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ABSTRACT

The demand for online data analysis opens new challenges and research opportunities. The growing wave of loT devices, low-cost
sensors, and robotic systems generates vast amounts of high-frequency streaming data. Efficient online analysis of such data requires
algorithms that operate under memory and latency constraints, often within a sliding-window framework. However, the reliability of
these data streams critically affects the accuracy of the inference results. This study considers one of the tasks in streaming data analysis —
anomaly detection in the smartphone sensors data streams. Our goal was to improve the quality of the geolocation by filtering out
anomalies in the signal and then measure the accuracy of trajectory estimation for pedestrian navigation. Pedestrian navigation in urban
environment is non-trivial because of global navigation sattelite system signal distortions. These distortions can be caused by various
factors such as multipath effects, signal blockage from tall buildings, and interference, which are common in dense urban areas. The full
data pipeline requires robust techniques for smartphone sensor data processing wich include low-pass or high-pass filtering of
acceleration signal, synchronizing several streams by the timestamps, converting measurements from the device frame of reference to the
global coordinate system, feature enrichments etc. When multiple data streams from device sensors are available, their fusion can be
used to mitigate the limitations of individual sources. One of the adopted methods for this is the so-called robust Kalman filter. We
compared this method with an ensemble anomaly detection method (iForest) applied to the geolocation data stream in the pedestrian
navigation set up. We used orthogonal distance metric to compare predicted trajectories with groud truth coordinates and showed that
robust Kalman filter achieves superior performance in the streaming setting. A mean deviation from the ground truth trajectory of one
metre and eighty-three centimetres was achieved on the test dataset, with the total route length measuring one hundred eighty-four
metres.
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INTRODUCTION frequency, and accuracy. A significant challenge is

In recent years, there has been a surge of
interest in developing alternative and hybrid
positioning approaches that combine satellite
navigation data with information from other sources,
such as inertial sensors, cameras, Wi-Fi access
points, Bluetooth beacons, and ultrasonic sensors.
This is especially important for indoor navigation
tasks, where GNSS signals are unavailable or
unreliable, as well as for ensuring navigation of
unmanned aerial vehicles and mobile robotic
systems operating in complex or unknown
environments. The advancement of such hybrid
positioning methods brings new challenges, with a
key issue being the real-time processing of
streaming data. Data from various sources of
different modalities arrive continuously and at high
frequency, generating large volumes of streaming
information.

These multimodal streams are heterogeneous in
terms of frame of reference, format, rate, volume,
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the presence of noise and anomalies in the data,
which is a common problem for both satellite signals
(multipath  effects, atmospheric  phenomena,
interference) and local sources (vibration,
interference, limited resolution, or sensor failures).
The presence of anomalies in data streams not only
complicates the task of determining position but also
increases the risk of incorrect decisions, which can
lead to critical consequences in real-world
applications. This motivates the development of
robust processing algorithms capable of extracting
useful signals from large volumes of noisy
information in real time. Furthermore, fusion
algorithms are required to be adaptive to the
dynamic and unpredictable nature of sensor failures
and environmental changes, ensuring continuous and
reliable operation even when individual data streams
become corrupted or unavailable.

This study reviews multiple examples of online
anomaly detection algorithms and investigates the
application of the robust Kalman filter (RAKF) and
iForest to account for anomalies in GNSS signal
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in the pedestrian task in urban

environment.

navigation

RELATED WORKS

Let us consider the mainstream methods and
algorithms for anomaly detection in data streams,
focusing on their online implementation. Typically,
these methods operate based on statistical analysis,
distance metrics, density estimation, neural
networks, or isolation techniques [1]. Some of these
algorithms are suitable for detecting anomalies in
temporally dependent geospatial data streams (such
as pedestrian, bike, car, unmanned vehicle trajectory
coordinates). In such cases, the data contain at least
several dimensions, and anomalies may include
individual outlier points, sudden “jumps”, as well as
atypical deviations or even loops in the trajectory.

Statistical (threshold-based) methods. Simple
calculations of variance, moving averages, Z-score,
CUSUM/MA  (exponentially weighted moving
average), and similar techniques are used to detect
deviations beyond the expected variance,
highlighting large spikes or gradual trends [2]. For
example, in sensor failures monitoring systems,
sliding thresholds for error or residuals are often
employed to filter out anomalous values. The Z-
score is a streaming algorithm that measures how
much a value deviates from the mean within a
window. The MAD (moving average deviation)
operates in very similar way but uses the median and
absolute deviation, making it more robust to noise.

Density- and  distance-based  methods.
Algorithms such as k-Nearest Neighbors (k-NN) and
Local Outlier Factor (LOF) detect anomalies by
computing the “density” of points in the
neighborhood of a given observation. For instance,
LOF assesses the local density around a point and
flags it as anomalous if its density is significantly
lower than that of its neighbors. In [3], the authors
compare cluster-based LOF with a Gaussian
classifier for filtering data from wireless sensor
networks. For streaming data, some modified
versions like memory efficient incremental LOF
summarize (cluster) older data and merge these
summaries, or introduce Z-score pruning to reduce
the amount of calculations [4], [5]. Similarly to
LOF, in the k-NN approach, a point is considered an
outlier if it has few neighbors within a specified
radius. Another streaming algorithm, NETS (NET-
effect-based Stream outlier detection), aggregates
points into multidimensional cells within a sliding
window and monitors changes in their density. This
allows the algorithm to identify the most anomalous
cells and then evaluate the anomaly score of each
point in the region based on the distance to its

neighbors or local density. This approach
significantly reduces computational costs compared
to classical neighbor-search-based methods and is
suitable for real-time streaming data analysis. The
authors of the NETS algorithm report a fivefold
improvement in processing speed compared to other
distance- and window-based algorithms [6].

Tree-based (ensemble) methods. These are
particularly effective for streaming data analysis due
to their logarithmic execution time. For example,
Random Cut Forests (RCF) algorithm partitions the
dataset and constructs a tree for each partition. This
method is widely adopted for anomaly detection, as
seen in analytical platforms like OpenSearch, which
supports real-time stream processing. RCF computes
a “sketch” of the incoming data stream, assigning
each input value an anomaly score and a confidence
score [7]. An evolution of this approach is the
Isolation Forest (iForest) [8] - an ensemble
regression technique that randomly divides the data
into a binary tree. Points that can be easily isolated —
requiring small number of splits — are classified as
anomalies. Selection of hyperparameters such as n
(number of trees in the forest), sample size, and
contamination (expected proportion of anomalies) is
typically performed wusing n-estimators and
coordinate search with cross-validation, although the
algorithm is already robust for n>20.

Online Isolation Forest constructs a histogram
of the data and utilizes a sliding window to forget
outdated values [9], thus adapting to concept drift, or
changes in the underlying data distribution. Another
streaming  implementation, iForestASD, also
employs a sliding window within which the standard
iForest is applied to build random partitions (trees)
[10]. If the number of detected anomalies within the
window exceeds a certain threshold u, the current
model is discarded and a new one is constructed for
the window, accommodating concept drift. In study
[11], the authors compare iForestASD with Half-
Space Trees across three datasets, demonstrating
iForestASD’s superiority in terms of the F1-score,
though the algorithm’s processing speed decreases
as the window size increases.

Deep learning methods. Neural networks
generally demonstrate high performance in real-time
applications [12], [13]. Authors in [14] achieved
millisecond-level anomaly detection latency by
employing a multimodal asynchronous hybrid
network that combines streams from event-based
cameras and images from RGB cameras
(GNN+CNN). In case of time series and high-
dimensional data streams, methods such as
AutoRegressive  Integrated  Moving  Average
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(ARIMA),  Exponentially ~ Weighted Moving
Average (EWMA), or recurrent networks (LSTM,
RNN, autoencoders) are utilized. For example, the
LSTM network can predict the next coordinate or
velocity, and significant deviation between
predictions and actual values serve as indicator of
anomaly. Another approach, Language Model-based
Trajectory Anomaly Detection (LM-TAD), models
movement trajectories as token sequences and
applies “perplexity” and “unexpectedness” metrics
to identify outliers and anomalous trajectory
segments [13]. This technique is well-suited to
streaming processing because of its use of key-value
caching in the attention mechanism.

Each of these methods offers distinct
advantages and limitations: some respond rapidly to
sudden spikes (LOBF, CUSUM), others effectively
detect drifts (EWMA, M-estimators), while some
scale efficiently to large data streams (iForest, RS-
Hash). Window-based methods (LOF, RNN) can
incorporate movement history (over the last few
seconds), whereas clustering and most neural
networks require a training set of trajectories. Point
anomalies (abrupt deviations) are typically detected
by statistical or distance-based methods, while
atypical trajectory segments are best identified by
clustering or sequence models (LM-TAD, LSTM,
transformers) [13], [15]. The choice of the method in
any specific scenario depends on the trade-off
between response speed, model complexity, and the
feasibility of model training. Equally important is
the algorithm’s adaptability to concept drift (changes
in data distribution) and its efficiency under memory
constraints [1].

In the following section, we focus on a
statistical method for fusing multi-sensor data
streams, where anomaly detection is achieved by
analyzing the difference between predicted and
measured values.

METHODS

We consider the task of anomaly detection in
correlated IMU/GNSS data streams  from
smartphone sensors, as well as methods for
evaluating the accuracy of the algorithm in
pedestrian navigation task. To estimate the accuracy,
it is necessary to compute the root mean square
deviation (RMS) of the entire calculated trajectory
from a groud thruth path. In this scenario, the
following constraints are assumed: the pedestrian’s
initial position is known, the initial velocity is zero,
the smartphone’s sensors are calibrated using built-
in software tools, detailed technical characteristics of
the GNSS signal are unavailable, only it’s accuracy
estimates provided by the Android API is known.

The Kalman filter is a standard tool for data
stream fusion; however, by default, it is not
sufficiently  sensitive to deviations in the
characteristics of the input data. An anomaly or
degradation in one of the data streams does not
immediately influence the fusion result. Thus,
adaptive reconfiguration of the filter is required as
sson as we detect anomalies or changes in signal
characteristics. To address this, robust estimators
(such as m-estimators) are employed, and neural
networks can be utilized for computing and updating
covariance matrices [16]. In geolocation, anomaly
detection can also be performed using GNSS signal
quality assessment methods (e.g., RAIM/FDE).
Ultimately, the Robust Adaptive Kalman Filter

(RAKF) [17], [18], [19] applies Mahalanobis
distance or Huber’s criteria to test
innovation/residual vectors at each iteration,

subsequently modifying the process or measurement
covariance matrices (Q, R). The threshold is usually
selected from the y2-distribution. In some cases, the
filter may fully switch to an alternative model (i.e., a
different process matrix) depending on the source of
the error — whether it comes from the sensor or the
actuator [17].

Therefore, the anomaly detection method for
GNSS coordinate stream should incorporate IMU
acceleration data to identify significant discrepancies
between predicted inertial displacement and the
displacement measured by GNSS. The sensor fusion
process enables dynamic adjustment of the “trust”
assigned to each data source. In our pedestrian
motion case, at each iteration k of the Kalman
filtering, we compute the new state and its
uncertainty as:

Xk = ka—l + Guk_l
Pyjk—1 = FPe1FT + Q
The state transition matrix F and state vector x

models the motion of the system in one dimension
(position p, velocity v and acceleration a) in the

absence of external forces, assuming constant
acceleration:
1 At O]yp
Fx=|0 1 0 [v]
0 0 Olta

The force applied to the system is represented
by the control matrix G, which models acceleration
changes caused by the pedestrian movement. Given
that acceleration changes are measured directly by
the IMU sensor at high frequency, we assume that
the system’s nonlinear acceleration is accurately
approximated within each discrete time interval. The
control matrix G implements the trapezoidal

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)

Computer science and software engineering 379



Zavaliy T. I., Shakhovska N. B. /

Applied Aspects of Information Technology

2025; Vol.8 No.4: 377-385

integration method for processing the control input
(acceleration) data to update the overall state x.

It is multiplied by the control vector u, which
contains both the current and previous accelerations
ak, ak-1:

[At?  At?]

% |
Gu=lac ol

los o5

0.5 0.5

Our noise covariance matrices Q and R are
derived from sensor’s white noise standard
deviation, R2 score and GNSS accuracy estimate
[20].

At each prediction step, the drift in the
integrated velocity is corrected by replacing it with
the velocity predicted by our pre-trained LSTM
network:

V = VLsTM:

The LSTM network was trained on the dataset
with 133000 total acceleration samples and 2500
target speed measurements. It achieved mean
average error of 0.087 m/s and Rz score of 0.83 on
the test dataset [20].

Next, we perform the correction at each
iteration k, at the GNSS sampling frequency of 1
second, as follows:

Yk = Zx — Hxp_q,
Py = (I — KH)Py_4,
K = PHT(HPHT + R)_l.

Here, yx is the innovation (residual) vector, z is
the measurement vector, | is the diagonal identity
matrix, and H=1[1 0 0] is the observation
matrix, projecting the state vector x onto GNSS
coordinates while ignoring velocity and acceleration.

The Kalman gain K is computed at each
iteration, as is the Mahalanobis distance for the
innovation vector, according to:

df = yi (HPH" + R) 'y,
diy~x*(m) '

The Mahalanobis distance should follow the y?-
distribution with m degrees of freedom. This
distribution determines the threshold value (in our
case — one standard deviation), which strictly
constrains the GNSS measurement’s conformity to
the model.

To assess the algorithm’s performance, we
compare the computed trajectory to the ground truth

path. Calculating the root mean square deviation
(RMS) for the entire route is nontrivial because: 1)

the data points represent geographic coordinates,
subject to Earth’s curvature; 2) coordinates are
received as a stream and require a window function
for distance calculation; 3) the ground truth route is
a static array of coordinates without timestamps.
Table 1 briefly compares possible metrics for
distance calculation between two trajectories.

We employed the orthogonal distance to the
segment method, as it is a fast and accurate approach
that does not require timestamps. Similarly to the
average minimum distance, it involves O(n*m)
operations and is suitable for streaming algorithms.
Other metrics require simplifications for streaming
application or synchronization of two streams using
timestamps.

RESULTS

The data structure of inertial (IMU) and
geolocation (GNSS) sensor streams is mostly flat.
Each message in the acceleration sensor stream
contains the following fields:

— timestamp, absolute time of the individual
measurement;

— seconds elapsed, relative time since the start
of the measurement session;

— X, acceleration along the X axis in m/sz;
— vy, acceleration along the Y axis in m/s?;

— Z, acceleration along the Z axis in m/s2.

And the data stream from the geolocation
sensor contains messages with the following
structure:

— timestamp, absolute time of the individual
measurement;

— seconds elapsed, relative time since the start
of the measurement session;

— altitude, height in meters relative to the
WGS84 ellipsoid,

— bearing, deviation in degrees relative to
geographic north, {0; 360};

— speed, speed in m/s;

— latitude, latitude in degrees, {-90; 90};

— longitude, longitude in degrees, {-180; 180}.

A quick exploratory analysis provided an initial
assessment of data quality. One of the main issues is
that GNSS sensor readings can be highly
inconsistent. In urban environments, signal loss for
several seconds may be observed instead of a stable
stream at a frequency of 1 Hz. Acquiring GNSS
sattelites lock at the beginning of recording requires
time, so a waiting period was added at the start of
each route. In dense urban living areas, negative
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Table 1. Metrics for estimating distance between two trajectories

Metric Description Algorithmic Streaming Timestamps
complexity implementation required
Orthogonal Each point of the predicted trajectory | O(n *m) (n, m— Yes No
Distance to the is projected onto the nearest segment | number of points in
Segment of the ground truth trajectory. each trajectory)
Hausdorff Distance | Estimates the greatest minimal O(n *m) Partial (buffer) No
distance between two sets of points.
Fréchet Distance Takes the ordering of the data points O(n * m) with No (global) No
into account. Determines the dynamic
minimum length of the “leash” programming
between two routes.
Dynamic Time Aligns two sequences with different O(n * m) with Partial Yes
Warping (DTW) frequencies. dynamic
programming
RMSE by time Root mean square error between O(n) (when Partial Yes
points at corresponding time frequency is equal)
moments.
Average Minimum | For each predicted point, the O(n *m) Yes No
Distance (AMHD) | minimum distance to closest ground
truth point is determined.

Source: compiled by the authors

effects such as signal reflection and satellite
blockage were observed, causing the GNSS
trajectory to gradually deviate from the true
trajectory.

Thankfully, in addition to geodetic coordinates,
the Android API provides accuracy estimates, which
are summarized for one of the routes in Table 2.
These estimates are used to initialize the
measurement covariance matrix R in our Kalman
filter. Heading accuracy is provided in degrees.
Horizontal and vertical accuracy are estimated in
meters as the radius of uncertainty. Speed accuracy
is provided in meters per second.

Table 2. Accuracy estimates for
GNSS-measurements on one of the routes

Metric count | mean std min max
Heading 178 | 28.22 | 15.73 0 103.9
accuracy
Speed 178 0.7 0.31 | 0.08 15
accuracy
Vertical 178 2.67 0.79 2.5 10.49
accuracy
Horizontal 178 3.88 0.8 3.79 | 12.45
accuracy

Source: compiled by the authors

Advanced data fusion from multiple sensors is
integrated into Android operating system; thus,
orientation measurements are stable and contain

minimal drift. Only local magnetic field distortions
can significantly affect the estimation of movement
direction. We need to know the exact device
orientation not only for transforming accelerations
into the global ENU (East-North-Up) coordinate
system during preprocessing, but also for converting
scalar speed value into a vector quantity.

To demonstrate the effectiveness of the
proposed Kalman-LSTM-Robust algorithm, GNSS
coordinates were deliberately distorted along the CD
segment of the trajectory, and a 10-second signal
loss was simulated at one of the trajectory’s corners
(D). Fig.1 represents the results of trajectory
recovery using the predicted inertial velocity and
displacement (shown in red).

Under normal conditions, the calculated inertial
trajectory closely follows the GNSS trajectory, as
the Kalman filter corrects the prediction based on
measurements every second. However, in the
presence of an anomalous deviation at point F and
signal loss at point D, the LSTM-Kalman-Robust
algorithm discards GNSS readings, completely
bypassing the correction step and relying solely on
IMU data. As shown in Fig. 2, the streaming
iForestASD algorithm accurately detects anomalous
outliers. However, since it operates within a sliding
window, it returns to the “normal” mode with some
delay, which results in greater impact of drift in the
Kalman filter. The number of trees was set to n=100,
the window size was 300 seconds, and the threshold
value was 0.25.
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Fig. 1. The results of the Kalman-LSTM-Robust algorithm under simulated 10-second GNSS

signal loss at point D and intentional distortion at point F
Source: compiled by the authors

—— GNSS/INS fusion (iForest)
—— Ground truth
—— GNSS with anomalies

North (Y)

=25
=35 -30 =25 -20

=55 -50 -45 -40
East (X)
Fig. 2. The iForest-LSTM-Kalman algorithm introduces a delay at point F2, which negatively
affects the mean deviation from the ground truth trajectory
Source: compiled by the authors

ISSN 2617-4316 (Print)

382 Computer science and software engineering
ISSN 2663-7723 (Online)



Zavaliy T. I, ShakhovskaN. B.  /

Applied Aspects of Information Technology

2025; Vol.8 No.4: 377-385

Table 3. Impact of robust Kalman filter and iForest in trajectory prediction relative to GNSS
ground truth trajectory

Ne Method Mean deviation from Maximum deviation
the ground truth, from the ground truth,

meters meters

1 LSTM 2.33 6.51

2 LSTM-Kalman 1.91 5.81

3 LSTM-Kalman-Robust 1.83 451

4 iForest-LSTM-Kalman 1.86 452

5 GNSS measurement with distortions 1.81 11.13

Source: compiled by the authors

For each point X in the computed trajectory, to
estimate the deviation from the ground truth, the
orthogonal distance to the segment was used to find
the nearest point Y on the ground truth trajectory
segment. Then we followed by calculating the
standard Euclidean distance (L2 norm) between the
ENU coordinates of these points. For the predicted
trajectory ABCDE, the mean and maximum
deviations were 2.3 and 6.5 meters, respectively (see
Table 3). After adding anomaly detection to the
Kalman filter, the mean and maximum deviation
went down to 1.83 and 4.51 meters, respectively.

CONCLUSIONS

The article investigates methods for anomaly
detection in data streams within the pedestrian
navigation task. Anomaly detection is considered as
one of the steps in the full sensor data processing
pipeline: noise filtering, coordinate transformation,
feature transformation, LSTM inference, outlier

filtering, IMU and GNSS data fusion, final error
estimation.

It was demonstrated that fusing several data
streams from smartphone sensors using a
conventional Kalman filter does not provide
sufficient robustness to anomalies; a method for
eliminating GNSS coordinate jumps is required.

Using only inertial data for LSTM-based speed
prediction resulted in an average deviation of 2.33
meters on a 184-meter route. Incorporating readings
from additional sensors in a robust Kalman filter,
with filtering of anomalous GNSS sensor readings,
reduced the mean deviation to 1.83 meters and the
maximum deviation from 6.51 to 4.51 meters.

The advantages of this approach to anomaly
detection include its high speed, versatility for
various movement models (pedestrians, vehicles,
drones), and the absence of a need for training.
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AHOTAILIA

[onwT Ha oHNalH-aHANI3 JAHWX ITOPOJDKYE HOBI BHUKIMKM Ta 3ajadi Ul JOCTikeHb. Mu croctepiraemo mommpenHs 10T-
MPUCTPOIB, HEMOPOTHX CEHCOpIB Ta POOOTH30BAHHX CHCTEM, SIKi I'€HEpPYIOTh 3HauHI OOCSTM BHCOKOYACTOTHHX IMOTOKOBHX JaHHX.
EdexrrBHMI OHIANHH-aHAT3 TAKUX JAHUX MOTpeOye alrOpUTMIB, HIO TPAIOIOTH 32 YMOB OOMEKEHHX OOUMCIIOBAIBHHX PECYpCIB Ta
mam’siTi, 4acTo B paMKax KoB3awoouoro BikHa. I1]0 He MEHII Ba)KITHBO, HAMIHICTh [IHX IOTOKIB JAHMX CYTTEBO BIUIMBAE HA TOYHICTDH
Pe3y/IbTaTiB MOJICTIOBAHHS. Y [[bOMY JIOCII/DKEHHI PO3IIISIAEThCS OJIHA 3 aKTYalbHHUX 3a/1au aHaJli3y ITOTOKOBHX JAHHMX — BHUSBICHHS
aHOMAJI y TMOTOKaX JaHUX i3 ceHcopiB cMapTdoHy. OCHOBHOIO METOI POOOTH OyJ0 MiIBHINEHHS SIKOCTI TeONOKamil NUIIXOM
¢binpTpanii aHOMaiil y MOTOL re0-KOOPAMHAT Ta MOJAJIbIIE BUMIpIOBaHHS TOYHOCTI OOYMCIIEHHS TPAeKTOpii B 3ajadi HaBiramil
mimoxoza. Hagiramisi mimoxoma B MiCBKOMY CEpeIOBHINI € HETPHBIAJGHOIO 33lavero 4epe3 CIOTBOPEHHS CHUTHATY TIIOOABHOI
HaBITalidHOI CYNMYTHUKOBOi CHCTeMH. Taki CIIOTBOPEHHS 4YacTO CIIPUYMHEHI pi3HUMH (akTopaMH, 30Kpema edeKToM
6araTonpOMEHEBOr0 TOIIMPEHHS, OJOKYBaHHSAM CHTHAY BHCOKHMH OyJMHKAMH Ta iHTepdepeHiiero, 10 € THUIIOBHM JUist
T'YCTOHACEJICHUX MiChbKHMX paioHiB. /IJI1 IOBHOTrO IMKITYy ONpAIIOBAHHS MOTOKIB JaHMX HEOOXITHO 3aCTOCOBYBATH POOACTHI METOIM
00pOOKH CEHCOPHMX JaHMX CMapT(OHy, IO BKIIOYAIOTH (IJBTPAL[I0 CHUTHATY MPHCKOPEHHsS (HM3bKO- ab0 BHCOKOYACTOTHY),
CHHXPOHI3aI1i}0 KUJTBKOX MOTOKIB 32 YaCOBMMH MITKaMH, IEPETBOPEHHSI BUMIPIB 13 CUCTEMH KOOPAMHAT MPUCTPOIO B IIIO0ANBHY CHCTEMY
KOOpP/IMHAT, IHXKEHEPil0 O3HaK TOWIO. Y BHIIAJKY, KOJIM HAasBHI IIOTOKH JAHHMX 3 PI3HUX CEHCOPIB, IXHE 3JIUTTS MOXE KOMIICHCYBAaTH
HEIIONKK OKpeMoro cercopa. OIHUM i3 MOIMPEHUX METOIB JUIsl [IBOT'O € Tak 3BaHMi podactHuil ¢inbTp Kanmana. Mu nopiBHsm neit
MeTo] i3 aHcaMOIeBUM METOIOM BUsIBIICHHS aHoMaJTii (iForest), 3acTocoBaHMM /10 HOTOKY I'€ONIOKALHHMX JAHUX T[] 4ac MOJICITIOBaHHS
pyXy mimoxoza. My BHKOPHCTAIM METPUKY OPTOTOHAIBHOI BiACTaHI I MOPIBHSHHS IPOUHO30BAHOI TPAEKTOPIl 3 KOOpIMHATAMHU
€TaJIOHHOI'0 MapIIpyTy, Ta IOKa3aly, 10 B IOTOKOBOMY pexuMi podactHuil ¢instp Kanmana nemoHcrpye kparui pesynasratu. Ha
TECTOBOMY HA0Opi JaHWX OyJ0 JNOCATHYTO CEpeHBOrO BIAXWICHHS Bill €TANIOHY B OOUH METP BICIMAECAT TPHU CAHTUMETPU MPH
3araJipHiii JIOBXXHHI MapUIPYTy CTO BiCIMIECST YOTHPH METPH.

KitrouoBi ci10Ba: NOTOKOBI JaHi; iHepliiiHa HaBirallis; BUsBIeHHs aHoMauii; ¢pineTp Kanmana; iForest
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