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PERFORMANCE EVALUATION OF SCENE LOADING OPTIMIZATION
IN A WEBAR APPLICATION

Abstract. Relevance. WebAR is rapidly evolving, however, it faces the challenge of high computational loads on devices.
The synchronous loading of heavy 3D models during scene initialization often leads to delays and blocks the browser's main
execution thread. Applying comprehensive optimization methods (such as transitioning to the GLB format and utilizing
Draco geometry compression) is crucial for ensuring stability, yet their implementation requires an objective quantitative
evaluation. The aim of this study is to evaluate the performance of WebAR application scene loading optimization during
the initialization stage. The object of the research is the initialization and 3D content loading process within a client WebAR
application running on a laptop. The subject of the research encompasses the performance metrics of the WebAR applica-
tion's optimization methods. Conclusion. Based on the results of instrumental profiling, the high efficiency of transitioning
to the GLB format and employing Draco compression has been confirmed. A 47.7% reduction in the peak allocated JS Heap
memory was recorded. The overall scene initialization time was reduced by 30.5%, dropping from 4749 to 3298 ms. Further-
more, the main thread idle time was significantly decreased by 45%, and the parsing phase duration by 66.2%, which suc-

cessfully eliminated critical bottlenecks in the 3D asset preparation pipeline.
Keywords: web, augmented reality, webAr, performance evaluation, optimization, Draco, Angular.

Introduction

Relevance. Digital technologies have become an
integral part of modern society, transforming the ways
we communicate, learn, and consume information. One
of the most dynamic technologies is augmented reality
(AR), which combines virtual digital content with the
physical environment in real-time, providing a new level
of interactivity [1, 2]. WebAR technology, which imple-
ments augmented reality functionality directly through a
web browser, has experienced significant development.
This approach lowers barriers to entry for users and sim-
plifies the integration of 3D content into digital services,
shaping a trend where web resources with AR capabili-
ties are becoming the new standard of interaction [3-5].

Despite a number of significant advantages, We-
bAR is characterized by an increased computational load
on the client device. The fundamental contradiction lies
in the fact that underlying web technologies were primar-
ily created to handle 2D content, whereas WebAR re-
quires the continuous execution of resource-intensive op-
erations: 3D graphics processing and spatial tracking. Im-
plementing these processes through standard browser
mechanisms leads to a decrease in performance, mani-
fested by a drop in frame rates, blocking of the main ex-
ecution thread, and an overall inefficient use of hardware
resources [6-9]. Significant rendering delays mostly
arise from the use of excessively large 3D models and
synchronous data exchange mechanisms. In this mode,
the client is forced to wait for the transmission of the en-
tire model to complete before its initialization, which,
combined with the instability of mobile networks, can
lead to critical freezing of the application interface.

The solution to this problem is the optimization of 3D
content and loading architecture. Utilizing compression
technologies significantly reduces file sizes, improving the
efficiency of their transmission through the browser. From
the perspective of rendering performance, the gITF format
and its binary variant, GLB, ensure the most efficient scene
loading. To maximize results, these formats are combined

with the Draco algorithm, which employs quantization and
delta encoding for the spatial compression of geometry
vertex attributes [10, 11]. Furthermore, transitioning to an
asynchronous data transmission method eliminates net-
work congestion, allowing information to be processed in
chunks and avoiding blocking [12].

However, the theoretical justification and practical
implementation of such optimization solutions require an
objective quantitative evaluation of their actual effective-
ness. Traditionally, analyzing the performance of a web
application relies on examining key web metrics: total
loading time, interface responsiveness, and the efficient
utilization of hardware resources. For WebAR applications,
the most resource-intensive stage is the direct initialization
of the scene, during which the browser simultaneously pro-
cesses large volumes of geometric data and configures the
graphics pipeline [13-16]. It is at this very stage that the
highest risk of blocking the main execution thread arises.
Consequently, a systematic verification of the extent to
which integrated optimization methods can reduce this load
becomes particularly relevant as a primary condition for
ensuring the stability of modern WebAR applications.

In view of the above, the aim of this work is the
comprehensive evaluation of optimization performance
and the identification of computational load distribution
patterns during the initialization of WebAR applications,
utilizing deep browser profiling tools.

The scientific novelty of the obtained results lies in
the improvement of the 3D content preparation and initial-
ization pipeline for WebAR applications. Unlike existing
approaches, a comprehensive combination of a monolithic
binary format (GLB) and spatial compression algorithms
(Draco) has been applied, which made it possible to alter
the load profile on the browser engine. The method for
evaluating the performance of web-based AR systems has
been further developed: through deep instrumental profil-
ing, it has been quantitatively proven that the proposed op-
timization not only reduces the overall loading time but
also radically eliminates computational bottlenecks, pre-
venting the main execution thread from blocking.
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The object of the research is the initialization and
3D content loading process within a client-optimized
WebAR application running on a laptop.

Implementing scene loading optimization

The operational efficiency of WebAR applications
directly depends on the speed of 3D scene initialization
and the minimization of network latency, particularly
when utilizing mobile internet connections. The process
of loading and processing heavy 3D assets frequently be-
comes a bottleneck, leading to significant user wait times
or the blocking of the browser's main execution thread.
To address this issue, a comprehensive approach has
been developed and implemented, combining a change in
the data transmission format with the application of geo-
metric compression algorithms on the server side. The
technical implementation of the proposed optimization
encompasses two key levels: structural and algorithmic.

At the structural level, the binary GLB format was
selected instead of the standard multi-file gITF format.
This solution enables the encapsulation of all model com-
ponents, including geometry, textures, and material de-
scriptions, into a single monolithic file. The primary ad-
vantage of this approach lies in the reduction of HTTP
requests to a single one, which radically decreases the to-
tal server response wait time, especially under the condi-
tions of unstable mobile networks. Furthermore, GLB
format binary data is processed and parsed by the
browser significantly faster, as it is transmitted in a for-
mat that is maximally close to its native representation in
the GPU memory.

The algorithmic level of optimization is aimed at
minimizing the payload volume during data transmission
over the network. To achieve this, a 3D geometry com-
pression mechanism has been implemented on the
backend utilizing the Draco library. This method allows
for the significant compression of topological data, such
as vertex coordinates, indices, and normals, without any
loss in the visual quality of the objects. The decompres-
sion process of the received files on the client side is ex-
ecuted using WebAssembly modules, ensuring high-
speed operations directly within the web environment.

The applied combination of structural and algorith-
mic solutions ensures a faster initialization speed for the
WebAR application, even when handling large 3D models.

Methodology

The performance evaluation of the optimized We-
bAR application, developed using Angular 19 and the A-
Frame 1.7.1 library, was conducted using Chrome Dev-
Tools. A Location AR scene featuring a reference 3D
model was selected for testing. The initial size of the test
asset in the gITF format was 16.4 MB. To test the opti-
mized version of the WebAR application, this same
model was preliminarily converted into the binary GLB
format. The file size of the converted GLB asset is 11.8
MB; it is this optimized asset that serves as the target ob-
ject for subsequent performance profiling.

Given that the maximum load on the application oc-
curs during scene initialization and loading, the research
focuses exclusively on this stage. CPU utilization within
the context of the web page was selected as the primary

metric for performance evaluation. Because the Chrome
DevTools instrumentation process inherently introduces
additional overhead, each test scenario was executed 10
times. The run with average values was selected for fur-
ther analysis.

Testing was conducted on a Lenovo Legion S7 lap-
top. The test device is equipped with an AMD Ryzen 9
6900HX processor (8 cores, 16 threads, 3.3 — 4.9 GHz),
16 GB of RAM, and operates on the Windows 11 operat-
ing system.

To ensure the objectivity and reliability of the ex-
perimental performance results for the client application
featuring augmented reality elements, the testing process
was conducted under conditions that closely approximate
a real-world operating environment. For this purpose, the
deployment of both the server and client components of
the software system was carried out on remote servers.
This approach eliminates the specific optimizations in-
herent to a local development environment and accounts
for actual network latencies during the transmission of
large volumes of data, such as 3D models and high-reso-
lution textures.

Given that the target platform for augmented reality
applications is predominantly mobile devices, which fre-
quently operate under unstable wireless connection con-
ditions, the preparation for testing included the manda-
tory application of an artificial network bandwidth throt-
tling method. A network bandwidth limit of 6 megabytes
per second was applied for both incoming and outgoing
traffic. This bandwidth metric reflects the typical operat-
ing conditions of mobile devices within fourth-genera-
tion (4G) communication networks.

Experiment

To minimize the impact of external factors on the
measurement results, a device preparation procedure was
implemented. Prior to testing, a full system reboot was
performed to clear the RAM and force the termination of
background processes. The display brightness parameter
was fixed at 80%. All third-party applications were deac-
tivated; within the web browser, only the tab containing
the WebAR application remained active.

Following the preparatory stage, the data collection
procedure was implemented, which entailed executing a
series of ten consecutive iterations of recording the per-
formance profile via the Performance tab interface in
Chrome DevTools. The experimental scenario encom-
passed the complete cycle of loading and initializing the
geolocation-anchored WebAR scene.

Upon the completion of each measurement, trace
files were exported, containing detailed metrics — specif-
ically, the time expended on Scripting, System processes,
Rendering and Painting. In addition, the total scenario re-
cording time and JavaScript heap allocation dynamics
were recorded.

To select the most representative sample for subse-
quent analysis, a comparison of the peak JS Heap
memory usage values and the durations of key processing
stages was conducted. It is important to note that the To-
tal metric also accounts for system idle periods. The ob-
tained quantitative data have been systematized and are
presented in Table 1.
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Table 1 — Test result of the optimized version on the Lenovo Legion S7 device

Test JS Heap (peak), mb | Scripting, ms System, ms Rendering, ms Painting, ms Total, ms
1 20,6 1285 967 7 0 5839
2 21,3 1487 945 29 29 5779
3 24 1495 920 29 29 5749
4 24,8 1458 947 31 30 5915
5 31,1 1339 795 31 30 5735
6 24 1432 837 32 30 5773
7 35,2 1366 834 31 31 5737
8 23,9 1343 773 28 27 5752
9 27,1 1294 839 30 29 5819
10 24 1326 783 29 29 5794
Selection of a representative recording Table 2 — Indicator values based on Tukey's method
To identify the most representative record among . . Q1 (3rd Q3 (8th
the ten obtained results, the normalized deviation method Metric Median element) | element) IQR
was employed. This approach objectively determines JS Heap 24 23,9 27,1 3,2
which test run most closely aligns with the average exe- Scripting 1354,5 1326 1458 132
cution conditions. For each test, the normalized deviation System 838 795 945 150
was calculated using the following formula: Rendering 29,5 29 31 2
|X;i— Mej| Painting 29 29 30 1
Score; = X~ 0z~ @)  [Total 5776 5749 5819 70

where X;; is the value of the jth metric for the ith test;
Me; - the median of the corresponding metric; IQR; is the

interquartile range of this metric.
The interquartile range is calculated by the formula:

IQR = Q3 - Q1, (2)
where Q1 is is the 25th percentile (lower quartile); Q3 is
is the 75th percentile (upper quartile).

For a sample size of n = 10, the calculation was per-
formed using Tukey's method: the ordered dataset was di-
vided into two equal halves of 5 elements each. In this case,
is determined as the median of the first half of the dataset —
the 3rd element in the ordered list — while Q3 is determined
as the median of the second half, the 8th element. Based on
Tukey's method, basic statistical parameters were deter-
mined for each metric. The results of identifying the median,
Q1, Q3 and calculating the IQR (2) for each column are pre-
sented in Table 2. The result of calculating the normalized
deviation (1) for each test is given in Table 3.

1st / 3rd party Transfer siz

friby

101 kB

5.0 kB

Table 3 — Normalized deviation of tests on Lenovo Legion S7

Test Score Test Score
1 43,5990 6 2,8866
2 2,8537 7 6,9209
3 2,2468 8 3,6446
4 5,4965 9 2,2980
5 4,9586 10 1,0897

The obtained values showed that Test No. 10 has
the lowest normalized indicator, indicating a minimal de-
viation from the median characteristics. Accordingly, this
record was chosen as representative for further compari-
son between devices.

Analysis of a representative recording

The representative trace, obtained in the Perfor-
mance tab of the Chrome DevTools suite, is shown in
Fig. 1.

Main thread time v &

Fig. 1. Representative recording
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For the analysis, the application initialization period
was considered; therefore, the intervals at the beginning
and end of the record were excluded. The main visual
metrics include: the CPU activity graph at the top of the
figure, the Main thread where function calls are recorded,
and the Summary pane.

The Summary pane indicates that the total recording
time is 3.29 s, of which 1.21 s is allocated to Scripting,
1.42 s to Idle, 0.61 s to System overhead, 0.02 s to Ren-
dering, and 0.01 s to Painting. These data are presented
as a diagram in Fig. 2. Loading and Painting are not con-
sidered in the detailed breakdown, as they account for
less than 1% of the total time. Thus, the largest share is
occupied by system downtime (ldle) with a metric of
43%, followed by the Scripting process (37%).

The CPU graph is conditionally divided into four
intervals (Fig. 3), two of which demonstrate a high load
on the processor, as evidenced by the fully filled areas.
The unhighlighted intervals were excluded, as they do
not directly relate to the initialization of the application.

Firstinterval

1.876 ms

Second interval

Rendering
1%

System
19%

Idle
43%

Scripting
37%

Fig. 2. Process diagram when loading an application

The initial profiling stage, spanning the time inter-
val from 0.491 to 0.924 seconds, is characterized by a
high computational load driven by the initialization of the
client application components. The majority of this time,
specifically 0.354 seconds or over 80% of the interval's
duration, is allocated to Scripting.

(GiiREEREIND Fourth interval

3.876 ms

Fig. 3. Dividing a recording into intervals

The longest duration, at 135 milliseconds, was rec-
orded in the Unattributed category. According to the anal-
ysis, this corresponds to the execution of native code by
the JavaScript engine; however, due to the specific optimi-
zation features of the Angular framework, the profiler is
unable to identify these calls in greater detail. The second
most significant operation is the initialization of the A-
Frame spatial library, which lasts 119 milliseconds.

The subsequent stage lasts from 0.924 to 3.25 sec-
onds and is distinguished by moderate computational in-
tensity. The main thread remains in an idle state for 1.302
seconds, accounting for 56% of the interval's time. Such
a low processor load is explained by the wait for the net-
work transmission of the 3D model from the server.
Computational activity during this phase is limited to
non-blocking operations for reading the input stream and
executing background processes.

The third phase, spanning from 3.25 to 3.6 seconds,
is dedicated to processing the received model data. The
load on the main thread increases, with Scripting occu-
pying nearly 39% of the time. The parsing of binary data
and its translation into internal scene structures take place
during this period. Simultaneously, the garbage collector
is activated, optimizing RAM usage down to 8 mega-
bytes. Background thread pools are also initialized, facil-
itating the parallel decoding of resources and effectively
offloading the main thread.

At the final stage, within the interval from 3.6 to
3.78 seconds, the actual rendering process occurs. A peak
CPU load is recorded here, with 87% of the time allo-
cated to Scripting. Basic rendering methods, shader pro-
gram compilation, the uploading of textures to video
memory, and the final visualization of the object are iden-
tified within this phase.

Thus, the entire loading process is decomposed into
four sequential stages: client environment initialization,
lasting 0.433 seconds; a network wait period, lasting
2.326 seconds with predominant system idle time; data
parsing and structuring, taking 0.350 seconds and utiliz-
ing multi-threaded optimization; and the final phase of
graphics preparation and rendering, lasting 0.180 seconds
with a peak load on the main thread.

Load estimation

To determine the most demanding stage of WebAR
application initialization, four intervals were chosen: ini-
tialization, loading, parsing, and rendering. The load in-
dex for each interval was calculated using the formula:

Load = ~2%2 4 100%, )

total
where Ty, is total time the main thread performed any
tasks (Scripting, Rendering, Painting, System); Tipra; IS
total interval duration.
The calculation results are given in Table 4.

Table 4 — Processor performance characteristics at key initialization stages

Ne Stage Interval, s Tiotar, Ms Thysy, ms Idle, ms Load, %
1 Initialization 0.491-0.924 434 425 9 97,9%
2 Loading 0.924-3.25 2328 1025 1303 44,0%
3 Parsing 325¢-3.6 354 242 112 68,4%
4 Rendering 3.6-3.78 188 184 4 97,9%
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The highest density of computational operations
within the optimized profile is exhibited by the initializa-
tion and rendering stages, where peak CPU utilization val-
ues are recorded at 97.9% (Fig. 4). Despite the brief overall
duration of these phases, amounting to 434 and 188 ms re-
spectively, the processor has virtually no idle time. These

100
90
80
70
60
50

40
30
20
10

0

Initialization Loading

stages demonstrate identical utilization metrics but differ
in the nature of their operations: during the initialization
phase, the processor is primarily engaged in JIT compila-
tion and the execution of library JavaScript code, whereas
during rendering, the primary load is attributed to interact-
ing with the graphics engine and frame preparation.

Parsing Rendering

Fig. 4. Percentage load graph of intervals

The third interval, which corresponds to the parsing
stage, is characterized by a utilization level of 68.4% over
a total duration of 354 ms. The presence of 112 ms of idle
time during this stage indicates the successful optimiza-
tion of the 3D model's binary data deserialization and in-
memory object processing. This facilitated the elimina-
tion of the severe main thread blocking inherent in the
baseline version of the application.

As expected, the Loading stage remains the least re-
source-intensive, with a utilization metric of 44.0%. This
distribution is due to the fact that network bandwidth acts
as the limiting factor during this interval; consequently,
the processor's main thread spends more than half of the
phase's total duration — specifically, 1303 ms — in an idle
state, waiting for data.

Thus, in the optimized version, the highest compu-
tational load is observed during the fourth interval, Ren-
dering, whereas the Loading stage is the least demanding
and exhibits the highest idle time.

Performance benchmarking

To objectively evaluate the effectiveness of the pro-
posed approaches for optimizing WebAR scene loading,
it is advisable to conduct a comparative analysis of the
obtained experimental data. The performance metrics of
the baseline application version were selected as the
benchmark for comparison. This enables a quantitative
assessment of the performance gain and the reduction in
the load on the device's hardware resources.

The primary criteria for comparison are the peak al-
located memory and the distribution of processor time
among native code execution, system calls, and main
thread idle time. The summarized instrumental profiling
results for both architectural solutions are presented in
Table 5.

The conducted comparative analysis of the perfor-
mance profiles of the baseline and optimized application
versions demonstrates a significant increase in the overall

efficiency of WebAR scene initialization. Overall, the
implemented architectural changes ensured a more effi-
cient utilization of computational resources and elimi-
nated blocking factors within the 3D asset preparation
pipeline. A major achievement is the substantial reduc-
tion in the load on the device's RAM. The peak allocated
memory decreased by nearly half — by 47.7%. This con-
firms the high efficiency of the applied data compression
methods, which significantly reduced the volume of ob-
jects generated in memory during the decompression of
the scene's geometry.

Table 5 — Comparison of performance indicators
of the basic and optimized versions
of the WebAR application

Metric vorsion | version-
JS Heap (peak), mb 459 24
Scripting, ms 1462 1213
System, ms 586 616
Idle, ms 2593 1425
Total, ms 4749 3298

The total scene initialization time was reduced by
30.5% — dropping from 4749 to 3298 ms. The transition
to the monolithic binary GLB format radically acceler-
ated the network stage of asset retrieval. According to the
detailed profiling metrics, the primary driver of this overall
acceleration is a 45% reduction in wait time and main thread
idle time — decreasing from 2593 to 1425 ms. The obtained
results convincingly demonstrate the effectiveness of the ar-
chitectural solution in eliminating network bottlenecks and
optimizing data processing through the synergy of the bi-
nary container and geometry compression.

The most significant time reduction was recorded
during the Parsing phase (Fig. 5). Its duration decreased
by 66.2%, dropping from 1048 to 354 ms. This indicates
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the successful elimination of the primary computational
bottleneck, achieved through the optimization of the 3D
geometry decompression and processing pipeline. The
Loading stage, which traditionally occupies the largest
absolute share of the total time, accelerated by 20.6%, re-
ducing its metric from 2933 to 2328 ms. The Initializa-
tion phase demonstrated a 22.6% acceleration, decreas-
ing from 561 to 434 ms. The smallest relative and abso-
lute performance gain is observed during the Rendering
stage, where the execution time decreased by 13.4% —
from 217 to 188 ms. Given that the rendering stage was
not initially a defining blocking factor in the baseline ar-
chitecture, such an improvement is a logical and propor-
tional consequence of the overall offloading of the main
thread and the optimization of the preceding phases.

7 Basic version

2933

3000
> Optimized version

2500

2000

1500

Time, ms

1048
1000

561

\\?\\\\3

Initialization

500 — 717 188

NN

Rendering

Loading Parsing

Fig. 5. Comparison of T;,;4; at each phase
of the base and optimized versions

A 17% reduction in Scripting duration was rec-
orded, dropping from 1462 to 1213 ms, which further at-
tests to the successful optimization of the parsing stage.
Concurrently, a slight 5.1% increase in System overhead,
reaching 616 ms, is a logical and acceptable trade-off
caused by the overhead associated with managing back-
ground threads.

The primary consequence of the implemented ar-
chitectural changes was the targeted redistribution of the
computational load among the data preparation phases

(Fig. 6).

vi Basic version
1000

~ Optimized version

797

Time, ms

209 qg4
N

Rendering

Initialization

Loading Parsing

Fig. 6. Comparison of Ty, at each phase
of the base and optimized versions

The most significant reduction in the volume of ac-
tive computations was recorded during the Parsing phase,
where Ty, decreased by 69.6%, dropping sharply from
797 to 242 ms. Such a radical offloading of the main

thread confirms the successful elimination of the critical
bottleneck, achieved through the application of compres-
sion and the optimization of scene geometry processing
algorithms.

In contrast, during the Loading stage, a logical in-
crease in active processor time by 35.0% is observed,
specifically from 759 to 1025 ms.

This increase is not indicative of performance deg-
radation but rather serves as a direct result of implement-
ing the optimization strategy. Instead of passively wait-
ing for the network download, the system preemptively
executes preparatory computational tasks, effectively uti-
lizing processor time.

During the Initialization phase, a minor increase in
active load of 8.1% was recorded, specifically from 393
to 425 ms. This can be logically attributed to the initial
overhead associated with preparing the background
thread infrastructure and initializing the decompression
modules. Conversely, the Rendering stage demonstrated
a 12.0% decrease in processor time consumption, drop-
ping from 209 to 184 ms, which is a direct consequence
of operating on an already optimized and pre-processed
3D model structure.

As aresult, the recorded shift in the profile of T,
illustrates a qualitative transition from a sequential and
blocking execution of tasks to a balanced and parallel
data processing pipeline.

Conclusions

In this work, a comprehensive performance evalua-
tion of WebAR application scene loading optimization
was conducted. The results of instrumental profiling con-
firmed the high efficiency of the applied approach, which
is based on transitioning to the binary GLB format and
utilizing Draco geometric compression. The imple-
mented architectural changes successfully eliminated
critical bottlenecks in the 3D asset preparation pipeline.

A significant reduction in the load on hardware re-
sources was recorded: the peak allocated JS Heap
memory decreased by 47.7%. The overall scene initiali-
zation time was reduced by 30.5%, dropping from 4749
to 3298 ms.

The primary driver of this acceleration was a 45%
reduction in main thread idle time and a radical 66.2%
decrease in the duration of the parsing phase.

It has been proven that the integration of a mono-
lithic format and client-side decompression leads to a nat-
ural and more balanced redistribution of computational
resources, allowing for the efficient utilization of proces-
sor time during the loading stage. This guarantees im-
proved stability and performance for modern WebAR ap-
plications.
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OuiHOBaHHS MPOIYKTHBHOCTI ONTHUMI3aNil 3aBaHTAKEeHHS CIleHH
y BeOAR-gonaTky

M. 1. MarBeeB

AHoTanisi. AkryanasHicTb. WebAR cTpiMKO pO3BHBAEThCS, MPOTE CTUKAETHCS 3 MPOOIEMOIO BUCOKOTO OOUHCITIOBAITB-
HOTO HaBaHTaKEHHs Ha MpUCTPoi. CHHXPOHHE 3aBaHTAXKECHHS BaKKUX 3D-Mozeneit mij yac iHimianizaiiii CIleHH 9acTo MPU3BOANTH
JI0 3aTPUMOK i 6JIOKy€ OCHOBHHH MOTIK BUKOHAHHS Opay3epa. 3acToCyBaHHS KOMIUIEKCHIX METOIB ONTHMIi3amii (TaKHX SIK ITepexi
Ha popmat GLB i BukopucTaHHs CTHCHEHHS reoMeTpii Draco) € KpHTHIHO BaXKIMBHM JUTsl 3a0e31edeHHs CTabinbHOCTI, OTHAK iX
BITPOBADKEHHS MOTPeOye 00’ €KTUBHOI KUTbKICHOT OLIHKM. MeTa H0CTiIsKeHHsI — OI[iHUTH MPOAYKTHBHICTH ONTHMI3allii 3aBaHTa-
xeHHs ciieHn WebAR-nonatky Ha etari iHiniamizarii. O0’€KT KocaiaKeHHs — POIIeC iHiiami3aii Ta 3aBanTaxeHHs 3D-koHTe-
HTY y KiieHTcbkoMy WebAR-nonaTky, mo npamtoe Ha HoyTOyi. [IpeamMeT qocaiakeHHs] — TOKa3HUKH TPOTYKTUBHOCTI METO/IB
onrtuMizanii WebAR-nonatky. BucHoBKH. 3a pe3ybraTaMy iHCTpyMEHTAIBHOTO MPOQITIOBAHHS MTiATBEPHKEHO BUCOKY e(eKTH-
BHiCTh mepexoay Ha ¢opmar GLB ta BukopucTaHHs cTUCHeHHs Draco. 3adikcoBaHO 3MEHIICHHs IMIKOBOrO 00CATY BHALICHOT
nam’sTi JS Heap Ha 47,7%. 3aransHuii yac iHimiamizamii ciienu ckopotuscst Ha 30,5% — 3 4749 no 3298 mc. Kpim toro, gac mpoc-
TOIO OCHOBHOT'O IOTOKY CYTT€BO 3MeHIINBCS Ha 45%, a TpuBaicTh (a3u napcunry — Ha 66,2%, 1110 J03BOJIHIIO YCYHYTH KPUTHYHI
BY3bKi MicIlsl y KOHBeepi miaroroBku 3D-pecypcis.

Kawuosi cioBa: BeO, nonoBHeHa peanbHicTh, WebAR, oniHIOBaHHS MPOAYKTHBHOCTI, ONTUMI3allis, Draco, Angular.
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