 15. An example of detecting an unregistered summer
house on an aerial photograph fragment

PLC information system based on Mask R-CNN uses this model to
recognize objects in images obtained from a quadcopter, which significantly
reduces the time and resources spent on identifying illegal and unregistered
construction, and increases the efficiency of land use control.

Further research on the application of the Mask R-CNN model will
be aimed at increasing its accuracy by expanding and optimizing the
training dataset, as well as integrating this model into existing land use
monitoring and control systems. In addition, a promising direction is the
development of algorithms for automatic verification of the model’s results
based on comparison with the USRN data.
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Ucnonp3zoBanue moaean Mask R-CNN gy cermeHTaiium
00'bEKTOB HEIBMXKMMOCTHU Ha a3pP0odOTOCHUMKAX
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AnxHoTaumsa. MaccoBoe MosiBJIEHNE HE3AKOHHBIX U HE3aPETUCTPUPOBAHHBIX
B Equnom Tocynapersennom Peecrpe Heapmxumoctn (ET'PH) 06bexToB HEABIKIMO-
CTH OCJIOXKHSIET KaTaCTPOBBIN yUIET JJIsi MHOTUX CYOBEKTOB TEPPUTOPHUATHLHOTO
¥ aJIMAHUCTPATUBHOTO yPOBHs. 1T PaguInOHHbBIE METO/IbI BbISIBJIEHUSI OOBEKTOB
MOMOOHBIX TUIIOB, OCHOBAHHBIE HA PYYHOM AHAJIM3€ eONPOCTPAHCTBEHHBIX TaHHBIX,
TPYJOEMKH U TPEOYIOT 3HAYUTETHHOIO BPEMEHU.

a1 moBbleHnst 3(OHEKTUBHOCTH ITOIO IIPOIECCA [IPE/IaraeTcsl aBTOMATU3NPOBATD
obHapyKeHne 00bEKTOB Ha adPO(rOTOCHUMKAX IIYTEM PEIIeHUsT 33/ a9 WHCTAHC-
CerMeHTAIlNH C UCIOJIb30BaHueM Mojenn rirybokoro obydenns Mask R-CNN. B crarse
omnmcaHa IOATOTOBKA HabOpa JAHHBIX JJIsl 9TONH MOJIEJIN, UCCIIeOBaHbI OCHOBHBIE
METPUKH KadeCcTBa U IIPOAHAJIM3UPOBAHBI IIOJIyYeHHbIEe Pe3yabTaThl. Ilokazana
s dexrunocts Momesn Mask R-CNN npu obnapyzkeHnn 06beKTOB HEIBUZKAMOCTH,
He nmeronux perucrpanun B ETPH. (Ceasannvie mexcmor cmamovu va aneaudckom u
HA PYCCKOM A3LIKALT )

Kntouesble cnosa n dpasbi: KagacTposblii y4ér, ananns a3spodOTOCHUMKOB,
nHcTaHc-cermenTanusi, Mask R-CNN, PyTorch

Ona untnposanus: Bunokypos . B. Hcnoavsosanue modeau Mask R-CNN oasn
ceemenmayuy 06sexmos nedsustcumocmu va aspoomocrumrkaz // TIporpammubie
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Beepenne

KotrremkHuble mocejieHus, JadHble KOOIIEPATUBBI U CaJI0BbIE TOBAPUIIECTBA
00J1aTA10T BBICOKOH IIJIOTHOCTHIO 3aCTPONKH, OCTOKHSIOIIEH aBTOMATHIECKOE
obHapyrKeHne Ha adpOodOTOCHUMKAX HE3AKOHHO MOCTPOEHHLIX 0OHEKTOB
HEJIBIKUMOCTH U 00bEKTOB, He 3apeructpupoBanibix B ET'PH.

Jnsa peammsamun aspodorochbémiu B IITIK «PockamacTpy ucmonb3yrorcst
KBapoKonrepbl. Ha mosydenabx dororpadusix UILyTCss OObEKTHI HEIBU-
KUMOCTH, TOJIjIeYKaIue 00s3aTebHOM peructparun. K Takum obbekTam
OTHOCSITCS:

* JIAYHbBIE JIOMA, IIPe/IHA3HAYEHHbBIE JJIsi [IOCTOSIHHOTO ITPOXKUBAHMUSI,
 00bEKTHI, cTogAmue Ha pyHmamenTe (GaHu, Teppachl, JeTHUE KyXHH),

e CTPpOCHUA Ha yJaCTKaX MOJId HHAUBUAYAJbHOI'O KHUJIUIITHOI'O CTPOUTEJIb-
CTBa.

Pyunoit mouck orpanmaunBaer 3P@PEKTUBHOCTS U TOYHOCTH ITOT'O IPOIIECCA.
C passutmeMm Mojiesedi riry6okoro obyuenus, Takux kKak RetinaNet [1], SOLO
[2], YOLACT |[3], Mask R-CNN [4] u apyrux, NOsAB/ISETCS BO3MOXKHOCTD
3HAYUTEHLHO COKPATUTH BPEMsl U TIOBBICUTH KAYECTBO aHAJIN3a N300parKeHnit
3a CIET ABTOMATHYIECKOTO JETEKTUPOBAHUS 00beKTOB. IlepednciienHbie BhIIe
MOJIEJIN TIO3BOJISIOT He TOJIBKO MIEHTU(MHUIMPOBATH 00bEKTHI HA N300DaKEeHNMH,
HO ¥ TOYHO BBIIEJIATH UX TpaHuiibl. [locseanee 0COGEHHO BaXKHO JIJIsI AHATIH3a
IUIOTHBIX 3aCTPOEK, IJIe 0OBEKTHI MOI'YT OBITH YACTUYHO MEPEKPHITH UIN
HaXOJINTCs B OJIM3BKOM COCEJICTBE JPYT ¢ ApyroM. Vcnosib3oBanue nHCTaHC-
CerMeHTAINH, Pean3yeMOoil STUMU MOJIEJISIMU, HAMJIYJIITM 00Pa30M ITOXO/IUT
JIJIsI aHAJIM3a T€OIPOCTPAHCTBEHHBIX JIAHHBIX, [IOCKOJIBKY HAJMYHE MaCOK
U OrPAHUYHMBAIONINX PAMOK BOKDYT HAJIEHHBIX 9K3EMILISPOB 0OBEKTOB
MIO3BOJISIET HE TOJHKO OOHAPYKUTH OOBEKTHI, HO U OIEHUTH UX Pa3Mepbl. DTO
[IOMOTA€eT 3aMEeTHTh U3MEHEHUsI PA3MEPOB B Pe3yJIbTaTe MepecTPONKN 00beKTa.

B pabote mipuBe/ieHbI pe3yJIbTATHI UCCJIEOBAHUS TPUMEHUMOCTH MOJIEJIN
Mask R-CNN (Mask Region-based Convolutional Neural Network) mis
obHapyKeHUsi 00BEKTOB HEJIBUKUMOCTH B KOTTEXKHBIX TTOCEJIEHUAX, JTATHBIX
KOOIEpaTUBAxX M CaJIOBLIX ToBapuIecTBax. OCOOEHHOCTHIO MTPEJJIATAEMOrO
TOIXO/IA SIBJIETCs 00paboTKa a9poOTOCHIMKA, C TIEIBIO BBISBJICHIE OIPAHUIN-
BAIOIIUX PAMOK OOHAPYKEHHBIX 0ObEKTOB, COMIOCTABIEHHBIX C OIPEIeTEHHBIMA
reorpadUUeCKIMI KOODJIUHATAMY, ¥ CPABHEHNE MX HAJIUYUS WA SHATUMOTO
U3MeHeHUsI Pa3MepOB C Pe3y/bTaTaMi aHAJOIMIHON 06paboTKu aspodoTo-
CHUMKOB 3a IIPOILIBIH MepruoJl, KAk MPABUIO TOJI. TAaKON MOJIX0 MO3BOJISIET
BBISIBJISITH W3MEHEHUsI B 3aCTPONKE U MOCTPOWKY, HE UMEIOIne ODUINaIbHON
perucrpanuu.


https://geomergroup.ru/article/postanovka-na-kadastrovyj-uchet-sadovogo-doma/

26 U.B. BUHOKYPOB RUmEEN:

1. O630p paboTt no pacno3HaBaHUIO 00bLEKTOB Ha a3pochoTOCHMMKAX
c ncnonb3osaHnem Mask R-CNN

Mask R-CNN sasnsiercs pacmmpennem mojesun Faster R-CNN| mpeaa-
3HAYEHHON JIJIsi PEIEHUs 38949 JeTEeKTHPOBAHUS OObEKTOB W CETMEHTAITNN
n3o6pakenuii [5]. Oramanrensroit ocobennocthio Mask R-CNN or Faster
R-CNN gBisteTcst CO3JaHUU TOYHBIX MACOK JIs KaXKJIOTO U3 OOHAPYKEHHBIX
Ha u300parkeHnn 00HEKTOB. MOIeIb COCTONT U3 JBYX OCHOBHBIX KOMIIOHEHTOB —
obHapy KeHne 00beKTOB U UX cerMeHTanus [4].

Jljist m3BJIeUeHNs [IPU3HAKOB U3 BXOHOro n3obpazkenust Mask R-CNN
ucnosb3yer apxutekTypy ResNet [6] mim npyryio cBéprounyio HEHPOHHYTO
CeThb. JTHU IPU3HAKK 3aTeM IEPEe/aloTCs B ceTh mpeanosioxkenus peruona (RPN,
Region Proposal Network) [4, 6], koropas renepupyer o6jactu uarepeca
(Rol, Region of Interest) — mpemmosaraeMble MECTOIIOJIOKEHHST OOBEKTOB.
Bce monyuennnie Rol nepemarorcsa B ocHOBHO KiiaccuduKaTop, KOTOPbI
OIIPE/IEIAET KJIacC 00bEKTa U YTOUHSIET €r0 IPAHUIIBI.

B ormymmune or Faster R-CNN, B mogenu Mask R-CNN peasimzosana
emnié OJlHA BETBb, OTBEYAIONIAs 38 CO3/[AHNE MACOK CEIMEHTAIINU. DTa BETBb
HCIIOIb3yeT HEOOJIBINYI0 CBEPTOYHYIO CETh C IEJIbI0 NeHEePAITUU OMHAPHBIX
Macok i1 Bcex 00bekToB B Rol. Pazmep macku coorsercTByer pasmepy Rol.

st obyueHust MOJIEJIA UCIIOJIb3yeTcst (DYHKIMS TIOTEPh, KOTOpas 00be -
HSIET TOTEPU OT KJIACCUMDUKAINI, PErPECCUU KOOPIWHAT U CETMEHTAINH, ITO
[03BOJISIET MOJIEIN OJJHOBPEMEHHO ONTHMU3UPOBATH BCe TPU 3aJa4n [4].

Mask R-CNN XopoIiio crpaBJisieTcsi ¢ epPeKpbIBAIOIIUMUCS OO'beKTaMu U
CJIOYKHBIMU (poHAMH OJ1aro1apsi CIOCOOHOCTH TeHEPUPOBATH TOUHBIE MACKH.
OjtHaKO €6 MPOM3BOIUTEIBHOCTh MOXKET 3aBHCETH OT KAa4eCcTBa 00ydaronero
Habopa JIAHHBIX W BBIOpAHHON apxuTeKTyphbl Mojean. B memom, Mask R-CNN
SABJIAETCS] CUJIBHBIM MHCTPYMEHTOM JIJIS 33129 JIETEKIINA U CerMEHTAIINN
00BEKTOB B M300parKEHUAX, 00ECIeUNBast BBICOKYIO TOYHOCTb U THOKOCTH
B [IPUMEHEHUHN.

B macrosiiiiee Bpemsi cyIecTByeT J0CTATOYHO OOJIBIIOE KOJUYIECTBO
paboT 10 PACIIO3HABAHUIO OOBEKTOB PA3JIMYHBIX THIOB Ha dororpadusax u
a3podOTOCHUMKAX C HMCIIOJIH30BAHUEM 3TOH MOJIEHN, 9TO CBHUIETEJIbCTBYET 00
3 DHEKTUBHOCTY €€ TPUMEHEHNUsI 1151 PEIIeHNs TPAKTUIECKIX 3a/1ad.

B pab6ore [4] npezncrasiena ocHouas apxurekrypa Mask R-CNN u
€€ MpUMeHEHNE K PAa3JIUIHBbIM 3a/1a9aM CETMEHTAINN, BKJIIOUasT HHCTAHC-
CEerMeHTAIuI0 00LEKTOB.

B [7] aBropsl npumensitor Mask R-CNN muist o6Hapy KeHUsT 31aHIH
Ha CIIyTHHKOBBIX CHIMKaX BBICOKOTO pa3perenus. [lokaspiBaercs BbICOKas
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TOYHOCTh CErMEHTAIINH ¥ TpenMyIecTBa ucnosb3oBanns moiean Mask R-CNN
JUUISL PeleHnst TOMO0HBIX 3a1ad.

Obnapy:kenne 3nanuit Ha dororpadusdx u3 30H CTUXUNHBIX OeICTBUi
¢ ucnosibzoBanuem mozesn Mask R-CNN u npeasapuresnsHoit 06paboTku Habopa
JIAHHBIX, C eJIbIO0 TOBBIeHNS 3(hGEKTUBHOCTU €r0 UCIO/Ib30BaHUSI, TPUBEIEHO
B [8]. B pafore mokasaHbl MIPEUMYIIECTBA STONH MOJEJU Tepe, IPYTUMA
MOJIETISIME, PEaTN3yIONINMHI JeTeKTUPOBAHIE 00HEKTOB Ha (HoTOrpadusix.

B pa6ore [9] pemaercs 3a1a4a JOKAIN3AIUE TOJATOHOB 3IAHAN Ha CITyT-
HUKOBBIX CHUMKAX BBICOKOTO paspernenns. [lokasbiBaeTcs 3pHeKTUBHOCTD
npumenenus Mogean Mask R-CNN st mostyuenunst peasibHBIX IPaHUI] KOHTYPOB
3mannit Ha oTorpadusix ¢ BhICOKOH IJIOTHOCTHIO 0OHEKTOB.

Meron obHapy:KeHus U cerMeHTanuu KopabJieil Ha ypoBHe IIHKCeJIeit
¢ ucnosszosannem mMozgenun Mask R-CNN npegraraercs B [10]. Ormeuaercs
IPENMYIIECTBA UCIOIb30BAHUSI STONH MOJIENN U OIeHNBAEeTCs I(DDEKTUBHOCTD
IIpeJIJIaraeMoro MeTOoJa.

B [11]| nokasbiBaercst, 9TO U3BJIC€UEHUE KOHTYPOB 3JIAHUI U3 CILYy THUKOBBIX
CHUMKOB SIBJISI€TCST CJIOXKHOI 3a/1adeil n3-3a pa3ininil B Macirabax, CTpyKTypax
U TUIOB 37aHuil. st perrenust 9Toi 33241 1IpeIjIaraeTcs UCIO0JIb30BaTh
momens Mask R-CNN. ITokasbiaercst 3¢pheKTUBHOCTD €€ NCIIOTHL30BAHNUS.
Pesynprarsl m3Baedenne oTOEBHBIX 3JAHUNA W3 CIIyTHHKOBBIX CHHUMKOB
IpejlaraeTcs UCIOJIb30BaTh JJIsl IIPUJIOKEHU, aBTOMATU3UPYIOIIUX OLEHKY
HaceJIeHUd, peaJIu3yIoMUX I'OpOJICKoe IIJIAaHUPOBaHUE U JIDYTHUX.

JlerekTHpOBaHUE COBPEMEHHOI TOPOJICKOIT apXUTEKTYPhI C UCIIOJIb30BAHUEM
mogesin Mask R-CNN, o6y4ennoit Ha HaboOpe JAHHBIX, COCTOSIIIAM U3 3JIEMEHTOB
COBPEMEHHBIX APXUTEKTYPHBIX CTUJIEH, npuseieno B [12]. B pesysbrare
CpaBHEHUs TIOJIy YeHHBIX PE3y/IbTaTOB IMOKa3aHa 3(PMEeKTUBHOCTD UCIOIb30BaAHUSI
Mask R-CNN 110 cpaBHEHUIO C JPYyTUMHU MOIEJISIMHE.

B pa6ore [13]| nokasbBaeTCsl CJA0KHOCTH OOHADYKEHUS 3IAHUH U PA3IHI-
HOT'O THUIIA IIOCTPOEK HA CIIYyTHHKOBLIX CHUMKAX M3-33 OCBEIIEHHOCTH, INIOTHOCTH
3aCTPOEK, PA3INIHBIX TUIIOB PebedOB MECTHOCTU U APYTUX (PaKTOPOB.
st apdpekTBHOrO perreHust 3Toi 3a/1a4Un MPeJJIaraeTcsl UCI0Ib30BATh
mogiesib Mask R-CNN u cobcTBeHHBIH HAOOP JAHHBIX C YCOBEPIIEHCTBOBAHHOMN
ayrMeHTaIne n300pakeHunit.

IIpumenenue moguesn Mask R-CNN j1s1 pacriosHaBaHusi pa3jimdHbIX
00BEKTOB Ha CIIyTHHKOBBIX CHUMKAX U a3PO(OTOCHUMKAX C IIEIHI0 ABTOMATH3a~
1y KapTorpadupoBaHus U MOMJIEPKAHNS KAPT MECTHOCTEH B aKTyaJbHOM
COCTOSIHMY ONHUCAHO B pabore [14].

B [15] momesns Mask R-CNN npejaraercsi HCIoab30BaTh JJIsl OJJIED-
JKaHUs TOYHOCTH KapPT MECTHOCTEN ¢ 1eJ1b0 3(pHEKTUBHOIO pearupoBaHUs
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HA CTUXUHHBIX OeJICTBUS U KATaCTPOMBI. AKTyaJm3npoBaTh KAPTHl MECTHOCTEH
TIpe/TaraeTcsa Ha OCHOBE a3pOOTOCHIMKOB W CIIyTHUKOBBIX CHIMKOB. B pabore
OJIy YeHbI H0Jiee YeM IPUEMJIEMbIE PE3YJIbTATHI i (hoTorpaduil ¢ pa3ImIHbIM
KaYeCTBOM, Pa3pEIIeHNsIMA U I[BETOBBIMUA KAHAJIAMU.

B [16,17] npegaraercst THOPUAHBIN MOAXOM K U3BJIEYEHUIO KOHTYDOB
3JIQHUI W3 CI[yTHUKOBBIX CHUMKOB HU3KOI'O PA3PEIIeHUs] ¢ MCIIOJIb30BAHUEM
mogesin Mask R-CNN. Taxkoit mojixo/1 OTKpBIBAET MEPCIEKTUBEI JIJIsT pa3paboTKu
ABTOMATHU3UPOBAHHBIX HHCTPYMEHTOB 0OPAOOTKY CIIyTHUKOBBIX CHUMKOB, U MX
3 PEKTUBHOMY UCITOJIB30BAHUIO [IPU MOHUTOPUHI'E 3€MJIEIIOJIb30BAHMS 1
pearupoBaHus Ha CTUXUITHBIE OEJICTBUS.

2. ObocHoBaHue BbIOOpa mogenu

Jljist peasM3aIiuy HHCTAHC-CEIMEHTAINE 0O'bEKTOB HEJIBUKUMOCTU Ha a9PO-
GbOTOCHIMKAX, UCXOs U3 MPOBEJIEHHOTO BbIMTe 0030pa, MOXKeT OBITH 000CHOBAH-
Ho BbIOpana Mozesb Mask R-CNN| mockosibKy oHa 06JIagaeT Cre Iy ionmMu
MIPENMYIIECTBAMU.

(1) TounocTn

* Mozess Mask R-CNN gemoncTpupyer 60j1€e BBICOKYIO TOYHOCTH
JETeKTUPOBAHUS OOBEKTOB [0 CPABHEHHIO C JPYTUMU MOJIEISIMU
[9,10].

+ IIByxoranustii nojgxox mozgenn Mask R-CNN (upejyioxenue perunosa
u cermeHTanys [4-6]) nosBossier 6osee TOYHO JIOKAIM30BATH U
CErMEHTUPOBATH OOBEKTHI ¢ OJHOBPEMEHHBIM (DOPMUPOBAHUEM UX
MaCOK.

(2) YauBepcaabHOCTD

* Mask R-CNN MOxKHO JIErKO aJalTHPOBATD JJisl PEIIeHUsT PA3IHIHBIX
3aj1a4, BKJIOYasi OOHAPYKEHNE U KOHTYPHU3AIMIO OO0bEKTOB, UX
MHTCAHC- U CEMAHTUYECKYIO CerMeHTaruo [4-6].

« MomynpHas apXuTeKkTypa 3TOH MOJEJU II03BOJISET JIETKO 00aBIIATh
WIN YIAJIATH €€ KOMIIOHEHTDI 110 Mepe HeOOXOIMMOCTH.

(3) Hagexxnoctb

» Mask R-CNN 6oJiee ycroiiamBa K IIyMaM W HCKayKEeHUSIM B H300pake-
uugax [15].

o JIByX9TAIHDII OAXO0/] 9TON MOJIEN OMOTAeT YMEHBIIUTD KOJTUIECTBO
JIOXKHBIX CPabATHIBAHUI U yJIyIIIUTh OOILYI0 HAJIEXKHOCTH [4-6].

(4) TomnepkKka 0OHEKTOB pa3HLIX Pa3MepOB

« Mask R-CNN moxer 3¢heKTHBHO cerMeHTHpoBaTh 00bEKTHI PA3HBIX
pasMepoB, OT MAJIEHbKUX J10 Gosbrnx [4, 8].
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o MexanusMm npejjiozkeHust peruona [4] nossosiger 3ol Mojgesnn obHa-
PYKUBATh 00bEKTHI HE3ABUCUMO OT UX THUIIA M pa3Mepa (Halpumep,

COCO [5]).
(5) Memnbire mpobisiem ¢ epeodydeHmeM.

» Mask R-CNN wmenee ckionna K nepeobydenuio [11].

« Ucnonb3oBanue HECKOILKUX (DYHKIMIT OTEPD W IBYX3TAITHBIA OIXO
[IOMOTAIOT MOZE/IH JIydiiie 0600IaTh pe3yabrarsl [4-6, 18]

Mogenu Mask R-CNN mpucymu 1 HEKOTOPBIME HEJOCTATKAMU, KOTOPhIE HE
ABJISIOTCA KPUTUYBIMU [IPU PEIIEHUN 3a0a49l aBTOMATU3AIINN 00pabOTKMI
M300parKeHuii, — 3T0 OTHOCUTEIHLHO HEBBICOKAS CKOPOCTH PAbOTHI U CJIOXKHOCTH
peammzanuu [19].

IToMuMO pacCMOTPEHHBIX BBINIE MOJEEH, I PEIeHUs 3380 HHCTAHC-
CErMEHTAITNE MOKeT ObITH UCIIO/IH30BAHA U JJOCTATOTHO MOMY/ISPHA B TOCIETHEE
Bpems mMozess YOLO [20]. HecmoTpst Ha BBICOKYIO CKOPOCTD TIOJIYI€HUS pe-
3yJBTATOB, 9TA MOJIE/Ib 00JIAAET CYIECTBEHHBIMI HEJIOCTATKAMEI — HEBBICOKIM
KavIeCTBOM PAaCIO3HABAHUS IPYII HEOOIBIMHX 00bEKTOB U3-332 OTPAHIMIEHHOTO
qpcia KAaHAMAATOB JJIsi O'PAHUYUBAIONIIX PAMOK (J[B€) U BOZMOXKHOCTHIO
JyOMMPOBAHNS OTPAHUIUBAIONINX PAMOK [T OHOTO U TOTO YKe 00beKTa
[21]. CpaBuenue pesysbraToB pacrno3HaBaHus 00bEKTOB HEJBUXKUMOCTH,
C AHAJIOTUIHBIMU PE3yIbTATAMHE, TTOJYIEeHHBIX C UCIOJIb30BAHNEM MTOCTIeTHEH
Bepcun mozeaun Y OLO, npuseneno B 1. 6

3. MNocraHoBka 3agaun

Kak yxe 61710 oT™Medeno Boime, pororpaduposanue nccaeayemorx [TTTK
«PockaicTp» TeppUTOpHIl OCYIIECTBIISIETCST ¢ UCTIOJIB30BAHNEM KBaJIPOKOIITEPOB.
Ksagpokonrep (Ha Moment nanmcanust crarbu — 310 Phantom 4 RTK) peasu-
3yeT JBUKEHUE [0 3apaHee 3aJaHHON TpaekTopun. Kamepa aBromMaTniecku
JIeJTaeT CHUMKH TIPU JIOCTUZKEHUH OTPEJIEJIEHHBIX TOUEeK MapiipyTa, GopMUpys
Jinbo ero mosiHoe n300pakeHue, Judo n300pakeHus hpParMeHTOB MapIIPyTa
(B GOJIBIIUHCTBE CJIyYaB C IEPEKPHITHEM ).

Henbio gannoi paboOThI SIBISETCS UCCJIEI0OBAHNE TPUMEHUMOCTH MOJIEJTH
Mask R-CNN 151 peanusainun aBTOMATHIECKON MM aBTOMATH3UPOBAHHOMN
00pabOTKY TIOJIyYeHHBIX CHUMKOB ¥ BBISIBJIEHHsI HA HUX HE3AKOHHO MOCTPOCHHBIX
WJIM HE3aPErUCTPUPOBAHHBIX OObEKTOB HEJIBUKUMOCTHU. JJIst JocTUXKEHUSsT
[IOCTABJIEHHOM 1eJii B paboTe PElaiuch CJICIYIONIX 3a1ad:

(1) dbopmupoBaHUe cOOCTBEHHOTO HAOOPa JAHHBIX il O0YYeHUsT MOJIEIH,
(2) anasm3a KavecTBa pabOTHI MOIEIIH,

(3) aHATIN3 PE3yIHTATOB MPUMEHEHUsT MOJIEIIN JIjist OOHAPYXKEHUsT 00bEK-
TOB HE3aKOHHOI'O CTPOUTEJILCTBA WM OOBEKTOB HEJIBUXKUMOCTH, HE
zapeructpupoBannubix B EI'PH.


https://4vision.ru/products/phantom-4-rtk?ysclid=m2h711dfcu361189719
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4. ®opmuposaHmne Habopa gaHHbIX
4.1. AHHOTMpOBaHue n3obpa>keHunii

OcHuosHnoit 3aja4eit mpu GOpMUPOBAHIT HAOOPA JAHHBIX, UCIOJIB3YEMOTIO
Jj1st OOy YeHUsI U TeCTUPOBAHUS MOJIEJIH, SIBJISIETCSI OTMETKA, WU aHHOTUPO-
BaHME UCXO/IHBIX M300PaKeHN, TIPEJICTABIISIONIee COOOM OJIUTOHATHHY IO
KOHTYPHU3AIINIO PACIO3HABAEMBIX Ha (poTorpadusax o6beKTOB. TOTHOCTH
KOHTYPH3aIHU OIpeeisieT TOYHOCTh OOHAPYKEHUsI OO bEKTOB.

B nacrositee Bpemst cyrmectByeT 6osbinoe Komdectso 110, peamusyiomero
aHHOTHUpOBaHUe n3obpakenuit. s popmupoBannst Habopa JTaHHBIX OBLIO
BoeIOpano 10 ¢ oTKpbITEIM HCX0HBIM KogoM LabelMe.

IIporiecc aHHOTHPOBAHUSI TIPEAIIOIATAET TPUCBANBAHNE METKU KAXKIOMY
pacro3HaBaeMoOMy OOBLEKTY TOTO WJIM WHOro Tuma. [Ipm aHHOTHpOBAHUN
aspodororpaduii METKU MPUCBAUBAJINCH CJAEAYIONUM H-TH TUIAM O00BHEKTOB,
Tabuma 1.

Tab/myA 1. Tumbl 0ObEKTOB U UX METKU

Nma meTku u IoBeT cer-
MeHTalu KJiacca
KorremkubIil mamn gadHblii JOMUK building
Terunna (IapHUK) greenhouse
Xo3dicTBEHHAs ITOCTPONKA,
TpancnopTHOE CpPEICTBO
Bacceitn swimmaing

Tun (kJyacc) o6bekTa

OCHOBHBIM THUIIOM O0OLEKTOB ABJIAETCS KOTTEIXKHDBIA MM JAYHBIA JOMUK.
OcraJibHbIe THIIBI 00BEKTOB UCHOJIB3YIOTCS C TEJIBIO [TPEIOTBPAIIEHNUS JIOXKHOTO
pacrio3HaBaHus MOCTEIHUX U C MEJbI0 BO3MOYKHOTO MPOIOJIKEHHS PAOOTHI
B JITAHHOM HAITPABJICHUN.

Pesysnbrarel anHOTHpOBaHUs coxpaHsmch B ¢popmare JSON, nomuepruBa-
emoMm LabelMe. Ilpu dopmupoBannn HabOpa JAHHBIX OBIJIO OCYIECTBIIEHO
apHOTHpOBaHMUe 435 MOJIyIeHHBIX ¢ KBajpokonTepa dororpadmii. [Ipumep
dororpadun pparMenTa JATHOTO KOOTIEPATHBA U PEATU30BAHHAS B IIPOIIECCE
AHHOTHUPOBAHUS MIOJIUTOHAJIbHAS KOHTYPHU3AINAA 2-X KJIACCOB OOBEKTOB —
JagHOro jomMuka u remmibl B LabelMe npusenens: va pucyuke 1, 2a u 26
COOTBETCTBEHHO.

CdopMupoBaHHbBIiT JjIsT 00y9YeHUsI U TECTUPOBAHUS MOJIeJI HAOOp JIAHHBIX
IIPEJICTABIISAET COOOI COBOKYITHOCTD M3 YKA3aHHOI'O BBIIIE KOJIMYECTBA adpodo-
TOCHUMKOB 1 Takoro ke kojumdecrBa JSON-daitios B hopmare 10 LabelMe,
COJIEP2KAIIMX MaCCUBBI KOOPIUHAT TOYEK ITOJIUTOHAJBHON KOHTYPU3AIUU 1
VUMeHa NI OObEKTOB 5-TH THIIOB.

st 0OyueHMsT U TECTUPOBAHUS MOJEIN ObLIO CIIyJaliHbIM 00pasoM
BoIOpano 80% u 20% 3eMeHTOB 3TOro HabOPa JAHHBIX COOTBETCTBEHHO.


https://github.com/wkentaro/labelme?tab=readme-ov-file
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Pucynok 1. ®ororpadust pparmenTa Ja9HOIO KOOIIEPATUBA,
¢ kBagpokonTepa Phantom 4 RTK

(a) @parmenT nszobpaxkenusi (6) Konrypuzarus o0beKTOB
C JAYHBIM JIOMUKOM U TEILJIHI] 2-X THIIOB

PucyHOK 2. DiemenT Habopa JaHHBIX — n300parkeHne 00bLEKTOB
U UX [OJINTOHAJIbHAST KOHTYPU3AIHs

Juarpamma pacupe/iesieHnsi Ha a3podOTOCHIMKAX 00bEKTOB, TIPUHAJIEIKAIIIX

9TUM KJlaCCaM, IIpUBE/IeHa Ha PUCYHKe 3.
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12k 12470

Konuyectso
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outbuilding vehicle swimming

building greenhouse

Knaccebl

PucyHok 3. Pacnpenenenune kiaccos Ha ¢dororpadusix Habopa
JIAHHBIX

4.2. AyrmeHTauus Habopa AaHHbIX

11 moBbIIIeHnsT 0600IIAOIIE CIIOCOOHOCTH MOJIEIN C(HOPMUPOBAH
U IPUMEHEH K M300parkeHns M U3 00ydJaroIiero Habopa JaHHBIX KOHBelep
mpeobpa3oBanuii, peasn3oBandbix B nakere PyTorch. B camom magase
Ha ocHoe Merpuku IoU (Intersection over Union) ocymecTBisiioch o6pe3ka
n3obpazkenuit ¢ coxpanerrnem ROI. 3areM MpUMeHSIIUCH CTOXACTUIECKUE
Ipeobpa30BaHms 1IBETa, BKIIIOYAOIINE BAPUAIUU SPKOCTH, KOHTPACTHOCTH,
HACBIIIIEHHOCTU U I[BETOBOI'O TOHA, & TaKKe CIIydaiiHoe IpeoOpa3oBaHUe
B rpaganuu ceporo (RandomGrayscale) u BoipaBHUBaH‘E THCTOrPAMMBI
(RandomEqualize).

JasnbHeiilee yBeimdeHusi pa3Hoo0pasus 3aK/II0YaI0Ch B YMEHbIITEHUH
KOJIMYECTBA I[BETOBBIX YPOBHEH M MOPU30HTAIBHOIO OTpaykeHus n300pakeHuit
¢ ucnospzoBaaneM MetozioB RandomPosterize n RandomHorizontalFlip coorser-
ctBerHo. [ToMumo 3Toro 6p1T0 pean30BaHO MacHITAONPOBaHKE H300paKeHNH 10
MaKCHMAJIBHOTO Pa3Mepa € COXPAHEHHEM COOTHOIIEHUS CTOPOH, JIOTOJHEHUS 10
KBaJIDATHOU (DOPMBI, 1 U3MEHEHUHU pa3Mepa J0 TPeOyeMoro ¢ UCIOJIb30BaAHUEM
anTrasnacuara. Ha 3ak/II09uTeIbHOM dTalle OCYIIEeCTBIISIIOCH IIPeodpa3oBanue
Tumna gaHabix B torch.float32 ¢ macmrabupoBannem 3HaveHnit TUKCeaeil u
BaJIMJIAINS KOOPJMHAT OrpaHnInBaromux pamok (SanitizeBoundingBoxes).

5. ®@opmuposaHue n uccnenosaHme moaenu
5.1. ®opmupoBaHue mogenu

Mask R-CNN xapaxrepusyercsi OTHOCUTEIBHO BBICOKOM CJIOXKHOCTHIO
peasmzanuu. Kak ciencrsue, yCIelrHoe IpUMeHeHre 3TOH MO/JIeIH TpedyeT
TINATEIHFHON HACTPOWKHU ITApaMeTPOB M apXUTEKTYPhI ceTu. B pabore ObLia


https://pytorch.org/
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://pytorch.org/vision/main/generated/torchvision.transforms.RandomGrayscale.html
 https://pytorch.org/vision/master/generated/torchvision.transforms.RandomEqualize.html
 https://pytorch.org/vision/main/generated/torchvision.transforms.RandomPosterize.html
 https://pytorch.org/vision/stable/generated/torchvision.transforms.RandomHorizontalFlip.html
https://pytorch.org/vision/main/generated/torchvision.transforms.v2.SanitizeBoundingBoxes.html
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BBIOpaHa JOCTATOYHO OBICTPAsi M TOYHAS MOJEJIh OOHAPYXKEeHHsT 00HEKTOB
maskrenn resnet50 fpn  v2 u3 maxera torchvision. [Iisa noseimenus adbdex-
THBHOCTU U3BJedeHus npusnakos (backbone) B sroil Momenn Gblia BLIGpata
apxurektypa ResNet-101 ¢ Feature Pyramid Network (FPN) [4]. O6mmue
HIPHHIMIEL 6 HGOPMUPOBaHUsT U 0Dy UeHUs] JOCTATOYHO XOPOIIO OIUCAHBI B [22]
u [23].

Moyess nipejiBapuTesibHO 00yuena Ha Habope ganubix COCO [5]. s
9TOI MOJIe/I ObLIO YKCIIEPUMEHTAIBHO HAfJEHO ONTUMAJIbHOE KOJINIECTBO
300X J1000yYeHust, BeiOpanbl ontumuzarop Adam u memysnep OneCycleLR
(MeXaHU3MbI, OIPEIEIISIONIUe YMEHBIIEHIE BECOB BO BpeMs 00y UeHHs i CKOPOCTh
9TOrO IPOIECCa), U3MEHEHO KOJUIECTBO BBIXOJHDBIX KAHAJIOB U HACTPOEHO
pasbuenue JiJisi SIKOPHBIX OOKCOB — 3apaHee OMPEJIeJEHHBIX MPIMOYTOTbHBIX
PaMOK, KOTOPbIE UCHOJIb3YIOTCS JJIs IPEJJIOXKEHNsI IOTeHInaIbHbIX Rol mpu
obnapyxkennu 00beKTOB Ha n3obpaxernu. Kox ¢hopMupoBaHus 1 uCCie 0BaHNS
MOJIE/IN HAIUCAH C UCIOJIb30BAHUEM OMOJMOTEKHN MAIIMHHOIO O0YyJeHUs
PyTorch [24].

s adpdekTuBHOI pean3anny HHCTAHC-CEIrMEHTAIMN 00bEKTOB pas3-
JIMYHBIX MAacIITaboB, ITepBOHAYAIBHBIN cBEPTOUHBIN c10it ResNet-101 6b11
momubumposan. Ilepen cioeM ¢ 10CTATOIHO GOMBITIM pa3MepoM sapa (7x7)
ObLIH JT0OABJIEHBI HECKOJIBKO TAPAJIIEIBHBIX CBEPTOYHBIX CJIOEB, MMEIOIIX
s7Ipa PA3JIMIHBIX Pa3MepOB, PUCYHOK 4, 5.

activation= relu activation= relu

dilation_rate=1, 1 Conv2D

filters= 16
groups= 1
kernel_size=1, 1
padding= same

strides= 1, 1

dilation_rate= 1, 1
filters= 16
groups= 1
kemel_size= 3, 3
padding= same

strides= 1, 1

dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size= 1, 1

activation= relu
dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size= 7,7
padding= same

strides= 2, 2

MaxPooling2D padding= same

strides= 1, 1

padding= same
pool_size= 3, 3
strides= 2, 2

input_layer

Activation Activation

activation= relu activation= relu

Activation

activation= relu

PucyHok 4. Hauanpubiit cBéprounsiii cioit B ResNet-101 u
nepsblit residual-6yiok [22]

DTO HOTEHITNAIBHO MTO3BOJISIET MOJEIN OJHOBPEMEHHO yINTHIBATH KakK
KOHTEKCTYaJIbHbIE 0COOEHHOCTHU (AP0 HX5), TaK U JeTaJbHbIE XaPAKTEPUCTUKU
06bekToB (stapa 1x1 u 3x3). Ilomumo 3Toro, napaJuiesbHble CBEPTOYHBIE CJIOU
[IO3BOJIAIOT YCKOPHUTD CXOJIUMOCTD MOJIEJIU.

[TonbrTKM BapuaTuBHOTO N3MeHEHH residual-610KOB 9TOo MOTEN K KAKOMY-
Jinb0 3HAYMMOMY YJIydIIEHUIO T€TEKTUPOBAHUS OObEKTOB HE IIPUBEJIA.


https://pytorch.org/vision/main/_modules/torchvision/models/detection/mask_rcnn.html
https://pytorch.org/vision/main/index.html
https://pytorch.org/docs/stable/generated/torch.optim.Adam.html
https://pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.OneCycleLR.html

e

Conv2D

activation= relu

dilation_rate= 1, 1
filter:

groups= 1
kernel_size= 1, 1
padding= same
strides= 1, 1

Conv2D

Conv2D

activation= relu
dilation_rate= 1, 1 ClanD
filters= 16
groups= 1
kernel_size= 3, 3
padding= same
strides= 1, 1

activation= relu
dilation_rate= 1, 1
Conv2D filters= 16
groups= 1
activation= relu ize=
Conv2D N kernel_size= 1, 1
::(‘3"0"?:‘9: 1.1 padding= same
iters=
groups= 1
kernel_size=7,7 padding= same
s g | size=
padding= same pool_size=3, 3
strides= 2, 2 strides=2, 2

Activation

dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size= 1, 1
padding= same
strides= 1, 1

elu

activatior

Conv2D

MaxPooling2D strides= 1, 1
Activation

activation= relu
dilation_rate= 1, 1
filters= 64 dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size= 1, 1
padding= same
strides= 1, 1

Activation

activation= relu

Concatenate

groups= 1

kernel_size= 3, 3 _
. axi

padding= same

strides= 1, 1

activation= relu

Activation

activation= relu

Activation

90dRMOHUY " U

elu

activatiol

Conv2D

activation= relu
dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size=5, 5
padding= same
strides= 1, 1

Activation

Pucynok 5. Ilapanmenbubie cBéprounbie ciou B ResNet-101

=

Tin)
=
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5.2. UccnepgoBsanue mogenn

st anasim3a TOYHOCTH PabOTHI MOJIEH B IIPOIECCE IIPOBEEHUS IKCIIEPHU-
MEHTAaJIbHBIX UCCJIEJIOBAHNN OCYIIECTBIISJIOCH BBIYUC/IEHUE TPEX KIIIOUEBBIX
meTpuk — Loss, mAP u CS.

Loss 8 Mask R-CNN mo3BosisieT o1eHUTH, HACKOJIBKO TOYHO MOJIEJIh
[IPEICKA3bIBAET KIIACCH(MUKAIINIO, PETPECCUIO KOOPDIMHAT U CEIMEHTAIIIIO
06bexToB. Yem Gimke 3Havwenus sroit Mmerpuk x 0 (0%), Tem Gosee TOTHBIM
ABJIETC PE3YJIbTAT PAOOTHI MOJesH. V3MeHeHe CpeHero 3Ha9eHus TOM
METPHKH JJIsl BCEX 5-TH KJIACCOB U3 HAOGOPOB JIAHHBIX JIst 00yveHust (train)
n tectupoBanus (valid) B 3aBHCHMOCTH OT 310XU O0yUYEHHs! [IPUBEIEHO
Ha puCyHKe 6.

4.5
—&— train
4 —e— valid

3.5

25

Avg loss
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PucyHok 6. Uamenenune cpemnero 3uadenust GyHKIUNA TOTEPH
MOJIeJIU

Merpuka mAP (mean Average Precision) siBisiercst cpejiHuM 3HaYeHHEM
METPHUKH TOYHOCTH TI0 BCEM KJjaccaM 00beKToB. AHasornvnas mMerpuka mAP50-
95 PacCYUTHIBAETCS IPU PA3JIMIHBIX MOPOraX MEPEKPBITUST OIPAHTYUBAIONIIX
pamok IoU (Intersection over Union) — or 50% mo 95%. O6e merpuxn
YUUTBIBAIOT KAK TOYHOCTDH (precision), Tak u mosuory (recall) Ha pasinanbix
ypousgx IoU. Yem Gimke 3uadenus Kaxaoi u3 srux mMerpuk K 1 (100%), rem
6016 TOYHBIM SIBJISETCS PE3YAbTAT PAbOTHI MOJIETA. 3aBUCUMOCTH METPHK
mAP u mAP50-95 jyrs Bcex KitaccoB u3 HaGOPOB JAHHBIX 00ydeHns (train) u
recrupoBanus (valid) or smoxu o6ydeHus npuBejieHa Ha PUCYHKE 7.

Merpuka CS (Confidence Score) npesncrasisier coboil BepogTHOCTb TOTO,
9TO OOBEKT IPUHAJJIEXKUT K ONpejiesieHHOMy Kiaccy. CS siBiisieTcst Mepoit
YBEPEHHOCTH MOJIEJIA B TOM, UTO MPEJCKA3AHHBIN 0OHEKT JMefCTBUTEIHHO


https://torchmetrics.readthedocs.io
hhttps://torchmetrics.readthedocs.io
https://torchmetrics.readthedocs.io
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/precision.html#id3
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/recall.html#recall
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PucyHOK 7. V3menenue cpemnero sHadeHusi MeTpuk mAP u
mAP50-95 npu feTeKTUPOBAHUM OTPAHUYUBAIONINX PAMOK

[IPUCYTCTBYET B OTPAHUYUBAIONIEH pAMKe. DTa METPUKA OCODEHHO BaXKHA
JJIsI MOJIeJiel, peasin3yIomuX JeTeKTUpoBanue 06bekToB. 3Hadenus CS
Bapbupytorest ot 0 10 1 (100%); Gostee BBICOKME 3HAYEHUsI YKA3BIBAIOT
Ha OOJIBIIIYIO YBEPEHHOCTb MOJIEJIM B IIPABUJIBHOCTU CBOET'O IIPEJICKA3aHMUSI.
3aBUCHMOCTH TOM METPUKHM JIjIs BCEX KJIACCOB U3 HADOPOB JAHHBIX 00yYeHUs
(train) u Tecrupopanusi (valid) or smoxu ofydeHus OKA3aHO HA PUCYHKeE 8.

0.8
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Avg CS

0.4

0.2

—e— train

—o— valid
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PucvHok 8. 3menenwue cpensero 3Havenusi merpuku CS npu
JETEKTUPOBAHUY OOHEKTOB
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B Tabmune 2 npusejieHbl 3HAUEHUSI METPUK TOYHOCTH JIJIsI OOy TaroIe-
'O U TECTOBOI'o HaOOPOB JIAHHBIX HA IIOCJIETHEN 3110Xe 00yUeHHsI MO/JIe/IN,
CM. puUCyHKH 6-8.

TapanuA 2. 3HadeHus: METPUK TOYHOCTHU Ha, IIOCJEIHEN SI10Xe
0byJeHusT MOIe

Ha6op | Loss | mAP | mAP50-95 CS
train | 0.741 | 0.851 0.475 0.999
valid | 0.915 | 0.753 0.416 0.991

Berunciienne 3uavenniit merpuk rounoctu B Google Colab Pro B cpene
ornosinenus T4 GPU zarnumasio mpsiaka 80-100 munyT. VI3 npuBeieHHBIX
BbIIlle TPAMDUKOB U TAOJIUIBI CIIEAYeT, 9TO OOyJUeHHas Ha COOCTBEHHOM
nabope mogiestb Mask R-CNN ob6saiaer Gostee 1eM npuemsieMoil TOTHOCTHIO
BBISIBJIEHUSI MHTEPECYIONTNX HAC O0HEKTOB HEJBUKUMOCTH Ha a9PO(OTOCHUMKAX.
Heckoibko puMepoB JI€TEKTUPOBAHUSI JAYHBIX JIOMUKOB U3 HADOPOB JAHHBIX
U1 00yJIeHusl MOJIEIN U JJIsi €€ TeCTUPOBAHUs NPUBEEHbI HA pucynkax 9 u 10
COOTBETCTBEHHO.

building

bliilding ;

(a) CS=0.998 (6) CS=0.999 (6) CS=0.999

PucyHoK 9. [erekTupoBanue 06beKTOB HEIBUKIUMOCTU Ha U300-
PakKeHUsIX U3 TeCTOBOro Habopa JaHHBIX

IIpu ucnonbzoBanuu 31oit Mozgenu B 3-5% ciydaes ObLIN BbISIBJICHbBI
He3HAYUTEJIbHBIE OIMHOKY, IIPOABJIAIONINECS B BU/IE HEBEPHOH HICHTH(MUKAIINN
00'bEKTOB MJIM HENPABUIILHOI cermMeHTaln rpaHuiibl. [losisiienne atux ommbox
CBSI3aHO C IJIOTHOCTBIO PACIIOJIOKEHUA CEIMEHTHPYEMBIX 0OBEKTOB, C HEJIOCTa-
TOYHO IIPEJICTABUTEIHLHBIM HAOOPOM JAHHBIX, HAJIMIUEM IIIYMOB HA CHUMKAX


https://colab.research.google.com/
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; building.0:999

building

(a) CS=0,999 (6) CS=0,997 (6) CS=0,999
PucyHok 10. /lerektupoBanue 06bEKTOB HEIBUKIMOCTH HA M300-
ParKeHUsIX U3 TeCTOBOro Habopa JAHHBIX

1 HeIOCTATOIHON PE3KOCTHIO 0bJIacTh m300parkeHus. MaTpura ormmboK
JETEKTUPOBAHMA O6’beKTOB HEJIBUKNMOCTHU Ha I/I306pa}KeHI/IHX U3 TEeCTOBOI'O
Habopa JaHHBIX ITOKa3aHa Ha pucyHkKe 11.

Konuuectso

swimming 0 1 1 0 82

2000

vehicle 2 3 2 281 1

1500

outbuilding 4 3 400 2 2

cTuHHbIe Knaccbl

1000

greenhouse

500

building| 20 15 9

building greenhouse outbuilding vehicle swimming

MpepckasaHHble Knacchbl

PucyHoK 11. Marpura ommboK MO /It TECTOBOTO Habopa
JTAHHBIX

[Ipumep HeBepHOI neHTUMDUKAIMN JJIsT HECKOJIBKIX 00BEKTOB KJIACCOB
greenhouse, outbuilding n vehicle npusenén Ha pucynke 12. Jlerko 3ameruTsb,
910 BCe 00BEKTHI Kiacca building, n3-3a MOCTATOYHO OOJIBIIIONO UX KOJMIECTBA
B oOy4aromeM HabOpe TaHHBIX, UICHTU(MUIUPYIOTCS BEPHO, UTO SBJISIETCS
BIIOJTHE JOCTATOYHBIM JIJIsI TIOCTABJICHHON BBIIIE TIeJI PAbOTHI.
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PucyHok 12. PegysnbraThl eTeKTHPOBAHUS O0BHEKTOB PA3HBIX
tunos Ha ¢ororpadbun dbparmeHTa TAUHOrO KOOMEpATHBa (CM. PH-
CyHOK 1)

6. CpasHenne c mogensio YOLO

Mopgeib rmy6okoro obyuenust YOLO B Hactosinee BpeMsi HHTEHCUBHO
passuBaerca u HapasHe ¢ Mask R-CNN MoxKeT ObITh MCHOJIL30BAHA, JJIST
peas3anuu 1eTeKTUPOBAHUS 00BEKTOB HEIBUKIMOCTH Ha a39POdDOTOCHUMKAX.
WccreroBanusi, aHAJIOrTIHBIE TPUBEIEHHBIM BBIIIIE, ObLIN IPOBEIEHBI U JIJIst
mozienu yololln-seg or Ultralyticsc. Ha pucynke 13 npuesieHbl 3aBUCHMOCTH
guadernit Merpuk TouHoct MAP 1 mAP50-95 npu nerekTUpoBaHUN OTpAHU-
YUBAIONIIX PAMOK OObEKTOB HEJIBUYKUMOCTH OT 310XU 00ydenus. VI3 aroro
PHUCYHKAa BUHO, 9TO 9TH METPUKU JOCTUTAIOT 3HAYEHUN, COIMMOCTABUMBIX
¢ nosrygerabiMu Mozesibio Mask R-CNN, Ha 601bIlieM KOJIMYIECTBE 3I10X.

JloCTaTOYHO YACTO HMPHU AHAJN3E MOy IEHHBIX PE3YIbTATOB ObLIN BBISBIIE-
HBI CJIyYau COOTHECEHHsI OOHAPYZKEHHOI0 0ObEKTa ¢ PA3HBIMU KJIACCAMU.
Ha pucynke 14, orobpazkaromniemM pe3yIbTaThl JeTeKTUPOBAHNS, AHAJIOTHIHDBIE
IPUBEJISHHBIM Ha PUCYHKE 12, BUIHO HECKOJIBKO TaKUX Caydaes (Hampumep,
¢ obbekTamn Kiaaccos building u outbuilding). Ilpu uccnenoBanun pesysbTa-


https://docs.ultralytics.com/models/yolo11/
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PucyHok 13. l3menenue cpegHero suadenus merpuk mAP u
mAP50-95 monesin YOLO 1pu 1eTeKTHpOBAHUN OrPAHUIMBAIOIIAX
pamoK

TOB, IOJIydeHHbIX ¢ ucnosb3oanreM Mask R-CNN uu ofHOr0 anagoradHoro
ciaydas BbIsiBIeHO He Ob110. Kpome 3roro, mpu aHaam3e 10CTATOIHO DOJIBIIOrO
KOJIMYECTBA PE3YJIbTATOB JIETeKTUPOBaHUsl, ObLIO 3aMedeHo 6osiee ToUHOe (110
10%-15%, cm. pucynku 12 u 14) onpesesierne Macok 06beKTOB MOJebi0 Mask
R-CNN mo cpasrenuto ¢ YOLO. HenpasuibHoe (HETOYHOE) OIpejiesieHue
macku o0bekTa MoxkeT ObITh KpurudabiMm i VIC TIITK «Pockamactps.

B menom, monens YOLO or Ultralystics ocrasuiia 6jaromnpusitHoe
BIleUaT/ICHHE POCTOTON UCHOIb30BAHUA U HAJMIUEM IOTOBOTO (DYHKIIMOHAJIA
JUIST TIPOBEJIEHUsT SKCIIEPUMEHTOB M AHAJIU3 TIOJYyIeHHBIX PE3y/IbTaToOB. B pae
CIIy4aeB, B 3aBICAMOCTH OT CIIeIU(UKHA pemaeMoii 3amauu n Habopa JaHHBIX,
ucnoJibzopanue Mozaesaeit YOLO mo3BosseT MoJayduTh HEMHOIO JIy IImuit
pesyibrarT, no cpasHenuio ¢ Mask R-CNN [25].

7. MNpakTnyeckas peanusauus pesyibTaToB

PesynbraTnl, momydeHnbie B X0ae pabOT MO MOBBIIEHUIO 3DPEKTUBHOCTH
OOHAPYKEHUsT KOTTEPKHBIX U JAYHBIX JIOMUKOB Ha a3PO(OTOCHUMKAX C UC-
noJib3oBanneM Mozeau Mask R-CNN, Obuiu peasin3oBasbl B 6eTa-Bepcun
onmoit u3 nogcucrem undopmanuonnoil cucrempr (MC) IIIK «Pockagacrps.
OcHOBHasI TIeJTb ITOH MOJICUCTEMBI 3aKJII0YAETCS B OIPEJIEICHNN HAJIMIUS
peructpaiuu 00bekToB crponTenbcrBa B KI'PH. B sToit moncucreme peanusy-
eTcsl IIPOIIECC, BKJIIOYAIONINN opToTpancOopMUpOBanue, Co3/lanme udpoBoit
mogean mMectaocT (IIMM), mosrydenue ToUek NPUBI3KK U PACIET KOODIMHAT
00bEKTOB HEIBIKUMOCTH [26].
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PucyHok 14. PegysnbpraThl AeTeKTHPOBAHUS O0BEKTOB PA3HBIX
TUMOB ¢ ucnoiab3oBanueM Y OLO

®@ororpadus, creIanaas ¢ KBaIPOKOIITepa, pa3duBaeTcs Ha HEKOTOPOe
KOJIN4ecTBO (bparMeHToB (TailyIoB), KOTOPBIE AHAIM3UPYIOTCS Ha IPEJMET
HaJIMYHs WM OTCYTCTBUS HE3APErUCTPUPOBAHHBIX 00beKTOB. Pasmep rtaitra
B IIUKCEJISIX OIPEIEIAETC MACIITaboM M300paXKeH!s U JETEKTUPYIOMUMHA CIIO-
cobrocTsiMu Mozesn. Pasbuenue dororpaduu Ha hparMeHThl 060CHOBBIBAETCSI
€€ DOJIBIINM Pa3MepPOM, KOTODPBIH MOYKET COCTABJIATD HECKOIBKUX COTEH THICAY
nukceseil u pasmepa, gocruraomuMm 1T. [Ipumep obHapyKeHus HE3aperucTpu-
POBAHHOIO JIAYHOI'O JIOMHUKA Ha OJIHOM U3 (pparMeHToB adpodOTOCHUMKA
IIPUBEJIEH Ha PUCYHKe 15.

3aknoyeHne

B nannoit pabore 6b11a IpOBEIEHA OIEHKA BO3MOXKHOCTH UCIIOJIH30Ba~
aus mogenun Mask R-CNN ¢ uzmenénubim backbone st oOHapykenus u
CerMeHTaIuu Ha a3POMOTOCHUMKAX KOTTEJKHBIX U JAYHBIX JOMUKOB. Jlirst
00yIeH!sT MOIEIN OBLT CO3/IaH COOCTBEHHBIN HAOOD MAHHBIX, BKITIOTAIONTHI
B cebst m300parkeHusi 0ObEKTOB 1 X aHHOTaIuu. [IpoBeieHHbIE UCC/Ie0OBAHNUS
nokazain, aro Mojeab Mask R-CNN ycnemno cupasiisieTcst ¢ 3aadeit
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PucyHok 15. Ilpumep BbIsiBiIeHUSI HE3aPETUCTPUPOBAHHOIO
JAYHOrO JOMUKa Ha pparMeHTe adpodOTOCHUMKA

WHCTAHC-CETMEHTAITNH, JIEMOHCTPUPYSI IPUEMIIEMYIO TOTHOCTD 110 METPUKAM
Loss, mAP, mAP50-95 u CS.

Pazpaborannast 6era-sepcus mogcucrembr UC TITTK «Pockagacrps» Ha base
Mask R-CNN wucriosib3dyer 3Ty MOJesIb JjIsi pACIIO3HABAHUST 0O'bEKTOB HA U300-
pPaKeHUsIX, MOy I€HHBIX C KBaJ[POKOIITEPA, ITO CYIIECTBEHHO COKPAIAET
BpEMsI ¥ PECYPChI, 3aTpadnBaeMble Ha BbIsIBJIEHUE HEJIEraJbHON U HE3aPEeru-
CTPUPOBAHHON 3aCTPOMKM, W MOBBIMAET 3(PPEKTUBHOCTH pabOTHI IO KOHTPOJIIO
32 UCIOJIb30BAHUEM 3€MEJIbHBIX PECYPCOB.

HanbHeiimue uccyemoBanust mo npuMmenennto mogean Mask R-CNN 6yayT
HAIIPaBJIEHbI Ha MOBBIIIEHNE €€ TOYHOCTU B pe3y/IbTaTe PACIHIMPEHUs] U ONTHMHU-
zanuu obydJaroriero Habopa JAHHBIX, & TaKyKe Ha HHTErPAIAIO 9TONH MOJIen
B CyIIECTBYIOIIHE CUCTEMbl MOHUTOPUHTA U KOHTPOJISI 38 UCIOJIH30BaHUEM
3eMeJIbHBIX pecypcoB. Kpome Toro, mepcrneKTHBHBIM HAIPABJICHUEM SIBJISIETCS
paspaboTKa aJTOPUTMOB ABTOMATHIECKON BepUUKAINY PE3yJIbTATOB PADOTHI
MOJIEIN, OCHOBAHHBIX Ha cpaBHeHHN ¢ manabivu EI'PH.
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