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IMPACT OF TOPOGRAPHIC DATA
ON ELECTRIC VEHICLE ENERGY PREDICTION

Purpose. To assess the impact of sampling frequency and topographic data sources on the accuracy of electric
vehicle (EV) driving energy consumption calculations using standardized test protocols.

Methodology. The study calculates the driving energy consumption of an EV based on a theoretical model that
incorporates the topographic profile of the route and the driving mode defined by the selected test protocol. The
analysis was conducted for several alternative paths of the same route along European roads under varying discretiza-

tion steps and topographic data sources.

Findings. It was established that the sampling frequency and accuracy of topographic data significantly affect the
results of energy consumption calculations. A range of discretization steps ensuring acceptable accuracy while reduc-
ing computational load was identified. Errors for different data sources were quantified depending on the characteris-

tics of the route’s topographic profile.

Originality. The study establishes the relationship between the accuracy of electric vehicle driving energy calcula-tions
and both the sampling frequency and the selected topographic data source, taking into account topographic profile.
Threshold conditions were identified under which increasing the discretization step or using less accurate datasets does

not lead to significant errors.

Practical value. The obtained results enable a well-grounded selection of the optimal discretization step and topo-
graphic data source to improve the accuracy of energy consumption forecasting for passenger EVs during route planning.
Keywords: electric vehicles, route planning, topological profile, WLTP, discretization, topological bases

Introduction. The aim of this study is to perform a
theoretical analysis of the influence of both the source of
route topographic data and the sampling frequency of
the points describing the route on the calculation of
electric vehicle (EV) driving energy consumption.

Topographic data for three alternative routes be-
tween points A and B along European roads were ob-
tained from open-access datasets: SRTM1, SRTM3,
and ODPI.

To evaluate the impact of data type and sampling
frequency on driving energy prediction, one of the
routes was selected, and the effect of varying discretiza-
tion steps on calculation accuracy was analyzed.

The assessment of driving energy consumption was
carried out in accordance with the Worldwide Harmo-
nized Light Vehicles Test Procedure (WLTP).

Based on the results, the relationship between energy
consumption error accumulation and discretization fre-
quency was established. Additionally, the accuracy of
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different datasets was evaluated relative to ODPI for
routes of varying lengths.

Literature review. In recent years, the number of bat-
tery electric vehicles (BEVs) and plug-in hybrid electric
vehicles (PHEVs) has increased significantly worldwide
[1, 2]. This trend is driven by global strategies aimed at
reducing CO: and particulate matter emissions into the
atmosphere. In 2023, approximately one in four newly
sold vehicles globally was electric [3]. In Norway, this
share exceeded 90 %, while in China it approached 40 %
(based on 2023 data). The rate of electric vehicle (EV)
adoption in Norway is the highest in the European re-
gion. This is attributed to a national target set by the
Norwegian parliament, mandating that all new cars sold
by 2025 must have zero emissions (either electric or hy-
drogen-powered) [4]. Overall, the global share of EVs
among all newly sold vehicles in 2023 reached 18 %,
representing a 4 % increase compared to the same peri-
od in 2022.

In parallel with the expansion of the electric vehicle
fleet, the infrastructure of modern cities is evolving [5], and
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related fields are also actively developing. This includes re-
search focused on improving not only environmental but
also technical safety aspects of EV operation [6]

Despite substantial governmental support aimed at en-
couraging consumers to adopt electric vehicles — through
discounts and incentives — the pace of mass adoption is
slowing due to key limitations of EVs, namely their limited
driving range and lengthy charging times [7, 8].

A major distinction between electric vehicles and in-
ternal combustion engine (ICE) vehicles is the presence
of a regenerative braking system. This system enables the
recovery of a portion of the kinetic energy generated
during braking and its return to the electric vehicle’s
battery [9, 10].

Key factors influencing driving energy consumption
include driving modes, road infrastructure, and route
topography [11, 12].

One of the tools that enables users of any type of ve-
hicle to select a route is the interactive Google Maps
service [13]. This platform allows drivers to choose from
three suggested routes, depending on the criterion that
is most relevant to them. By default, the recommended
route is the one with the highest average speed, i.e., the
shortest travel time.

However, the fastest route is not always the most
energy-efficient due to the influence of the aforemen-
tioned factors. For instance, the route’s infrastructure
and the associated driving patterns affect the vehicle’s
energy efficiency regardless of the powertrain type — EV
or ICE [14, 15].

To compare the efficiency of conventional vehicles
and electric vehicles of various models and manufactur-
ers, standardized test protocols are employed [16]. One
such protocol is the WLTP, which includes the Worldwide
Harmonized Light Vehicles Test Cycle (WLTC). De-
pending on the test class, this procedure categorizes pas-
senger vehicle driving into several characteristic speed
profiles: Low, Medium, High, and Extra-High. This clas-
sification reflects differences in driving behavior in urban
areas, suburban traffic, intercity roads, and highways.

The WLTP-based assessment involves testing the ve-
hicle under a specified driving pattern on controlled test
tracks, allowing energy consumption to be measured un-
der those conditions. However, such conditions do not
account for one crucial factor influencing energy use —
the road profile. While the horizontal profile (e.g., curves)
primarily affects speed and therefore energy consump-

tion indirectly, the vertical profile (e.g., inclines and de-
clines) directly influences energy consumption, as it is
associated with changes in the vehicle’s potential energy.

Route profile consideration must account for the
characteristics of the selected route, the vehicle, and the
driving mode. If the driving mode is defined by a stan-
dardized test protocol (e.g., WLTP), it becomes possible
to analytically calculate energy consumption along the
selected route while incorporating its topographic fea-
tures.

Accurate data on the route profile is essential for pre-
dicting EV driving energy losses, as the number of as-
cents and descents, as well as their slope angles, directly
influence the calculation of driving range. The accuracy
of terrain topography reconstruction and the sampling
frequency of the route are key factors that determine the
reliability of the obtained data.

A wide range of open-access topographic datasets is
available globally, including NASA’s SRTM (Shuttle
Radar Topography Mission), Copernicus DEM (Digi-
tal Elevation Model), ALOS World 3D (AW3D30), and
ODPI (Sonny’s LIDAR DTMs), among others. These
datasets differ primarily in three parameters: coverage
area, resolution, and nominal horizontal and vertical
accuracy. These parameters depend on the satellite sen-
sor type and the data acquisition technology [17, 18].

For the calculations in this study, three open-access
topographic datasets were selected: SRTM1, SRTM3,
and ODPI1 [19, 20]. Their nominal characteristics are
presented in Table 1.

The sampling frequency of the route, defined as the
distance between two topographic data points along the
trajectory, determines the accuracy of the reconstructed
route curve on the latitude/longitude plane and the level
of detail in the topographic profile.

A higher sampling frequency ensures better route re-
construction and, consequently, higher accuracy of the
calculations.

Conversely, a low sampling frequency results in dis-
tortion of the route shape, which affects the number and
geometry of turns as well as the identification of the
number and steepness of ascents and descents.

Purpose. The review of the literature indicates that
most authors focus on evaluating electric vehicle energy
consumption while considering various factors that in-
fluence driving efficiency. However, the impact of the
spatial sampling frequency of the route and the choice

Table 1
Characteristics of the Topographic Datasets SRTM1, SRTM3, and ODP1 [19, 20]
= —_
£ 9 . % Nominal | = € &
Dataset -é’ @~ § 2 % g Resolution Sensor Method Vertical é .g §
< —
28128 2| 8 Acourey | 2 2 2
SRTM1 | 2000 | 2003, |[NASA,| 60°N — | Iarc-second |C-band radar Interferometric ~16m@O0%| ~20m
updated | NGA | 60°S land (~30 m) SAR confidence)
2014 areas
SRTM3 | 2000 2003 |[NASA,| 60°N — | 3 arc-seconds | C-band radar Interferometric ~16m@©0%| ~40m
NGA |60°Sland (~90 m) SAR confidence)
areas
ODP1 | 2016— | 2016— |Sonny | Western | 1 arc-second | LiDAR, Airborne Laser ~1-5m ~5-20m
present | present Europe, (~30 m) photogrammetry, | Scanning (ALS) & | (depending
Iceland SRTM fusion SRTM resampling | on source)
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of topographic data source on the accuracy of such cal-
culations has received limited attention.

Since topographic datasets differ in resolution, ac-
curacy, and spatial coverage, these characteristics can
significantly affect the results of EV energy consumption
calculations.

Compared to existing studies, this work proposes an
approach for assessing the accuracy of driving energy
consumption calculations by accounting for both the
route sampling frequency and the selected topographic
data source.

Methods. A method for predicting the most energy-
efficient route among a set of alternatives, considering
topographic characteristics, is presented in [21]. The
described approach allows the selection of a route that
minimizes driving energy consumption.

The calculation is based on the evaluation of natural
resistive forces acting on the electric vehicle along a given
route, while accounting for topographic variations ex-
pressed as the slope angle relative to the horizontal plane.

The input topographic data include elevation above
sea level (m) and coordinates (latitude/longitude, °),
which are exported from the open-source mapping ser-
vice GPS Visualizer [22]. The step size of either fixed or
adaptive sampling (i.e., the distance between data
points) is determined by the source of the input data.

The latitude and longitude geodata are exported
from Google Earth (GE) and remain constant through-
out the calculation cycle. To generate datasets with dif-
ferent fixed sampling intervals (1, 2, 5, and 10 meters),
intermediate points between the base GE coordinates
were computed using linear interpolation.

The topographic data are then aligned with the in-
terpolated coordinates using the GPS Visualizer service,
which utilizes the array of latitude/longitude points as
input. Elevation values for the selected route are re-
trieved from open-access topographic datasets: ODPI,
SRTM1, and SRTM3.

h.—h,
0. = : i i1 .
) arcsm( AL ] (1)

The slope angle over a segment of length /; between
two consecutive points at the selected discretization step
can be determined using the latitude and longitude of
the (i — 1)" and i route points, along with their respec-
tive elevations 4,_; and A, according to Equation (1).

A= (FU,i) v FD, DI (2)

The mechanical work over the corresponding i seg-
ment of length /; is calculated using Equation (2). De-
pending on the sign of the slope angle, the average me-
chanical resistive force is defined as follows: for a posi-
tive angle, Fy; ; is applied (uphill resistance); for a nega-
tive angle, F) ; is applied (downhill resistance).

A=A, =Y (Fy vyl 3)

The total mechanical work along the entire route
(path) is calculated using Equation (3), J/m

1 1

w, :L_ZA,- :L_Z(FUJ v Ep =
, 1 v 4)

LS A

where Ay ; = Fy ; is the work required to overcome the
mechanical resistive force Fy; ; when moving uphill along
the /" segment of the route; Ay, = Fp /; is the work re-
quired to overcome the mechanical resistive force Fp ;
when moving downhill along the i segment of the route.

The specific work along the route, calculated over
the total profile length L, = ZIi, is determined using
Equation (4).

To obtain the values of A, ; or Ap ;, the methodology
presented in [21], can be applied for any driving mode
defined by a test cycle. The relationship between the spe-
cific mechanical energy consumption and the road slope
angle for a Nissan Leaf AZEQ passenger electric vehicle
under the WLTC Class 3b test cycle is provided in [21].
The calculations were performed under conditions of no
wind and maximum tire—road adhesion. The energy re-
covered during regenerative braking was not considered
in the calculation of specific energy consumption.

Additionally, centrifugal forces acting on the vehicle
during cornering were also neglected.

Results. Influence of route profile sampling frequency
on driving energy consumption calculation. To describe
the route, including its curvature, Google Earth em-
ploys an adaptive discretization algorithm that increases
the number of points in curved sections and reduces
them in straight segments.

The use of a constant discretization step is an alter-
native route description method, in which a fixed inter-
val between points is set from a predefined range. In this
study, the following set of fixed sampling intervals was
selected to evaluate the impact of discretization step on
driving energy consumption calculations: 1, 2, 5, 10, 20,
50, 100, 200, 500, and 1,000 meters.

The calculation results obtained for adaptive discret-
ization and various fixed step values are compared
against the results for the 1-meter discretization step.
This value is selected as the reference, as it provides the
most accurate representation of both the route shape
and the topographic profile due to the smallest spacing
between points in the entire set.

To assess the impact of sampling frequency on en-
ergy consumption calculations using the proposed
methodology [21], three alternative route paths between
points A and B, suggested by the Google Earth service,
were selected.

The route through the city of Thun, Switzerland,
shown in Fig. 1, is plotted between point “A” (46.76172,
7.599228) and point “B” (46.717836620971305,
7.553759509185305), and includes three alternative
ways: R1-R3. The parameters of these alternative ways
are presented in Table 2.

The calculation results for the specified range of dis-
cretization steps, excluding the effect of centrifugal forc-
es acting on the electric vehicle during cornering, are
presented in Table 3. The calculations were performed
using the parameters of the Nissan Leaf AZEO BEV ve-
hicle operating under the standard WLTC Class 3b driv-
ing cycle.

Fig. 2 presents the route projection on the latitude/
longitude plane. Discretization steps of 2—50 meters, as
well as the adaptive discretization used by Google Earth
(GE), result in route Iength deviations within the range
0f 0.02—0.084 km. The route shape on the latitude/lon-
gitude plane and the topographic profile (Fig. 5) show
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Fig. 1. Selected route, where A and B are the start and

end points of the route, and Way R1—Way R3 repre-
sent the alternative ways
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Table 2

Parameters of the alternative ways (Way R1—Way R3)
of the route

Way L, km t,, min V.., km/h
R1 9.5 12 47.5
R2 9.9 14 42.4
R3 11.7 14 50.2

Where: L,, — way length, m; V,,, — average speed, km/h;
t, — stated travel time for the way, min

only minor deviations compared to the 1-meter refer-
ence step. In these cases, the error in driving energy cal-
culation ranges from 4.451 to 8.629 % (Table 3).

For discretization steps of 100—1,000 meters, the
route length difference increases to 0.143—1.156 km,
while the error in driving energy calculation ranges from
8.629 to 16.139 %.

Within this range, the topographic profile (Fig. 5)
and route trajectory (Fig. 3) are significantly distorted
compared to the 1-meter discretization. This distortion
is caused by a reduction in the number of identified
turns (Figs. 3, 4) and the omission of local ascents and
descents.

The analysis of the logarithmic scale of discretiza-
tion step variation (Fig. 6) for Way R1 shows that the

Way R1
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Fig. 2. Way R1with fixed discretization steps: 1, 2, 5, 10, 20,
50 meters, and adaptive discretization by Google Earth

Way R1
46,765

46,76 /

46,755

46,75 = /
—
46,785
46,735

N
46,73 /\
o

74

——1m
——100m
——200m

latitude
&
3

——500m
——1000m
Google Earth

46,725

==
46,72 % s,

46,715

7,55 7,555 7,56 7,565 7,57 7,575 7,58 7,585 759 7,595 76 7,605
longitude

Fig. 3. Way RI with discretization steps: 100, 200, 500,
1,000 meters, and Google Earth adaptive discretization

gradient of change in mechanical driving energy within
the 10—100-meter interval differs significantly — by a
factor of 3 to 3.5 — from that observed in the 1—10 meter
and 100—1,000-meter intervals.

Moreover, the error within the 10—100-meter range
does not exceed 2.17 % relative to the value at the 10-me-
ter step.

Table 3
Electric vehicle driving energy consumption for different discretization steps along Way R1
Step, m | L, km | AL,, km | A, k) | AA,, K] | Error, %
Adaptive discretization
GE | 9.509 | —0.025 | 8246828 | 568,678 | 6.45
Fixed discretization
1 9.484 0 8,815.506 0 0
2 9.482 0.002 8,417.617 397.889 4.451
5 9.478 0.006 8,297.885 517.621 5.871
10 9.47 0.014 8,246.892 568.614 6.45
20 9.46 0.024 8,178.532 636.973 7.22
50 9.4 0.084 8,126.622 688.884 7.814
100 9.341 0.143 8,054.756 760.75 8.629
200 9.077 0.407 7,898.979 916.528 10.396
500 8.779 0.705 7,655.416 1,160.09 13.159
1,000 8.328 1.156 7,392.726 1,422.78 16.139
L,, — total way length, km; AL,, — difference in work-related length, kJ; A, — total mechanical driving energy along the way, kJ;
AA, — difference in mechanical driving energy, kJ; Error — deviation relative to ODP1 dataset, %
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Fig. 4. Segment of Way R1 with discretization steps: 100,
200, 500, 1,000 meters, and Google Earth adaptive
discretization

Way R1 - Topology

Altitude, m

s
Distance, m

Fig. 5. Variation of the topographic profile of Way RI de-
pending on the discretization frequency

Relative to the reference mechanical driving energy
obtained with a 1-meter discretization step, the result for
the 100-meter step shows an error of approximately 8.6 %.

Thus, selecting a discretization step within the range of
10—100 meters ensures that the error remains below 8.6 %.

Impact of the route topography dataset on driving en-
ergy consumption calculation. In addition to route dis-
cretization frequency, the source of topographic data
also affects the accuracy of driving energy calculations.

The impact of different topographic data sources on
the results for Ways R1—R3 (Fig. 1) is assessed using the
methodology from [21] for the Nissan Leaf AZEQ elec-
tric vehicle.

The calculation results based on three open-access
topographic datasets — ODP1, SRTM1, and SRTM3 —
are presented in Table 4.

The distribution of driving energy along the entire
Way R1, depending on the topographic profile, is shown
in Fig. 8. An analysis of the elevation profile reveals sig-
nificant discrepan-cies—approximately 10—20 meters—
in altitude values along certain segments of the route.

A specific segment of Way R1 from Fig. 8 is shown
sepa-rately in Fig. 9.

The results of electric vehicle driving energy con-
sumption calculations along Way R1 are presented in
Table 4. The error was calculated relative to the refer-
ence data from the ODP1 dataset.

Based on the calculation results (Table 4), it can be
concluded that differences in the topographic profile
shape along Way R1 with a total length of 9.5 km
(Fig. 8), caused by variations in topographic data, lead
to an error of approximately 1.9 %.

However, when analyzing the results for a 0.581 km
segment of Way R1 (Fig. 9), which exhibits significant
discrepancies in the elevation profile, the error increases
to 10.68 % for the SRTM3 dataset (Table 5).

The error in driving energy calculation for Way
R2 (Fig. 10), which has a total length of 8.57 km (Ta-
ble 4), is approxi-mately 2 % relative to the ODP1
dataset. When examining the results for a 0.478 km
segment of Way R2 (Fig. 11), consistent differences in
the topographic profile are observed during the uphill
section, with variations ranging from 6 to 10 meters
above sea level.According to the calculation results (Ta-

Logarithmic scale
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1 10 100
Discretization, m
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Fig. 6. Logarithmic scale of discretization step variation
versus driving energy consumption
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——Driving energy ,kl ——Error,%

Fig. 7. Accumulation of driving energy calculation error
with respect to discretization frequency

Table 4
Driving energy calculation results for Ways R1—R3 using the ODP1, SRTM1, and SRTM3 datasets
Way R1 Way R2 Way R3
Database A, kI | Error, % | L,,km | A,kI | Error, % | AL,,km | A,kI | Error, % | AL,, km

ODPI1 8,248.29 0 8.24 8,570.81 0 8.57 9,709.58 0 9.7
SRTM 1 8,287.03 0.469 8,588.62 0.207 9,859.19 1.54
SRTM3 8,404.07 1.888 8,599.50 0.334 9,714.81 0.05
A, — total mechanical driving energy along the way, kJ; Error — deviation relative to the ODP1 dataset, %; L,, — total way
length, km
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Fig. 8. Driving energy distribution along Way R1 for the ODP1, SRTM 1, and SRTM3 datasets
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Fig. 9. Driving energy distribution along a segment of Way
R1 for the ODPI, SRTM1, and SRTM3 datasets

ble 6), such variation results in an error of approximate-
Iyl %.

According to the calculation results (Table 6), such
variation results in an error of approximately 1%.

The driving energy calculation results for Way R3,
with a total length of 9.7 km (Fig. 12) show an error of 1.54
% (Table 4). For a 0.228 km segment of Way R3 (Fig. 13),
which is characterized by a consistent difference in the
topographic profile (4.9—5 meters) while traveling over
flat terrain without pronounced ascents or descents, the
error of other datasets relative to ODP1 is 1.1 % (Table 7).

Differences in the topographic profiles of the SRTM 1
and SRTM3 datasets relative to ODP1 over route lengths

Altitude
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Altitude above sea level
630

610

590

570

550

530

510

490

470

450

430

W2#0DP1,SRTM1,SRTM3

Table 5
Driving energy calculation results for the selected
segment of Way R1
Way R1
Database
A kJ Error, % L,,, km
ODP1 1,616.02 0 0.581
SRTM1 1,609.76 —0.387
SRTM3 1,788.77 10.689
A,,, — total mechanical driving energy along the route
segment, kJ; Error — percentage deviation relative to the
ODPI dataset, %; L,,, — total length of the route segment, km

Table 6
Driving energy calculation results for the selected
segment of Way R2
Way R2
Database
Ay KJ Error, % L,,, km
ODP1 1,455.53 0 0.478
SRTM1 1,468.74 0.908
SRTM3 1,447.51 —-0.55
A,,, — total mechanical driving energy along the route
segment, kJ; Error — percentage deviation relative to the
ODPI dataset, %; L,, — total length of the route segment, km
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Fig. 10. Driving energy distribution along Way R2 for the ODP1, SRTM 1, and SRTM3 datasets
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Fig. 11. Driving energy distribution along a segment of
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Table 7

Driving energy calculation results for the selected

W3#0DP1,SRTM1,SRTM3

segment of Way R3
Way R3
Database
A, kI Error, % L,,, km
ODPI 1,868.35 0 0.228
SRTM1 1,868.19 —0.00861
SRTM3 1,889.25 1.1189
A,, — total mechanical driving energy along the route
segment, kJ; Error — percentage deviation relative to the
ODPI dataset, %; L,,, — total length of the route segment, km
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Fig. 12. Driving energy distribution along Way R3 for the ODP1, SRTM 1, and SRTM3 datasets

of 8.24—9.7 km result in an error not exceeding 1.9 %
(Table 4). On shorter route segments ranging from 0.228
to 0.581 km, the largest deviations in the topographic
profile are observed for the SRTM3 dataset.

When the profile deviation remains consistent over
flat terrain, the error does not exceed 1.1 %, and dur-
ing uphill sections, it remains below 0.98 %. The high-
est recorded error—approximately 11 % — was ob-
served on a segment with an incline and significant
peak elevation deviations (10—20 meters) in the topo-
graphic data.

Conclusions.

1. The most accurate value of mechanical work for
traversing Way R1 is obtained with the smallest discreti-
zation step, which in this case is 1 meter. Notably, the
adaptive discretization step used by the GE dataset (for
the selected route) demonstrates accuracy comparable
to that of a fixed 10-meter step.

2. Considering the gradient of change in driving en-
ergy across the selected range of discretization steps, it
can be noted that choosing a step within the 10—100-me-
ter range results in an error no greater than 2.17 % rela-
tive to the value obtained at a 10-meter step, and up to
8.6 % relative to the reference driving energy calculated
with a 1-meter discretization step.

3. Selecting a discretization step within the range of
10—100 meters is reasonable from the standpoint of re-
ducing the computational load on the system, which in-
creases as the step size decreases.

4. The error of the SRTM1 and SRTM3 datasets
relative to ODP1 does not exceed 1.9 % on route seg-
ments ranging from 8.24 to 9.7 km in length, but may
increase to 10.68 % on shorter segments
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Fig. 13. Driving energy distribution along a segment of
Way R3 forthe ODPI1, SRTM 1, and SRTM3 datasets

(0.228—0.581 km) characterized by significant peak dif-
ferences in elevation profile during uphill and downhill
movement. The largest deviations in the topographic
profile — and consequently the highest errors in driving
energy calculation — are observed for the SRTM3 data-
set, which is due to its lower resolution. SRTM 1, while
having a broader spatial coverage (compared to both
SRTM3 and ODP1), spans nearly the entire land sur-
face of the Earth. Considering the error level ranging
from 0.908 to 3.387 % relative to ODP1 on both long
and short route segments, SRTM1 can be considered
sufficiently accurate for predicting driving energy con-
sumption in the selected region.
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BB TOMOMOTiYHMX JAHWUX HA MPOTHO3YBAHHS
eHeprii pyxy eJeKTpoMooiisa
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HauionanpHuii TeXHiYHUIN yHiBepcuTeT «/IHiMmpoBchbKa 1o-
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Meta. OUiHUTY BIUIMB YaCTOTU ITMCKPETHU3ALlil Ta
JKepesa TomorpadiuHuX AaHUX Ha TOYHICTh pO3pa-
XYHKY BUTpPAT €HEPril pyXy eJ1eKTPOMOOLIS i3 BUKOPUC-
TaHHSIM CTaHIAPTHUX IIPOTOKOJIiB BUIIPOOYBaHb.

Metoauka. Y poOOTi 31iliCHEHO PO3paxXyHOK eHep-
Til pyxy eJeKTpoMOOijisi Ha OCHOBiI TEOPETUYHOT MOJIe-
JIi, 1110 BpaxoBye TororpadiyHuil npodiib MapuipyTy
i pexXuM pyXy BIiAIMIOBITHO OO OOPaHOrO TECTOBOIO
MPOTOKOJTY. AHaJTi3 MPOBENECHO ISl KiJTbKOX aJIbTepHA-
TUBHUX WIUISIXiB OTHOTO MAapIIpyTy €BPONEHCHKIMU
JIOpOoraMM 3a pi3HUX 3HAYeHb KPOKY MTMCKPETU3allil Ta
JKepes TonorpadiyHuX JaHUX.

Pe3ynbTaTi. BcTaHoBIEHO, 1110 YacTOTa TUCKPETHU-
3allil i1 TOUYHICTh TororpadiyHuX JAHUX CYTTEBO BIUIM-
BalOTh Ha pe3yJIbTaTU PO3paxyHKy eHeprii pyxy. Bu-
3HA4YEeHO Jiialla30H KPOKiB IMCKpeTU3allii, 1110 3a0e311e-
YYIOTh NIPUMHSITHY TOYHICTh 32 YMOB 3HIKCHOIO 00-
YUCITIOBAILHOTO HaBaHTaxXKeHHS. OOUMCICHI TTOXUOKI
IJIST Pi3HUX IKepesl JaHWX 3aJIesKHO Bill XapaKTepy TO-
norpacdiyHOro Npodiato MapupyTy.

HaykoBa HoBM3HA. BcTaHOBIeHa 3ajieXHICTh
TOYHOCTI PO3paxXyHKY BUTPAT €HEPTil pyxy eJIeKTpo-
MOO0iJs Bif yacTOTU AUCKpeTu3allii i 00paHoro axe-
pesia TororpadiyHUX TaHUX 3 ypaxyBaHHSIM DeEJIbe-
¢y micueBocti. BusHaueHi rpaHUYHiI YMOBH, 3a IKUX
301JIBLIEHHST KPOKY IMCKpeTr3allii abo BUKOPUCTaH-
HSI MEHIII TOYHUX 0a3 HE CIPUIYUHSIE CYTTEBUX I10-
X1OOK.

IIpakTHana 3HauMMicTh. OTpUMaHi pe3yJbTaTH I0-
3BOJISTIOTH OOTPYHTOBAHO OOMPATH OIITUMAIBLHUI KPOK
MUCKPETU3allil Ta Kepeso TornorpadiyHuX JaHUX I
T IBUIICHHST TOYHOCTi IIPOTHO3YBAHHS €HEPTOCIIOXM -
BaHHsSI JIETKOBOTO €JIEKTPOMOOiIST TIia 4Yac BHOOpY
MapuipyTy.

KimouoBi ciioBa: esexmpomobins, nianyeanus mapui-
pymy, monoaoeiunuii npogine, WLTP, duckpemu3sauyis,
mononoeiuHi 6azu
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