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ABSTRACT

Personal safety and crime prevention have become pressing societal concerns. While wearable devices such as smartwatches

offer features including Global Positioning System (GPS) tracking and emergency alerts, their ability to proactively recognize

deviations from a user's usual path is limited. This study proposes a Long Short-Term Memory (LSTM) based trajectory

learning algorithm that leverages anonymized user data without additional identifiers. It enables detection of changes from

a user DB of usual trajectories and thus allows recognition of anomalies in real-time. Experimental results demonstrate that

the model achieves relatively consistent performance in predicting distance errors for paths, although the time prediction

performance may vary depending on path characteristics. In anomaly detection analyses, normal paths maintained stable

values without exceeding the set threshold, while anomalous paths exhibited increasing error values over time, eventually

exceeding the threshold.
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Fig. 1. Input data preprocessing. (1) represents a sample trajectory dataset collected using the Map API. The time column in this dataset is recorded at
approximately 4-second intervals based on vehicle movement patterns. (2) transforms 15 rows of data collected at 4-second intervals into a single (latitude,
longitude, time) data point, with the time redefined in 5-minute intervals. For example, the second row in (1), with a time value of '10:00:04 Monday, is
transformed into '10:05:00 Monday' in (2). (3) assigns indices to the data based on a weekly schedule. As shown in (a), '00:00:00 Monday' is indexed as
0, '00:05:00 Monday' as 1, and '23:55:00 Sunday' as 2015. (4) applies a sine function to the indices defined in (3). This transformation process is visually
represented in (b)'s sine graph. The X-axis of the graph represents the indices. For instance, indices 0, 1007, and 2015 have a sine value of 0, index 503 has a
sine value of 1, and index 1511 has a sine value of -1. Additionally, as an example from (3) and (4), applying the sine function to Index 120 results in a sine value

of approximately 0.365341.
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Fig. 2. The overall training process of the LSTM model. The movement trajectory data of each individual is represented by three features: latitude (a),
longitude (b), and time (c). The feature size of each data point is set to 3, as indicated in the top-left corner of the figure. All data are divided into overlapping
time windows, with a time step size of 4. The stride is set to 1, meaning the sliding window moves forward one step at a time, generating overlapping
subsequences. For example, a user’s data is divided into overlapping sequences such as [a(1), a(2), a(3), a(4)] and [a(2), a(3), a(4), a(5)] in the Latitude value.
This windowing process is applied to the data of all individuals. Each time window, consisting of a sequence of 4 data points, serves as input to the LSTM
model. Sequences generated from different individuals are combined into batches for training. The LSTM model processes each input sequence to predict
the features (latitude, longitude, and time) of the next time step. For example, given the input sequence [a(1), a(2), a(3), a(4)] in the Latitude value, the model
predicts [a(5)]. In summary, the model is trained to predict the next data point (e.g., [a(5)]) based on the input sequence (e.g. [a(1), a(2), a(3), a(4)]). The training
process is performed iteratively over all sequences in the dataset, with the model's weights adjusted to minimize prediction errors.

Fig. 3. Input data structure. When the first data chunk containing the position and time information for (1) to (4) is input into the training model, the
position and time information corresponding to (5) is output. The second data chunk contains information from (2) to (5), and the trained model predicts the
information for (6). In other words, when the information from (n - 4) to (n) is input into the training model, it outputs the information for (n + 1) where n€N,

n>4.
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Fig. 4. Real path maps. (a) and (b) represent the movement information of
actual users within the Gyeonggi-do area displayed on a map. The sections
in (@) and (b) where coordinates are missing correspond to instances where
GPS data was not collected due to signal limitations, such as when the user
was traveling through a subway or tunnel.

Fig. 5. Virtual path maps. (a) represents the movement information of
virtual users within the Seoul area, and (b) represents the movement
information within the Gyeonggi-do area, both displayed on a map and
illustrating the routes collected using the Naver Cloud Platform Map API.
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Table 1. LSTM architecture.

Shape

Layer (type) Input Output
Input (Input layer) (None, 4, 3) (None, 4, 3)
LSTM_0 (LSTM)  (None, 4,3) (None, 4, 128)
LSTM_1(LSTM)  (None, 4,128)  (None, 4, 64)
LSTM_2 (LSTM)  (None, 4, 64) (None, 4,32)
Dense_0 (Dense) (None, 4, 32) (None, 4, 16)
Dense_1 (Dense)  (None, 16) (None, 3)

Fig. 6. Testing process of the trained LSTM model. When 20 minutes of
data is received from an anonymous user, the trained model predicts the
next location and time. During the testing process, an input sequence
consisting of four consecutive data points, including latitude (a), longitude
(b), and time (c), is provided to the model. This sequence represents 20
minutes of GPS data, with each data point assumed to be collected at
5-minute intervals. The input sequence is passed to the trained LSTM
model, which processes it to predict the data for the next time step. Based
on the four previous data points, the LSTM model infers the user's latitude,
longitude, and time at the next predicted location.
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Fig. 7. Maps of Path 1 to 5 in Table 2. The red map markers represent the GPS coordinates of the actual observations (y), while the blue map markers indicate

the GPS coordinates of the predicted values ().

25n], o2 F4) % 2
ARk A 00] 4 9315 Bl ARl ol4f olRE A
% glek. ol %, 4 93} ghol AAH AANE ZaksheA of
O ol ARE WYL 5 m, o] AANE Yo

Afolet TR ol A A ol of
5o, ALg A7 54 Alzkhel 12 o) Azl 91X

Wi

of o AbgAe] RO oS AT of71H & 5% 7

Aoz 248 GI%, AE, ARD Pols 4 4 e LST™

o] BT 1 kg (S5, B, AIZD dolel S Sllshu, =
1

A BEE 10k Q1% A, A7) Held Phg izt
$3t e ol 91, A, A FHE TYSHE dlolEA,
ol 7H) AmE|ZAAE o] HlolEle] A RS AHg 3
of mE Atet YA Hl Ak TebA m A (1S 55}
$91 A7 ARk yo] A7E HH Aole] 9342 ekl A%

1~59] 9]2] 9 AJ7F 2 o} H|w AiE Ho
GPS A %% Fig. 73} 22t} thokst metrics E3F 72+ A 2o T3
A L AT QAFE vl O 2 LSTM i) 58S SPA o=

Tables 29} 3& Aokst 22 Tdl & Al&slo] 7MA} 2 Path
g

https://doi.org/10.11003/JPNT.2025.14.1.1

Table 2. Distance error results for the virtual path.

Metric Pathl Path2 Path3 Path4 Path5
Total distance (km) 36.06 20.32 18.7 16.38 12.59
Distance MSE (kInz) 0.72 0.66 0.80 0.61 0.36
Average error distance (km)  0.70 0.76 0.83 0.74 0.55
Max error distance (km) 3.05 1.41 1.85 1.19 1.32

Table 3. Time error results for the virtual path.

Metric Path1 Path2 Path3 Path4 Path5
Time MSE (25 minute) 1.47  26.89 8.54 297 21.29
Average error time (hours)  0.09 0.43 0.24 0.13 0.38
Max error time (hours) 0.17 0.58 0.33 0.25 0.50
£ 4 9k
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36.06 km& Zu, th2 H2of| vl Y2 LAE &2 Holck vt
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Fig. 8. The overall anomaly detection algorithm process. When Y, is produced by the trained model, m; is calculated using the actual results Y,.,, and m;is
computed for each interval. If the value exceeds the threshold, it is considered an anomaly. The anomaly detection algorithm calculates the time error metric
(m;) by comparing the predicted results (y) from the LSTM model with the actual observed data (y). This comparison is performed using the time column
(c) from both datasets, and the cumulative time error is computed for each interval. The time error metric (m,) is calculated for predefined intervals (e.g., 10
minutes, 30 minutes, or 1 hour) and is evaluated against a predetermined threshold to determine anomalies. If the m; value for a specific interval exceeds
the threshold, that interval is classified as an ‘anomaly’ As depicted in the figure, the anomaly detection algorithm analyzes the overall trajectory data by
evaluating the m; value for each interval, providing a basis for identifying abnormal segments within the trajectory.

Table4. Path scenario.

Scenario Distance  Time Description Path

s1_01
s1_02
s1_03
s1_04
s2_01
s2_02
s2_03
s2_ 04

S1 Normal Normal Normal paths

S2 Normal Anomaly Anomaly paths
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Fig. 9. Anomaly detection algorithm results. (a) to (d) graphs showing the Interval-based m; values calculated by applying the anomaly detection algorithm
to the predicted results Y, and actual results Y, of the normal path, while () to (h) represent graphs based on the predicted and actual results of the
anomalous path. It shows graphs where the y-axis represents the time error metric (m;) and the x-axis represents intervals set at 10-minute intervals. This
reflects the cumulative value (m) calculated based on 10 minutes of data, which corresponds to m; The graphs depict the threshold (0.0091) as a yellow
dashed line and the m; values calculated for each interval as a green polyline. (a) to (d) represent normal path data, with the y-axis range set between 0.001
and 0.009. For instance, in graph (a), the m; value at interval 0 is approximately 0.0063, with a minimum m; value of around 0.0047 and a maximum value of
approximately 0.007. (e) to (h) correspond to anomalous path data, where the y-axis range is set between 0.007 and 0.011. In graph (e), the m; value does not
exceed the threshold until interval 3, after which it surpasses it. Here, the minimum m; value is approximately 0.0086, and the maximum value is about 0.0099.
Additionally, graphs like (f) show cases where m; exceeds the threshold from interval 0.
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