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The study focuses on the development and implementation of an automated system for scalping
strategies in cryptocurrency markets. Scalping, a high-frequency trading strategy, aims to generate
profits from small price fluctuations. The primary goal of the research is to create an automated trading
bot that addresses critical issues such as latency, risk management, scalability, and reliability in
real-world market conditions. To achieve this, the following objectives were defined: develop a novel
scalping method, implement a software solution to integrate the method into an automated trading
system, and evaluate its effectiveness through experimental testing.

The research methodology utilized technical indicators, including the Exponential Moving
Average (EMA) and Volume Weighted Average Price (VWAP). Pseudocode was created to illustrate
the decision-making process, incorporating key parameters such as smoothing factors, time periods, and
thresholds for trade execution. The software architecture consists of modules: Binance exchange
integration, data collection and management, strategy analysis, trade execution, and historical data
storage. Technologies such as PostgreSQL, Redis, WebSocket, and Python libraries (Pandas, NumPy,
TA-Lib) were employed to ensure the robustness and efficiency of the system.

Experiments were conducted using the BTC/USDT trading pair, known for its high liquidity and
volatility. The system was tested on hardware featuring an Intel Core i7-10700K processor, 32 GB of
RAM, and a 1 Gbps network connection. A comparative analysis between the scalping strategy and a
trend-following strategy demonstrated the advantages of scalping in volatile markets. The scalping bot
executed 15 trades (13 successful) within two hours, achieving a total profit of 120 USDT.

Performance metrics, including latency (15-50 ms), signal processing time, CPU utilization
(5-55%), and memory usage (120-2100 MB), were measured. The results confirmed the system's
modular architecture and its ability to scale linearly with increasing trading volumes.

The findings validate the effectiveness of the proposed method and the reliability of the developed
system in real-world conditions. Future research may focus on optimizing algorithms to reduce resource
consumption and integrating advanced risk management techniques to enhance performance.
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1. Introduction

The rapid development of the cryptocurrency market has created new challenges and
opportunities in the field of algorithmic trading. Among these challenges are the high volatility of
cryptocurrencies, the necessity of real-time data analysis, and the need for efficient strategies to
maximize profit in highly dynamic environments. Scalping strategies, which focus on generating
profit from small price fluctuations, are among the most promising approaches. However, their
implementation requires advanced algorithm optimization and seamless integration with trading
platforms.

This study addresses the scientific problem of developing efficient methods and tools for
automated cryptocurrency trading, focusing on improving the speed and accuracy of executing
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trading operations. The relevance of this topic lies in its potential to enhance the effectiveness of
trading systems in a market that is increasingly dominated by automation and algorithmic strategies.

2. Literature review and problem statement

The implementation of automated trading systems using scalping strategies has been widely
studied in recent years, as the cryptocurrency market presents unique challenges and opportunities.
Existing literature provides valuable insights into the tools, algorithms, and methodologies employed
to address the core challenges of latency, risk management, scalability, and reliability in high-
frequency trading.

One of the foundational areas of research involves addressing latency in automated trading
systems. Studies such as those by Miles and CIliff [2] highlight the importance of real-time data
streaming technologies, like WebSocket, for minimizing delays in data retrieval and trade execution.
WebSocket's ability to facilitate low-latency, bidirectional communication between clients and
servers has made it a popular choice for trading platforms. Additionally, the use of in-memory data
structures, such as those provided by Redis, has been identified as a key mechanism for speeding up
temporary data storage and access during high-frequency trading operations. Yuxin Fan et al. [3]
extend this discussion by exploring machine learning-based approaches for optimizing real-time data
processing in high-frequency trading algorithms. Their study highlights the use of dynamic feature
selection mechanisms and lightweight neural networks, which not only reduce computational
complexity but also improve adaptability and efficiency in varying market conditions.

The challenge of risk management in scalping strategies has been explored extensively.
Research by Liu et al. [4] emphasizes the importance of leveraging technical indicators, such as the
Simple Moving Average (SMA) and Relative Strength Index (RSI), to make informed trading
decisions. These indicators allow for the evaluation of market trends and momentum, enabling traders
to identify optimal entry and exit points. However, the literature also notes the limitations of
traditional indicators in highly volatile markets. Abdelatif Hafid et al. [5] address these limitations by
presenting a machine learning-based classification model that integrates enhanced technical
indicators such as MACD, RSI, and Bollinger Bands. Their study demonstrates a buy/sell signal
accuracy of over 92%, providing a significant advantage in decision-making under volatile
conditions. Similarly, Anika Tahsin Meem [6] proposes a novel deep learning approach that applies
Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), Bidirectional Long
Short-Term Memory (BiLSTM), and Gated Recurrent Unit (GRU) architectures to predict market
risk (volatility). This model demonstrates improved accuracy and generalization, making it
particularly useful for navigating unpredictable market scenarios.

Another critical aspect discussed in the literature is scalability, particularly in systems designed
to handle multiple cryptocurrency pairs and large volumes of data. Modular software architectures
have been a recurring theme in studies, with researchers advocating for the use of distributed systems
to improve scalability. For instance, Jericevic et al. [7] propose a modular approach where separate
components handle data collection, analysis, and trade execution, ensuring efficient distribution of
computational workloads. The use of cloud-based infrastructure is also frequently cited as a solution
for scaling trading systems to accommodate growing market demands.

Reliability is a recurring concern in automated trading systems, as technical disruptions can
lead to significant financial losses. Existing research underscores the importance of implementing
robust error-handling and recovery mechanisms. For example, the work of Byrd et al. [8] focuses on
strategies for ensuring system continuity during APl outages or connection losses. Techniques such
as retry mechanisms and failover protocols have been highlighted as critical for maintaining
uninterrupted operations.

Blockchain metrics have also gained attention as valuable indicators in cryptocurrency trading.
Juan C. King et al. [9] propose the use of blockchain-derived metrics such as hash rate and mining
difficulty to identify trading signals. These metrics, inspired by the "Hash Ribbon,” provide
statistically significant advantages in highly volatile markets, further enriching the decision-making
process.
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The comparison of scalping strategies with other trading approaches, such as trend-following,
has also been a focus of academic and industry research. Scalping is often described as more
profitable in volatile markets due to its high-frequency nature, as demonstrated by experiments
conducted by Sood et al. [10]. However, these studies also acknowledge the trade-offs, noting that
scalping requires higher computational resources and carries increased exposure to short-term market
risks compared to trend-following strategies. In this context, Shamima Nasrin Tumpa et al. [11]
explore Recurrent Neural Networks (RNN) for real-time price prediction and trading strategy
optimization, demonstrating their effectiveness in addressing the challenges posed by high market
volatility.

Despite the extensive research available, there are notable gaps in the literature. For instance,
while many studies address latency and risk management independently, there is limited work on
integrated solutions that simultaneously optimize multiple system aspects. Additionally, while the
advantages of using specific technical indicators are well-documented, there is a need for comparative
studies to evaluate their relative effectiveness in scalping versus other strategies.

This study builds upon the existing body of knowledge by addressing these gaps and proposing
a comprehensive solution that integrates real-time data processing, advanced risk management
techniques, modular architecture for scalability and reliability, and innovative blockchain metrics. By
combining insights from previous research with advanced methodologies, this study aims to advance
the field of automated cryptocurrency trading and provide a practical framework for implementing
efficient scalping strategies.

The core challenge in implementing scalping strategies lies in addressing latency issues.
Scalping requires systems to process market data and execute trades within milliseconds. Delays in
data collection, processing, or trade execution can result in significant losses. Furthermore, the high
frequency of trades exposes the system to increased risks due to rapid market fluctuations. Effective
mechanisms are necessary to mitigate these risks while maintaining the profitability of the strategy.

Another significant challenge is ensuring scalability. Scalping systems must be capable of
handling large volumes of market data and supporting multiple cryptocurrency pairs without
compromising performance. This necessitates a modular software architecture that can efficiently
distribute processing tasks and scale as trading volumes increase. Scalability is critical for
maintaining system reliability and ensuring that it can adapt to the growing demands of the
cryptocurrency market.

Reliability is also a key consideration. Automatic trading systems must operate continuously,
even during technical disruptions such as connection losses or API failures. Ensuring uninterrupted
operation requires robust error-handling mechanisms and automatic recovery features. Without these
capabilities, the system risks downtime, missed trading opportunities, and potential financial losses.

To address these challenges, this study focuses on developing an automatic trading system
optimized for scalping strategies. The proposed system utilizes advanced technologies such as
WebSocket for real-time data streaming, Redis for temporary data caching, and PostgreSQL for
reliable storage of historical market data. The system integrates technical indicators, including SMA,
RSI, and Bollinger Bands [12], to enable informed decision-making and improve trade execution
efficiency.

A review of existing literature reveals that while significant advancements have been made in
each of these areas, few studies have addressed the need for a comprehensive system that integrates
low-latency data processing, advanced risk management techniques, scalability, and reliability in the
context of cryptocurrency scalping.

This gap in the literature highlights the need for research dedicated to the development of an
integrated automatic cryptocurrency trading system optimized for scalping strategies. This study aims
to fill this gap by proposing a system that combines real-time data processing, advanced risk
management techniques, and modular scalability to address the unique challenges of high-frequency
trading in volatile cryptocurrency markets.
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3. The aim and objectives of the study

The cryptocurrency market is rapidly evolving, offering unique opportunities for implementing
innovative trading strategies. Scalping, a high-frequency trading method focused on small price
fluctuations, is one of the most effective approaches for maximizing profits in volatile markets.
However, its implementation poses significant challenges, including latency, risk management,
scalability, and reliability, which require advanced automatic trading systems.

The aim of the study is to develop and implement an automatic cryptocurrency trading system
optimized for scalping strategies. The proposed system will address key limitations of existing
solutions, such as latency and scalability issues, while ensuring robust risk management and reliable
operation. Additionally, the study aims to evaluate the performance of the developed system through
experimental testing and comparison with alternative trading approaches.

To achieve this aim, the following objectives are set:

1. Develop a novel scalping method that optimizes trade execution, risk management, and
scalability in dynamic cryptocurrency market conditions.

2. Implement a software solution integrating the proposed scalping method into an automatic
trading system, ensuring real-time data processing and seamless operation within cryptocurrency
exchanges.

3. Evaluate the effectiveness of the developed system through experimental testing, comparing
its performance with other trading strategies to provide practical recommendations for its application.

4. The study materials and development of a scalping method and software solution
4.1. Development of a scalping method
To better understand the decision-making process, pseudocode was developed to implement
the method. Below is an example of pseudocode for implementing a strategy based on Exponential
Moving Average (EMA) and Volume Weighted Average Price (VWAP):

Initialize parameters: EMA_period, VWAP_period, smoothing_factor, threshold

While market is open:
Get current price P_t and volume V_t
Calculate EMA using smoothing_factor and previous EMA value
Calculate VWAP based on cumulative price and volume

If (P_t > EMA and VWAP indicates strong buy signal):
Place Buy Order

Else If (P_t < EMA and VWAP indicates strong sell signal):
Place Sell Order

End If

Update historical price and volume data
End While

When modeling trading strategies, it is crucial to identify and adjust key parameters that
influence algorithm efficiency. The number of periods for the EMA determines the indicator's
sensitivity to price changes, with higher periods reducing sensitivity and lower periods increasing it.
The time period for VWAP calculation affects the accuracy of average price estimation, where shorter
periods are typically used in scalping to enhance entry and exit signal precision. The threshold for
entering or exiting positions defines the levels at which the bot executes buy or sell decisions,
typically fine-tuned through historical data analysis and backtesting. Additionally, the smoothing
factor (a) controls how quickly the EMA responds to price changes, enabling the bot to adapt to
varying market conditions effectively.

All these parameters require tuning based on backtesting results to ensure optimal bot
performance. Selecting the optimal values for each parameter can significantly impact trading
efficiency, risk reduction, and profit maximization.



116 Information, Computing and Intelligent Systems N2 5, 2024

4.2. Development of a scalping method and software solution
The software architecture is based on a modular approach, enabling effective distribution of
functionality across various components as shown in Figure 1.

Data Acquisition Module Backtesting Module

WebSocket Client REST Client Tests strategies on historical data
Collects real-time and historical data
from Binance using WebSocket and
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Fig.1. Software Architecture

The main modules of the system include: the Binance interaction module, the data collection
module, the data management module, the analysis and strategy module, the trading execution
module, and the historical data storage module. Each module performs a specific task, ensuring high
flexibility, scalability, and adaptability of the system.

— The Binance interaction module manages integration with the cryptocurrency exchange,
providing access to streaming and historical data via WebSocket and REST API.

— The data collection module structures the received information for further use in analytical
and trading processes.

— The data management module implements temporary storage via Redis and processes current
data using Pandas.

— The analysis and strategy module calculates technical indicators such as SMA, RSI, and
Bollinger Bands, making decisions on trading operations.

— The trading execution module interacts with the Binance API to place orders and monitor
trades.

— The historical data storage module uses PostgreSQL for reliable and structured data storage.

The bot's lifecycle consists of the stages of initialization, data collection, analysis, strategy
execution, and error handling as shown in Figure 2. During the initialization stage, APl keys are
configured, a WebSocket connection to Binance is established, and necessary components like Redis
are prepared. Data collection ensures the retrieval of real-time and historical market data for analysis.
Market analysis is performed using indicators, enabling well-reasoned decisions on trade entry or
exit.

The strategy execution stage involves interaction with the exchange API for order placement
and logging of all operations. In the event of technical failures, such as connection loss, the bot
automatically resumes its operation, ensuring system stability.
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Fig.2. UML Activity Diagram of the Bot's Lifecycle

The technologies employed during development include PostgreSQL for historical data storage,
Redis for fast access to temporary data, WebSocket and REST API Binance for exchange integration,
and Python libraries (Pandas, NumPy, TA-Lib) ensures a robust and efficient architecture. for market
data processing. PostgreSQL provides reliable storage of large volumes of information necessary for
strategy analysis and optimization. Redis is used for data caching, significantly improving access

speed.
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This modular, technologically advanced approach ensures the scalability, reliability, and
efficiency of the trading system under real market conditions.

The proposed trading method based on a scalping strategy was implemented through software
that enables real-time market data analysis, decision-making regarding trade entry and exit, and
automatic trade execution. The bot operates on WebSocket technology, allowing data to be received
with minimal delay, which is critical for the successful application of scalping strategies. These
strategies rely on frequent trades with small profits, and their success depends on rapid responses to
market fluctuations.

5. Results of investigating the proposed method and software — optimized Scalping method
using EMA and VWAP Indicators

The experiment was conducted using the Bitcoin to Tether trading pair (BTC/USDT)
cryptocurrency pair, selected for its high liquidity, popularity, and significant volatility, which created
favorable conditions for testing the scalping bot. The collected data was analyzed using key indicators
such as the SMA, RSI, and Bollinger Bands. This ensured comprehensive market condition analysis
and allowed well-reasoned decisions regarding trade entry and exit.

The experiments were executed on a computer system with the following specifications:

Processor: Intel Core i7-10700K (8 cores, 16 threads, 3.8 GHz base clock, 5.1 GHz turbo boost).

— Memory: 32 GB DDR4 RAM (3200 MHz).

— Storage: 1 TB NVMe SSD (read/write speed: 3500/3000 MB/s).

— Operating System: Ubuntu 22.04 LTS.

— Network: Wired Ethernet connection with a speed of 1 Gbps.

This configuration ensured the system's ability to handle high-frequency trading operations,
process large volumes of market data, and execute trades with minimal latency.

To assess the effectiveness of the scalping method, it was compared with a trend-following
strategy. The trend bot focused on long-term trades and used indicators like SMA and Moving
Average Convergence Divergence (MACD). Unlike the scalping bot, the trend bot conducted fewer
trades, focusing on stable market trends. Experiments showed that the scalping bot achieved higher
overall profits due to more frequent trades, while the trend bot provided more stable profits per trade
under steady market conditions as shown in Table 1.

Table 1. Comparison of Scalping and Trend Bot Performance

Parameter Scalping Bot Trend Bot
Test Duration 2 hours 2 hours
Number of Trades 15 7
Number of Successful Trades 13 5
Total Profit (USDT) 120 85
Average Profit (%) 1.2% 0.85%
Maximum Profit (USDT) 25 40
Minimum Profit (USDT) 5 10
Maximum Loss (USDT) -8 -12
Position Holding Time (min) 4 20

The scalping bot’s higher trade frequency allowed it to capitalize on rapid price fluctuations,
demonstrating its strength in volatile markets. Its ability to adapt quickly to changing conditions was
evident in its low average position holding time and high success rate. The trend bot, on the other
hand, was more conservative, aiming for fewer but more significant trades, which is reflected in its
higher maximum profit per trade.
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An evaluation of memory usage during the experiment showed that the scalping bot’s resource
requirements scaled linearly with the number of cryptocurrency pairs processed. This was an essential
observation as it underlined the system's scalability. For instance, the bot consumed 120 MB of
memory for a single pair and scaled up to 2100 MB when handling 20 pairs, as shown in Table 2.

Table 2. Memory Usage During Scalping Bot Operation

Numt_)er of Dxienn;OPrgak Base Memory | Cache Memory Total Memory
Pairs Load (MB) Usage (MB) Usage (MB) (MB)
1 100 80 20 120
5 450 350 100 650
10 900 700 200 1300
15 1400 1100 300 1700
20 1900 1400 500 2100

For a single cryptocurrency pair, the scalping bot requires a total of 120 MB of memory. This
includes 80 MB allocated to core operations, such as maintaining the bot’s functionality and
processing real-time data streams, and 20 MB for cache memory, which is utilized for storing
frequently accessed data temporarily. The efficient allocation of memory resources ensures the bot
operates smoothly without unnecessary overhead, making it well-suited for low-volume trading
scenarios where only a single pair is analyzed.

As the number of cryptocurrency pairs being processed increases, the bot’s memory
consumption grows linearly. This consistent scaling demonstrates the modular design of the system,
allowing for predictable increases in resource usage with each additional pair. For example, when
managing 5 pairs, the total memory usage rises to 650 MB, comprising 350 MB for base memory and
100 MB for cache. At 10 pairs, memory consumption doubles to 1300 MB, with 700 MB dedicated
to base operations and 200 MB allocated for cache. At its maximum tested capacity of 20 pairs, the
bot requires 2100 MB of memory, including 1400 MB for base functions and 500 MB for cache. This
linear growth pattern highlights the bot's ability to handle increasingly complex workloads while
maintaining stable performance.

The predictable nature of memory consumption is a key factor in the bot’s scalability. Linear
scaling allows traders to effectively plan their system resources based on expected trading volumes,
ensuring smooth operations across varying scales. Whether used for single-pair trading or high-
volume scenarios involving multiple pairs, the bot demonstrates an ability to adapt without significant
performance degradation.

To further evaluate the scalability of the bot, several key performance metrics were measured,
including latency, average signal processing time, Computational tasks were executed using a Central
Processing Unit (CPU) usage, and memory consumption. Latency measures the delay between
receiving a market signal and the bot’s response, a critical metric for scalping strategies that rely on
rapid execution to capture small price fluctuations. Average Signal Processing Time reflects the bot’s
efficiency in analyzing incoming data and making trading decisions, ensuring responsiveness to
dynamic market conditions.

CPU usage was another important factor, as it indicates the computational load on the processor
during operation. Efficient CPU utilization ensures the bot can maintain high performance without
overburdening the system, even when processing multiple pairs. Finally, memory consumption
provides insight into the bot’s resource requirements, highlighting itS capacity to scale smoothly as
trading activity intensifies.

These metrics, as summarized in Table 3, underscore the bot's robust architecture and its ability
to maintain performance under varying workloads. By effectively managing memory, processing
time, and computational resources, the scalping bot proves to be a scalable and reliable tool for
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traders, whether operating in low or high-volume trading environments. This adaptability ensures that
the bot is suitable for real-world applications, providing both efficiency and stability in volatile
cryptocurrency markets.

Table 3. Scalability Metrics of the Scalping Bot

Number of Average Signal
Pai Latency (ms) Processing CPU Usage (%) | Memory (MB)
airs _
Time (ms)

. L 30 5 120

° 20 40 15 650

- 25 50 25 1300

o 35 60 40 1700

20 >0 [ 55 2100

The scalability of the scalping bot was evaluated using key performance metrics, including
latency, average signal processing time, CPU usage, and memory consumption. These metrics,
detailed in Table 3, were measured for varying loads, starting from a single cryptocurrency pair up to
a maximum of 20 pairs. This assessment provided valuable insights into the bot's ability to maintain
stable performance as the operational load increased.

Latency, a critical metric for scalping strategies, measures the time delay between receiving a
market signal and the bot's response. For a single pair, latency was recorded at 15 ms. As the number
of pairs increased, latency grew steadily, reaching 50 ms when processing 20 pairs. Despite the
incremental increase, latency remained within acceptable limits, ensuring the bot could respond
quickly to market changes—a necessity for high-frequency trading.

Average signal processing time reflects the time taken to analyze incoming market data and
make trading decisions. For a single pair, the bot required 30 ms, and this time increased
proportionally to 75 ms when handling 20 pairs. The gradual rise in processing time demonstrates
efficient computational resource allocation, enabling the bot to handle complex data streams without
significant delays. This consistent performance underscores the bot’s ability to operate effectively in
fast-paced trading environments.

CPU usage was also analyzed to understand the bot’s computational demands. At minimal load,
the bot used only 5% of the CPU, demonstrating its optimized design for low-volume trading. As the
number of pairs increased, CPU usage rose proportionally, peaking at 55% for 20 pairs. This efficient
scaling ensured that the bot remained within safe operational thresholds, avoiding system overload
while maintaining stable performance.

Memory consumption increased linearly with the number of pairs, as previously noted, growing
from 120 MB for a single pair to 2100 MB for 20 pairs. This predictable scaling of memory usage
highlights the bot's modular architecture, allowing for effective resource management and planning
as trading volumes expand. The bot’s ability to maintain linear growth in resource consumption
further validates its scalability.

To analyze real-time performance, Table 4 breaks down response times into signal receiving,
data processing, and order placement. For a single pair, the total response time was 50 ms, divided
into 10 ms for signal receiving, 20 ms for processing, and 20 ms for order placement. At maximum
capacity with 20 pairs, the total response time increased to 105 ms, with 20 ms for signal receiving,
50 ms for processing, and 35 ms for order placement. These results indicate that the bot maintained
rapid response times even under maximum load, ensuring minimal delays in trade execution.

In summary, the scalping bot demonstrated strong scalability and responsiveness, maintaining
efficient performance across varying levels of trading activity. The latency, processing time, CPU
usage, and memory consumption metrics all showed proportional scaling, ensuring the bot’s
adaptability to different trading demands. This robust performance makes the bot a reliable tool for
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traders, capable of handling both small-scale and large-scale operations in volatile cryptocurrency
markets.

Table 4. Response Time for Scalping Bot Operations

Signal . Order
Nu_mber of Receiving Time P_rocessmg Placement Time T_otal Response
Pairs Time (ms) Time (ms)
(ms) (ms)
1 10 20 20 50
5 12 28 20 60
10 15 35 25 75
15 18 40 30 88
20 20 50 35 105

Overall data processing speed remains stable even under maximum load conditions.
Thus, the scalping bot demonstrates high efficiency and stability, even under significant loads.
This makes it a versatile tool suitable for real-world market conditions.

6. Analysis of the obtained results

The results of the study provide strong evidence of the scalability, efficiency, and adaptability
of the scalping bot in handling high-frequency cryptocurrency trading. These findings are explained
by the system's modular architecture and its ability to efficiently allocate computational resources,
even under significant workloads. The analysis of performance metrics, such as memory
consumption, CPU usage, latency, and response times, highlights the bot's ability to maintain stable
operation and reliable performance across various trading volumes.

One of the critical findings is the bot's scalability, which is explained by the linear nature of
resource consumption observed during the experiments. The memory usage, for example, increased
predictably from 120 MB for a single cryptocurrency pair to 2100 MB for 20 pairs. This predictable
scaling underscores the effectiveness of the bot’s design in managing growing workloads without
overwhelming system resources. Similarly, CPU usage remained proportional to the number of pairs
processed, peaking at 55% under maximum load. This efficient resource utilization ensures that the
bot can operate smoothly even during high trading volumes, making it highly suitable for real-world
applications.

The latency and response time metrics further validate the bot's adaptability to dynamic market
conditions. The experiments demonstrated that latency increased from 15 ms for a single pair to 50
ms for 20 pairs, while the total response time remained under 105 ms at maximum load. These results
suggest that the bot can execute trades quickly, an essential feature for scalping strategies that rely on
capturing small price fluctuations within volatile markets. These outcomes are attributed to the bot’s
streamlined decision-making processes and its use of real-time data streams.

While the scalping bot's rapid trade execution resulted in higher overall profitability compared
to a trend-following strategy, this strength also introduced higher risks. The increased trade frequency
amplified the overall risk exposure, despite the lower maximum loss per trade for the scalping bot (—
8 USDT) compared to the trend bot (-12 USDT). This trade-off between profitability and risk
underscores the importance of robust risk management mechanisms in automated trading systems.
Future improvements could include the integration of machine learning models to dynamically adjust
risk parameters based on market conditions.

The study also revealed potential limitations of the scalping bot. The reliance on linear resource
scaling, while effective for moderate workloads, may pose challenges when operating under extreme
conditions or with limited hardware capacity. Optimizing algorithms to reduce memory and CPU
demands would enable the bot to process more pairs or operate on less powerful hardware.
Additionally, the experiments focused primarily on the BTC/USDT pair, which, while highly liquid



122 Information, Computing and Intelligent Systems N2 5, 2024

and volatile, may not represent the bot's performance across less active trading pairs. Expanding the
scope of testing to include a broader range of cryptocurrencies and market scenarios would provide
a more comprehensive understanding of the bot’s capabilities.

The bot’s reliability is another key aspect highlighted by the results. Error-handling
mechanisms ensured continuous operation, even during peak loads, preventing disruptions that could
have resulted in missed trading opportunities. However, the system’s dependence on stable network
connections and API availability introduces potential vulnerabilities. Future iterations could
incorporate redundancy features, such as fallback mechanisms or integration with multiple
exchanges, to enhance the system’s robustness in real-world trading environments.

In conclusion, the findings of this study demonstrate the practicality and reliability of the
scalping bot for professional trading applications. Its ability to handle multiple cryptocurrency pairs,
maintain rapid response times, and scale efficiently makes it a valuable tool for institutional investors
and high-frequency traders. Future research should focus on optimizing resource utilization,
integrating advanced risk management techniques, and testing the bot in live trading scenarios to
further validate its performance and identify additional areas for improvement. These enhancements
would ensure that the scalping bot remains competitive in the fast-evolving landscape of
cryptocurrency trading.

Conclusions

The study successfully developed an innovative scalping strategy optimized for trade execution,
risk management, and scalability in dynamic cryptocurrency market conditions. The implemented
automated trading system demonstrated the ability to process real-time market data with minimal
latency, ranging from 15 ms to 50 ms, enabling rapid decision-making and high-frequency trading.
The system’s modular design ensured linear scalability of resource usage, with memory consumption
increasing predictably from 120 MB for a single pair to 2100 MB when handling 20 pairs. This
confirmed the system’s capability to maintain stable performance under varying workloads.

Experimental testing revealed the advantages of the scalping strategy compared to a trend-
following approach. Over a two-hour test period, the scalping bot achieved higher overall
profitability, conducting 15 trades (13 successful) with a total profit of 120 USDT. In contrast, the
trend bot, focused on fewer trades, generated a profit of 85 USDT. The scalping bot’s higher trade
frequency allowed it to capitalize on short-term price fluctuations, while its low average position
holding time of 4 minutes highlighted its adaptability to volatile market conditions. However, the
trend bot achieved a higher maximum profit per trade under steady market conditions, demonstrating
its more conservative approach.

The scalability of the system was validated through key performance metrics, including
memory usage, latency, CPU utilization, and signal processing times. Results showed predictable and
proportional increases in resource usage as the number of cryptocurrency pairs increased, ensuring
stable performance without significant degradation. The system maintained acceptable response
times, growing from 50 ms for a single pair to 105 ms for 20 pairs, while CPU usage scaled efficiently
from 5% to 55%. These findings highlight the bot’s ability to handle both small-scale and high-
volume trading operations effectively.

The practical value of the developed system lies in its efficiency, reliability, and scalability,
making it a versatile tool for high-frequency traders operating in volatile markets. Its modular
architecture allows for smooth integration with real-world trading platforms, while its ability to adapt
to dynamic market conditions ensures robust performance. The experimental results confirm that the
system provides a competitive advantage in cryptocurrency trading, offering both high profitability
and resource efficiency.
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VY nocmimKeHH] po3TIISIHYTO MUTAaHHS pO3pOOKH Ta BIIPOBAPKEHHS aBTOMATH30BaHOI CUCTEMHU
JUI CKaJBIIHTOBMX CTpaTerii Ha KPUNTOBAIIOTHOMY pUHKY. CKaJbHIHT € BHUCOKOYAaCTOTHOIO
CTpaTeri€ero, 10 Opi€EHTOBaHa Ha OTPUMaHHS NPUOYTKY BiJ] HE3HAUHUX IIHOBUX KOJIMBaHb. OCHOBHA
MeTa poOOTH — CTBOPEHHS aBTOMAaTH30BaHOIO TOProBOro 0OTa, IO BHUPINIYE KIFOYOBI MpoOiieMu,
MOB’sI3aH1 3 JIATEHTHICTIO, YIPAaBIIHHAM PU3MKAaMHU, MacIITaA0OBAHICTIO Ta HAIIMHICTIO y peabHUX
PUHKOBUX yMoOBax. [yl MOCSTHEHHS 11i€1 MeTH Oyino copMyIbOBaHO 3aBJaHHS: PO3POOUTH HOBUI
METOJI CKaJbIIHTY, pealli3yBaTh MporpamMHe pIlIeHHS Ui HOro IHTerpamii y CcHCTEMY
aBTOMAaTU30BAHOI TOPTiBIlI Ta OLIHUTH €(QEKTUBHICTH pPOOOTH CHCTEMH 3a JOMOMOTOIO
€KCIEPUMEHTAJIbHOTO TECTYBAHHS.

MeTtoposoris JOCHIKEHHsT 0a3yeThCsl HA BHUKOPHUCTAHHI TEXHIYHMX IHIWUKATOPIB, TAKUX SK
eKCroHeHIIiiHe KoB3He cepeane (Exponential Moving Average, EMA) ta 06’eMHO3BakeHa CepeIHs
mina (Volume Weighted Average Price, VWAP). IlceBmokoa MeTOAuKud Oyiao po3poOieHo st
Kpalloro po3yMiHHS Mpolecy NPUNHHATTS pillieHb, BKIIOYAIOUM MapaMeTpy 3riaKyBaHHS, 4acoBi
MepioIM Ta MOPOTOBI 3HAYCHHS JJI BXOy Ta BUXOJY 3 MO3UIIN. PeaizoBana apXiTekTypa CUCTEMHU
BKJTIIOYA€ TaKi MOJIYJIi: MOyJTb iHTErpallii 3 6ipkero Binance, moaymnb 360py Ta yrpaBIIiHHS JaHHUMH,
MOJyJIb aHaIi3y Ta CTpATerii, MOIyJb BHKOHAHHS TOPrOBUX OIEpariid 1 30epiraHHs iCTOPUYHUX
nanux. J{ist po3poOKu cucTeMu BUKOPUCTOBYBaiucs TexHosorii PostgreSQL, Redis, WebSocket ta
oiomorexu Python (Pandas, NumPy, TA-Lib).

Excnepumentu mpoBomuiaucs Ha mnapi BTC/USDT, ska XapaKTepu3yeTbCsl BHCOKOIO
JMIKBIAHICTIO Ta BoJaTWwiIbHICTIO. CHcTemMa TecTyBajlaca Ha OOJIafHAHHI 3  IPOIECOPOM
Intel Core i7-10700 K, 32 I'b onepatuBHOi mam’sATi Ta MIKIFOYEHHSIM 0 MEPexi 31 MBHIKICTIO 1
I'6it/c. [lopiBHsUIIBHUN aHANI3 CKANBIIHIOBOI CTpaTerii Ta TPEHAOBOI CTpaTerii moka3aB IepeBary
MepIoi B yMOBax BHCOKOT BOJIATHIILHOCTI PUHKY: 00T BUKOHaB 15 yron (13 ycmimHux) i3 3araibHuM
npudyrkom 120 USDT nmpoTsirom 1BOX rouH.

byno omiHeHO KITIOYOBI MOKa3HUKHM MPOIYKTHBHOCTI, Taki sK 3arpumka (15-50 mc), ugac
00poOku curnaiis, 3aBantaxenictb CPU (5-55%) ta Bukopucranus mam’srti (120-2100 MB).
Jliniiine MaciTabyBaHHS peCcypcCiB MiATBEPAUIO MOIYAbHICTh 1 THYYKICTh apXITEKTYpPH CUCTEMHU, 1110
J03BOJIsIE €(PEKTUBHO KepyBaTH 30UIbLIEHHAM OOCSTIB TOPTiBIIi.

OTtpumaHi pe3ynbTaTH CBiT4aTh NpPo €(hEeKTUBHICTH 3alPOIIOHOBAHOIO METO/AY Ta HAAIHHICTh
po3po0ieHOT cucTeMH Y peabHUX yMoBax. [lomanbiii JOCTIKEHHS MOXKYTh OyTH CIIpSIMOBaHI Ha
ONTUMI3AIlil0 aJITOPUTMIB U1 3SMEHIIEHHS CII0KUBAaHHS PECypCiB Ta IHTErpalliio epeJOBUX METO/IIB
yIPaBJIiHHS PU3HKAMHU.

KnrouoBi cnoBa: aBromMaTHyHa TOPTiBIIs, CKAIBIIHT, KpunToBamoTa, Binance API, anroputmiuna
TOPTIBJIAL.



