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METHODS FOR CONSTRUCTING AND EVALUATING A SERVERLESS
ARCHITECTURE FOR A DISTRIBUTED INFORMATION SYSTEM UNDER PEAK
LOADS

Abstract. This paper examines an approach to building an event-driven serverless
architecture for a distributed information system operating under uneven and peak load conditions.
Modern digital services are characterized by sharp fluctuations in the intensity of incoming
requests, which requires maintaining operational stability, acceptable response times, and the
ability to quickly scale computing resources. Traditional monolithic and container-based solutions
in such environments often require upfront capacity reservations or respond to load surges with
delays.

The goal of this study is to develop and experimentally evaluate an architectural solution in
which request processing is organized as a stream of independent events using a serverless
computing model. To this end, a formalized event model and input load generation scheme are
proposed, enabling the reproduction of both normal operating modes and short-term peak impacts.

The effectiveness was assessed based on a series of controlled computational experiments
under various load scenarios. The key metrics used were average processing latency, the p95
metric, system throughput, and the error rate during periods of increased activity. The results
obtained during the study demonstrate that as the load increases, the increase in latency is
manageable, and the system maintains operability during short-term overloads. This allows us to
consider the proposed approach as a promising solution for scalable distributed services.

Keywords: event-driven architecture, serverless computing, distributed information systems,
scalability, peak load, tail latency, performance.

Introduction.

Modern distributed information systems function under conditions of constantly changing
load. In real operation, periods of moderate activity are replaced by short-term bursts of traffic
caused by mass user actions, external events, regular operations or peculiarities of business
processes. For such systems, not only high performance is important, but also the ability to
maintain stable operation during a sharp increase in the number of requests.

Traditional architectural approaches based on monolithic applications or container
infrastructure do not always provide the necessary flexibility in such scenarios. For the guaranteed
passage of peak loads, it is often necessary to reserve computing resources in advance, which leads
to their incomplete use during normal work periods. An alternative option is associated with
dynamic scaling, but it is also accompanied by time costs for launching additional instances of
services and redistributing the load.
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In recent years, the model of serverless computing has attracted considerable interest, in
which the applied logic is executed in the form of separate functions that are triggered by an event,
and the management of the computing infrastructure is transferred to the cloud platform. Such an
approach allows reducing operational costs, simplifying system maintenance, and providing a
more flexible response to changes in the input flow of requests [1, 2]. By their nature, serverless
solutions are closely related to event-oriented architecture, where the interaction of components is
built around event processing and asynchronous messaging [3].

Research on serverless technologies covers various aspects of their application. The features
of real workloads, the mechanism of automatic scaling, the influence of the reuse of the computing
environment on the delay of processing, as well as the limitations that arise at a high intensity of
processing are considered [4, 5]. Special attention is paid to the effect of "cold start", when the
function starts after a period of idleness and requires additional time for initialization [6]. For
systems with strict response time requirements, this factor can have a significant impact on the
quality of service.

In addition, recent studies have examined the energy efficiency of serverless platforms,
optimization of resource allocation and selection of function boundaries when designing
application solutions are discussed [ 7-9]. There are review works that systematize the accumulated
experience of implementing the serverless approach, typical usage scenarios and directions for
further development of the technology [10—12]. However, a significant part of the publications is
focused either on conceptual analysis or on observations in production environments, while
reproducible experimental studies of the behavior of such systems under controlled peak loads are
presented to a limited extent.

A research area focused on developing methods to mitigate the negative impact of cold starts,
including the use of adaptive and learning approaches. However, empirical studies show that cold
starts and tail delays remain a significant factor, especially during short-term peak loads. Recent
research confirms that tail metric analysis is crucial for the engineering evaluation of serverless
architectures [13-15].

Several studies have examined the performance characteristics and architectural models of
serverless computing. However, most existing work focuses either on the theoretical analysis of
serverless platforms or on general workload characterization. A comparative analysis of these
studies is presented in Table 1.

Table 1 — Comparison of existing studies on serverless architectures
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The comparison presented in Table 1 shows that most existing research focuses either on
general architectural principles or specific performance aspects of serverless systems. In contrast,
this paper proposes a comprehensive approach combining formal modeling, architectural design,
and controlled experimental evaluation under peak load conditions. This enables a more systematic
assessment of scalability and resilience in distributed event-driven systems.

At the same time, some aspects of serverless system behavior remain poorly understood.
Distributed systems must withstand peak loads, cold start effects, and execution time variability,
but reproducible experimental evaluation of these factors remains challenging. This makes the
design and validation of serverless event-driven system architectures for peak load scenarios a
pressing scientific and engineering challenge.

This study addresses the problem of designing scalable distributed systems capable of
operating under highly dynamic and peak load conditions. While existing research in serverless
computing has primarily focused on general architectural concepts or individual performance
aspects, a systematic approach to modeling and experimentally evaluating such systems under
controlled peak load conditions remains limited.

The main contributions of this study are:

— a formalized event flow model that provides a reproducible representation of both baseline
and peak load scenarios in distributed information systems;

— development of an event-driven serverless architecture that enables dynamic scaling and
isolation of parallel request processing;

— a comprehensive experimental methodology combining workload modeling, controlled
scenario generation, and statistical analysis of performance metrics;

— comprehensive evaluation of system behavior using latency metrics (including tail
latency), throughput, and scalability under various load conditions.

Unlike previous studies, which often rely on observational data or focus on individual
performance factors such as cold starts, the proposed approach provides a unified framework for
analyzing the scalability and fault tolerance of serverless architectures under peak load conditions.
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The results obtained in this study contribute to the development of engineering methods for
designing distributed event-driven systems and can be applied in areas such as smart city
platforms, IoT infrastructures, and large-scale digital services.

Materials and research methods.

The study was conducted using an engineering and experimental approach focused on the
development and evaluation of a serverless architecture for a distributed information system
operating under variable and peak load conditions. The methodology includes formalizing the
input event flow, describing the request processing architecture, selecting quantitative
performance indicators, and conducting a series of reproducible computational experiments.

Event and Input Flow Model.

The operation of the system is represented as a sequence of independent events, each of
which corresponds to a distinct user request or internal processing operation. An event can be
represented as a set of parameters:

e; = (t", a;, d;) (1)

where tii" — 1is the event arrival time; a; — is the event type; d; — is the set of parameters associated
with event processing.

The input flow intensity is determined by the function A(t), which reflects the change in
load over time. For the basic operating mode, a constant intensity is used:

A(t) = 4o (2)
To simulate short-term overloads, the load growth factor k is used, then:
A)=k-Ap,k=1 3)

In the experimental part, scenarios with coefficients k = 3 and k = 5 were considered,
which corresponds to a sharp increase in the number of requests compared to the normal operating
mode.

The selected load model is intended to reproduce typical operating modes of a distributed
system and analyze the impact of an increase in the intensity of the input flow on the characteristics
of event processing. Using the coefficient (k) allows you to simulate different load levels, ensuring
reproducibility of experiments and comparability of results between individual scenarios. Despite
the simplified nature of the model, it is sufficient to assess the scalability and stability of the
architecture under study.

To assess the stability of the system, a simplified service model was additionally used, in
which the load factor of the computing subsystem is determined by the expression:

A

= 4
p=2 “4)
where A — arrival rate of events; u — average event processing rate.
Stable operation is achieved when the following condition is met:
p<l1 (5)

which means that the system's throughput exceeds the average input flow.
The serverless architecture dynamically adjusts the number of simultaneously executed
functions, effectively increasing the value of u during peak loads.
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Event Processing Architecture.

The proposed architecture is built on an event-driven principle. Incoming requests are
received by the external access interface and converted into messages sent to the event queue.
Independent processing functions are then launched, each performing a separate operation without
being tied to pre-allocated computing resources.

The architecture (Fig. 1) consists of several functional layers responsible for request
reception, event routing, distributed processing, and persistent storage of results.

Serverless Functions

Function A £} Processing &
r’ Fored Analytics
Function B Q

<+

N ‘
- & |
Client }oad Balanﬁr‘ Event Queue
Applications ‘MﬁgagB["Teﬂ Cold Start Controller

&
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Q Logging

Figure 1 — Architecture of the event-driven serverless processing system

This architectural organization separates the request incoming stage and the computation
stage, reduce the mutual influence of parallel operations, and automatically increase the number
of functions executed as the load increases.

The processing sequence for a single event can be described by the following Event
processing algorithm:

1. When an event e arrives, it is placed in the event queue.

2. The scheduler initiates execution of the processing function.

3. The function loads the necessary parameters and execution context.

4. The event is processed, and the result is generated.

5. The result is saved to storage, and the event is marked as processed.

Isolating individual calls reduces the likelihood of cascading delays and improves system
resilience when faced with a flood of requests.

Cold start mechanism.

In serverless architectures, the latency to process an event can depend on the state of the
computing environment when the request arrives. If the function has already been active and its
execution environment is saved by the platform, the request is processed in warm start mode. In
this case, the function starts faster because the main components of the environment are already
initialized.

Cold start occurs in a situation where a new function execution environment must be created
to process an event. This process includes allocating computing resources, loading the runtime,
initializing software dependencies, and running custom code. As a result, individual request
processing times can increase, which is especially noticeable in tail latency metrics such as p95.

In this study, cold start is considered as an additional factor influencing the latency of event
processing under variable and peak loads. To take this into account, in the experimental part, a
different probability of a cold start of the function was introduced. This made it possible to evaluate
how an increase in the proportion of cold start events affects the tail latency of the system.

Performance Evaluation Metrics.

The following metrics were used to quantitatively evaluate the effectiveness of the
architecture.

Average Event Processing Latency:

1 .
Tavg =N ﬁ\/:l(tlput - tlm) (6)
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where t"

processed.
Standard deviation:

— is the moment the event processing is completed; N — is the total number of events

0= | =%, (x; — %)2 (7)

where o is the standard deviation, x; is the separate measurement, X is the average value, n is the
number of observations.

Standard deviation was used to assess the stability of results between repeated experiments
and to determine the degree of variability in the measured parameters.

The p95 quantile metric is the latency value below which 95% of requests are completed.

System throughput:
N
Q=2 (8)
where At — is the observation time interval.
Scalability factor:
_ Qmax
S N Qbase (9)

where Qpqse — 1s the throughput in base mode; Q45 — 1 the throughput during peak load growth.

Additionally, the proportion of request processing errors during peak periods was
considered.

Experimental Research Methodology.

The experimental evaluation was conducted in a controlled computing environment using
synthetically generated event streams. For each load scenario, at least five experiment iterations
were performed, after which the average metric values and latency tail characteristics were
calculated.

The experimental platform included AWS Lambda services to perform event processing
functions, Amazon API Gateway to accept requests, and Amazon SQS as a message queue.
Metrics were collected using Amazon CloudWatch. The configuration of the medium remained
unchanged in all series of experiments.

The experimental procedure used in this study is summarized in Figure 2. The workflow
includes the generation of input workloads, definition of experimental scenarios, submission of
event streams to the serverless platform, and systematic collection and analysis of performance
metrics. This structured approach ensures consistency and reproducibility of the experimental
results.

Input Workload
Generation

Serverless Metric Statistical Comparative

Execution Collection i = .
Environment Aggregation Analysis

Scenario Event Stream
Definition Submission

- Baseline load

* p50/p95 Latency
+ Throughput
« Error rate

= Concurrent users
+ Peak coefficient

Figure 2 — Experimental workflow for evaluating the event-driven serverless architecture

As shown in Figure 2, the experimental process begins with the generation of input
workloads, including baseline traffic, varying numbers of concurrent users, and peak load
scenarios. These workloads are translated into event streams and submitted to the serverless
execution environment, where event-triggered functions are executed dynamically. During
execution, key performance indicators such as latency (p50 and p95), throughput, and error rate
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are collected. The results are then aggregated and statistically processed across multiple
experimental runs, enabling a consistent comparison of system behavior under different load
conditions.

The following scenarios were analyzed during the experiments:

— baseline load with a fixed input flow rate.

— increasing the number of concurrent users.

— short-term load spikes with coefficients k = 3 and k = 5.

The presented architecture reflects a real-life version of the organization of an event-driven
serverless system, while the numerical results presented in the “Research Results” section were
obtained during controlled computational experiments using synthetically generated event
streams. The study is not aimed at measuring the performance of a specific industrial system, but
at analyzing the behavior of the proposed architecture under various load scenarios in a
reproducible experimental environment.

This methodology ensures reproducible results and comparability of performance metrics
under different system operating modes.

To assess the stability of the results, each series of experiments was performed at least five
times. Based on the results of repeated runs, average values of indicators and standard deviations
were calculated. This made it possible to reduce the influence of random factors in the computing
environment and ensure the comparability of the results obtained between different load scenarios.

Results and discussion.

The experimental section aimed to evaluate the performance, scalability, and resilience of
the proposed serverless architecture under various load conditions. All results were obtained in
accordance with the methodology outlined in the previous section, using reproducible input stream
generation scenarios.

Performance and Scalability

Table 2 presents the average and tail latency of event processing with increasing concurrent
user counts. Measurements were performed with a fixed input flow rate in baseline mode.

When analyzing the results, averaged values of indicators obtained from several independent
series of experiments were used. To control the stability of measurements, the variability of the
results was additionally assessed. In all scenarios considered, deviations between repeated
experiments remained insignificant, which indicates the reproducibility of the data obtained.

Table 2 — Event processing latency indicators with increasing number of users

Number of Tavgs p50, s p9s5, s

users
100 0,48 0,42 0,63
500 0,66 0,59 0,96
1 000 0,90 0,82 1,45
2 000 1,08 1,01 1,68
5000 1,25 1,18 1,93
10 000 1,44 1,35 2,15

Statistical analysis of repeated runs showed that the standard deviation of the measured
indicators did not exceed 7—10% of the average value. This allows us to consider the results stable
and suitable for further analysis of architecture performance.

The results indicate a gradual increase in latency as the number of users grows, without
abrupt jumps or signs of performance collapse. The dependence of p50 and p95 latency on the
number of users is clearly shown in Figure 3.
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Figure 3 — Dependence of event processing delay (p50 and p95) on the number of
concurrent users

As illustrated in Figure 3, latency changes smoothly without abrupt jumps.

System Throughput.

System throughput was estimated as the number of events processed per unit of time.
Table 3 shows the throughput values at various load levels.

Table 3 — System Throughput with Increasing Load

Number of users Throughput, events/sec
100 110
500 210
1 000 320
2 000 410
5000 560
10 000 730

Throughput increases almost linearly, indicating the absence of a clear bottleneck in the
considered workload range.

To better understand the tradeoff between processing speed and system throughput, the
relationship between p95 event processing latency and throughput was analyzed for different
workload levels (Figure 4).
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Figure 4 — Relationship between system throughput and p95 event processing latency
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Figure 4 shows that increasing throughput is accompanied by a gradual rise in latency at the
tail of the distribution. At low and medium load levels, the increase in latency remains moderate,
indicating efficient scaling of serverless functions and balanced resource distribution. At higher
throughput values, latency continues to increase, but no sharp degradation is observed, confirming
the stability of the proposed architecture with increasing processing intensity. This suggests that
the architecture maintains a balance between computing power and response time, which is critical
for distributed event-driven systems under peak load conditions.

In addition to the overall throughput-latency relationship, it is important to evaluate the
system's behavior under short-term peak loads.

Peak Load Resilience.

To evaluate the system's behavior under short-term bursts of requests, experiments were
conducted with load growth factors of k = 3 and k = 5. The results are presented in Table 4, and
the change in the p95 metric is shown in Figure 5.

Table 4 — Peak Load Resilience Indicators

Peak coefficient k p935, s Error rate, %
1 (base mode) 1,62 0,1
3 1,94 0,2
5 2,31 0,3

No event loss was observed in any of the scenarios considered. The change in tail latency
with increasing load intensity is shown in Figure 5.

25

15

0,5

p59 event processing latency, s

0 1 2 3 4 5 6
Peak load factor k

Figure 5 — Impact of peak load growth factor on p95 event processing latency

From a practical perspective, the proposed approach can be applied in systems where the
load can change sharply under the influence of external factors, for example, during mass user
requests or the launch of service operations.

Impact of cold start latency.

A separate series of experiments was conducted to evaluate the impact of cold start functions.
In these scenarios, some requests were processed under warm start conditions, and some were
processed under cold start conditions, when the function’s computing environment was created
anew.

The probability of cold start varied from 0% to 40%. For each value, the p95 metric was
recorded, since it is the tail delay that is most sensitive to single slow calls. The results of the
experiment are presented in Table 5.
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Table 5 — Influence of cold starts on event processing latency

Cold start probability p95 latency, s
0% 1.62
10 % 1.75
20 % 1.93
40 % 241

The data in Table 5 shows that an increase in the cold start probability leads to an increase
in p95 latency. This is explained by the fact that individual requests require additional time to
initialize the computing environment. Moreover, even with a cold start probability of 40%, the
increase in latency remains manageable, which indicates that the architecture remains stable under
the conditions under consideration.

Comparison with containerized architecture.

To compare performance, a control version of the system was implemented using a
containerized architecture with automatic scaling. Experiments were conducted under an
equivalent load (5,000 concurrent users) (Table 6).

Table 6 — Comparison of serverless and containerized architectures

Indicator Serverless Container

p95 delay, s 1,93 3,10

Scaling time, s <0,1 1040

Error rate at peak, % 0,3 4.5

Table 7 — Architectural characteristics of the compared approaches
Characteristic Serverless Container

Resource allocation Event-driven Instance-based
Scaling granularity Function level Container level
Startup overhead Low Medium/High
Infrastructure management Platform-managed User-managed
Adaptation to burst load High Moderate

Table 7 summarizes the architectural differences that explain the performance characteristics
observed during the experiments. These differences should be considered when interpreting
latency and scalability results.

The obtained results highlight differences in the scaling dynamics and resilience of
architectures under sudden load increases.

Architectural interpretation of the comparison results.

To correctly interpret the results obtained, it is necessary to consider the differences in the
operating principles of the compared architectures. In the serverless model, computing resources
are allocated automatically in response to incoming events, while the container architecture
requires launching additional instances of services as the load increases.

In this experiment, the container system used an automatic scaling mechanism based on the
creation of new containers when load thresholds were reached. This process includes allocating
resources, launching the container, and initializing the application service, which leads to
additional time costs. In contrast, a serverless platform scales at the function level, allowing it to
respond much faster to changes in input flow.

The purpose of the comparison was not to prove the absolute superiority of one architecture
over another. Container solutions offer several advantages for long-term sustained workloads and
the need for complete control over the runtime environment. However, in scenarios with sudden
short-term changes in request intensity, the serverless approach demonstrates higher adaptability
and lower tail latencies.
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The results obtained confirm that the choice of architectural approach should be determined
by the nature of the workload and the requirements of a specific subject area.

Experimental results demonstrate that the serverless architecture delivers consistent
performance under both intermittent and peak load conditions. The results indicate that increasing
the number of concurrent users leads to a predictable increase in both average and tail latency for
event processing, without any sudden spikes or degradation of system performance.

As shown in Figure 4, latency increases in a controlled manner as the workload grows,
indicating the correct operation of the autoscaling mechanism within the studied range. The
absence of nonlinear discontinuities in the p95 latency graph indicates that the system does not
reach saturation within the considered load range. This suggests that the chosen event processing
and computational resource allocation model adequately matches the nature of the input flow
described in the "Materials and Methods" section.

The results of the peak load resilience analysis (Table 4, Figure 5) show that even with a
fivefold increase in input flow intensity, the increase in tail latency is moderate. The absence of
event loss and the low rate of processing errors indicate that isolating event processing and
invoking functions effectively reduce interactions between concurrent requests. This is especially
important for distributed systems, where load can fluctuate rapidly due to external factors.

A comparison with a containerized architecture demonstrates differences in scaling
dynamics. The serverless architecture is characterized by near-instantaneous provisioning of
computing resources, ensuring stable latency performance under rapid load fluctuations. The
containerized system exhibits noticeable delays associated with deploying and initializing
additional service instances, which is reflected in the tail metrics.

The impact of cold function starts on latency characteristics deserves special attention.
Although cold starts lead to increased processing time for individual events, their contribution to
overall latency dynamics was limited in the experiments conducted. This may be due to specific
load distribution characteristics and the reuse of computing environments during sequential event
processing. However, when designing systems with more stringent response time requirements,
this factor requires additional consideration and optimization. A discussion of the results shows
that the proposed architecture provides a compromise between ease of scalability, resilience to
peak loads, and acceptable latency at the end of the critical period.

These results can be used in the design of distributed digital services that require automatic
scaling and stable operation under uneven load conditions. Further research is needed to analyze
long-term load conditions, power consumption, and system behavior under more complex mixed-
use scenarios.

Limitations of the Study.

Despite the positive results obtained in the study, we note several limitations. The
experimental evaluation was conducted using synthetically generated event streams, which may
not fully reflect the complexity of real-world workloads. Furthermore, the experiments considered
a limited range of workload scenarios and system configurations. Cold start mitigation strategies
were not thoroughly explored.

Future work may include evaluating the proposed architecture under real-world production
workloads, analyzing energy efficiency in serverless environments, and integrating adaptive
scheduling mechanisms.

Conclusion.

This study examined and experimentally evaluated an event-driven serverless approach for
distributed systems. The focus is on the engineering aspects of architectural design, event model
formalization, and experimental evaluation of system performance and fault tolerance.

A model for describing the incoming event flow and a request processing algorithm are
proposed, formalizing system behavior under various load conditions. Experimental
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measurements confirm that the serverless approach ensures automatic scaling of computing
resources and isolation of individual event processing.

Experimental evaluation showed that the proposed architecture exhibits a predictable
increase in average and tail latency for event processing with an increasing number of concurrent
users. Analysis of peak load scenarios revealed the system's resilience to short-term spikes in
incoming flow intensity without event loss and with a limited increase in tail latency. A
comparison with a containerized architecture demonstrated the superiority of the serverless
approach in terms of scaling time and resilience to sudden load changes.

The findings of this study suggest that event-driven serverless architectures can be
considered an effective engineering solution for distributed information systems with highly
variable workloads.

Future research areas include expanding the experimental base by analyzing a wider range
of workloads, studying the impact of cold start management strategies on tail-end latencies, and
evaluating the energy efficiency of serverless architectures over long periods of operation.

The proposed architecture and evaluation methodology can be applied to the design of
scalable distributed systems in various domains, including smart city infrastructure, loT platforms,
digital government services, and large-scale event processing systems.
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_ IHUKTIK )KYKTEMEJIEP KE3IHJAE YJIECTIPIVITEH AKITAPATTBIK
KYUEHIH BECCEPBEPJIIK APXUTEKTYPACBIH KAJIBIIITACTBIPY )KOHE
BATAJIAY 9AICTEPI

Anoamna. Byn makanaoa OipkenKi emec HcaHe wibly HCYKmeme HagoalapblHOA HCYMbIC
icmetimin  mapamvliean aknapammelx —Jicylle  YWiH  OKueaea Heeizoeicen  cepeepcisz
apxumexmypauvl Kypy maciii Kapacmolpuliaovl. Kazipei 3amanebl yugpavix Kbizmemmep Kipic
CYPAHbICMAPbIHBbIY — KAPKLIHOBLILIRLIHLIY — KYPM  AVbIMKYIAPbIMEH — CUNammanaosi, Oy
onepayusIblK, MYpaKmuoliblKmyl, KOLAULbL dHcayan Oepy YaKblmvlH JCoHe ecenmey pecypcmapblh
me3 macumadomay MyMKIiHOIIH cakmayosl manan emedi. Mynoaii opmadagel Oacmypii
MOHOIUMMI JCIHE KOHMEUHEPIK uewimoep Kobinece aioblH ana ColibIMObLILIKMbL pe3epeme)oi
HeMece JcyKmeMeHiy Kypm ecyine KioipicmepmeH dxcayan depyoi manan emeoi.

byn 3epmmeyoiy maxcamor - cypanvicmsl oyoey cepsepciz ecenmey MOOENiH Koa0and
omulpvin, Mayeciz OKULAIap agblHbl peminoe YiblMOACbIPbLIAMbIH APXUMEKMYPATbLK ueimMoi
azipaey dcane sKcnepumenmmix mypoe 6aganay. Ocvl MaKcamma Kaublnmsl HCYMbLC PeHCUMOEPIH
de, KbiCKa Mep3iMOi wbly aceplepin Oe Kaumanaya MyMKIiHOIK Oepemin (opmanbobl oKu2a
MoOei JHcane KIpIC HCyKmeMeciH 2eHepayusindy Cxemacsl YColHbLIAObl.

Tuimoinik apmypni ocykmeme cyeHaputiiepinoeei Oipkamap OAKbLIAHAMbBIH ecenmey
aKcnepumenmmepi Hecizinoe 6Oazananovl. Kondauvlizan Hecizei Mempukaiap opmauid 6Hoey
Kidipici, p95 mempuxacvl, JicyleHiy OmKi3y Kabinemi JicoHe O0eNCeHOLIKMIY Ho2apulia)ybl
Ke3eHinOe2l Kamenik OeHeelli 60n0bl. 3epmmey OapbiCbIHOA ANLIHEAH HIMUMNCENED HCYKmeme
apmKaH caubli Kidipicmiy apmybl 6ACKAPbIIAMBIHLIH HCIHE JHCYlie KblcKAd Mep3iMOi uamaoan
MulC JdHCyKmemenep Ke3inoe JHCymbvic Kabinemminicin cakmaumviublh Kepcemeoi. Byn 6izee
YChIHbLIZAH MACII0I MACUmadmaiamvlh mMapamvli2an Kvl3memmep YuliH nepcneKmusansl
wewim peminoe Kapacmuipyea MyMKIHOIK Oepeoi.

Tyiiin  co3dep: oxueanvik-6az0apianzan apxumekmypa, Oeccepseplik ecenmeyiep,
Mapamvli2an aKnapammolk dcyiienep, Macumabmany, NUKOBAIbIK dcyKmeme, wemxi Kioipic,
OHIMOLNIK.

METO/bI HOCTPOEHUA U OLHEHKHA BE(;CEPBEPHOFI APXUTEKTYPbBI
PACITPEAEJEHHOU UH®OPMAIINOHHOU CUCTEMBI B YCJIOBUAX
IIMKOBBIX HAT'PY3O0K

Annomauusn. B oannoii pabome paccmampugaemcs n00X00 K NOCMPOeHUI0 COObIMULHO-
OPUEHMUPOBAHHOU  OeCCepeepHOll  apXumeKkmypvl Ol PACNPEOeNEHHOU  UHGOPMAYUOHHOU
cucmemsl, QQYHKYUOHUpYIOWEl 6 YCI0BUAX HEPAGHOMEPHOU U NUKOBOU Hacpy3Ku. Jlis
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COBPEMEHHBIX YUPPOBIX CEPBUCO8 XaPAKMePHbl pe3Kue USMEHEeHUs UHMEHCUBHOCMU 8X00AUUX
3anpocos, 5mo mpedyem COXpanHeHus yCmoudugocmu pabomsl, NPUEMIEMO20 8PEMEHU OMKIUKA
U BO3MOJICHOCIU ObLICMPO2O MACUIMAOUPOBAHUS BbLIYUCIUMENbHBIX pecypcos. TpaduyuonHvle
MOHONUMHbIE U KOHMEUHEPHble peuleHuss 6 HNOOOOHbIX pPeNCUMAax HepeoKko mpedyom
nPeosapumenbHo20 pe3epeupo8aHus MOWHocmell Iubo peasupyrom HA GCHIeCKU HASPY3KU C
3a0epIACKO.

Llenv O0anno20 uccnedosauus cocmoum 6 paspadbomre u IKCHePUMEHMATbHOU OYeHKe
ApXUmMeKmypHo20 peuwleHus, 8 KOmopom 006pabomka 3anpoco8 Op2aHu308aHd KAK HNOMOK
He3aBUCUMBIX COOLIMULL C UCNONb308AHUEM OeCCep8epHOl Mooenu vluucieHul. s 3moeo
npeonodcelvl POPMATU30BAHHAST MOOEIb COObIMULL U CXema 2eHepayuu 6X0OHOU HA2PY3KU,
NO360AI0UWUE BOCHPOU3BOOUNDb KAK WMAMHbLE PEeXCUMbl pabomvl, MaxK u KpamxKospeMeHHble
NUKOBblEe 8030€UCMBU.

Oyenka  sppexkmuenocmu  GbINOIHEHA  HA  OCHOBe  Cepuu  KOHMPOIUPYEMbIX
BLIYUCIUMENbHBIX IKCNEPUMEHMO8 NPU PA3TUYHBIX CYEHAPUAX HacpysKu. B kauecmee ocHogmbix
nokazamenel UCHONbL306AHbL CPEOHssl 3a0epicka obpabomku, mempuxa p95, nponyckHas
CnOCcoOHOCMb cucmembvl U 0015 OWUDOK 8 Nepuoobl NovluleHHoU akmusHocmu. Tlonyuennvle 6
X00e UCCNe008aHUsL pe3yIbMmambl NOKA3bLEAION, YMO NPU POCMe HASPY3KU YEeIUYEHUE 3A0ePIAHCEK
HOCUM  YNpaensaeMvlii Xapakmep, da cucmema Ccoxpausem pabomocnocoOHOCmb  npu
KPAmKOBPEMEHHBIX Nepecpy3Kax. Imo no3eoasnem paccmampuéams NPeoioACeHHblil NOOX00 KAaK
nepcnekmugeHoe peuierue 0Jisk Macumaoupyemvix pacnpeoeiénHbixX cepeucos.

Knwuesvie cnosa: cobbimuiiHo-opueHmMupo8anHas  apxumekmypa, beccepeephbie
8bIUUCTIEHUS,, pacnpedesieHHble UHPOPMAYUOHHbBIE CUCEMbl, MACUMAOUPYeMOCmb, NUKO0B8As
HA2py3Ka, X60CMOBAs 3A0ePIACKA, NPOU3BOOUMENLHOCHLb.
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