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Abstract:

There is growing use of reinforcement learning within automated trading systems in order to be able to
adapt to dynamic financial markets. This research suggests an automated framework of equity trading
involving events that combine Simple Moving Average (SMA) crossover indicators with Proximal Policy
Optimization (PPO) reinforcement learning algorithm to improve the process of trading decisions. The
interaction between SMA crossover events as technical triggers to produce market state signals, and PPO
as a learner of optimal trading policies through interaction with the market environment and maximization
of cumulative trading rewards, is proposed in the model. The system processes past price history
information of the equity to detect short-term and long-term crossovers of SMAs, which are converted to
event signals of possible buy and sell. The PPO agent examines these signals and other market
characteristics in order to dynamically adapt trading positions and risk exposure. The benchmark equity
experimental analysis shows that the proposed hybrid framework has better performance in terms of
profitability, lower drawdown risk, and strategy stability than the conventional rule-based SMA strategies.
Reinforcement learning on adaptive policies in non-stationary markets is made possible by the
combination of event-based technical signals and reinforcement learning. The findings emphasize the
success of technical analysis indicator integration with current reinforcement learning algorithms in
intelligent and automated equity trading systems.
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1. Introduction
The use of automated and algorithmic trading systems has revolutionized financial markets at a very high
rate. The numerous innovations in the field of computational intelligence, data accessibility, and machine
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learning have allowed creating intelligent trading systems that can analyze large amounts of financial data
and perform trades with the least human involvement. Automated equity trading systems are designed to
find fruitful trading opportunities, deal with risk effectively, and react promptly to market changes [1].
Old school trading methods typically use technical indicators including moving averages, momentum
oscillators and volume-based indicators. Although these methods are popular because of their simplicity
and interpretability they are often difficult to adapt to the dynamics and non-stationarity of the financial
markets. As a result, the combination of adaptive machine learning techniques and existing technical
indicators is now a significant field in quantitative finance [2], [3].

The Simple Moving Average (SMA) is one of the most popular technical analysis tools that can be used
to determine market trends and derive trading signals [4]. The trend reversal and momentum shift in the
equity markets are usually identified using the SMA crossover strategy which usually consists of the
interaction between the short term and long term moving averages [5]. Crossover A bullish crossover will
happen when a short-term SMA crosses a long-term SMA indicating the possible buying opportunity
whereas a bearish crossover will indicate the possible selling signal. Although popular, the classical SMA
crossover strategy operates by fixed rules that might not be quite suitable to understand the behavior of
the complex market or adapt to the changing market conditions. Consequently, these rule-based strategies
can create a false signal or they are less profitable in turbulent or lateral market environments [6].

In order to overcome these drawbacks, scholars have turned to the research on reinforcement learning
(RL) that can be used in financial decision-making [7]. Reinforcement learning presents a context whereby
a smart agent learns to take the best actions by interacting with the environment by maximizing the
cumulative rewards. In financial trading, market is the environment, the trading algorithm is the agent and
the reward is usually the trading profits or risk-adjusted returns. The benefit of the RL-based trading
models is that they are adaptable hence it can learn sophisticated patterns and can modify trading strategies
with respect to changing market conditions [8], [9].

Proximal Policy Optimization (PPO) is one of the most useful policy optimization reinforcement learning
algorithms. PPO is a policy-gradient approach that aims to enhance the stability and efficiency of training
by preventing the use of large policy updates in the learning process [10]. In comparison to the previous
reinforcement learning algorithms, PPO includes a balance between exploration and exploitation and is
also computationally efficient. These are what makes PPO especially appropriate to financial trading
settings, where market dynamics are highly stochastic in nature; and where they demand a robust decision-
making strategy [11], [12].

Over the last few years, the development of reinforcement learning as a hybrid algorithmic trading method
has shown a promising perspective when used along with conventional technical indicators. Technical
indicators make available the structured domain knowledge that may inform the learning process of
machine learning models and reinforcement learning allows the system to adjust the trading policies.
Frameworks of event-driven trading, especially, have been the subject of attention due to their capacity to
drive trading decisions through particular market events as opposed to applying continuous time-
dependent signals only. In event-driven trading architecture [13], it is market events, like indicator
crossovers, price breakouts or volatility spikes that provide a trigger and generate trading activity or policy
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review. Such a method can enhance the level of computational efficiency and noise elimination in
decision-making because it concentrates on significant market signals [14], [15].

This paper is inspired by these advances and suggests an automated equity trading system with event
change performance based on Simple Moving Average crossover signals coupled with the Proximal Policy
Optimization algorithm. The crossover events of SMA are the major market drivers in the proposed system
that indicate trend shifts. These incidents are applied to organize the trading environment and give
informative representations of state to the reinforcement learning agent. The PPO agent understands what
the optimum trading moves could be, i.e. buying, selling, or holding positions, by examining market
conditions and getting the best cumulative trading returns with time. The proposed method of integrating
deterministic technical signals and adaptive reinforcement learning policies aims to improve the reliability
of signals and trading performance [16-20].

The combination of SMA signals which are event-driven with PPO has a few possible benefits. To begin
with, the application of SMA crossover events assists in removing market noise and offers substantial
trend-based triggers on which trading decisions can be made [21]. Second, the PPO algorithm permits
adaptive policy learning, and the trading system is able to adapt to dynamic market conditions and
optimize rewards-motivated decision-making. Third, the hybrid framework has a middle ground between
interpretability and learning ability because the technical indicator component is transparent whereas the
reinforcement learning agent enhances the performance of the strategy via the experience [22-27].

This study aims majorly to design and test an automated intelligent trading system that will utilize
conventional methods of technical analysis alongside the contemporary applications of reinforcement
learning. The proposed framework will help to enhance profitability levels, minimize the risk, and increase
the trading stability as opposed to traditional rule-based SMA strategies [28-31]. Moreover, the paper is
also part of the literature that is accumulating on the topic of reinforcement learning in finance by showing
that event-based signal creation is highly effective in steering policy optimization in algorithmic trading
settings.

IJSAT260110536 Volume 17, Issue 1 (January-March 2026) 3


https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

=°

with SMA Crossovers Integrated in PPO Algorithm
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Fig 1: Event-driven Equity Trading Chart Setup in ITC Ltd

The rest of the paper will be organized in the following way. The following part provides the methodology
and model architecture of the planned event driven PPO trading model. The following sections describe
the experimental design, experimental outcome, and performance. Lastly, the paper ends with some of the
major findings and suggestions on future research on the reinforcement learning-based automated equity
trading systems.

2. Literature review

Automated trading systems have developed over time with development of computational finance,
machine learning and data-driven decision-making methods. The classical algorithmic trading systems
rely mostly on the statistical modeling and the technical indicators that are trying to epitomize the market
movement and the price trends. Of these, most of the strategies that have been embraced are moving
average based strategies because of their ease of use and capacity to identify reversal of trends in the
market. Nevertheless, financial markets are very dynamic and subject to many external factors and
therefore the more rule-oriented trading strategies would be not as effective in the fast-changing
environment. Consequently, scholars have found themselves looking at intelligent and adaptive trading
structures that integrate traditional technical indicators with current machine learning technologies [32-
37].

The Simple Moving Average (SMA) crossover strategy is one of the most used technical analysis
techniques. The SMA indicator is a computation of average price of a financial instrument during a given
time frame assisting traders in determining underlying market trends. When a short-term SMA crosses
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over a long-term SMA, it is usually a good indication of an upward trend, but the reverse crossover
indicates the possibility of a downward trend. Despite the simplicity of the SMA crossover strategies,
which are commonly adopted in financial markets, the techniques have a tendency to create false signals
when the market moves in a volatile or a sideways trend. Thus, a number of studies have tried to enhance
moving-average-based strategies by incorporating other techniques of analysis like machine learning,
statistical filtering and signal confirmation mechanisms [38-42].

Reinforcement learning (RL) has become a potent method in automated trading and financial decision-
making in the past years. Reinforcement learning helps an intelligent agent to learn optimal trading
behaviors by researching within a market setting by maximizing cumulative returns like profit or risk-
adjusted returns. Contrary to the classical supervised learning models, which are based on labeled data,
the RL models continuously optimize their decision-making policies by trial-and-error learning. This is
what makes the reinforcement learning especially appropriate to the financial markets whose price
changes are complex, uncertain, and time-dependent. Research has revealed that the RL-based trading
agents are able to adjust to the changing market environment and dynamically optimize over time the
trading strategies [43-49].

Deep reinforcement learning (DRL) generalizes the classical RL by using neural networks to estimate
value functions or policy functions. DRL has been used in quantitative finance to perform activities like
portfolio optimization, asset allocation, and automated stock trading. There are a number of algorithms
that have been explored to apply to financial trading such as Deep Q-Network (DQN), Advantage Actor-
Critic (A2C), Deep Deterministic Policy Gradient (DDPG), and Proximal Policy Optimization (PPO). Of
these approaches, PPO has received a lot of attention because it has maintained a steady training
procedure, as well as effective policy updates. PPO limits large policy changes during training through a
clipping mechanism, which enhances the learning stability and decreases the likelihood of divergence in
complex settings. Comparative trials of various reinforcements learning algorithms have indicated that
PPO tends to work quite effectively in changing markets and can result in a higher number of risk-adjusted
returns than conventional trading policies [50-52].

The other significant advancement in the study of algorithmic trading is that event-driven trading
structures have come up. Event based trading Trading systems are depended on market events instead of
time-based observations. Price breakouts, technical indicator crossovers, unexpected volatility and
macroeconomic announcements are examples of these events. Event-driven architectures aid in
minimizing noise in the market since only meaningful signals are considered which represent any
possibility of change in market trends. It is also a method that enhances efficiency in computing because
it reduces the number of decision-making processes to relevant trading events rather than computing all
the market ticks [53].

Newer research also touched the subject of hybrid frameworks involving reinforcement learning
algorithms and technical indicators in order to enhance the trading performance. Technical indicators are
used as inputs or signal triggers in reinforcement learning agents in such methods. An example is the
reinforcement learning models, which have been trained on the basis of indicator like moving averages,
relative strength index (RSI), moving average convergence divergence (MACD) and volatility measures
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to represent both trend and momentum information of financial time series data. Experimental findings of
a number of studies show that trading systems with reinforcement learning are better at accumulating
returns and Sharpe ratio than conventional buy-and-hold strategies and rule-based indicator systems.

Research in this field has also been speeded up by the development of specific reinforcement learning
models to be used in financial trading. Environments, datasets, and reinforcement learning algorithms
used to develop and test automated trading systems are offered as modular on platforms like FinRL. The
frameworks enable researchers to model trading as a game, include transaction costs and risk constraints,
and backtest trading strategies in a systematic manner. This has made it possible to combine reinforcement
learning with financial datasets analysis using such tools to support more reproducible and scalable studies
in algorithmic trading.

New studies have also focused on state-of-the-art reinforcement learning designs incorporating multiple
signals or features to improve trading performance. Indicatively, there are all hybrid models that have
been introduced that integrate clustering-based extraction of features and PPO, which can better represent
the state of a financial market and increase the accuracy of predictions. The experimental findings of this
kind of models have shown that the reinforcement learning models could be used to enhance the
performance of trade in a scenario where more structural information is included in the learning process.

Despite these innovations, a range of issues still exists when it comes to the implementation of
reinforcement learning to financial trading. Financial markets are very stochastic and the reward signals
may be noisy or slow. The issues of designing the relevant reward functions and non-overfitting to past
data are persisting problems in the reinforcement learning-based trading research studies. Also, the
combination of interpretable technical indicators and adaptive learning algorithms remains a significant
research area, and it can enhance the transparency and resiliency of automated trading systems.

Thus, the combination of technical indicators that are event-driven e.g. SMA crossovers and reinforcement
learning PPO is a promising area to enhance automated equity trading systems. The hybrid frameworks
have the potential of improving the reliability of signals, trading performance, and intelligent response to
evolving market dynamics using technical indicators as an event trigger and reinforcement learning as an
adaptive response.

3. Methodology and Model Specifications

3.1 Preprocessing and Data Collection.

The event-based automated equity trading framework proposed uses the training and testing of the
reinforcement learning model through the use of historical stock market data. Equity price information
such as open, high, low, close (OHLC) and traded volume is obtained daily and using the credible financial
market databases. Data is spanning several years of trading history to be in a position to record various
market regimes like bullish, bearish, and side trend market regimes. The raw financial data are subjected
to a number of preprocessing procedures before model development in order to improve on quality and
consistency. Missing values are addressed by interpolating or dropping off complete records whereas
abnormal outliers are filtered to eliminate noise in the data.
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The time-series data is then standardized with the help of the standard scaling method to stabilize the
learning process of the reinforcement learning model. Features engineering is used to create other
variables like short-term and long-term Simple Moving Averages (SMA), price returns and volatility. The
SMA indicators have been computed using two-time windows that represent the short term and long-term
trends in the market. These signals are used in determining the crossover events to generate trading signals
in the proposed trading framework. The dataset is split into training, validation, and testing set after
preprocessing and feature extraction in order to have an unbiased performance assessment of the trading
model.

3.2 SMA Crossover Signal Generation of Trading Signals

The general idea of the proposed trading system is that the event-driven architecture, the trading decisions
are made based on the significant events that happen in the market instead of the round-the-clock
observation of the market. Simple Moving Average crossovers are applied as the most important event
signals in this framework that give an indication of possible trend reversals within the equity market.
There are two SMA indicators based on the historical price series, a short-term SMA that reflects the
recent trend of price fluctuations and a long-term SMA that reflects the overall movement of the market.
Simple Moving Averages (SMAS) help to reveal the overall trend direction and strength in the market.
Here, closing prices are used to calculate the two SMAs a short one and a long one. The short, term SMA
tracks the latest price changes, while the long-term SMA is a measure of the overall market trend. When
the short-term SMA goes above the long-term SMA, this is a buy (bullish) signal as it shows the possibility
of the price going up. On the other hand, if the short, term SMA goes below the long, term SMA, this is a
sell (bearish) signal. Rather than using these crossover signs to make trading decisions, the signals are
being encoded here to be the ANN model's inputs. Hence, it will be up to the model to figure out how
significant the event is under changing conditions. Other derivatives made this way are, among others, the
"gap" between different short and long, term SMASs and the "line angles" of the MAs. These features,
which show trends in the data and are useful for the ANN to recognize market momentum at a very
nuanced level, are inevitably significant to swing trading strategies. Simple Moving Average (SMA) is a
tool that helps to identify market trends. It finds the average prices over a set period, thus removing the
impact of short, term fluctuations and pointing to the overall nature of the market.

SMA(tn) = Y0P, 1

where Pt is the closing price at time t, and n is the window length.
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Fig 2 SMA-Crossover based Trading signals in ITC Ltd.

Two SMA values are computed, these are Short-term SMA and Long-term SMA. Golden Cross (Buy
Signal) generated when Short-term SMA crosses above long-term SMA and Death Cross (Sell Signal) are
generated when Short-term SMA crosses below long-term SMA. Although effective in detecting trend
classes, SMAC mostly tends to give false signals during sideways or low-volume market conditions.

Bullish crossover event is where the short-term SMA crosses over the long-term SMA indicating the
development of an upward trend in price and creating a possible buy signal. On the other hand, a bearish
crossover effect is when the short-term SMA crosses below the long-term SMA and this means that there
is a potential downward trend and this will produce a sell signal. It is these crossover events that form the
framework of the event-based trading environment. The crossover signals are treated as informative state
inputs of the reinforcement learning agent instead of running fixed rule-based trades. This will enable the
trading system to integrate domain knowledge of the technical analysis with the adaptive learning of the
reinforcement learning algorithm.

3.2 Reinforcement Learning Environment and State Representation

The automated trading system is designed as a reinforcement learning setting where the trading agent
would interact with the financial market to learn the best strategies of trading. The market data and the
technical indicators are the state space and reflect the present market condition in such an environment.
State vector contains normalized stock prices, SMA indicators, crossover event flags, price returns and
trading volumens. All these characteristics give a complete picture of the market dynamic and allow the
agent to comprehend trend and momentum data as well.

The trading agent has three action space which include buy, sell, and hold. A buy action is an entry or
addition to a long position in the asset and a sell action is a reduction or liquidation of a position. The hold
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action enables the agent to keep its current state of portfolio without trading. The rewarding feature is
developed to demonstrate the performance of trading and provide directions to the learning process. The
reward is usually determined by the change in the value of the portfolio in successive trading actions
considering the transaction cost and trading penalties. This is a formulation of rewards that will motivate
the agent to maximize the returns over time and reduce unnecessary trading procedures.

3.3 Integration of Proximal Policy Optimization (PPO) Algorithms

The choice element of the proposed trading model is informed by a Proximal Policy Optimization (PPO)
algorithm, which is a policy-gradient reinforcement-based approach to learning, as the solution is stable
and efficient. PPO works by learning a policy that maps market observed states to trading behavior. The
algorithm modifies the policy by performing a gradient optimization without any violation of the policy
update being done out of a stipulated trust region. This is done by means of a clipped objective function
which inhibits the excessive large policy change during training.

Proximal Policy Optimization (PPO)
— }
I EETTTEESS

Price Data @%ﬁbt Market Indicators
- \ -
SMA Calculation Policy Network o
] ‘, e 3 ) Execute Trade Agent Learning
‘ e Vo T Action: Buy, Sell,
| — Short-term SMA ———=5|  JEeRd Decison: Hold v
| — Long-term SMA — R o s o o
: Reward Function " L1 IER
Trading Signal Generation e
ate Portiolio
L w Profit / Loss Feedback P Risk Management

SMA Crossover Signals T I
b @ ——Feedback Loop
e Sell Signal -

Fig 3 Architecture of the PPO-based Model

The PPO model is a two-component neural network based on the actor network and the critic network.
The actor network produces probability distributions of the possible trading behaviors given the prevailing
market condition. The critic network approximates the value function, or the cumulative reward which is
expected of a given state. The PPO algorithm upgrades both networks in turn during training based on the
experience that has been accumulated during the interactions with the trading environment. The objective
function which is clipped is useful in keeping the learning stable because it has bounds on the large
difference between the new and the old policies. Such a mechanism is especially useful in trading financial
markets where market condition is extremely volatile and unstable learning processes may result in
optimum trading strategy.

IJSAT260110536 Volume 17, Issue 1 (January-March 2026) 9


https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

=°

3.5 Training and Performance Appraisal of the Model

The proposed framework is trained by a process that is an iterative interaction between the PPO agent and
the trading environment with the help of historical market data. The agent will monitor the state of the
market at every time step and choose a course of action according to its policy network. The environment
then reacts to this portfolio state to calculate the reward associated with that portfolio state and moves to
a new market state. These experiences are stored and employed to update the policy and value networks
with the help of stochastic gradient optimization. This process is repeated on a sequence of episodes up to
the point of a convergent policy of a fixed trading strategy.

=0
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Fig 4: Working Pricipal of the RL Model

In order to assess the performance of the proposed trading model, a number of performance metrics are
used. These are cumulative return, Sharpe ratio, maximum drawdown, and accuracy in trading. The
findings of the PPO-based event-driven trading model are drawn against the baseline strategies, namely,
the traditional SMA crossover rule-based strategy and buy-and-hold investment strategies. Backtesting
experiments on unseen test data are performed so as to gauge the ability to generalize of the model in real
market conditions. The evaluation procedure will illustrate the possibility of the integration of event-
driven SMA signals with reinforcement learning to increase profitability, risk management, and offer a
strong automated trading solution to the equity markets.

IJSAT260110536 Volume 17, Issue 1 (January-March 2026) 10


https://www.ijsat.org/

International Journal on Science and Technology (IJSAT)

— E-ISSN: 2229-7677 e Website: www.ijsat.org e Email: editor@ijsat.org

4. Empirical Result

In order to test the efficacy of the proposed event-based automated equity trading system, backtesting
experiments of historical market data had been performed in large scale. The SMA Crossover category of
Proximal Policy Optimization (PPO) trading model performance was benchmarked against two control
strategies: the conventional rule-based strategy of SMA crossover strategy and the buy-and-hold
investment strategy. The tests were done using out-of-sample test data so as to evaluate it without any
bias. Performance measures such as cumulative return, Sharpe ratio, peak drawdown and accuracy in
trading were evaluated to determine the effectiveness and stability of the trading strategies.

. Cumulative | Sharpe | Maximum Trading
Trading Strategy | Return (%) ‘ Ratio | Drawdown (%) Accuracy (%)
66.9%
Buy-and- 38.6% 1.82
Hold
Strategy 38.6% .

Rule-based 56.3% 1.18 58.7%

94 SMA
Crossover 36.2% . 1.18

) 1.67 52.4%

Event-driven 78.5%
w' 52.4%
2744 SMA + PPO 38.6% 1.18
®  Model

Fig5 Trading Strategy Comparative Performance
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Average Episode Reward
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Fig6 Stability Metrics and Reinforcement Learning Training
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The results of the experiment prove that the suggested event-based trading model that combines the PPO
algorithm with SMA crossover signals performs far better than the traditional trading strategies. The
proposed model had a cumulative return of 78.5, as indicated in Table 1, which is quite high compared to
either the rule-based SMA crossover strategy (56.3%), or the buy and hold strategy (38.6%). This
enhancement suggests that reinforcement learning does enable the trading system to dynamically change
its decisions based on the changing market conditions as opposed to adhering only to fixed rules, such as
indicator rules.

The Sharpe ratio of the proposed model, which is 1.67, also supports the better risk-adjusted performance
of the proposed model. The higher the Sharpe ratio, the better returns are earned by the strategy with the
same degree of risk. Moreover, the drawdown of the proposed model is minimized to 13.2%, which
implies greater risk management ability and stability of the portfolio in the unfavorable market situations.
The trading accuracy of 66.9 also demonstrates the usefulness of integrating SMA crossover events with
optimization of policy of reinforcement learning.

The PPO model has the performance of the training as is shown in Table 2. The mean episode reward of
1.42 is an indication that the agent has acquired profitable trading behavior in the course of training. The
convergence of the policy was observed at around 480 repetitions, and this indicated steady learning
behavior. Moreover, the increase in the portfolio value by 81.4 percent proves the fact that the
reinforcement learning agent has been able to optimize the trading decisions in the various phases of the
market.

In general, the findings indicate that using event-driven SMA crossover signals in combination with the
PPO reinforcement learning algorithm would be more profitable and yield better risk-adjusted returns and
a more adaptive automated trading policy in equity markets.

5. Conclusion and Future Work

This paper introduced an event-based automated equity trade system, which coupled Simple Moving
Average (SMA) crossover indicators with Proximal Policy Optimization (PPO) reinforcement learning
model in the process of enhancing trading decision making in a dynamically changing financial market.
The suggested method will be based on combining the classical technical analysis with adaptive machine
learning algorithms to create a smart trading system that is able to learn the best strategies based on its
interaction with market information. Within the developed framework, SMA crossover events are
important market signals that signify the possibility of trend reversal, whereas the PPO agent reacts to the
trends of observed market conditions and rewards feedback to provide suitable trading directions of buy,
sell, or maintain.

The results of the experiment prove that the hybrid trading model is superior to the traditional strategies
including the rule-based SMA crossover strategy and buy and hold method of investment. Reinforcement
learning integration allows the trading system to be accommodating to the market dynamics, minimize
the false signals produced by conventional indicator-based approaches, and enhance the risk-adjusted
returns. Also, the event-driven architecture combined with minimizing noise in the markets because it
only pays attention to the important events of the indicators, makes the decision-making process more
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efficient and raises the overall performance of the system. The results indicate that automated trading
systems using interpretable technical indicators with sophisticated reinforcement learning algorithms can
greatly improve the success of automated trading systems in equity markets.

Although the results promise, there are still a few weaknesses that offer the future opportunities of
research. To begin with, the existing model is mainly based on SMA crossover signals to generate events.
Future research can include other technical indicators like momentum oscillators, volatility scales and
volume-based indicators to increase the state representation of the reinforcement learning agent. Second,
the introduction of macroeconomic predictors, emotional reactions to financial news, or any other data
sources can also enhance the predictive ability of the model. Third, more sophisticated deep reinforcement
learning systems, such as multi-agent reinforcement learning or transformer-based models might be
considered to enable better decision-making in complex financial settings. Lastly, further development of
the proposed framework can also aim at the future implementation of the proposed framework in the
context of real-time trading procedures involving transaction cost modeling and integration of live market
data to prove the practical usefulness of the proposed framework.

Data source:
Source: Yahoo Finance, with feature engineering calculated on a Python platform
Link: https://finance.yahoo.com/quote/RELIANCE.NS/history/
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