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Abstract. As the Forex market becomes increasingly complex, accurate direc-
tional forecasting is essential for effective trading decisions. This study proposes a
multi-timeframe framework to evaluate directional trend prediction for the EUR/USD
exchange rate using Ichimoku Cloud-inspired feature engineering and CNN-based
hybrid architectures, including CNN, CNN-LSTM, and CNN-GRU. The study optimizes
model hyperparameters using the Starfish Optimization Algorithm (SFOA). Specifically,
the study investigates multi-step trend prediction for the H1 and H4 timeframes, and
one-step-ahead prediction for the daily (D1) timeframe. Historical EUR/USD data are
used to train continuous forecasting models, whose outputs are transformed into discrete
trend classification labels. The framework ultimately employs a voting mechanism to
determine the final trend decision at the daily (D1) timeframe. To assess the model’s
zero-shot classification capability and generalization, eight additional currency pairs are
evaluated using the same evaluation criteria at the relevant stages to assess both individual
model performance and overall framework effectiveness. Regression performance is
assessed using MSE, MAE, and MAPE, while classification performance is evaluated
using Accuracy and F1-score. Statistical robustness is further examined using the
Diebold–Mariano test and bootstrap analysis. Experimental results demonstrate that
incorporating GRU layers into CNN architectures consistently improves forecasting
performance across multiple timeframes and currency pairs, with the proposed IICGS
architecture achieving the most competitive overall performance. Selected results and
implementation code are publicly available on GitHub.
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1 Introduction

The foreign exchange (Forex) market is widely recognized for its high liquidity, substantial
volatility, decentralization, and rapid transaction execution. These characteristics have attracted
considerable attention from both researchers and market practitioners, particularly in algorith-
mic trading, wherein automated systems use historical market data and computational models to
optimize trading strategies. In this context, technical analysis serves as a foundational method-
ology, utilizing historical price data—such as open, high, low, and close prices—along with
mathematical indicators to identify market trends, price behavior patterns, and potential rever-
sals. Among these indicators, the Ichimoku Kinko Hyo (Ichimoku Cloud) stands out for its
comprehensive nature, offering insights into support and resistance levels, trend direction, mo-
mentum, and trading signals. Developed in pre-WorldWar II Japan by journalist Goichi Hosoda
under the pseudonym “Ichimoku Sanjin” (meaning “at a glance”), this tool was designed to pro-
vide a holistic “mountain view” of market dynamics by integrating multiple moving averages
and forward-looking components. Despite its historical origins and initially complex manual
calculations, the Ichimoku Cloud is still widely used in modern trading applications for both
short-term and long-term market analysis [8].

Recent advances in deep learning have substantially increased interest in financial forecast-
ing and trend prediction, particularly in the foreign exchange (Forex) market. Models such as
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Convolutional Neural
Networks (CNNs) have demonstrated strong capabilities in capturing nonlinear and complex
temporal patterns. Their effectiveness in modeling challenging dynamical systems has also
been demonstrated beyond financial applications. For instance, Mirzajani et al. [27] proposed
feedback-based LSTM architectures for multivariate prediction of the chaotic Lorenz system,
achieving higher predictive accuracy than conventional RNN and LSTM models. These find-
ings highlight the potential of recurrent architectures to capture complex temporal dependencies
in nonlinear and chaotic systems, which are also characteristic of financial markets. In the Forex
domain, a systematic literature review by Ayitey Junior et al. [1] identified a growing shift to-
ward hybrid machine learning and deep learning approaches, emphasizing their potential to
improve forecasting accuracy in noisy financial time series. Consistent with this trend, Islam
et al. [15] proposed a hybrid GRU-LSTM architecture that outperformed standalone GRU and
LSTM models in forecasting several major currency pairs. Similarly, Mabrouk et al. [25] de-
veloped a CNN-GRU-based trading framework that integrated technical indicators with deep
learning for daily trading-signal prediction, achieving superior forecasting accuracy and trading
performance compared with conventional machine learning methods. Collectively, these stud-
ies demonstrate the growing potential of deep and hybrid learning architectures for capturing
the nonlinear and dynamic behavior of financial markets. However, the predictive performance
of these models depends heavily on appropriate hyperparameter selection. Consequently, meta-
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heuristic optimization algorithms have become increasingly popular for automatically tuning
hyperparameters and improving forecasting performance. For example, Gülmez [11] proposed
a metaheuristic-based LSTMmodel for stock price prediction and reported significant improve-
ments in MAE, MSE, and MAPE through optimized hyperparameter selection. Owing to their
ability to efficiently explore large and complex search spaces, metaheuristic algorithms are par-
ticularly well suited for financial prediction problems. Motivated by these advantages, this
study employs the Starfish Optimization Algorithm (SFOA) [31] to optimize the hyperparame-
ters of the proposed deep learning models. Inspired by the adaptive and regenerative behavior
of starfish, SFOA performs population-based exploration to identify suitable hyperparameter
configurations, including network architecture, thereby improving convergence stability and
reducing the risk of premature convergence to local optima.

Beyond model architecture and hyperparameter optimization, recent studies have also em-
phasized the importance of feature engineering in enhancing forecasting performance. Deng
et al. [5], for instance, proposed a hybrid trading system that combined Ichimoku-based fea-
ture extraction with fuzzy rough sets and NSGA-II optimization for crude oil futures forecast-
ing, demonstrating improvements in both profitability and risk management. Likewise, Sev-
astjanov et al. [29] showed that integrating multiple forecasting models with novel technical
indicators can reduce overfitting and improve adaptability under changing market conditions.
Özorhan et al. [28] improved EUR/USD trend prediction using ZigZag-based motif discov-
ery and SVM classification, while Khattak et al. [18] integrated Fibonacci indicators with a
hybrid CNN-LSTM architecture for cryptocurrency trend prediction, highlighting the impor-
tance of profitability-oriented evaluation in practical trading environments. Collectively, these
studies indicate that combining advanced deep learning architectures with effective optimiza-
tion techniques and carefully designed technical indicators provides a promising direction for
developing more accurate and robust financial forecasting systems.

Although these studies have reported encouraging results, several limitations remain. Many
existing approaches focus mainly on price forecasting accuracy while paying less attention to
directional trend prediction, which is often more relevant in trading applications. In addition,
most studies rely heavily on regression metrics such as MAE, MSE, and MAPE. While these
measures evaluate numerical forecasting error, they do not necessarily reflect whether the pre-
dicted market direction is correct. In practical trading, even a small prediction error may still
lead to an incorrect trading signal and financial loss. Another limitation is the lack of rigorous
statistical validation in many forecasting frameworks. Comparisons between models are often
reported without statistical tests capable of determining whether performance differences are
truly significant.

To address these limitations, this study proposes a hybrid forecasting framework that com-
bines Ichimoku Cloud feature engineering with CNN-based deep learning architectures for
multi-timeframe trend prediction. The proposed framework considers H1, H4, and D1 time-
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frames to capture short-, medium-, and long-term market behavior. Regression models are
trained to perform one-step-ahead price forecasting at each timeframe. At H1 and H4, succes-
sive one-step-ahead forecasts are generated, and the predicted prices corresponding to the daily
forecasting horizon are compared to determine the associated daily directional trend. At D1, the
daily trend is obtained by directly comparing two consecutive one-step-ahead predicted prices.
The directional signals from H1, H4, and D1 are then integrated through a voting mechanism
to produce a single final daily trend decision. Thus, regression constitutes the training and
optimization objective, whereas directional classification represents the final decision-making
objective of the framework. Three deep learning architectures—CNN, CNN-LSTM, and CNN-
GRU—are investigated. The Starfish Optimization Algorithm (SFOA) is employed for hyper-
parameter optimization and is compared with Genetic Algorithm (GA), Particle Swarm Opti-
mization (PSO), and Grey Wolf Optimizer (GWO). Regression performance is evaluated using
MSE, MAE, and MAPE, with validation MAE serving as the fitness function for SFOA. At
the final decision stage, the directional outputs are assessed using Accuracy and F1-score. The
statistical reliability of the regression results is examined using the Diebold–Mariano (DM) test
with Holm–Bonferroni correction, together with a moving block bootstrap procedure to assess
the stability of the final classification performance. In addition to EUR/USD, eight previously
unseen currency pairs are considered to evaluate the zero-shot classification capability of the
trained framework. The main contributions of this study are as follows:

• Amulti-timeframe hybrid framework is developed that explicitly separates the regression
training objective from the final directional decision-making objective. One-step-ahead
price forecasts at H1, H4, and D1 are converted into directional signals (by comparing
prices aligned with the daily horizon at H1/H4 and consecutive predictions at D1) and
aggregated via a voting mechanism to obtain the final daily trend.

• A unified evaluation strategy is established in which MSE, MAE, and MAPE guide
model training and optimization, while Accuracy and F1-score evaluate the ultimate
trend-prediction performance of the overall framework.

• The modeling and optimization strategy is systematically compared across CNN, CNN-
LSTM, and CNN-GRU architectures and against established metaheuristic methods (GA,
PSO, GWO), with statistical significance assessed by the DM test (Holm–Bonferroni
adjusted) and performance stability examined via moving block bootstrap.

• The zero-shot cross-market robustness of the trained framework is evaluated on eight
currency pairs that were not used during training, assessing both regression forecasting
quality and the final daily trend-classification performance obtained through the voting
mechanism.
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The remainder of this paper is organized as follows. Section 2 describes the proposed
methodology, data collection process, and model development procedure. Section 3 presents
the experimental results and statistical analyses. Section 4 discusses the findings and practical
implications of the study, and Section 5 concludes the paper and outlines directions for future
research.

2 Material and methods

The way in which the creator of Ichimoku views and analyzes the market forms the basis, mo-
tivation, and goal of designing our proposed neural networks. Before exploring the main topic,
a brief overview of the concepts behind LSTM, GRU, and CNN is essential. In addition, a
detailed explanation of the SFOA metaheuristic algorithm is provided in Appendix.

2.1 Long Short-Term Memory

Hochreiter et al. [12] introduced long short-termmemory (LSTM) networks, a type of recurrent
neural network (RNN) designed to capture long-term dependencies in sequential data such as
time series, natural language, and audio. Unlike traditional RNNs, which suffer from vanishing
or exploding gradients, LSTMs overcome this limitation through a gatingmechanism consisting
of a forget gate, input gate, and output gate. These gates enable the model to selectively retain,
update, or discard information, making LSTMs particularly suitable for financial forecasting
tasks such as stock prediction, Forex trend analysis, and cryptocurrency modeling.

Let xt represent the input vector at time step t and ht−1 the hidden state of the previous
step. The forget gate, ft, controls the proportion of the previous cell state, Ct−1, to retain:

ft = σ(Wf · [ht−1, xt] + bf ). (1)

The input gate, it, determines the extent to which new information is stored in the cell state.
The candidate cell state, C̃t, represents the new content to be added:

it = σ(Wi · [ht−1, xt] + bi), (2)

C̃t = tanh(WC · [ht−1, xt] + bC). (3)

The cell state, Ct, is then updated as in Equation (4):

Ct = ft ⊙ Ct−1 + it ⊙ C̃t. (4)
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The output gate, ot, determines how much of the internal memory is exposed to the next
hidden state, ht:

ot = σ(Wo · [ht−1, xt] + bo), (5)

ht = ot ⊙ tanh(Ct). (6)

This gating system enables LSTMs to maintain a dynamic memory of important temporal
patterns over long horizons, critical for modeling non-linear dynamics in financial time series.

2.2 Gated Recurrent Unit

The Gated Recurrent Unit (GRU), introduced by Cho et al. [4], is a simplified recurrent neural
network architecture designed to tackle challenges such as the problem of vanishing gradients.
GRUs use two gates: the update gate, zt, which balances the retention of past information with
the incorporation of new input, and the reset gate, rt, which controls how much of the previous
hidden state is forgotten.

Candidate activation, h̃t, combines the effect of the reset gate with the current input to
generate new information. The final hidden state, ht, is computed as a weighted sum of the
previous hidden state and the candidate activation, modulated by the update gate:

ht = zt ⊙ ht−1 + (1− zt)⊙ h̃t. (7)

GRUs are computationally efficient, requiring fewer parameters than LSTMs, while still
effectively capturing dependencies in sequential data. They are widely used in applications
like language modeling, time series forecasting, and speech recognition.

While both LSTMs and GRUs present distinct architectural trade-offs, deciding when to
deploy each cell structure—or their simplified variants—depends heavily on the underlying
statistical behavior of the target time series. Recent taxonomy work by Khaldi et al. [17] sys-
tematically evaluated 20 recurrent cell architectures across fundamental time series behaviors
(deterministic, random-walk, non-linear, long-memory, and chaotic). Their empirical findings
revealed that structural modifications—such as parameter-reduced variants like SLIM—yield
statistically significant performance gains tailored to specific series dynamics (e.g., SLIM-
LSTM for chaotic dynamics and SLIM-MGU for long-memory processes). This benchmark
underscores the necessity of evaluating both standard LSTM and GRU foundations when con-
structing forecasting frameworks for complex, multi-behavior financial series.
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2.3 Convolutional Neural Network

Convolutional Neural Networks (CNNs) are deep learning models that are very effective for
tasks involving spatial data, such as images and sequences. The foundational work of LeCun
et al. [22] established CNNs as powerful tools for image recognition and classification tasks,
demonstrating their ability to achieve high precision in complex data sets.

CNNs are widely recognized for their ability to automatically and adaptively learn spatial
hierarchies of features from data through three main types of layers: convolutional layers, pool-
ing layers, and fully connected layers. The convolutional layers are responsible for feature
extraction by applying a set of learnable filters (kernels) across the input. This enables the net-
work to detect patterns and features, such as edges, textures, and shapes, which are crucial for
tasks such as image recognition [10]. The pooling layers reduce the dimensionality of feature
maps, preserving key features while discarding less important information. This not only re-
duces computational requirements, but also helps to make the network less prone to overfitting
[13]. For example, in modern CNNs, max-pooling is widely used to retain the most important
aspects of each feature while reducing noise [23]. Finally, the fully connected layer combines
the extracted features to produce the final output, typically used for classification or regression
tasks. This layer links the learned feature representations to specific output classes, facilitating
tasks such as object identification in images. CNNs utilize activation functions, often Rectified
Linear Unit (ReLU), to introduce nonlinearities, allowing them to learn complex functions [13].

Beyond image processing, CNNs can be applied effectively to one-dimensional data using
1D convolutional kernels. One-dimensional CNNs (1D CNNs) are particularly well suited for
tasks like time series prediction and signal identification, in which the absolute position of fea-
tures is less critical. For example, combining 1D CNNs with bidirectional LSTM (BiLSTM)
networks has been effective in complex prediction tasks that involve volatile data. Lawal et
al. [21] developed a hybrid model that combines 1D CNN and BiLSTM to accurately forecast
short-term wind speed by extracting spatial and temporal features, demonstrating high perfor-
mance at various heights above ground level. Similarly, Kim et al. [19] employed a 1D CNN-
BiLSTMmodel for time series predictions of peak electricity demand and marginal price of the
system, illustrating that this approach performs better than conventional methods by efficiently
capturing sequential dependencies and improving prediction accuracy.

2.4 Ichimoku-Inspired Feature Engineering

The intersections of the Ichimoku indicators Tenkan-sen, Kijun-sen, Senkou Span A, Senkou
Span B, and Chikou Span are widely utilized in technical analysis to generate trading signals.
Taking inspiration from this approach, we engineered new features based on these intersec-
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tions. These features are derived from five key Ichimoku-based trend-identification signals, as
described below.

Tenkan-sen and Kijun-sen Cross When the Tenkan-sen (Conversion Line) crosses above the
Kijun-sen (Base Line), it signals a potential uptrend. In contrast, a downward cross sug-
gests a possible downward trend (Figure 1).

Figure 1: Tenkan-sen and Kijun-sen Cross

Senkou Span A and Senkou Span B Cross (Cloud Boundary) When Senkou Span A (the
faster-moving edge of the cloud) crosses above Senkou Span B, it suggests an uptrend,
while a downward cross indicates a downtrend. This intersection defines the “Kumo”
(cloud) boundaries and highlights the support and resistance levels (Figure 2).

Tenkan-sen and Kijun-sen Crossing Above or Below the Cloud When both Tenkan-sen and
Kijun-sen cross above the cloud (bounded by Senkou Span A and B), it signals a strong
uptrend. In contrast, crossing below the cloud indicates a potential downward trend. The
cloud serves as a long-term trend indicator, and these crossings provide valuable signals
(Figure 3).

Price and Ichimoku Indicators Cross When the price crosses above Tenkan-sen, Kijun-sen,
or the cloud, it indicates a potential uptrend and market strength. In contrast, crossing
below these indicators signals a potential downward trend, reflecting price movements
relative to support and resistance levels (Figure 4).

Chikou Span Cross (Lagging Line) The Chikou Span, a lagging indicator that shifts the clos-
ing price backward by 26 periods, provides historical context for trend analysis. When
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Figure 2: Senkou Span A and Senkou Span B Cross

Figure 3: Tenkan-sen and Kijun-sen Crossing Above or Below the Cloud
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Figure 4: Price and Ichimoku Indicators Cross

the Chikou Span rises above the Tenkan-sen, Kijun-sen, or cloud, it suggests an uptrend.
Conversely, when it falls below these indicators, it signals a downtrend, helping identify
trend persistence or reversal (Figure 5) [24].

Figure 5: Chikou Span Cross

The mathematical operations used to generate these features include subtraction, maximiza-
tion, andminimization, which help capture the direction andmagnitude of the intersections. Ad-
ditionally, some features were shifted forward to align with the principles of technical analysis,
which rely on analyzing historical data and past price behavior to evaluate current price trends
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and forecast future market movements. Table 1 provides a summary of the features derived
from these signals.

Table 1: Ichimoku-inspired features.

Feature Description
T-K Tenkan_sen−Kijun_sen
A-B Span A− Span B

P-T-K Close Price−max(Tenkan_sen, Kijun_sen)
P-A-B Close Price−max(Span A, Span B)

T-K-A-B min(Tenkan_sen, Kijun_sen)−max(Span A, Span B)

P-CH Close Price− Chikou Span (shifted + 26)

CH-T-K Chikou Span−max(Tenkan_sen, Kijun_sen) (shifted + 26)

CH-A-B Chikou Span−max(Span A, Span B) (shifted + 26)

2.5 Dataset

This study employs a dataset of EUR/USDOHLC prices across three hierarchical timeframes—
one-hour (H1), four-hour (H4), and daily (D1)—spanning from September 1, 2019, to Septem-
ber 1, 2024. The data were collected via the MetaTrader 5 platform to ensure high reliability
and precision. The proposed multi-timeframe voting framework strategically integrates these
complementary resolutions to generate robust, real-world-aligned trading signals. The D1 time-
frame serves as the primary decision layer. It effectively filters intraday noise and captures
persistent trend structures that align with the medium- to long-term positioning of institutional
traders, a concept well-documented in Forex market microstructure research. The H4 time-
frame acts as an intermediate confirmatory layer, encapsulating half of each major geographic
trading session (Asian, European, and American) within a single candle. This resolution reveals
significant intraday momentum shifts and liquidity surges that remain obscured on daily charts
yet are excessively noisy on lower timeframes. Finally, the H1 timeframe is incorporated as the
highest-frequency component. It enables precise entry and exit timing by detecting short-term
support and resistance zones, micro-trends, and order-flow imbalances, while preserving an
acceptable signal-to-noise ratio. This hierarchical D1→H4→H1 architecture ensures that the
final signal is firmly rooted in dominant market cycles, validated by session-driven dynamics,
and optimally timed for execution. Furthermore, the selection of EUR/USD—the world’s most
liquid currency pair, exhibiting strong correlations with global risk sentiment—enhances the
generalizability and practical relevance of the findings. To improve the predictive accuracy of
the models, two distinct datasets are constructed to systematically evaluate the contribution of
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Ichimoku-inspired features. The first dataset augments standard OHLC price data with the five
canonical components of the Ichimoku Kinko Hyo indicator. The second dataset extends this
representation by combining OHLC prices with eight engineered features derived from widely
adopted Ichimoku trading strategies. This captures relational and directional market dynamics
beyond the original indicator formulation, as detailed in Section 2.4. A sliding window of 50
time steps is applied to both datasets to model recent temporal dependencies while preserving
the computational efficiency required for real-time forecasting. This specific window length
was selected to cover a complete Ichimoku trend cycle, enabling the model to capture both short-
term fluctuations andmedium-term directional structures. The data are subsequently partitioned
into training and testing subsets using an 80%–20% split, with 20% of the training data allocated
as a validation set to monitor performance and ensure proper generalization. Ultimately, the
integration of hierarchical timeframes, sophisticated feature engineering, and rigorous data par-
titioning forms a comprehensive foundation for the robust evaluation of the proposed predictive
architectures.

2.6 The Proposed Models

This research contributes to the development of a multivariate time series prediction system that
leverages deep learning techniques to forecast Forex price movements. The proposed system
consists of three main components trained on the H1, H4, and D1 timeframes. A Convolutional
Neural Network (CNN) serves as the base architecture, combined with LSTM and GRU net-
works for enhanced temporal modeling. The primary focus is on utilizing the Ichimoku techni-
cal indicator, which provides high-quality features suitable for these deep learning architectures.
To clearly distinguish between different configurations, the following naming conventions are
adopted: models using only the original Ichimoku indicators are prefixed with I (e.g., IC for
Ichimoku-CNN, ICL for Ichimoku-CNN-LSTM, and ICG for Ichimoku-CNN-GRU). Models
augmented with the newly engineered Ichimoku-inspired features receive an additional I prefix
to denote “Improved” status (e.g., IIC, IICL, and IICG).

Furthermore, all configurations undergo hyperparameter optimization via the Starfish Op-
timization Algorithm (SFOA). To denote this, an S is appended to the model name (e.g., ICS,
ICLS, and ICGS for standard Ichimoku architectures; IICS, IICLS, and IICGS for the improved
versions). The structural frameworks of the baseline IC, ICL, and ICG models are illustrated
in Figure 6. Each model employs the Rectified Linear Unit (ReLU) activation function in the
hidden layers and a linear activation function in the output layer.

All models were trained for 50 epochs using the Mean Squared Error (MSE) loss function
and the Adam optimizer with an initial learning rate of 0.001. Given that the input EUR/USD
time-series data were normalized prior to training, this learning rate ensured stable and efficient
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Figure 6: Models’ Architecture

convergence. Additionally, the Adam optimizer provides adaptive learning rate adjustments,
which stabilizes the training dynamics of deep neural networks. To further enhance convergence
and prevent optimization stagnation, a ReduceLROnPlateau learning rate scheduling strategy
was applied, dynamically decreasing the learning rate when the validation loss plateaued.

In financial time-series forecasting, overfitting is a common and critical issue, in which a
model may achieve strong performance on training data but fail to generalize to unseen samples
due to the noisy and non-stationary nature of market data. To mitigate this problem, several
regularization techniques were incorporated into the proposed architectures, including Dropout
layers, Batch Normalization, and pooling operations. These components collectively improve
feature generalization, stabilize training dynamics, and enhance the robustness of the models
on out-of-sample data. The system was implemented in Python 3.11.3, utilizing TensorFlow
and scikit-learn for deep learning and data preprocessing. All experiments were conducted on
a laptop equipped with a 13th Gen Intel® Core™ i7-13620H CPU (2.40 GHz) and 16 GB RAM,
running the Windows 11 operating system. To ensure reproducibility and further assess the
robustness of the proposed framework, all stochastic components involved in model training
and hyperparameter optimization were controlled using fixed random seeds. In particular, each
model was trained over 10 independent runs using different fixed random seeds (e.g., 11, 22,
33, 44, 55, 66, 77, 88, 99, and 110) to reduce the influence of random weight initialization
and to verify that the reported performance was not associated with a specific initialization.



Co
rre
cte
d p
ro
of
s14 Multi-Timeframe Forex Trend Prediction with Optimized CNN-LSTM/GRU

In addition, the same seed-control strategy was employed in the SFOA-based hyperparameter
optimization stage to ensure consistency across the entire experimental procedure.

Table 2 presents the hyperparameter candidate values considered in this study. These param-
eters determine the model’s learning capacity and resistance to overfitting. The SFOA frame-
work systematically optimizes these hyperparameters, ensuring an optimal balance between
architectural complexity and generalization performance when training on high-dimensional
time series data.

Table 2: Hyperparameter Alternatives

Hyperparameter Candidate Values
Conv1D Filters 30–150 (step=1)
Conv1D Kernel Size {3, 5, 7, 9}
Dropout Rate {0.3, 0.4, 0.5, 0.6}
Neurons (Dense/LSTM/GRU) 30–150 (step=1)

A rule-based aggregation module was developed to harmonize the forecasting outputs ob-
tained from the H1, H4, and D1 timeframes and project them onto a unified daily (24-hour) hori-
zon. Forecasts at different temporal resolutions are treated as complementary trend-following
signals that capture short-, medium-, and long-term market dynamics. Within this framework,
the H1 and H4 forecasts corresponding to a given 24-hour interval are temporally aligned and
consolidated at the daily level together with the direct D1 prediction. Importantly, one-step-
ahead forecasts are used exclusively for regression-based performance evaluation and model
optimization (MSE, MAE, MAPE, and the SFOA fitness function). For trend extraction, how-
ever, a multi-step alignment is applied at H1 and H4 so that the predicted prices corresponding
to the daily horizon can be compared, while at D1 the daily trend is obtained by comparing two
consecutive one-step-ahead predicted prices. This design reduces trendmisclassification: short-
horizon predictions may achieve low regression error yet still produce incorrect directional sig-
nals. By aligning all timeframes to the daily horizon, the models capture the dominant price
movement more reliably. The final daily trend direction is determined by a majority-voting
scheme in which the aligned H1, H4, and D1 directional signals participate. This aggregation
filters out noisy or conflicting short-term signals and yields a stable estimate of the prevailing
daily trend (upward or downward). The overall workflow is summarized in Algorithm 1. His-
torical price data across the three timeframes are prepared and normalized, hyperparameters
are optimized with SFOA, and the models are trained. One-step-ahead predictions are then
used to compute regression metrics, while the multi-step-aligned forecasts are converted into
directional signals and aggregated by majority voting. The resulting daily trend decisions are
evaluated with classification metrics (Accuracy and F1-score).
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Algorithm 1 End-to-end multi-timeframe forecasting and decision-making framework using
Ichimoku-based features, CNN-based models, and SFOA
1: Input: Historical EURUSD price data in {H1, H4, D1}, window length L,
2: CNN-based models ICS, ICLS, ICGS, IICS, IICLS, IICGS,
3: optimization algorithm SFOA, number of bootstrap replications B, Random seed set S =

{s1, s2, . . . , s10}.
4: Output: Final classification performance metrics reported as mean ± SD, and DM test

results reported as DM statistics, p-values, and Holm–Bonferroni adjusted p-values.
5: Step 1: Data Preparation
6: for each timeframe tf ∈ {H1,H4,D1} do
7: Load historical price data corresponding to tf .
8: Perform Ichimoku-based feature engineering.
9: Normalize the extracted features.
10: Construct sliding windows of length L.
11: Split the dataset into training (80%) and testing (20%) subsets.
12: Further split the training subset into training (80%) and validation (20%) subsets.
13: end for
14: Step 2: Timeframe-specific Hyperparameter Optimization via SFOA
15: for each timeframe tf ∈ {H1,H4,D1} do
16: for each modelm ∈ {ICS, ICLS, ICGS, IICS, IICLS, IICGS} do
17: for each starfish candidate in SFOA do
18: Apply candidate hyperparameters to modelm for timeframe tf .
19: Train modelm on the training data of timeframe tf .
20: Compute validation MAE.
21: Assign the MAE value as the fitness score.
22: end for
23: Select the optimal hyperparameter set for (m, tf) after SFOA convergence.
24: end for
25: end for
26: Step 3: Final Training of Optimized Models
27: for each timeframe tf ∈ {H1,H4,D1} do
28: for each modelm do
29: Train modelm on the entire training set of tf using the optimized hyperparameters.
30: end for
31: end for
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32: Step 4: One-Step-Ahead Price Forecasting and Statistical Regression Evaluation
33: for each timeframe tf ∈ {H1,H4,D1} do
34: for each modelm do
35: Generate one-step-ahead price forecast p̂tft+1.
36: Compute regression metrics: MSE, MAE, and MAPE.
37: end for
38: end for
39: Step 5: Multi-Step Forecasting for Trend Alignment
40: for each modelm do
41: Generate aligned multi-step-ahead price forecasts:

H1: p̂H1
t+24 (24 steps ahead)

H4: p̂H4
t+6 (6 steps ahead)

D1: p̂D1
t+1 (1 step ahead)

42: end for
43: Step 6: Trend Extraction
44: for each timeframe tf ∈ {H1,H4, D1} do
45: Determine the trend direction by comparing the aligned

forecast with the current actual price.
46: end for
47: Step 7: Daily Trend Decision via Majority Voting
48: Aggregate the aligned trend predictions from {H1,H4, D1}

using majority voting.
49: Obtain the final daily trend decision.
50: Step 8: Final Classification Evaluation
51: Compare predicted daily trends with ground-truth trends.
52: Compute classification metrics: Accuracy and F1-score.
53: Step 9: Statistical Validation
54: Diebold–Mariano (DM) Test:
55: for each timeframe tf ∈ {H1,H4, D1} do
56: for each model pair (mi,mj) do
57: Compute forecast errors for both models.
58: Calculate the loss differential: dt = L(ei)− L(ej)

59: Compute the DM statistic and corresponding p-value.
60: end for
61: end for
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63: Holm–Bonferroni Correction:
64: Sort the DM test p-values in ascending order.
65: Apply the step-down Holm–Bonferroni procedure to control the

family-wise error rate (FWER).
66: Compute the Holm-adjusted p-values.
67: Determine statistical significance using the adjusted p-values.
68: Moving Block Bootstrap Procedure:
69: for b = 1 to B do
70: Generate a bootstrap sample using moving blocks.
71: Compute evaluation metrics on the bootstrap sample.
72: end for
73: Calculate the mean and standard deviation of Accuracy

and F1-score over bootstrap replications.
74: Report the final performance metrics as mean ± SD to assess model robustness.
75: Output:
76: Report Mean ± SD results, DM test outcomes, and

Holm–Bonferroni adjusted p-values.

Statistical reliability is assessed by the Diebold–Mariano (DM) test with Holm–Bonferroni
correction for multiple comparisons, and the stability of classification performance is exam-
ined via moving-block bootstrap analysis. Together, these steps provide an end-to-end evalu-
ation pipeline that clearly separates the regression training objective from the final directional
decision-making objective. To evaluate the cross-market generalization capability of the pro-
posed framework, the models trained exclusively on the EUR/USD currency pair were applied
to eight additional currency pairs without any retraining or fine-tuning. For each unseen cur-
rency pair, the same Ichimoku-based feature engineering pipeline, data normalization proce-
dure, and multi-timeframe forecasting and voting mechanism were employed. This protocol
enables assessment of the framework’s zero-shot transfer performance across different Forex
markets.

Remark 1. The stochastic initialization and search phases of Algorithm 1 are controlled via
fixed random seeds, with results reported as the mean and standard deviation over 10 indepen-
dent runs.

Remark 2. The DM test was conducted at a significance level of α = 0.05. A p-value lower
than 0.05 indicates a statistically significant difference between the forecasting errors of the
compared models.
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3 Experimental Results

3.1 Evaluation Criteria

The proposed forecasting framework is evaluated using a comprehensive set of regression, clas-
sification, and statistical validation metrics. Regression performance is assessed using Mean
Squared Error (MSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE), while trend prediction performance is evaluated using Accuracy and F1-score. To fur-
ther investigate the statistical significance and robustness of the obtained results, the Diebold–
Mariano (DM) test and Bootstrap resampling analysis are additionally employed. The DM test
determines whether the forecasting accuracy of two competing models differs significantly,
whereas Bootstrap analysis evaluates the stability and reliability of the reported performance
estimates across repeated samples. To account for the increased probability of false-positive
findings resulting from multiple DM comparisons, the Holm–Bonferroni procedure is applied
to adjust the resulting p-values while controlling the family-wise error rate (FWER). Together,
these evaluation criteria provide a comprehensive assessment of predictive accuracy, classifica-
tion effectiveness, statistical significance, multiple-comparison control, and model robustness.

MSE measures the average squared difference between predicted (ŷi) and actual values (yi) as
shown in Equation (8):

MSE =
1

n

n∑
i=1

(ŷi − yi)
2. (8)

By penalizing larger errors more heavily, MSE is sensitive to outliers and is widely used
for regression tasks. It traces its origins to Gauss and Legendre’s foundational work on
least squares regression [9].

MAE represents the average magnitude of errors, treating all deviations equally as shown in
Equation (9):

MAE =
1

n

n∑
i=1

|ŷi − yi|. (9)

MAE is more robust to outliers than MSE and provides interpretable results in the same
units as the data. It has its roots in robust regression and descriptive statistics [7].

MAPE expresses errors as a percentage of actual values, making it scale-independent as shown
in Equation (10) :

MAPE =
1

n

n∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100. (10)

MAPE is useful for comparing performance across datasets but can produce inflated er-
rors when actual values are near zero. It gained prominence in time-series forecasting
and business modeling [26].
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Accuracy is a straightforward metric that measures the proportion of correct predictions in-
cluding true positives and true negatives, relative to the total predictions made as shown
in Equation (11).

Accuracy =
Number of Correct Predictions
Total Number of Predictions

. (11)

While accuracy indicates overall performance, it can bemisleading under class imbalance
with a dominant class [30].

F1-score is a performance metric used in classification tasks to evaluate the balance between
precision and recall. It is defined as the harmonic mean of precision (P ) and recall (R),
formulated as Equation (12):

F1 = 2 · P ·R
P +R

. (12)

Precision (P ) is defined as Equation (13):

P =
True Positives (TP)

True Positives (TP)+ False Positives (FP)
(13)

Recall (R) is defined as Equation (14):

R =
True Positives (TP)

True Positives (TP)+ False Negatives (FN)
. (14)

The F1-score provides a single metric that balances the trade-off between precision and
recall, particularly useful in situations with imbalanced datasets [30]. This metric has
since been adapted widely in machine learning and classification tasks for evaluating
model performance. Together, these metrics provide a well-rounded evaluation of the
model’s effectiveness in predicting financial time series movements.

Diebold-Mariano (DM) Test is a statistical method used to compare the accuracy of two com-
peting forecast models. Developed byDiebold andMariano [6], this test assesses whether
the difference in forecast performance between two models is statistically significant. It
is particularly useful in econometrics and time series analysis when evaluating the per-
formance of different forecasting techniques. Let Yt be the actual value at time t, and
let Ŷ1,t and Ŷ2,t be the forecasts generated by model 1 and model 2, respectively. The
forecast errors for each model are defined as Equations (15) and (16):

e1,t = Yt − Ŷ1,t, (15)

e2,t = Yt − Ŷ2,t. (16)
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TheDiebold–Mariano test focuses on the loss differential series, defined as dt = L(e1,t)−
L(e2,t), here L(·) denotes a specific loss function, such as squared error or absolute er-
ror. The null hypothesis (H0) states that both competing models possess equal forecast
accuracy (i.e., the expected value of the loss differential is zero), while the alternative hy-
pothesis (H1) implies that one model statistically outperforms the other. The test statistic
is based on the sample mean of the loss differentials, d̄, and its variance. A modified t-
statistic is typically utilized to account for potential autocorrelation in the forecast errors,
especially in finite samples. The DM statistic is calculated as Equation (17):

DM =
d̄√
V̂ (d̄)

, (17)

in which d̄ = 1
T

∑T
t=1 dt and V̂ (d̄) is a consistent estimate of the asymptotic variance

of d̄. Under the null hypothesis, this statistic asymptotically follows a standard normal
distribution [6].

Moving Block Bootstrap (MBB) is a resampling technique designed for dependent data, par-
ticularly time-series observations, where the assumption of independent and identically
distributed samples is not appropriate [20]. Unlike the conventional bootstrap, which in-
dependently resamples individual observations with replacement, MBB resamples con-
secutive blocks of observations to preserve the temporal dependence structure of the orig-
inal series.

LetX = x1, x2, . . . , xn denote an ordered time series and letL represent the block length.
A collection of overlapping blocks is first constructed from consecutive observations as

Bj = {xj , xj+1, . . . , xj+L−1}, j = 1, 2, . . . , n− L+ 1.

Each block therefore contains L consecutive observations, and adjacent blocks overlap.
During each bootstrap replication, blocks are randomly selected with replacement from
the collection of available overlapping blocks and concatenated sequentially to construct
a bootstrap sample of the desired length. The statistic of interest is then calculated from
the resulting bootstrap sample.

Repeating this procedure generates an empirical bootstrap distribution of the statistic,
which can be used to assess its sampling variability and statistical uncertainty. By re-
sampling contiguous blocks rather than individual observations, MBB retains the local
dependence structure of the original time series and provides a suitable nonparametric
resampling framework for dependent observations [20].

Holm–Bonferroni Correction Whenmultiple statistical hypotheses are tested simultaneously,
the probability of obtaining at least one false-positive result increases with the number
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of comparisons. To control the family-wise error rate (FWER), the Holm–Bonferroni
procedure provides a sequential (step-down) multiple-comparison correction that is less
conservative than the classical Bonferroni method while still guaranteeing strong FWER
control [14].

Letm denote the total number of statistical tests and let p(1) ≤ p(2) ≤ · · · ≤ p(m) be the
ordered raw p-values. The Holm procedure sequentially compares each ordered p-value
with its adjusted significance threshold:

p(i) ≤
α

m− i+ 1
, i = 1, . . . ,m, (18)

where α is the chosen significance level. Equivalently, the adjusted p-values are com-
puted as

pHolm(i) = min

(
1, max

j≤i

{
(m− j + 1) p(j)

})
. (19)

A hypothesis is declared statistically significant if its corresponding adjusted p-value falls
below the pre-specified significance level α.

In the present study, this procedure is applied to the complete set of Diebold–Mariano
test p-values obtained across all currency pairs, loss functions (MSE, MAE, MAPE), and
forecasting horizons (H1, H4, D1), thereby ensuring rigorous control of the multiplicity
problem.

3.2 Analysis of Model Performance Based on Metric Values

In this subsection, we evaluate the performance of all previously introduced models across
three distinct timeframes (H1, H4, and D1), with the primary objective of predicting trends in
the D1 timeframe. This evaluation demonstrates the effectiveness of the proposed framework
for Forex trend forecasting while also assessing its robustness under varying market conditions.
All experiments were repeated independently 10 times, and all reported results are presented as
the mean ± standard deviation (Mean ± SD) over these runs.

The predictions generated by these models are subsequently processed by a decision-
making module that aggregates the multi-timeframe outputs using a voting-based strategy to
produce the final trading signal. The models are trained using historical EUR/USD data cover-
ing the period from 2019 to 2024. Before extending the evaluation to additional currency pairs,
we first analyze the performance of the six proposed models on the EUR/USD dataset used for
training and initial testing. This analysis establishes the benchmark for subsequent experiments.
The evaluated models (ICS, ICLS, ICGS, IICS, IICLS, and IICGS) represent different combi-
nations of engineered Ichimoku-based features and optimization strategies. As summarized in
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Table 3, the proposed IICGSmodel consistently achieves the best overall performance across all
evaluated timeframes. At the H1 timeframe, it attains the lowest regression errors, with anMSE
of (1.5±0.1)×10−5, an MAE of 0.0035±0.0001, and a MAPE of 0.0041±0.0002, averaged
over 10 independent runs. Similar behavior is observed at the H4 timeframe, with IICGS again
reporting the lowest errors, achieving anMSE of (1.5±0.1)×10−5, anMAE of 0.0029±0.0001,
and a MAPE of 0.0040± 0.0002. At the D1 timeframe, the proposed model maintains its supe-
riority, yielding an MSE of (1.7± 0.1)× 10−5, an MAE of 0.0028± 0.0001, and a MAPE of
0.0033 ± 0.0002. At the framework level, IICGS also achieves the highest classification per-
formance, reaching an Accuracy of 78.97± 0.50% and an F1-score of 0.66± 0.01. Although
other models, particularly IICLS, achieve competitive regression performance in some indi-
vidual timeframes, their overall framework-level Accuracy and F1-score remain consistently
lower than those of IICGS. This observation indicates that superior regression performance at a
single temporal resolution does not necessarily translate into better final trading decisions after
multi-timeframe voting. Overall, these findings demonstrate that the proposed IICGS architec-
ture provides an effective balance between regression accuracy, cross-timeframe consistency,
and classification robustness, making it particularly well suited for multi-timeframe EUR/USD
trend prediction. To ensure transparency and reproducibility, representative case studies have
been made publicly available.

To rigorously examine the robustness of the proposed approach and assess its applicabil-
ity across diverse market conditions, the experimental evaluation is extended to eight addi-
tional currency pairs: AUD/USD, EUR/SGD, GBP/NZD, NZD/USD, USD/CHF, USD/CNH,
USD/SEK, and USD/SGD. These pairs were selected to construct a heterogeneous zero-shot
validation set spanning different regional markets, currency compositions, and levels of inter-
national FX activity, thereby enabling a more comprehensive assessment of model stability
and generalization under varying market structures and data distributions. The set includes
highly traded pairs such as AUD/USD and USD/CHF, as well as regionally important markets
represented by USD/CNH and USD/SGD. Consistent with the BIS Triennial Central Bank Sur-
veys, AUD/USD, USD/CHF, USD/CNY, USD/SGD, and USD/NZD accounted for substantial
shares of global FX turnover in 2019 and 2022 (Bank for International Settlements [2, 3]). The
inclusion of EUR/SGD and GBP/NZD further introduces non-USD cross-currency relation-
ships, while USD/SEK extends the evaluation to the Scandinavian market. Collectively, these
currency pairs provide geographic and market-structure diversity beyond EUR/USD, while the
availability of sufficiently long and consistent historical data over 2019–2024 ensures a reliable
out-of-sample evaluation. For all eight additional currency pairs, the testing period is consis-
tently defined from September 1, 2019, to September 1, 2024. Accordingly, all subsequent
references to the testing or evaluation of these currency pairs throughout the manuscript refer
to this same period.
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The performance of themodels is evaluated using regressionmetrics, includingMSE,MAE,
andMAPE, to quantify the accuracy of forecasting future closing prices. Given that the test data
are scaled, all reported results reflect this normalization. These metrics were analyzed across
multiple currency pairs for H1, H4, and D1 timeframes, with detailed results summarized in
Tables 4, 5, and 6. Visual representations of the comparative results are provided in Figures 7
through 12 in the discussion section.

The comparative evaluation of the proposed models, as shown in Table 4, considers the
H1, H4, and D1 timeframes and uses the MSE criterion for evaluation. From the empirical
data, a clear performance hierarchy can be established among the models, following the order
of increasing error: IICGS < IICLS < IICS < ICGS < ICLS < ICS. At the H1 timeframe,
the IICGS model consistently achieves the lowest MSE values across most currency pairs, such
as USD/SGD ((0.4± 0.0)× 10−5), GBP/NZD ((0.8± 0.0)× 10−5), and ((0.9± 0.0)× 10−5),
highlighting its strong capability in modeling short-term price fluctuations. The IICLS and
IICS models also demonstrate competitive performance but remain inferior to IICGS, while
the baseline models (ICS and ICLS) exhibit noticeably higher error levels. A similar trend is
evident in the H4 timeframe, in which IICGS again outperforms all competing approaches for
the majority of currency pairs, including USD/SGD ((1.5 ± 0.1) × 10−5), GBP/NZD ((2.8 ±
0.1)×10−5), and USD/CHF ((2.9±0.1)×10−5). The gradual performance improvement from
ICS toward IICGS indicates the positive impact of progressively enriching the feature space
and model architecture. In the D1 timeframe, IICGS maintains its dominance by achieving
the lowest MSE for most currency pairs, such as USD/SGD ((2.0 ± 0.1) × 10−5), EUR/SGD
((4.0 ± 0.2) × 10−5), and GBP/NZD ((4.8 ± 0.2) × 10−5), reflecting strong generalization
capability under longer-term market dynamics. Overall, the results confirm that integrating
engineered Ichimoku-inspired features within the forecasting framework substantially enhances
regression accuracy across all time horizons.

Similarly, Table 5 evaluates the forecasting performance using the Mean Absolute Error
(MAE) metric. A highly consistent performance hierarchy is observed across all assets, follow-
ing the error minimizing pattern IICGS < IICLS < IICS < ICGS < ICLS < ICS. In the
H1 timeframe, the IICGS model systematically achieves the lowest MAE values across all cur-
rency pairs, such as USD/SGD (0.0014±0.0001), GBP/NZD (0.0023±0.0001), and EUR/SGD
(0.0023±0.0001), highlighting its superior ability to capture short-term price movements. This
performance ordering is preserved in the H4 timeframe, in which IICGS again dominates for all
assets, including USD/SGD (0.0028± 0.0001), EUR/SGD (0.0032± 0.0002), and GBP/NZD
(0.0042 ± 0.0002). The gradual decrease in MAE from ICS toward IICGS reflects the cumu-
lative impact of both SFOA-based optimization and engineered Ichimoku-inspired features. In
the D1 timeframe, IICGS continues to deliver the most accurate forecasts, achieving the lowest
MAE values for pairs such as USD/SGD (0.0040±0.0002), EUR/SGD (0.0041±0.0002), and
GBP/NZD (0.0049 ± 0.0002). This confirms the robustness of the proposed architecture un-
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der longer-term forecasting horizons, in which error propagation and regime changes typically
challenge model stability.

Table 6 reports the Mean Absolute Percentage Error (MAPE) of the proposed models. The
same error minimizing hierarchy (IICGS < IICLS < IICS < ICGS < ICLS < ICS)
is observed, confirming the robustness of the proposed modeling strategy. In the H1 time-
frame, the IICGS model systematically achieves the lowest MAPE values for all currency
pairs, including USD/SGD (0.0015 ± 0.0001), GBP/NZD (0.0025 ± 0.0001), and EUR/SGD
(0.0025 ± 0.0001). A similar trend is preserved in the H4 timeframe, in which IICGS consis-
tently outperforms competingmodels across all assets, noting particularly lowMAPE values for
USD/SGD (0.0030±0.0001), EUR/SGD (0.0042±0.0002), and GBP/NZD (0.0046±0.0002).
At the D1 timeframe, IICGS continues to demonstrate superior relative accuracy, achieving
the lowest MAPE values for USD/SGD (0.0044± 0.0002), EUR/SGD (0.0048± 0.0002), and
USD/CHF (0.0059±0.0003). While optimization alone contributes to moderate improvements,
the integration of engineered Ichimoku-inspired features plays the dominant role in reducing
relative forecasting errors.

Table 7 presents the trend prediction performance of the evaluated models, measured us-
ing Accuracy and F1-score metrics derived based on the decision-making voting mechanism.
Overall, the results indicate that models incorporating the improved Ichimoku-based feature
construction generally outperform their original counterparts. In terms of Accuracy, the IICGS
model consistently achieves the highest values for most currency pairs, including USD/SGD
(82.7 ± 0.5%), USD/CHF (79.3 ± 0.8%), and AUD/USD (78.7 ± 0.7%). From the F1-score
perspective, which balances precision and recall, IICGS again demonstrates competitive perfor-
mance, attaining the highest scores for AUD/USD (0.63± 0.02) and GBP/NZD (0.65± 0.01).
For USD/CNH, IICS attains an F1-score of 0.66± 0.01 and IICGS attains 0.65± 0.02, indicat-
ing a highly comparable and competitive level of classification balance among the improved
models.

As evidenced by the results in Table 8, the statistical robustness of the proposed IICGS
framework is validated through rigorous comparative testing across diverse market conditions.
The Diebold–Mariano (DM) test was evaluated at significance levels α = 0.05 and α = 0.01.
Accordingly, DM statistics exceeding the critical asymptotic normal thresholds (|DM| > 1.96

for α = 0.05 and |DM| > 2.58 for α = 0.01) indicate statistically significant differences in
predictive performance. To rigorously control the family-wise error rate arising from multiple
pairwise comparisons across currency pairs, metrics, and forecasting horizons, the sequential
Holm–Bonferroni step-down adjustment procedure was applied to all computed p-values. As
detailed in Table 8, even after controlling for multiple testing, all adjusted p-values satisfy the
strict criteria (p < 0.05 and p < 0.01), confirming that the reductions in MSE, MAE, and
MAPE achieved by the proposed IICGS framework over the baseline ICSmodel are statistically
significant rather than the result of random variation. These statistical tests were performed on
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the best-performing model obtained from ten independent training runs (each run consisting
of full end-to-end training and evaluation under identical hyperparameter settings). This pre-
dictive superiority is further supported by the Bootstrap analysis, where the stable mean accu-
racy values and relatively small standard deviations demonstrate the framework’s robustness,
consistent generalization capability, and resistance to overfitting across different historical mar-
ket conditions. These findings collectively confirm that the proposed multi-timeframe voting
framework captures meaningful market dynamics beyond short-term stochastic fluctuations.

3.3 Analysis of Model Performance Based on Prediction Charts

A general analysis of the comparative performance across multiple models, as illustrated in
Figures 7–12 reveals nuanced insights into predictive accuracy and error dynamics in financial
forecasting for various currency pairs. An examination of the comparative charts between actual
and predicted prices in ICS models (Figure 7) indicates that, across all three timeframes (H1,
H4, and D1), the overall price direction is generally well captured by the proposed model. In
the one-hour timeframe, the discrepancy between the predicted values and the actual prices is
relatively small, reflecting the model’s stronger ability to track short-term price movements.
As the timeframe increases to four hours, this gap becomes more pronounced, and a temporal
lag in the model’s response to price changes can be observed in certain intervals. In the daily
timeframe, the spread of the predicted price range further increases; although the general trend
direction is largely preserved, occasional inversions between predicted and actual trends are
evident. In addition, for the USD/SEK pair, there exists a specific period during which the
model is unable to adequately reflect the prevailing market behavior across all three timeframes.
During this interval, the predicted prices remain largely range-bound, while the actual market
exhibits a clear directional trend. This behavior suggests a reduced sensitivity of the model to
gradual trend development under low-volatility conditions rather than an inability to capture
abrupt price movements.

Overall, these observations highlight that shorter timeframes yield closer alignment be-
tween predicted and actual prices, whereas higher timeframes tend to emphasize broader trend
characteristics at the expense of local accuracy. For the ICLS model (Figure 8), the gap be-
tween the predicted prices and the actual market values is generally reduced compared to the
previous model, and the forecasts exhibit a higher degree of directional consistency with the
true price movement. This indicates an improved capability of the model to follow the overall
market trend. However, despite this enhanced alignment, the model demonstrates a limited
ability to accurately represent periods of heightened price variability, often smoothing out pro-
nounced fluctuations observed in the actual price series. Across different temporal resolutions,
a systematic bias pattern can be observed. In the one-hour timeframe, the predicted prices are
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0
.62

±
.0
1

IICLS
1
.9

±
0.1

.0042
±

.000
2

.0049
±

.00
03

3
.6

±
0
.1

.0052
±

.0002
.0061

±
.0003

1
.9

±
0
.1

.0034
±

.0001
.0040

±
.0002

77
.16

±
0
.7

0
.64

±
.0
1

IICG
S

1
.5

±
0.1

.0035
±

.0001
.0041

±
.0002

1
.5

±
0
.1

.0029
±

.0001
.0040

±
.0002

1
.7

±
0.1

.0028
±

.0001
.0033

±
.0002

78
.97

±
0
.5

0
.66

±
.01

Table
4:

Evaluation
ofm

odelsusing
M
SE

(×
1
0
−
5).(M

ean
±
SD

over10
independentruns).

H
1

H
4

D
1

Ticker
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
A
U
D
/U
SD

1
8
.9
±
.9

12
.6
±
.6

7
.4
±
.4

5
.5
±

.3
3
.6
±
.2

2
.2
±
.1

33.6
±
1.6

27
.3
±
1
.3

14
.7

±
.7

9
.7
±
.5

7
.5
±
.4

6.1
±
.3

37
.8
±
1.8

2
9
.4
±
1.4

1
5
.8
±
.8

1
0
.3
±
.5

7
.2
±
.3

5
.0
±
.2

EU
R/SG

D
6.5

±
.3

5
.7
±
.3

3
.4
±
.2

2
.3
±

.1
1
.5
±
.1

0
.9
±
.0

8
.2
±
.4

7
.2
±
.3

5
.5
±
.3

4
.3
±
.2

3
.8
±
.2

3.3
±
.2

13.7
±
.7

9
.7
±
.5

7
.5

±
.4

6
.3
±
.3

5
.1
±
.2

4
.0
±
.2

G
BP/N

ZD
6.2

±
.3

5
.0
±
.2

3
.3
±
.2

2
.3
±

.1
1
.5
±
.1

0
.8
±
.0

21.0
±
1.0

11
.6
±
.6

8
.7
±
.4

7
.0
±
.3

4
.3
±
.2

2.8
±
.1

18.9
±
.9

12
.6
±
.6

8
.8

±
.4

7
.2
±
.3

5
.7
±
.3

4
.8
±
.2

N
ZD

/U
SD

2
0.0

±
1
.0

13
.7
±
.7

7
.6
±
.4

5
.1
±
.2

3
.3
±
.2

2
.2
±
.1

36.8
±
1.8

30
.5
±
1
.5

16
.8

±
.8

11
.6
±
.6

8
.6
±
.4

6.9
±
.3

31
.5
±
1.5

2
5
.2
±
1.2

1
4
.7
±
.7

1
0
.2
±
.5

6
.8
±
.3

4
.8
±
.2

U
SD

/CH
F

6.3
±
.3

5
.1
±
.2

3
.9
±
.2

2
.4
±

.1
1
.8
±
.1

1
.4
±
.1

23.1
±
1.1

14
.7
±
.7

10
.1

±
.5

7
.1
±
.3

5
.1

±
.2

2.9
±
.1

19.9
±
.9

12
.6
±
.6

9
.0

±
.4

6
.4
±
.3

6
.1
±
.3

5
.1
±
.2

U
SD

/SEK
7
5.6

±
3
.6

60
.9
±
2
.9

32
.6
±
1
.6

18
.9
±
.9

10
.1
±
.5

3
.6
±
.2

126
.0
±
6
.0

102
.9
±

4.9
44

.1
±
2
.1

26
.3
±
1
.3

14
.7
±
.7

9.6
±

.5
100

.8
±
4
.8

7
7
.7
±
3.7

41
.0
±

2.0
22

.1
±
1
.1

1
1
.6
±
.6

5
.1
±
.2

U
SD

/SG
D

6.1
±
.3

4
.5
±
.2

2
.7
±
.1

1
.7
±
.1

0
.9
±
.0

0
.4
±
.0

22.1
±
1.1

12
.6
±
.6

9
.3
±
.4

6
.5
±
.3

4
.0
±
.2

1.5
±
.1

12.6
±
.6

8
.5
±
.4

6
.5

±
.3

4
.9
±
.2

3
.3
±
.2

2
.0
±
.1

Table
5:

Evaluation
ofm

odelsusing
M
A
E
(M

ean
±
SD

over10
independentruns).

H
1

H
4

D
1

Ticker
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
A
U
D
/U
SD

.0
1
4
9
±
.0
0
07

.0
1
2
2
±
.0
0
06

.0
0
7
8
±
.0
0
0
4

.0
064

±
.0003

.0051
±
.0002

.0038
±

.0002
.0205

±
.0010

.0166
±
.0008

.0111
±

.0005
.0088

±
.00

04
.00

72
±
.0003

.0059
±
.0003

.0190
±
.0009

.0149
±
.00

07
.0
113

±
.0005

.0090
±
.0004

.0077
±
.0004

.0068
±
.0003

EU
R/SG

D
.0
0
71

±
.0
00
3

.0
0
59

±
.0
00
3

.0
0
4
4
±
.0
0
02

.0036
±
.0002

.0029
±
.0001

.0023
±
.0001

.0086
±
.0004

.0070
±
.0003

.0054
±

.0003
.0042

±
.00

02
.00

36
±
.0002

.0032
±
.0002

.0096
±
.0005

.0076
±
.00

04
.0
064

±
.0003

.0053
±
.0003

.0045
±
.0002

.0041
±
.0002

G
BP/N

ZD
.0
0
78

±
.0
00
4

.0
0
66

±
.0
00
3

.0
0
5
0
±
.0
0
02

.0041
±
.0002

.0033
±
.0002

.0023
±
.0001

.0122
±
.0006

.0099
±
.0005

.0068
±

.0003
.0056

±
.00

03
.00

48
±
.0002

.0042
±
.0002

.0113
±
.0005

.0093
±
.00

04
.0
078

±
.0004

.0065
±
.0003

.0057
±
.0003

.0049
±
.0002

N
ZD

/U
SD

.0
0
85

±
.0
00
4

.0
0
72

±
.0
00
3

.0
0
6
0
±
.0
0
03

.0048
±
.0002

.0041
±
.0002

.0035
±
.0002

.0176
±
.0008

.0146
±
.0007

.0100
±

.0005
.0082

±
.00

04
.00

72
±
.0003

.0064
±
.0003

.0156
±
.0007

.0128
±
.00

06
.0
096

±
.0005

.0080
±
.0004

.0070
±
.0003

.0063
±
.0003

U
SD

/CH
F

.0
0
76

±
.0
00
4

.0
0
64

±
.0
00
3

.0
0
5
1
±
.0
0
02

.0040
±
.0002

.0033
±
.0002

.0027
±
.0001

.0130
±
.0006

.0101
±
.0005

.0071
±

.0003
.0059

±
.00

03
.00

51
±
.0002

.0045
±
.0002

.0121
±
.0006

.0097
±
.00

05
.0
078

±
.0004

.0065
±
.0003

.0058
±
.0003

.0050
±
.0002

U
SD

/SEK
.0
2
18

±
.0
01
0

.0
1
81

±
.0
00
9

.0
1
3
2
±
.0
0
06

.0108
±
.0005

.0085
±
.0004

.0067
±
.0003

.0295
±
.0014

.0258
±
.0012

.0177
±

.0008
.0141

±
.00

07
.01

13
±
.0005

.0093
±
.0004

.0267
±
.0013

.0232
±
.00

11
.0
184

±
.0009

.0146
±
.0007

.0111
±
.0005

.0066
±
.0003

U
SD

/SG
D

.0
0
77

±
.0
00
4

.0
0
65

±
.0
00
3

.0
0
4
5
±
.0
0
02

.0035
±
.0002

.0025
±
.0001

.0014
±
.0001

.0142
±
.0007

.0106
±
.0005

.0078
±

.0004
.0061

±
.00

03
.00

43
±
.0002

.0028
±
.0001

.0127
±
.0006

.0103
±
.00

05
.0
083

±
.0004

.0064
±
.0003

.0050
±
.0002

.0040
±
.0002

Table
6:

Evaluation
ofm

odelsusing
M
A
PE

(M
ean

±
SD

over10
independentruns).

H
1

H
4

D
1

Ticker
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
ICS

ICLS
ICG

S
IICS

IICLS
IICG

S
A
U
D
/U
SD

.0
1
8
8
±
.0
0
09

.0
1
4
9
±
.0
0
07

.0
0
9
6
±
.0
0
0
5

.0
080

±
.0004

.0063
±
.0003

.0043
±

.0002
.0229

±
.0011

.0195
±
.0009

.0130
±

.0006
.0106

±
.00

05
.00

90
±
.0004

.0075
±
.0004

.0214
±
.0010

.0177
±
.00

08
.0
128

±
.0006

.0106
±
.0005

.0090
±
.0004

.0078
±
.0003

EU
R/SG

D
.0
0
86

±
.0
00
4

.0
0
72

±
.0
00
3

.0
0
5
4
±
.0
0
03

.0042
±
.0002

.0033
±
.0002

.0025
±
.0001

.0101
±
.0005

.0085
±
.0004

.0067
±

.0003
.0056

±
.00

03
.00

48
±
.0002

.0042
±
.0002

.0113
±
.0005

.0095
±
.00

04
.0
080

±
.0004

.0067
±
.0003

.0056
±
.0003

.0048
±
.0002

G
BP/N

ZD
.0
0
91

±
.0
00
4

.0
0
75

±
.0
00
4

.0
0
5
9
±
.0
0
03

.0048
±
.0002

.0037
±
.0002

.0025
±
.0001

.0146
±
.0007

.0117
±
.0006

.0087
±

.0004
.0070

±
.00

03
.00

55
±
.0003

.0046
±
.0002

.0138
±
.0007

.0111
±
.00

05
.0
092

±
.0004

.0079
±
.0004

.0071
±
.0003

.0070
±
.0003

N
ZD

/U
SD

.0
1
56

±
.0
00
7

.0
1
29

±
.0
00
6

.0
0
9
7
±
.0
0
05

.0080
±
.0004

.0062
±
.0003

.0043
±
.0002

.0217
±
.0010

.0188
±
.0009

.0132
±

.0006
.0106

±
.00

05
.00

90
±
.0004

.0081
±
.0004

.0195
±
.0009

.0160
±
.00

08
.0
124

±
.0006

.0101
±
.0005

.0087
±
.0004

.0074
±
.0003

U
SD

/CH
F

.0
0
96

±
.0
00
5

.0
0
82

±
.0
00
4

.0
0
6
4
±
.0
0
03

.0052
±
.0002

.0040
±
.0002

.0029
±
.0001

.0143
±
.0007

.0117
±
.0006

.0088
±

.0004
.0072

±
.00

03
.00

59
±
.0003

.0046
±
.0002

.0134
±
.0006

.0111
±
.00

05
.0
093

±
.0004

.0079
±
.0004

.0068
±
.0003

.0059
±
.0003

U
SD

/CN
H

.0
1
09

±
.0
00
5

.0
0
91

±
.0
00
4

.0
0
7
5
±
.0
0
04

.0059
±
.0003

.0043
±
.0002

.0026
±
.0001

.0176
±
.0008

.0139
±
.0007

.0109
±

.0005
.0090

±
.00

04
.00

70
±
.0003

.0048
±
.0002

.0156
±
.0007

.0127
±
.00

06
.0
101

±
.0005

.0085
±
.0004

.0075
±
.0004

.0065
±
.0003

U
SD

/SEK
.0
2
93

±
.0
01
4

.0
2
58

±
.0
01
2

.0
1
8
2
±
.0
0
09

.0143
±
.0007

.0106
±
.0005

.0066
±
.0003

.0353
±
.0017

.0316
±
.0015

.0229
±

.0011
.0183

±
.00

09
.01

43
±
.0007

.0090
±
.0004

.0313
±
.0015

.0274
±
.00

13
.0
198

±
.0009

.0159
±
.0008

.0112
±
.0005

.0078
±
.0004

U
SD

/SG
D

.0
0
93

±
.0
00
4

.0
0
78

±
.0
00
4

.0
0
5
4
±
.0
0
03

.0041
±
.0002

.0027
±
.0001

.0015
±
.0001

.0153
±
.0007

.0119
±
.0006

.0086
±

.0004
.0067

±
.00

03
.00

51
±
.0002

.0030
±
.0001

.0159
±
.0008

.0130
±
.00

06
.0
096

±
.0005

.0076
±
.0004

.0057
±
.0003

.0044
±
.0002
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Ta
bl
e
7:

Ev
al
ua
tio
n
re
su
lts

w
ith

A
cc
ur
ac
y
(%

)a
nd

F1
-s
co
re
(M

ea
n
±
SD

ov
er
10

in
de
pe
nd
en
tr
un
s)
.

A
cc
ur
ac
y
(%

)
F1
-s
co
re

Ti
ck
er

IC
S

IC
LS

IC
G
S

IIC
S

IIC
LS

IIC
G
S

IC
S

IC
LS

IC
G
S

IIC
S

IIC
LS

IIC
G
S

A
U
D
/U
SD

74
.4

±
1
.1

7
4
.1

±
0
.9

78
.6

±
0
.8

76
.0

±
1.
2

74
.1

±
1.
0

78
.7

±
0.
7

.5
9
±

.0
2

.5
8
±

.0
2

.6
0
±

.0
1

.5
8
±

.0
2

.5
5
±

.0
3

.6
3
±

.0
2

EU
R/
SG

D
76

.1
±

0
.8

74
.1

±
1
.2

75
.3

±
0
.9

76
.1

±
1.
0

77
.8

±
0.
7

77
.9

±
0.
8

.6
1
±

.0
2

.4
9
±

.0
4

.5
9
±

.0
2

.5
3
±

.0
3

.5
7
±

.0
2

.5
9
±

.0
2

G
BP

/N
ZD

69
.9

±
1
.3

70
.3

±
1
.0

72
.2

±
0
.9

71
.8

±
1.
1

72
.2

±
0.
8

74
.3

±
0.
8

.5
9
±

.0
2

.5
6
±

.0
3

.5
6
±

.0
2

.6
0
±

.0
2

.6
0
±

.0
2

.6
5
±

.0
1

N
ZD

/U
SD

74
.7

±
0
.9

73
.6

±
1
.1

75
.8

±
1
.0

75
.6

±
0.
8

74
.1

±
1.
2

77
.5

±
0.
6

.5
7
±

.0
2

.5
8
±

.0
2

.6
0
±

.0
1

.5
8
±

.0
2

.5
4
±

.0
3

.6
1
±

.0
2

U
SD

/C
H
F

75
.6

±
1
.0

76
.5

±
0
.8

76
.8

±
0
.7

77
.4

±
0.
9

75
.8

±
1.
1

79
.3

±
0.
8

.5
3
±

.0
3

.5
7
±

.0
2

.5
7
±

.0
2

.5
8
±

.0
2

.5
4
±

.0
3

.6
1
±

.0
2

U
SD

/C
N
H

67
.4

±
1
.4

67
.5

±
1
.2

66
.6

±
1
.5

69
.4

±
1 .
0

67
.5

±
1 .
3

69
. 6

±
0.
9

.6
2
±

. 0
2

. 6
3
±

.0
2

.6
2
±

. 0
2

. 6
6
±

.0
1

.6
1
±

. 0
3

. 6
5
±

.0
2

U
SD

/S
EK

62
.1

±
1
.5

61
.5

±
1
.6

64
.9

±
1
.2

63
.8

±
1.
4

61
.8

±
1.
5

65
.7

±
1.
1

.5
8
±

.0
3

.5
5
±

.0
3

.6
2
±

.0
2

.6
1
±

.0
2

.5
7
±

.0
3

.6
2
±

.0
2

U
SD

/S
G
D

80
.5

±
0
.7

80
.0

±
0
.9

80
.8

±
0
.8

81
.6

±
0.
6

80
.2

±
0.
8

82
.7

±
0.
5

.4
9
±

.0
3

.5
4
±

.0
2

.5
5
±

.0
2

.5
5
±

.0
2

.5
1
±

.0
3

.5
8
±

.0
1

Ta
bl
e
8:

St
at
ist
ic
al
sig

ni
fic
an
ce

of
th
e
IIC

G
S
fra
m
ew

or
k
ac
ro
ss
H
1,
H
4,
an
d
D
1
ho
riz
on
sv

ia
D
M

sta
tis
tic
s,
tw
o-
sid

ed
p
-v
al
ue
s,
H
ol
m
–B

on
fe
rro

ni
ad
ju
ste
d
p
-v
al
ue
s,
an
d

bo
ot
str
ap

an
al
ys
is
of
ov
er
al
lm

aj
or
ity
-v
ot
ed

da
ily

tre
nd

ac
cu
ra
cy
.

Ti
ck
er

M
SE

–
D
M

St
at
ist
ic

M
A
E
–
D
M

St
at
ist
ic

M
A
PE

–
D
M

St
at
ist
ic

Bo
ot
st
ra
p
A
cc
ur
ac
y
(%

)
H
1

H
4

D
1

H
1

H
4

D
1

H
1

H
4

D
1

M
ea
n
±
SD

A
U
D
/U
SD

3.
98

p
=

6
.8
9
2
×
1
0
−
5

p
H

=
3
.2
3
9
×
1
0
−
3

4.
82

p
=

1
.4
3
6
×
1
0
−
6

p
H

=
9
.4
7
5
×
1
0
−
5

3.
12

p
=

1
.8
0
9
×
1
0
−
3

p
H

=
2
.5
3
2
×
1
0
−
2

3.
65

p
=

2
.6
2
2
×
1
0
−
4

p
H

=
8
.6
5
4
×
1
0
−
3

4.
41

p
=

1
.0
3
4
×
1
0
−
5

p
H

=
5
.9
9
5
×
1
0
−
4

2.
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predominantly lower than the corresponding actual values, whereas in the four-hour and daily
timeframes, the forecasts tend to remain above the real market prices for most periods. This
behavior suggests a timeframe-dependent bias in the model’s estimations. Similar to previous
observations, a specific interval is identified for the USD/SEK currency pair across all three
timeframes, during which the ICLS predictions remain largely range-bound. In this interval,
the model fails to capture both the prevailing trend and the associated price variations, effec-
tively overlooking the directional movement present in the actual market data. Overall, these
findings indicate that while the ICLS model improves directional alignment, it remains less
responsive to trend development when such movements are accompanied by limited or struc-
turally constrained volatility.

The ICGS model (Figure 9) is able to effectively follow the overall price movement across
all three timeframes, demonstrating consistent directional alignment with the actual market
behavior. This indicates a strong capability in capturing the general trend dynamics of the
price series. However, in certain intervals, the model produces forecasts with excessively high
variability, resulting in amplified oscillations that exceed those observed in the real price data.
Conversely, there are also periods in which the model fails to adequately capture sudden price
changes, smoothing out abrupt movements present in the actual series. Similar to the previous
models, the previously identified issue for the USD/SEK currency pair remains observable
across all three timeframes. Nevertheless, in the case of the ICGS model, this behavior appears
to be partially mitigated, as the range-bound predictions exhibit improved responsiveness to
the underlying price trend compared to the other models. Overall, these results suggest that
while the ICGS model achieves better trend-following performance, it still faces challenges in
balancing sensitivity to abrupt price movements and stability in low-volatility or structurally
constrained market conditions.

For the IICS(Figure 10) model, a noticeable improvement is observed compared to the
preceding models across all three timeframes. The forecasts exhibit stronger directional consis-
tency with the actual price movements, and the prediction errors gradually reveal more struc-
tured and recognizable patterns rather than purely random deviations. This behavior suggests
enhanced stability and learning capacity in the model’s predictive process. Despite these im-
provements, certain limitations remain evident. Specifically, the model continues to struggle
with accurately capturing price fluctuations characterized by large amplitudes, and in some in-
tervals, it generates predictions with excessively high variability. These behaviors indicate that,
while the IICS model achieves superior overall performance, challenges persist in balancing re-
sponsiveness to high-magnitude price movements and the suppression of spurious oscillations
in the predicted series.

For the IICLS model (Figure 11), a substantial improvement in predictive accuracy is ob-
served across all three timeframes. In most time intervals, the forecasts exhibit bias-dominated
errors, indicating systematic deviations rather than random fluctuations. Despite this bias, the
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model demonstrates a strong capability in capturing price variability, successfully reflecting
market oscillations in the majority of cases. Except for a limited number of specific intervals,
in which minor discrepancies between the predicted and actual prices are observed, the distance
between the forecasts and the true price values remains relatively small. In the remaining peri-
ods, the predicted and actual price trajectories are nearly overlapping, highlighting the model’s
enhanced ability to closely track market dynamics. Overall, these results indicate that the IICLS
model achieves a high level of alignment between predicted and actual prices, with residual er-
rors being predominantly structured and limited in magnitude.

Figure 12 shows the strongest overall performance among the six evaluated models. Across
all three timeframes, the predictions exhibit a high degree of alignment with the actual price
movements, with the one-hour timeframe showing slightly superior performance compared to
the four-hour and daily resolutions. The prediction errors are predominantly bias-driven and fol-
low consistent, structured patterns rather than appearing random. Especially, the performance
for the USD/SEK currency pair shows a substantial improvement in this model. Unlike earlier
models, the IICGS framework effectively captures both the underlying trend and price fluc-
tuations for this pair across all timeframes. Overall, no significant temporal lag is observed
between the predicted and actual series, and the model demonstrates a robust ability to track
price dynamics, successfully capturing market oscillations. These results indicate a consistent
and meaningful improvement in predictive performance across all timeframes and all evaluated
currency pairs.

Overall, the evaluated models can be categorized into two distinct groups based on the type
of Ichimoku-related features incorporated into the learning framework. The first group of mod-
els utilizes the five canonical Ichimoku indicators directly alongside OHLC price data. While
this configuration enhances the models’ ability to capture general trend-following behavior,
their performance remains limited in terms of accurately representing complex price dynam-
ics, particularly under varying volatility regimes and across higher timeframes. In contrast,
the second group of models leverages engineered features derived from the Ichimoku indicator,
combinedwith OHLC prices. These engineered representations provide amore informative and
structured description of market dynamics, enabling the models to achieve stronger directional
alignment, improved stability, and reduced temporal lag across all timeframes. The empirical
results consistently demonstrate that feature engineering plays a critical role in enhancing both
price-tracking capability and trend prediction robustness. Consequently, models employing
engineered Ichimoku features exhibit superior overall performance compared to those relying
solely on the raw indicator components.
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Figure 7: Ichimoku-CNN-SFOA results
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Figure 8: Ichimoku-CNNLSTM-SFOA results
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Figure 9: Ichimoku-CNNGRU-SFOA results
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Figure 10: Improved-Ichimoku-CNN-SFOA results
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Figure 11: Improved-Ichimoku-CNNLSTM-SFOA results
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Figure 12: Improved-Ichimoku-CNNGRU-SFOA results
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4 Discussion

4.1 Motivation for using Ichimoku Kinko Hyo

The selection of Ichimoku Kinko Hyo over conventional indicators such as RSI, MACD, and
Bollinger Bands provides a distinct advantage due to its forward-looking characteristics. Tra-
ditional indicators primarily extract insights from historical data, generating features that rep-
resent previous market conditions. Although these methods are effective to a degree, they are
predominantly lagging in nature and provide more limited information about future market
movements. In contrast, the Ichimoku indicator offers unique feature-engineering capabilities
through its components, particularly the Kumo (cloud), which by default is displaced 26 periods
forward. In classical technical analysis, this forward displacement allows traders to examine
the position of price relative to the cloud that appears ahead of the current price and to interpret
potential interactions with it as anticipatory signals about future trend direction. It is important
to clarify, however, that the 26-period forward shift is solely a plotting convention used for
visual alignment. In the feature-engineering process of this study, all Ichimoku components
at time t are computed exclusively from price information available up to time t (or t − 1);
no actual future observations are used. Consequently, while the resulting features preserve the
rich forward-oriented information valued by classical traders—capturing shifts in momentum,
equilibrium, and support/resistance levels more effectively than traditional lagging indicators—
they remain completely free of data leakage. Integrating these carefully constructed features
enables the predictive model to overcome the limitations of conventional indicators and deliver
robust predictions suited to the complexities of volatile market environments.

4.2 Training Stability and Loss Behavior Analysis

Figure 13 illustrates the successful convergence behavior of the proposed model across the H1,
H4, and D1 timeframes. As observed, the training and validation loss consistently decrease
over epochs, indicating stable learning dynamics without significant oscillations. The relatively
small gap between training and validation loss suggests that the model maintains strong gen-
eralization capability and does not suffer from severe overfitting. This stability is particularly
important in financial time-series forecasting, in which data is highly noisy and non-stationary.
Furthermore, the smooth convergence pattern reflects the effectiveness of the proposed architec-
ture along with the applied regularization techniques, such as Dropout and Batch Normalization,
in controlling model complexity. Overall, the results demonstrate that the training process is
successful and that the proposed framework is robust and reliable across different forecasting
horizons.
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Figure 13: Loss Evaluation Results of IICGS

H1 H4 D1

4.3 Comparison with Baseline Models

In this subsection, the proposed IICGS framework is empirically evaluated against several base-
line models, including statistical methods (ARIMA and GARCH), traditional machine learn-
ing classifiers (SVM, Random Forest, and XGBoost), and deep learning architectures (LSTM,
GRU, CNN, and their hybrid variants). All baseline models are evaluated under the same ex-
perimental environment and data partitions to ensure a consistent and reproducible comparison.
The evaluation considers two complementary aspects of Forex forecasting: (i) directional trend
prediction, assessed using classification accuracy, F1-score, and bootstrap mean± SD, and (ii)
continuous price-level prediction across H1, H4, and D1 horizons, assessed using MAE and
the Diebold–Mariano (DM) test. It should be noted that the results reported in this subsection
are obtained by evaluating the single best-performing model selected from the ten indepen-
dent runs. To provide broader context against existing literature, we also consider relevant
benchmarking frameworks such as the study by Jarusek et al. [16]. They proposed a short-
term Forex forecasting methodology integrating Elliott Wave patterns, Fast Fourier Transform
(FFT), and neural networks on EUR/USD. While their evaluation reported an aggregated per-
formance score of approximately 77% based on averaged percentage-converted error metrics
(MSE, RMSE, MAE, and NCC), their output represents a composite regression-based index
rather than standard directional classification accuracy. Consequently, the findings of Jarusek
et al. [16] serve as background literature and a contextual reference for continuous price predic-
tion rather than a direct benchmark. This distinction is necessary due to differences in datasets,
sampling frequencies, time horizons, and evaluation protocols. Primary emphasis is therefore
placed on controlled comparisons with baseline models evaluated under identical experimental
conditions.
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4.3.1 Directional Trend Forecasting Evaluation

The directional prediction capability is evaluated through both the Full-Dataset Classification
Accuracy (%) and the Bootstrap simulation metrics reported as mean± SD, as summarized in
Table 9. According to the discussion of negative overfitting in the established literature [29], ex-
ceptionally high performance during the optimization phase does not necessarily translate into
comparable performance during subsequent testing periods andmay indicate overfitting. There-
fore, evaluating model performance beyond the optimization period is essential for assessing its
generalization capability. This methodological consideration is consistent with our empirical
findings. Across 10 independent evaluation runs on the dedicated testing data (Table 3), the
proposed IICGS framework achieves a stable mean accuracy of 78.97 ± 0.5%. When evalu-
ated on the entire dataset, including both training and testing subsets (Table 9), the accuracy is
78.47%. The small difference between these results suggests that the proposed framework does
not exhibit substantial performance degradation when evaluated beyond the dedicated testing
subset, supporting its ability to generalize effectively across different market conditions.

Crucially, the IICGS framework achieves the highest classification accuracy among all com-
pared methods (78.47%), substantially outperforming traditional machine learning baselines
such as XGBoost (53.61%), Random Forest (51.26%), and SVM (44.10%). Furthermore, em-
pirical simulation demonstrates that our framework exhibits the lowest bootstrap standard de-
viation (78.31 ± 0.35%). This low SD indicates a highly concentrated distribution, reflecting
superior prediction consistency and robustness under resampled market environments. This sta-
tistical stability proves that integrating Ichimoku-based features with an optimized CNN-GRU
architecture effectively mitigates the inherent noise and high volatility of Forex time series.
In addition to directional classification, continuous price-level tracking across multiple time-
frames (H1, H4, and D1) demonstrates the capability of the regression architecture to capture
price dynamics. Together with the 78.47% classification accuracy, these results indicate strong
performance in both price tracking and directional classification, suggesting that the IICGS
framework can effectively capture continuous price movements while providing reliable direc-
tional trend predictions under volatile market conditions.

Table 9: Comparative Analysis of Model Performances Based on Full-Dataset Classification Accuracy vs. Boot-
strap mean± SD (%) for EUR/USD.

Reference Methodology Accuracy (%) Bootstrap [mean± SD (%)]

Our Framework IICGS 78.47 78.31± 0.35

xgboost Library XGBoost Classifier 53.61 53.39± 0.58

sklearn Library Random Forest Classifier 51.26 51.38± 0.61

sklearn Library Support Vector Machine (SVM) 44.10 43.92± 0.65
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4.3.2 Multi-Horizon Price Forecasting & Statistical Significance

To evaluate price-level prediction and verify whether the proposed framework’s superiority is
statistically significant rather than a result of random chance, we compute the Mean Absolute
Error (MAE) and conduct the Diebold–Mariano (DM) test across multiple trading horizons
(H1, H4, and D1). The proposed IICGS framework serves as the target model against which
all baseline methods are individually compared. The empirical results are detailed in Table 10,
which shows that the proposed IICGS framework consistently achieves the lowest MAE values
among all compared methods, recording 0.0034, 0.0028, and 0.0027 for the H1, H4, and D1
horizons, respectively. Crucially, all computed DM statistics for the baseline models relative to
IICGS are positive and substantially exceed the critical threshold of 1.96. The corresponding
raw p-values and Holm–Bonferroni adjusted p-values (m = 24) remain far below α = 0.05,
formally rejecting the null hypothesis of equal predictive accuracy. This statistically confirms
that the predictive gains of the proposed framework are highly significant and not attributable
to sampling variation.

Table 10: Performance comparison, DM statistics, raw p-values and Holm–Bonferroni adjusted p-values across
multiple forecasting horizons on EUR/USD dataset.

Model MAE MAE MAE DM p Holm DM p Holm DM p Holm

(H1) (H4) (D1) (H1) (H1) (H1) (H4) (H4) (H4) (D1) (D1) (D1)

ARIMA 0.0191 0.0183 0.0195 14.32 1.64× 10−46 3.61× 10−45 15.11 1.39× 10−51 3.20× 10−50 16.04 6.72× 10−58 1.61× 10−56

GARCH 0.0168 0.0179 0.0182 12.05 1.94× 10−33 3.69× 10−32 12.89 5.12× 10−38 1.03× 10−36 13.91 5.51× 10−44 1.16× 10−42

Plain LSTM 0.0161 0.0175 0.0169 9.84 7.57× 10−23 1.14× 10−21 10.12 4.50× 10−24 7.21× 10−23 11.05 2.19× 10−28 3.95× 10−27

Plain GRU 0.0153 0.0165 0.0160 8.91 5.10× 10−19 6.12× 10−18 9.45 3.39× 10−21 4.74× 10−20 10.18 2.44× 10−24 4.14× 10−23

Plain CNN 0.0149 0.0162 0.0158 8.12 4.66× 10−16 4.20× 10−15 8.76 1.95× 10−18 2.15× 10−17 9.34 9.63× 10−21 1.25× 10−19

Plain CNN-LSTM 0.0137 0.0157 0.0151 7.23 4.83× 10−13 3.38× 10−12 7.89 3.02× 10−15 2.42× 10−14 8.42 3.77× 10−17 3.77× 10−16

Plain LSTM-GRU 0.0124 0.0128 0.0148 6.04 1.54× 10−9 6.17× 10−9 6.32 2.62× 10−10 1.31× 10−9 7.11 1.16× 10−12 6.96× 10−12

Plain CNN-GRU 0.0102 0.0110 0.0146 4.87 1.12× 10−6 1.12× 10−6 5.12 3.06× 10−7 6.11× 10−7 5.95 2.68× 10−9 8.04× 10−9

IICGS (Proposed) 0.0034 0.0028 0.0027 — — — — — — — — —

Note: All raw and Holm–Bonferroni adjusted p-values (m = 24) remain far below 0.05, confirming statistical significance at the 5% level.

Moreover, an analysis of the error trends across horizons reveals a distinctive property of
IICGS: while baseline models (e.g., ARIMA, GARCH, and Plain CNN-GRU) exhibit perfor-
mance degradation or increased error volatility when moving from short-term (H1) to longer-
term (D1) horizons, the proposed framework shows a progressive reduction in MAE. This be-
havior indicates that the Ichimoku-inspired multi-scale feature extraction effectively isolates
macro trend structures from intraday noise, enabling the optimized CNN-GRU layers to main-
tain exceptional prediction stability and error containment over broader temporal horizons.
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4.3.3 Effectiveness Analysis of Model Components

To isolate and investigate the individual empirical contribution of each core component within
our pipeline, an ablation study was conducted. Four distinct configurations were evaluated:
(A) the baseline CNN-GRU network without enhancements, (B) the CNN-GRU network
equipped with Ichimoku-based engineered features, (C) the CNN-GRU network optimized via
the Starfish Optimization Algorithm (SFOA), and (D) the complete integrated IICGS frame-
work.

The relative improvements reported in Table 11 quantify the percentage reduction in MAE
with respect to the baseline CNN-GRU model, calculated as:

Improvement (%) =
MAEBase −MAEModel

MAEBase
× 100. (20)

The empirical findings from the ablation study indicate that integrating Ichimoku-based
feature engineering independently drops the MAE from 0.0045 to 0.0040 (an 11.11% improve-
ment), validating that multi-scale technical features enrich the input space beyond raw OHLC
data. On the other hand, applying SFOA-based hyperparameter optimization independently
reduces the MAE to 0.0038 (a 15.56% improvement), proving the optimization algorithm’s
strength in discovering superior architectural parameters by balancing exploitation and explo-
ration. The best-so-far solution is obtained when both components are deployed simultaneously
in Configuration D (IICGS), yielding an MAE of 0.0034. This corresponds to a total error re-
duction of 24.44% relative to the base network, indicating that the combination of structured
financial indicators and metaheuristic optimization can contribute to improved forecasting per-
formance.

Table 11: Ablation study of the proposed framework to evaluate the contribution of Ichimoku-based feature engi-
neering and SFOA-based hyperparameter optimization.

Model Configuration MAE Improvement (%)
Model A CNN-GRU (Base model) 0.0045 –
Model B CNN-GRU + Ichimoku 0.0040 11.11%
Model C CNN-GRU + SFOA 0.0038 15.56%
Model D CNN-GRU + Ichimoku + SFOA (Proposed) 0.0034 24.44%

4.4 Comparative Analysis of Metaheuristic Optimizers

In this study, a comparative evaluation of metaheuristic algorithms for hyperparameter tuning
in deep learning models is conducted for Forex trend forecasting. The evaluated algorithms in-
clude the Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Grey Wolf Optimizer
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(GWO), and the proposed Ichimoku-CNN-GRU-SFOA (IICGS) framework, which incorpo-
rates the Starfish Optimization Algorithm (SFOA). Performance is assessed using Accuracy
(%), F1-score, and bootstrap statistics reported as mean± SD across eight currency pairs. For
each method, the results reported in Table 12 correspond to the best-performing model obtained
from ten independent runs and subsequently evaluated on the complete dataset. Therefore, the
IICGS results in this table may differ from those reported in Table 7, where the results are
presented as the mean ± standard deviation across the ten independent runs. This difference
reflects the distinct reporting procedures used in the two tables rather than an inconsistency in
the experimental results. Overall, the proposed IICGS framework achieves higher predictive
performance than GA, PSO, and GWO across all evaluated currency pairs. For example, for
AUD/USD, IICGS achieves an Accuracy of 79.41%, with a bootstrap estimate of 79.28±0.38%
and an F1-score of 0.65. In comparison, GWO achieves 68.23% Accuracy (68.11 ± 0.59%),
PSO achieves 68.56% (68.41 ± 0.58%), and GA achieves 59.12% (58.94 ± 0.65%). Simi-
larly, for EUR/SGD, IICGS achieves 78.77%Accuracy and an F1-score of 0.61, compared with
70.12% and 0.57 for GWO, 69.88% and 0.55 for PSO, and 64.43% and 0.51 for GA. Across
the evaluated currency pairs, IICGS consistently outperforms the three baseline optimization
algorithms in both Accuracy and F1-score. The bootstrap results also show relatively small
standard deviations for IICGS, indicating stable performance under resampling. Overall, these
findings demonstrate the competitive performance and robustness of the proposed SFOA-based
hyperparameter optimization framework.

Table 12: Comparison of hyperparameter optimization algorithms based on Accuracy (%) with Bootstrap mean±
SD (%) and F1-score.

Ticker Accuracy (%) [Bootstrap mean± SD] F1-score
GA PSO GWO IICGS (Ours) GA PSO GWO IICGS (Ours)

AUD/USD 59.12 (58.94± 0.65) 68.56 (68.41± 0.58) 68.23 (68.11± 0.59) 79.41 (79.28± 0.38) 0.50 0.55 0.55 0.65
EUR/SGD 64.43 (64.25± 0.64) 69.88 (69.73± 0.60) 70.12 (69.95± 0.58) 78.77 (78.61± 0.39) 0.51 0.55 0.57 0.61
GBP/NZD 57.77 (57.59± 0.66) 67.89 (67.74± 0.59) 67.46 (67.31± 0.61) 75.19 (75.05± 0.41) 0.52 0.57 0.58 0.66
NZD/USD 61.35 (61.18± 0.63) 70.12 (69.97± 0.57) 70.57 (70.42± 0.59) 78.17 (78.04± 0.37) 0.53 0.59 0.60 0.63
USD/CHF 63.57 (63.38± 0.65) 72.35 (72.19± 0.58) 70.89 (70.73± 0.60) 80.11 (79.96± 0.39) 0.50 0.54 0.54 0.63
USD/CNH 58.89 (58.71± 0.64) 65.43 (65.28± 0.61) 67.12 (66.97± 0.58) 70.57 (70.43± 0.40) 0.55 0.62 0.61 0.67
USD/SEK 54.23 (54.06± 0.62) 60.57 (60.42± 0.59) 62.35 (62.19± 0.57) 66.88 (66.74± 0.38) 0.54 0.60 0.58 0.64
USD/SGD 69.13 (68.95± 0.65) 76.47 (76.31± 0.58) 76.89 (76.74± 0.60) 83.23 (83.09± 0.36) 0.50 0.55 0.55 0.59

4.5 Limitations and Metrics in Evaluating Trading Models

In financial forecasting, traditional evaluation metrics such as MAE, MSE, andMAPE are com-
monly used to assess the performance of regression models. However, in algorithmic trading
contexts, these metrics may be insufficient. A model with low average errors can still generate
small fluctuations that inadvertently trigger stop-loss mechanisms, leading to premature trade
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exits and undermining the overall strategy. This problem primarily stems from relying on one-
step-ahead predictions, in which the trend direction is determined by merely comparing two
consecutive steps (the immediate next prediction versus the current step). In lower timeframes,
such a consecutive comparison is highly susceptible to localized anomalies; minor, sudden
price fluctuations or market noise can easily flip the predicted direction, leading to severe trend
misclassifications. As illustrated in Figure 14, while the predicted price closely tracks the ac-
tual price according to regression metrics, these micro-fluctuations frequently cross stop-loss
thresholds, resulting in unnecessary losses. To mitigate this, we adopt a classification-based

Figure 14: Predicted vs. actual prices with stop-loss crossings.

evaluation approach powered by a multi-step forecasting formulation. Instead of focusing on
the magnitude of numerical errors between consecutive steps, we prioritize the accurate iden-
tification of the broader trend direction by evaluating multiple future steps against the current
horizon. This multi-step approach inherently filters out sudden intraday noises and prevents
premature stop-loss triggers, aligning the model more effectively with real-world trading needs
in which strategic success depends on directional accuracy. Consequently, we utilize classifica-
tion metrics, such as Accuracy and the F1-score, as key indicators of model performance across
short-term (H1), medium-term (H4), and daily (D1) timeframes. To support this robust evalua-
tion, the trend direction in each dataset is derived from historical price movements, resulting in
a balanced distribution in which approximately 50% of the instances represent an upward trend
and 50% a downward trend. This balanced class distribution, maintained across all three time-
frames, reduces the effect of class imbalance and the dominance of any single class, thereby
making Accuracy a more straightforward and reliable overall performance measure. The F1-
score is additionally reported to provide a complementary assessment of the balance between
precision and recall.



Co
rre
cte
d p
ro
of
sHashemi & Solaymani Fard 43

5 Conclusions

This study presented a robust multi-timeframe and multi-step framework for Forex trend pre-
diction by integrating CNN-based deep learning architectures with Ichimoku-driven feature
engineering and the Starfish Optimization Algorithm (SFOA). In this framework, the outputs
of the regression models are treated as dynamic, price-following indicators. While higher re-
gression accuracy pulls these indicators closer to the actual price and better reflects market
tendencies, experimental observations revealed that relying solely on a single daily-scale re-
gression model can create a false sense of reliability, as low regression errors may still result
in substantial trend misclassifications. To address this limitation, a multi-timeframe and multi-
step forecasting strategy was implemented using the EUR/USD currency pair as the primary
training baseline. By extending the prediction horizon into multiple future steps for lower time-
frames, such as evaluating the next several steps against the current one in the H1 dimension,
the influence of minor, localized prediction errors can be reduced. The same process was ap-
plied to the H4 medium-term timeframe to further validate the directional trend before aggre-
gating the signals into a final daily market decision through a voting mechanism. Among the
tested configurations, the IICGS model achieved the most reliable performance in capturing
complex sequential dependencies. Importantly, the proposed framework demonstrated strong
out-of-sample generalization across various currency pairs. Without retraining, the framework
maintained stable trend classification performance across these currency pairs, indicating zero-
shot-like learning capabilities across the broader Forex market. Statistical validation using the
Diebold–Mariano and Bootstrap tests further supported the significance and robustness of the
observed performance improvements.
Limitations and Future Work. Although the proposed IICGS framework demonstrates consis-
tent improvements in both regression and classification performance across multiple currency
pairs and timeframes, several limitations should be acknowledged. First, the experimental eval-
uation is primarily conducted on the Forex market. Although the selected currency pairs rep-
resent diverse market characteristics, the generalizability of the proposed framework to other
financial assets, such as equities, commodities, cryptocurrencies, or fixed-income markets, has
not yet been systematically investigated. Future studies should therefore evaluate the frame-
work across a broader range of asset classes to further assess its robustness and transferability.
Second, although the Starfish Optimization Algorithm (SFOA) provides effective exploration
and exploitation capabilities, its stochastic nature, like that of other evolutionary optimization al-
gorithms, introduces an inherent degree of uncertainty into the optimization process. Therefore,
future studies could investigate hybrid adaptive optimization strategies that combine evolution-
ary algorithms such as SFOA with classical deterministic optimization methods, potentially
achieving a better balance between global exploration and local refinement while reducing de-
pendence on stochastic search. Since the optimization process is performed only during model
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training and does not affect the inference stage, such strategies could also contribute to im-
proving the computational efficiency and stability of the optimization process. Additionally,
future work could incorporate new technical features, such as the VWAP indicator, or indices
derived from sentiment and fundamental analysis to further enrich the feature space and po-
tentially improve predictive performance. Future research will also investigate transformer-
based architectures, adaptive trading systems, and the application of the proposed framework to
higher-volatility assets such as XAU/USD and cryptocurrencies. Addressing these limitations
may further improve the scalability, transferability, and practical applicability of the proposed
framework in real-world financial forecasting.

Appendix. Starfish Optimization Algorithm (SFOA)

The Starfish Optimization Algorithm (SFOA) is a bio-inspired metaheuristic designed to solve
global optimization problems. By mimicking the behaviors of starfish, SFOA introduces a
hybrid search strategy that effectively balances exploration and exploitation. The algorithm
comprises five primary phases, each of which is mathematically defined as follows:

Initialization Phase

In the initialization phase, the positions of the starfish are randomly generated within the bound-
aries of the design variables. The positions are represented as Equation (21):

X =


X11 X12 . . . X1D

X21 X22 . . . X2D

...
... . . .

...
XN1 XN2 . . . XND

 . (21)

where X is a matrix of size N × D, with N representing the population size and D the num-
ber of dimensions of the design variables. The position of each starfish is calculated using
Equation (22):

Xij = lj + r · (uj − lj), i = 1, 2, . . . , N, j = 1, 2, . . . , D. (22)

whereXij denotes the position of the i-th starfish in the j-th dimension, r is a random number
between 0 and 1, and lj and uj represent the lower and upper bounds of the j-th dimension,
respectively. After initializing the positions, the fitness values for all starfish are computed
using the objective function. These fitness values are stored in a vector as Equation (23) :
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F =


F (X1)

F (X2)
...

F (XN )

 , (23)

where F is a vector of size N × 1, containing the fitness values of the starfish. Once the
initialization is complete, the algorithm proceeds to the exploration and exploitation phases.

Exploration Phase

The exploration phase simulates the searching capabilities of the starfish, modeled as a five-
armed structure with eyes at the tips of each arm. The exploration behavior is governed by the
following principles:

• For optimization problems with dimensions greater than 5 (D > 5), the algorithm uses
a five-dimensional search pattern. Each arm moves in one of five randomly selected
dimensions to explore the search space more efficiently. This exploration is guided by the
best position among all starfish, and the update for the position is given by Equation (24):

Y T
i,p =

XT
i,p + a1(X

T
best,p −XT

i,p) cos θ, for r ≤ 0.5,

XT
i,p − a1(X

T
best,p −XT

i,p) sin θ, for r > 0.5,
(24)

where Y T
i,p and XT

i,p represent the obtained and current positions, respectively, XT
best,p is

the best known position in the p-th dimension, r is a random number, and a1 and θ are
defined as Equation (25) and Equation (26):

a1 = (2r − 1)π, (25)

θ =
π

2
.

T

Tmax
, (26)

where T is the current iteration and Tmax is the maximum number of iterations.

• For D > 5, the five-dimensional search pattern is used to update only five dimensions
at a time. If the updated position exceeds the design variable boundaries, the starfish
remains in the previous position as Equation (27):

XT+1
i,p =

Y T
i,p, if lb,p ≥ Y T

i,p ≤ ub,plb,p,

XT
i,p, otherwise.

(27)
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• For optimization problems withD ≤ 5, a unidimensional search pattern is applied, with
only one arm of the starfish moving to explore the environment. The updated position is
given by Equation (28):

Y T
i,q = EtX

T
i,p +A1(X

T
k1,p −XT

i,p) +A2(X
T
k2,p −XT

i,p). (28)

where XT
k1,p

and XT
k2,p

are the positions of two randomly selected starfish, and A1 and
A2 are random numbers between (−1, 1). The energy Et is computed as Equation (29):

Et =
Tmax − T

Tmax
cos θ. (29)

If the obtained position is outside the design variable boundaries, the starfish stays in its
previous position.

Exploitation Phase

The exploitation phase models the preying and regeneration behaviors of the starfish to refine
the search for global solutions. This phase involves two strategies: preying and regeneration.

Preying Phase The distances between the global best position and the positions of other
starfish are computed. Two distances are selected randomly to update each starfish’s
position Equation (30):

dm = (XT
best −XT

m), m = 1, . . . , 5. (30)

The update for each starfish during the preying phase is given by Equation (31):

Y T
i = XT

i + r1dm1 + r2dm2 , (31)

where r1 and r2 are random numbers between (0,1), and dm1 and dm2 are the randomly
selected distances.

Regeneration Phase For the last starfish in the population, the position is updated using a slow
movement model Equation (32):

Y T
i = exp

(
−T × N

Tmax

)
XT

i . (32)

If the position obtained from either the preying or regeneration phases is outside the
design variable boundaries, it is adjusted as Equation (33):

XT+1
i =


Y T
i , lb ≤ Y T

i ≤ ub,

lb, Y T
i < lb,

ub, ub < Y T
i .

(33)
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Algorithm 2 Pseudo-code of SFOA algorithm
Input: Algorithmic parameters (N , Tmax, and GP )
Output: The global solution
1: Initialize input parameters, problem information, boundary, etc.
2: Initialize positions by Equation (21) and evaluate the fitness values by Equation (23)
3: while T < Tmax do
4: if rand > GP then
5: Calculate θ by Equation (26) and energy Et by Equation (29)
6: for each starfish do
7: if D > 5 then
8: Generate five randomly selected p-dimensions among D
9: for j = 1 : 5 do
10: Calculate a1 by Equation (25)
11: Update the dimension of position in starfish using Equation 24
12: end for
13: Check the boundary of position by Equation (27)
14: else
15: Generate two random numbers A1 and A2

16: Select a random dimension p
17: Update the p-dimension of position using Equation (28)
18: Check the boundary of starfish by Equation (33)
19: end if
20: end for
21: else
22: Generate distances between the best position and starfish
23: for each starfish do
24: Generate random number rk, and update the position using Equation (31)
25: if i = N then
26: Update the position using Equation (32)
27: end if
28: Check the boundary of starfish by Equation (33)
29: end for
30: end if
31: Calculate the fitness values for all starfish
32: Obtain the global best solution in iteration T step
33: T = T + 1

34: end while
35: Obtain global solution
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The SFOA continues iterating through these phases, progressively improving the starfish
positions and updating the best-so-far solution throughout the optimization process [31]. In the
SFOA, GP denotes the exploration control parameter, which regulates the selection between
the exploration and exploitation phases. At each iteration, a random number is generated and
compared with GP . When rand > GP , the exploration phase is performed; otherwise, the
exploitation phase is executed. Thus,GP controls the balance between exploration of the search
space and exploitation of promising solutions. The pseudocode for the SFOA is presented in
Algorithm 2.
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A Introduction

The foreign exchange (Forex) market is widely recognized for its high liquidity, substantial
volatility, decentralization, and rapid transaction execution. These characteristics have attracted
considerable attention from both researchers and market practitioners, particularly in algorith-
mic trading, wherein automated systems use historical market data and computational models to
optimize trading strategies. In this context, technical analysis serves as a foundational method-
ology, utilizing historical price data—such as open, high, low, and close prices—along with
mathematical indicators to identify market trends, price behavior patterns, and potential rever-
sals. Among these indicators, the Ichimoku Kinko Hyo (Ichimoku Cloud) stands out for its
comprehensive nature, offering insights into support and resistance levels, trend direction, mo-
mentum, and trading signals. Developed in pre-WorldWar II Japan by journalist Goichi Hosoda
under the pseudonym “Ichimoku Sanjin” (meaning “at a glance”), this tool was designed to pro-
vide a holistic “mountain view” of market dynamics by integrating multiple moving averages
and forward-looking components. Despite its historical origins and initially complex manual
calculations, the Ichimoku Cloud is still widely used in modern trading applications for both
short-term and long-term market analysis [8].

Recent advances in deep learning have substantially increased interest in financial forecast-
ing and trend prediction, particularly in the foreign exchange (Forex) market. Models such as
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Convolutional Neural
Networks (CNNs) have demonstrated strong capabilities in capturing nonlinear and complex
temporal patterns. Their effectiveness in modeling challenging dynamical systems has also
been demonstrated beyond financial applications. For instance, Mirzajani et al. [27] proposed
feedback-based LSTM architectures for multivariate prediction of the chaotic Lorenz system,
achieving higher predictive accuracy than conventional RNN and LSTM models. These find-
ings highlight the potential of recurrent architectures to capture complex temporal dependencies
in nonlinear and chaotic systems, which are also characteristic of financial markets. In the Forex
domain, a systematic literature review by Ayitey Junior et al. [1] identified a growing shift to-
ward hybrid machine learning and deep learning approaches, emphasizing their potential to
improve forecasting accuracy in noisy financial time series. Consistent with this trend, Islam
et al. [15] proposed a hybrid GRU-LSTM architecture that outperformed standalone GRU and
LSTM models in forecasting several major currency pairs. Similarly, Mabrouk et al. [25] de-
veloped a CNN-GRU-based trading framework that integrated technical indicators with deep
learning for daily trading-signal prediction, achieving superior forecasting accuracy and trading
performance compared with conventional machine learning methods. Collectively, these stud-
ies demonstrate the growing potential of deep and hybrid learning architectures for capturing
the nonlinear and dynamic behavior of financial markets. However, the predictive performance
of these models depends heavily on appropriate hyperparameter selection. Consequently, meta-
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heuristic optimization algorithms have become increasingly popular for automatically tuning
hyperparameters and improving forecasting performance. For example, Gülmez [11] proposed
a metaheuristic-based LSTMmodel for stock price prediction and reported significant improve-
ments in MAE, MSE, and MAPE through optimized hyperparameter selection. Owing to their
ability to efficiently explore large and complex search spaces, metaheuristic algorithms are par-
ticularly well suited for financial prediction problems. Motivated by these advantages, this
study employs the Starfish Optimization Algorithm (SFOA) [31] to optimize the hyperparame-
ters of the proposed deep learning models. Inspired by the adaptive and regenerative behavior
of starfish, SFOA performs population-based exploration to identify suitable hyperparameter
configurations, including network architecture, thereby improving convergence stability and
reducing the risk of premature convergence to local optima.

Beyond model architecture and hyperparameter optimization, recent studies have also em-
phasized the importance of feature engineering in enhancing forecasting performance. Deng
et al. [5], for instance, proposed a hybrid trading system that combined Ichimoku-based fea-
ture extraction with fuzzy rough sets and NSGA-II optimization for crude oil futures forecast-
ing, demonstrating improvements in both profitability and risk management. Likewise, Sev-
astjanov et al. [29] showed that integrating multiple forecasting models with novel technical
indicators can reduce overfitting and improve adaptability under changing market conditions.
Özorhan et al. [28] improved EUR/USD trend prediction using ZigZag-based motif discov-
ery and SVM classification, while Khattak et al. [18] integrated Fibonacci indicators with a
hybrid CNN-LSTM architecture for cryptocurrency trend prediction, highlighting the impor-
tance of profitability-oriented evaluation in practical trading environments. Collectively, these
studies indicate that combining advanced deep learning architectures with effective optimiza-
tion techniques and carefully designed technical indicators provides a promising direction for
developing more accurate and robust financial forecasting systems.

Although these studies have reported encouraging results, several limitations remain. Many
existing approaches focus mainly on price forecasting accuracy while paying less attention to
directional trend prediction, which is often more relevant in trading applications. In addition,
most studies rely heavily on regression metrics such as MAE, MSE, and MAPE. While these
measures evaluate numerical forecasting error, they do not necessarily reflect whether the pre-
dicted market direction is correct. In practical trading, even a small prediction error may still
lead to an incorrect trading signal and financial loss. Another limitation is the lack of rigorous
statistical validation in many forecasting frameworks. Comparisons between models are often
reported without statistical tests capable of determining whether performance differences are
truly significant.

To address these limitations, this study proposes a hybrid forecasting framework that com-
bines Ichimoku Cloud feature engineering with CNN-based deep learning architectures for
multi-timeframe trend prediction. The proposed framework considers H1, H4, and D1 time-
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frames to capture short-, medium-, and long-term market behavior. Regression models are
trained to perform one-step-ahead price forecasting at each timeframe. At H1 and H4, succes-
sive one-step-ahead forecasts are generated, and the predicted prices corresponding to the daily
forecasting horizon are compared to determine the associated daily directional trend. At D1, the
daily trend is obtained by directly comparing two consecutive one-step-ahead predicted prices.
The directional signals from H1, H4, and D1 are then integrated through a voting mechanism
to produce a single final daily trend decision. Thus, regression constitutes the training and
optimization objective, whereas directional classification represents the final decision-making
objective of the framework. Three deep learning architectures—CNN, CNN-LSTM, and CNN-
GRU—are investigated. The Starfish Optimization Algorithm (SFOA) is employed for hyper-
parameter optimization and is compared with Genetic Algorithm (GA), Particle Swarm Opti-
mization (PSO), and Grey Wolf Optimizer (GWO). Regression performance is evaluated using
MSE, MAE, and MAPE, with validation MAE serving as the fitness function for SFOA. At
the final decision stage, the directional outputs are assessed using Accuracy and F1-score. The
statistical reliability of the regression results is examined using the Diebold–Mariano (DM) test
with Holm–Bonferroni correction, together with a moving block bootstrap procedure to assess
the stability of the final classification performance. In addition to EUR/USD, eight previously
unseen currency pairs are considered to evaluate the zero-shot classification capability of the
trained framework. The main contributions of this study are as follows:

• Amulti-timeframe hybrid framework is developed that explicitly separates the regression
training objective from the final directional decision-making objective. One-step-ahead
price forecasts at H1, H4, and D1 are converted into directional signals (by comparing
prices aligned with the daily horizon at H1/H4 and consecutive predictions at D1) and
aggregated via a voting mechanism to obtain the final daily trend.

• A unified evaluation strategy is established in which MSE, MAE, and MAPE guide
model training and optimization, while Accuracy and F1-score evaluate the ultimate
trend-prediction performance of the overall framework.

• The modeling and optimization strategy is systematically compared across CNN, CNN-
LSTM, and CNN-GRU architectures and against established metaheuristic methods (GA,
PSO, GWO), with statistical significance assessed by the DM test (Holm–Bonferroni
adjusted) and performance stability examined via moving block bootstrap.

• The zero-shot cross-market robustness of the trained framework is evaluated on eight
currency pairs that were not used during training, assessing both regression forecasting
quality and the final daily trend-classification performance obtained through the voting
mechanism.
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The remainder of this paper is organized as follows. Section 2 describes the proposed
methodology, data collection process, and model development procedure. Section 3 presents
the experimental results and statistical analyses. Section 4 discusses the findings and practical
implications of the study, and Section 5 concludes the paper and outlines directions for future
research.

B Material and methods

The way in which the creator of Ichimoku views and analyzes the market forms the basis, mo-
tivation, and goal of designing our proposed neural networks. Before exploring the main topic,
a brief overview of the concepts behind LSTM, GRU, and CNN is essential. In addition, a
detailed explanation of the SFOA metaheuristic algorithm is provided in Appendix.

B.1 Long Short-Term Memory

Hochreiter et al. [12] introduced long short-termmemory (LSTM) networks, a type of recurrent
neural network (RNN) designed to capture long-term dependencies in sequential data such as
time series, natural language, and audio. Unlike traditional RNNs, which suffer from vanishing
or exploding gradients, LSTMs overcome this limitation through a gatingmechanism consisting
of a forget gate, input gate, and output gate. These gates enable the model to selectively retain,
update, or discard information, making LSTMs particularly suitable for financial forecasting
tasks such as stock prediction, Forex trend analysis, and cryptocurrency modeling.

Let xt represent the input vector at time step t and ht−1 the hidden state of the previous
step. The forget gate, ft, controls the proportion of the previous cell state, Ct−1, to retain:

ft = σ(Wf · [ht−1, xt] + bf ). (1)

The input gate, it, determines the extent to which new information is stored in the cell state.
The candidate cell state, C̃t, represents the new content to be added:

it = σ(Wi · [ht−1, xt] + bi), (2)

C̃t = tanh(WC · [ht−1, xt] + bC). (3)

The cell state, Ct, is then updated as in Equation (4):

Ct = ft ⊙ Ct−1 + it ⊙ C̃t. (4)
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The output gate, ot, determines how much of the internal memory is exposed to the next
hidden state, ht:

ot = σ(Wo · [ht−1, xt] + bo), (5)

ht = ot ⊙ tanh(Ct). (6)

This gating system enables LSTMs to maintain a dynamic memory of important temporal
patterns over long horizons, critical for modeling non-linear dynamics in financial time series.

B.2 Gated Recurrent Unit

The Gated Recurrent Unit (GRU), introduced by Cho et al. [4], is a simplified recurrent neural
network architecture designed to tackle challenges such as the problem of vanishing gradients.
GRUs use two gates: the update gate, zt, which balances the retention of past information with
the incorporation of new input, and the reset gate, rt, which controls how much of the previous
hidden state is forgotten.

Candidate activation, h̃t, combines the effect of the reset gate with the current input to
generate new information. The final hidden state, ht, is computed as a weighted sum of the
previous hidden state and the candidate activation, modulated by the update gate:

ht = zt ⊙ ht−1 + (1− zt)⊙ h̃t. (7)

GRUs are computationally efficient, requiring fewer parameters than LSTMs, while still
effectively capturing dependencies in sequential data. They are widely used in applications
like language modeling, time series forecasting, and speech recognition.

While both LSTMs and GRUs present distinct architectural trade-offs, deciding when to
deploy each cell structure—or their simplified variants—depends heavily on the underlying
statistical behavior of the target time series. Recent taxonomy work by Khaldi et al. [17] sys-
tematically evaluated 20 recurrent cell architectures across fundamental time series behaviors
(deterministic, random-walk, non-linear, long-memory, and chaotic). Their empirical findings
revealed that structural modifications—such as parameter-reduced variants like SLIM—yield
statistically significant performance gains tailored to specific series dynamics (e.g., SLIM-
LSTM for chaotic dynamics and SLIM-MGU for long-memory processes). This benchmark
underscores the necessity of evaluating both standard LSTM and GRU foundations when con-
structing forecasting frameworks for complex, multi-behavior financial series.
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B.3 Convolutional Neural Network

Convolutional Neural Networks (CNNs) are deep learning models that are very effective for
tasks involving spatial data, such as images and sequences. The foundational work of LeCun
et al. [22] established CNNs as powerful tools for image recognition and classification tasks,
demonstrating their ability to achieve high precision in complex data sets.

CNNs are widely recognized for their ability to automatically and adaptively learn spatial
hierarchies of features from data through three main types of layers: convolutional layers, pool-
ing layers, and fully connected layers. The convolutional layers are responsible for feature
extraction by applying a set of learnable filters (kernels) across the input. This enables the net-
work to detect patterns and features, such as edges, textures, and shapes, which are crucial for
tasks such as image recognition [10]. The pooling layers reduce the dimensionality of feature
maps, preserving key features while discarding less important information. This not only re-
duces computational requirements, but also helps to make the network less prone to overfitting
[13]. For example, in modern CNNs, max-pooling is widely used to retain the most important
aspects of each feature while reducing noise [23]. Finally, the fully connected layer combines
the extracted features to produce the final output, typically used for classification or regression
tasks. This layer links the learned feature representations to specific output classes, facilitating
tasks such as object identification in images. CNNs utilize activation functions, often Rectified
Linear Unit (ReLU), to introduce nonlinearities, allowing them to learn complex functions [13].

Beyond image processing, CNNs can be applied effectively to one-dimensional data using
1D convolutional kernels. One-dimensional CNNs (1D CNNs) are particularly well suited for
tasks like time series prediction and signal identification, in which the absolute position of fea-
tures is less critical. For example, combining 1D CNNs with bidirectional LSTM (BiLSTM)
networks has been effective in complex prediction tasks that involve volatile data. Lawal et
al. [21] developed a hybrid model that combines 1D CNN and BiLSTM to accurately forecast
short-term wind speed by extracting spatial and temporal features, demonstrating high perfor-
mance at various heights above ground level. Similarly, Kim et al. [19] employed a 1D CNN-
BiLSTMmodel for time series predictions of peak electricity demand and marginal price of the
system, illustrating that this approach performs better than conventional methods by efficiently
capturing sequential dependencies and improving prediction accuracy.

B.4 Ichimoku-Inspired Feature Engineering

The intersections of the Ichimoku indicators Tenkan-sen, Kijun-sen, Senkou Span A, Senkou
Span B, and Chikou Span are widely utilized in technical analysis to generate trading signals.
Taking inspiration from this approach, we engineered new features based on these intersec-
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tions. These features are derived from five key Ichimoku-based trend-identification signals, as
described below.

Tenkan-sen and Kijun-sen Cross When the Tenkan-sen (Conversion Line) crosses above the
Kijun-sen (Base Line), it signals a potential uptrend. In contrast, a downward cross sug-
gests a possible downward trend (Figure 1).

Figure 1: Tenkan-sen and Kijun-sen Cross

Senkou Span A and Senkou Span B Cross (Cloud Boundary) When Senkou Span A (the
faster-moving edge of the cloud) crosses above Senkou Span B, it suggests an uptrend,
while a downward cross indicates a downtrend. This intersection defines the “Kumo”
(cloud) boundaries and highlights the support and resistance levels (Figure 2).

Tenkan-sen and Kijun-sen Crossing Above or Below the Cloud When both Tenkan-sen and
Kijun-sen cross above the cloud (bounded by Senkou Span A and B), it signals a strong
uptrend. In contrast, crossing below the cloud indicates a potential downward trend. The
cloud serves as a long-term trend indicator, and these crossings provide valuable signals
(Figure 3).

Price and Ichimoku Indicators Cross When the price crosses above Tenkan-sen, Kijun-sen,
or the cloud, it indicates a potential uptrend and market strength. In contrast, crossing
below these indicators signals a potential downward trend, reflecting price movements
relative to support and resistance levels (Figure 4).

Chikou Span Cross (Lagging Line) The Chikou Span, a lagging indicator that shifts the clos-
ing price backward by 26 periods, provides historical context for trend analysis. When
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Figure 2: Senkou Span A and Senkou Span B Cross

Figure 3: Tenkan-sen and Kijun-sen Crossing Above or Below the Cloud
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Figure 4: Price and Ichimoku Indicators Cross

the Chikou Span rises above the Tenkan-sen, Kijun-sen, or cloud, it suggests an uptrend.
Conversely, when it falls below these indicators, it signals a downtrend, helping identify
trend persistence or reversal (Figure 5) [24].

Figure 5: Chikou Span Cross

The mathematical operations used to generate these features include subtraction, maximiza-
tion, andminimization, which help capture the direction andmagnitude of the intersections. Ad-
ditionally, some features were shifted forward to align with the principles of technical analysis,
which rely on analyzing historical data and past price behavior to evaluate current price trends
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and forecast future market movements. Table 1 provides a summary of the features derived
from these signals.

Table 1: Ichimoku-inspired features.

Feature Description
T-K Tenkan_sen−Kijun_sen
A-B Span A− Span B

P-T-K Close Price−max(Tenkan_sen, Kijun_sen)
P-A-B Close Price−max(Span A, Span B)

T-K-A-B min(Tenkan_sen, Kijun_sen)−max(Span A, Span B)

P-CH Close Price− Chikou Span (shifted + 26)

CH-T-K Chikou Span−max(Tenkan_sen, Kijun_sen) (shifted + 26)

CH-A-B Chikou Span−max(Span A, Span B) (shifted + 26)

B.5 Dataset

This study employs a dataset of EUR/USDOHLC prices across three hierarchical timeframes—
one-hour (H1), four-hour (H4), and daily (D1)—spanning from September 1, 2019, to Septem-
ber 1, 2024. The data were collected via the MetaTrader 5 platform to ensure high reliability
and precision. The proposed multi-timeframe voting framework strategically integrates these
complementary resolutions to generate robust, real-world-aligned trading signals. The D1 time-
frame serves as the primary decision layer. It effectively filters intraday noise and captures
persistent trend structures that align with the medium- to long-term positioning of institutional
traders, a concept well-documented in Forex market microstructure research. The H4 time-
frame acts as an intermediate confirmatory layer, encapsulating half of each major geographic
trading session (Asian, European, and American) within a single candle. This resolution reveals
significant intraday momentum shifts and liquidity surges that remain obscured on daily charts
yet are excessively noisy on lower timeframes. Finally, the H1 timeframe is incorporated as the
highest-frequency component. It enables precise entry and exit timing by detecting short-term
support and resistance zones, micro-trends, and order-flow imbalances, while preserving an
acceptable signal-to-noise ratio. This hierarchical D1→H4→H1 architecture ensures that the
final signal is firmly rooted in dominant market cycles, validated by session-driven dynamics,
and optimally timed for execution. Furthermore, the selection of EUR/USD—the world’s most
liquid currency pair, exhibiting strong correlations with global risk sentiment—enhances the
generalizability and practical relevance of the findings. To improve the predictive accuracy of
the models, two distinct datasets are constructed to systematically evaluate the contribution of



Co
rre
cte
d p
ro
of
s

64 Multi-Timeframe Forex Trend Prediction with Optimized CNN-LSTM/GRU

Ichimoku-inspired features. The first dataset augments standard OHLC price data with the five
canonical components of the Ichimoku Kinko Hyo indicator. The second dataset extends this
representation by combining OHLC prices with eight engineered features derived from widely
adopted Ichimoku trading strategies. This captures relational and directional market dynamics
beyond the original indicator formulation, as detailed in Section 2.4. A sliding window of 50
time steps is applied to both datasets to model recent temporal dependencies while preserving
the computational efficiency required for real-time forecasting. This specific window length
was selected to cover a complete Ichimoku trend cycle, enabling the model to capture both short-
term fluctuations andmedium-term directional structures. The data are subsequently partitioned
into training and testing subsets using an 80%–20% split, with 20% of the training data allocated
as a validation set to monitor performance and ensure proper generalization. Ultimately, the
integration of hierarchical timeframes, sophisticated feature engineering, and rigorous data par-
titioning forms a comprehensive foundation for the robust evaluation of the proposed predictive
architectures.

B.6 The Proposed Models

This research contributes to the development of a multivariate time series prediction system that
leverages deep learning techniques to forecast Forex price movements. The proposed system
consists of three main components trained on the H1, H4, and D1 timeframes. A Convolutional
Neural Network (CNN) serves as the base architecture, combined with LSTM and GRU net-
works for enhanced temporal modeling. The primary focus is on utilizing the Ichimoku techni-
cal indicator, which provides high-quality features suitable for these deep learning architectures.
To clearly distinguish between different configurations, the following naming conventions are
adopted: models using only the original Ichimoku indicators are prefixed with I (e.g., IC for
Ichimoku-CNN, ICL for Ichimoku-CNN-LSTM, and ICG for Ichimoku-CNN-GRU). Models
augmented with the newly engineered Ichimoku-inspired features receive an additional I prefix
to denote “Improved” status (e.g., IIC, IICL, and IICG).

Furthermore, all configurations undergo hyperparameter optimization via the Starfish Op-
timization Algorithm (SFOA). To denote this, an S is appended to the model name (e.g., ICS,
ICLS, and ICGS for standard Ichimoku architectures; IICS, IICLS, and IICGS for the improved
versions). The structural frameworks of the baseline IC, ICL, and ICG models are illustrated
in Figure 6. Each model employs the Rectified Linear Unit (ReLU) activation function in the
hidden layers and a linear activation function in the output layer.

All models were trained for 50 epochs using the Mean Squared Error (MSE) loss function
and the Adam optimizer with an initial learning rate of 0.001. Given that the input EUR/USD
time-series data were normalized prior to training, this learning rate ensured stable and efficient
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Figure 6: Models’ Architecture

convergence. Additionally, the Adam optimizer provides adaptive learning rate adjustments,
which stabilizes the training dynamics of deep neural networks. To further enhance convergence
and prevent optimization stagnation, a ReduceLROnPlateau learning rate scheduling strategy
was applied, dynamically decreasing the learning rate when the validation loss plateaued.

In financial time-series forecasting, overfitting is a common and critical issue, in which a
model may achieve strong performance on training data but fail to generalize to unseen samples
due to the noisy and non-stationary nature of market data. To mitigate this problem, several
regularization techniques were incorporated into the proposed architectures, including Dropout
layers, Batch Normalization, and pooling operations. These components collectively improve
feature generalization, stabilize training dynamics, and enhance the robustness of the models
on out-of-sample data. The system was implemented in Python 3.11.3, utilizing TensorFlow
and scikit-learn for deep learning and data preprocessing. All experiments were conducted on
a laptop equipped with a 13th Gen Intel® Core™ i7-13620H CPU (2.40 GHz) and 16 GB RAM,
running the Windows 11 operating system. To ensure reproducibility and further assess the
robustness of the proposed framework, all stochastic components involved in model training
and hyperparameter optimization were controlled using fixed random seeds. In particular, each
model was trained over 10 independent runs using different fixed random seeds (e.g., 11, 22,
33, 44, 55, 66, 77, 88, 99, and 110) to reduce the influence of random weight initialization
and to verify that the reported performance was not associated with a specific initialization.



Co
rre
cte
d p
ro
of
s

66 Multi-Timeframe Forex Trend Prediction with Optimized CNN-LSTM/GRU

In addition, the same seed-control strategy was employed in the SFOA-based hyperparameter
optimization stage to ensure consistency across the entire experimental procedure.

Table 2 presents the hyperparameter candidate values considered in this study. These param-
eters determine the model’s learning capacity and resistance to overfitting. The SFOA frame-
work systematically optimizes these hyperparameters, ensuring an optimal balance between
architectural complexity and generalization performance when training on high-dimensional
time series data.

Table 2: Hyperparameter Alternatives

Hyperparameter Candidate Values
Conv1D Filters 30–150 (step=1)
Conv1D Kernel Size {3, 5, 7, 9}
Dropout Rate {0.3, 0.4, 0.5, 0.6}
Neurons (Dense/LSTM/GRU) 30–150 (step=1)

A rule-based aggregation module was developed to harmonize the forecasting outputs ob-
tained from the H1, H4, and D1 timeframes and project them onto a unified daily (24-hour) hori-
zon. Forecasts at different temporal resolutions are treated as complementary trend-following
signals that capture short-, medium-, and long-term market dynamics. Within this framework,
the H1 and H4 forecasts corresponding to a given 24-hour interval are temporally aligned and
consolidated at the daily level together with the direct D1 prediction. Importantly, one-step-
ahead forecasts are used exclusively for regression-based performance evaluation and model
optimization (MSE, MAE, MAPE, and the SFOA fitness function). For trend extraction, how-
ever, a multi-step alignment is applied at H1 and H4 so that the predicted prices corresponding
to the daily horizon can be compared, while at D1 the daily trend is obtained by comparing two
consecutive one-step-ahead predicted prices. This design reduces trendmisclassification: short-
horizon predictions may achieve low regression error yet still produce incorrect directional sig-
nals. By aligning all timeframes to the daily horizon, the models capture the dominant price
movement more reliably. The final daily trend direction is determined by a majority-voting
scheme in which the aligned H1, H4, and D1 directional signals participate. This aggregation
filters out noisy or conflicting short-term signals and yields a stable estimate of the prevailing
daily trend (upward or downward). The overall workflow is summarized in Algorithm 1. His-
torical price data across the three timeframes are prepared and normalized, hyperparameters
are optimized with SFOA, and the models are trained. One-step-ahead predictions are then
used to compute regression metrics, while the multi-step-aligned forecasts are converted into
directional signals and aggregated by majority voting. The resulting daily trend decisions are
evaluated with classification metrics (Accuracy and F1-score).
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Algorithm 3 End-to-end multi-timeframe forecasting and decision-making framework using
Ichimoku-based features, CNN-based models, and SFOA
1: Input: Historical EURUSD price data in {H1, H4, D1}, window length L,
2: CNN-based models ICS, ICLS, ICGS, IICS, IICLS, IICGS,
3: optimization algorithm SFOA, number of bootstrap replications B, Random seed set S =

{s1, s2, . . . , s10}.
4: Output: Final classification performance metrics reported as mean ± SD, and DM test

results reported as DM statistics, p-values, and Holm–Bonferroni adjusted p-values.
5: Step 1: Data Preparation
6: for each timeframe tf ∈ {H1,H4,D1} do
7: Load historical price data corresponding to tf .
8: Perform Ichimoku-based feature engineering.
9: Normalize the extracted features.
10: Construct sliding windows of length L.
11: Split the dataset into training (80%) and testing (20%) subsets.
12: Further split the training subset into training (80%) and validation (20%) subsets.
13: end for
14: Step 2: Timeframe-specific Hyperparameter Optimization via SFOA
15: for each timeframe tf ∈ {H1,H4,D1} do
16: for each modelm ∈ {ICS, ICLS, ICGS, IICS, IICLS, IICGS} do
17: for each starfish candidate in SFOA do
18: Apply candidate hyperparameters to modelm for timeframe tf .
19: Train modelm on the training data of timeframe tf .
20: Compute validation MAE.
21: Assign the MAE value as the fitness score.
22: end for
23: Select the optimal hyperparameter set for (m, tf) after SFOA convergence.
24: end for
25: end for
26: Step 3: Final Training of Optimized Models
27: for each timeframe tf ∈ {H1,H4,D1} do
28: for each modelm do
29: Train modelm on the entire training set of tf using the optimized hyperparameters.
30: end for
31: end for
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32: Step 4: One-Step-Ahead Price Forecasting and Statistical Regression Evaluation
33: for each timeframe tf ∈ {H1,H4,D1} do
34: for each modelm do
35: Generate one-step-ahead price forecast p̂tft+1.
36: Compute regression metrics: MSE, MAE, and MAPE.
37: end for
38: end for
39: Step 5: Multi-Step Forecasting for Trend Alignment
40: for each modelm do
41: Generate aligned multi-step-ahead price forecasts:

H1: p̂H1
t+24 (24 steps ahead)

H4: p̂H4
t+6 (6 steps ahead)

D1: p̂D1
t+1 (1 step ahead)

42: end for
43: Step 6: Trend Extraction
44: for each timeframe tf ∈ {H1,H4, D1} do
45: Determine the trend direction by comparing the aligned

forecast with the current actual price.
46: end for
47: Step 7: Daily Trend Decision via Majority Voting
48: Aggregate the aligned trend predictions from {H1,H4, D1}

using majority voting.
49: Obtain the final daily trend decision.
50: Step 8: Final Classification Evaluation
51: Compare predicted daily trends with ground-truth trends.
52: Compute classification metrics: Accuracy and F1-score.
53: Step 9: Statistical Validation
54: Diebold–Mariano (DM) Test:
55: for each timeframe tf ∈ {H1,H4, D1} do
56: for each model pair (mi,mj) do
57: Compute forecast errors for both models.
58: Calculate the loss differential: dt = L(ei)− L(ej)

59: Compute the DM statistic and corresponding p-value.
60: end for
61: end for
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63: Holm–Bonferroni Correction:
64: Sort the DM test p-values in ascending order.
65: Apply the step-down Holm–Bonferroni procedure to control the

family-wise error rate (FWER).
66: Compute the Holm-adjusted p-values.
67: Determine statistical significance using the adjusted p-values.
68: Moving Block Bootstrap Procedure:
69: for b = 1 to B do
70: Generate a bootstrap sample using moving blocks.
71: Compute evaluation metrics on the bootstrap sample.
72: end for
73: Calculate the mean and standard deviation of Accuracy

and F1-score over bootstrap replications.
74: Report the final performance metrics as mean ± SD to assess model robustness.
75: Output:
76: Report Mean ± SD results, DM test outcomes, and

Holm–Bonferroni adjusted p-values.

Statistical reliability is assessed by the Diebold–Mariano (DM) test with Holm–Bonferroni
correction for multiple comparisons, and the stability of classification performance is exam-
ined via moving-block bootstrap analysis. Together, these steps provide an end-to-end evalu-
ation pipeline that clearly separates the regression training objective from the final directional
decision-making objective. To evaluate the cross-market generalization capability of the pro-
posed framework, the models trained exclusively on the EUR/USD currency pair were applied
to eight additional currency pairs without any retraining or fine-tuning. For each unseen cur-
rency pair, the same Ichimoku-based feature engineering pipeline, data normalization proce-
dure, and multi-timeframe forecasting and voting mechanism were employed. This protocol
enables assessment of the framework’s zero-shot transfer performance across different Forex
markets.

Remark 1. The stochastic initialization and search phases of Algorithm 1 are controlled via
fixed random seeds, with results reported as the mean and standard deviation over 10 indepen-
dent runs.

Remark 2. The DM test was conducted at a significance level of α = 0.05. A p-value lower
than 0.05 indicates a statistically significant difference between the forecasting errors of the
compared models.



Co
rre
cte
d p
ro
of
s

70 Multi-Timeframe Forex Trend Prediction with Optimized CNN-LSTM/GRU

C Experimental Results

C.1 Evaluation Criteria

The proposed forecasting framework is evaluated using a comprehensive set of regression, clas-
sification, and statistical validation metrics. Regression performance is assessed using Mean
Squared Error (MSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE), while trend prediction performance is evaluated using Accuracy and F1-score. To fur-
ther investigate the statistical significance and robustness of the obtained results, the Diebold–
Mariano (DM) test and Bootstrap resampling analysis are additionally employed. The DM test
determines whether the forecasting accuracy of two competing models differs significantly,
whereas Bootstrap analysis evaluates the stability and reliability of the reported performance
estimates across repeated samples. To account for the increased probability of false-positive
findings resulting from multiple DM comparisons, the Holm–Bonferroni procedure is applied
to adjust the resulting p-values while controlling the family-wise error rate (FWER). Together,
these evaluation criteria provide a comprehensive assessment of predictive accuracy, classifica-
tion effectiveness, statistical significance, multiple-comparison control, and model robustness.

MSE measures the average squared difference between predicted (ŷi) and actual values (yi) as
shown in Equation (8):

MSE =
1

n

n∑
i=1

(ŷi − yi)
2. (8)

By penalizing larger errors more heavily, MSE is sensitive to outliers and is widely used
for regression tasks. It traces its origins to Gauss and Legendre’s foundational work on
least squares regression [9].

MAE represents the average magnitude of errors, treating all deviations equally as shown in
Equation (9):

MAE =
1

n

n∑
i=1

|ŷi − yi|. (9)

MAE is more robust to outliers than MSE and provides interpretable results in the same
units as the data. It has its roots in robust regression and descriptive statistics [7].

MAPE expresses errors as a percentage of actual values, making it scale-independent as shown
in Equation (10) :

MAPE =
1

n

n∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100. (10)

MAPE is useful for comparing performance across datasets but can produce inflated er-
rors when actual values are near zero. It gained prominence in time-series forecasting
and business modeling [26].
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Accuracy is a straightforward metric that measures the proportion of correct predictions in-
cluding true positives and true negatives, relative to the total predictions made as shown
in Equation (11).

Accuracy =
Number of Correct Predictions
Total Number of Predictions

. (11)

While accuracy indicates overall performance, it can bemisleading under class imbalance
with a dominant class [30].

F1-score is a performance metric used in classification tasks to evaluate the balance between
precision and recall. It is defined as the harmonic mean of precision (P ) and recall (R),
formulated as Equation (12):

F1 = 2 · P ·R
P +R

. (12)

Precision (P ) is defined as Equation (13):

P =
True Positives (TP)

True Positives (TP)+ False Positives (FP)
(13)

Recall (R) is defined as Equation (14):

R =
True Positives (TP)

True Positives (TP)+ False Negatives (FN)
. (14)

The F1-score provides a single metric that balances the trade-off between precision and
recall, particularly useful in situations with imbalanced datasets [30]. This metric has
since been adapted widely in machine learning and classification tasks for evaluating
model performance. Together, these metrics provide a well-rounded evaluation of the
model’s effectiveness in predicting financial time series movements.

Diebold-Mariano (DM) Test is a statistical method used to compare the accuracy of two com-
peting forecast models. Developed byDiebold andMariano [6], this test assesses whether
the difference in forecast performance between two models is statistically significant. It
is particularly useful in econometrics and time series analysis when evaluating the per-
formance of different forecasting techniques. Let Yt be the actual value at time t, and
let Ŷ1,t and Ŷ2,t be the forecasts generated by model 1 and model 2, respectively. The
forecast errors for each model are defined as Equations (15) and (16):

e1,t = Yt − Ŷ1,t, (15)

e2,t = Yt − Ŷ2,t. (16)
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TheDiebold–Mariano test focuses on the loss differential series, defined as dt = L(e1,t)−
L(e2,t), here L(·) denotes a specific loss function, such as squared error or absolute er-
ror. The null hypothesis (H0) states that both competing models possess equal forecast
accuracy (i.e., the expected value of the loss differential is zero), while the alternative hy-
pothesis (H1) implies that one model statistically outperforms the other. The test statistic
is based on the sample mean of the loss differentials, d̄, and its variance. A modified t-
statistic is typically utilized to account for potential autocorrelation in the forecast errors,
especially in finite samples. The DM statistic is calculated as Equation (17):

DM =
d̄√
V̂ (d̄)

, (17)

in which d̄ = 1
T

∑T
t=1 dt and V̂ (d̄) is a consistent estimate of the asymptotic variance

of d̄. Under the null hypothesis, this statistic asymptotically follows a standard normal
distribution [6].

Moving Block Bootstrap (MBB) is a resampling technique designed for dependent data, par-
ticularly time-series observations, where the assumption of independent and identically
distributed samples is not appropriate [20]. Unlike the conventional bootstrap, which in-
dependently resamples individual observations with replacement, MBB resamples con-
secutive blocks of observations to preserve the temporal dependence structure of the orig-
inal series.

LetX = x1, x2, . . . , xn denote an ordered time series and letL represent the block length.
A collection of overlapping blocks is first constructed from consecutive observations as

Bj = {xj , xj+1, . . . , xj+L−1}, j = 1, 2, . . . , n− L+ 1.

Each block therefore contains L consecutive observations, and adjacent blocks overlap.
During each bootstrap replication, blocks are randomly selected with replacement from
the collection of available overlapping blocks and concatenated sequentially to construct
a bootstrap sample of the desired length. The statistic of interest is then calculated from
the resulting bootstrap sample.

Repeating this procedure generates an empirical bootstrap distribution of the statistic,
which can be used to assess its sampling variability and statistical uncertainty. By re-
sampling contiguous blocks rather than individual observations, MBB retains the local
dependence structure of the original time series and provides a suitable nonparametric
resampling framework for dependent observations [20].

Holm–Bonferroni Correction Whenmultiple statistical hypotheses are tested simultaneously,
the probability of obtaining at least one false-positive result increases with the number
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of comparisons. To control the family-wise error rate (FWER), the Holm–Bonferroni
procedure provides a sequential (step-down) multiple-comparison correction that is less
conservative than the classical Bonferroni method while still guaranteeing strong FWER
control [14].

Letm denote the total number of statistical tests and let p(1) ≤ p(2) ≤ · · · ≤ p(m) be the
ordered raw p-values. The Holm procedure sequentially compares each ordered p-value
with its adjusted significance threshold:

p(i) ≤
α

m− i+ 1
, i = 1, . . . ,m, (18)

where α is the chosen significance level. Equivalently, the adjusted p-values are com-
puted as

pHolm(i) = min

(
1, max

j≤i

{
(m− j + 1) p(j)

})
. (19)

A hypothesis is declared statistically significant if its corresponding adjusted p-value falls
below the pre-specified significance level α.

In the present study, this procedure is applied to the complete set of Diebold–Mariano
test p-values obtained across all currency pairs, loss functions (MSE, MAE, MAPE), and
forecasting horizons (H1, H4, D1), thereby ensuring rigorous control of the multiplicity
problem.

C.2 Analysis of Model Performance Based on Metric Values

In this subsection, we evaluate the performance of all previously introduced models across
three distinct timeframes (H1, H4, and D1), with the primary objective of predicting trends in
the D1 timeframe. This evaluation demonstrates the effectiveness of the proposed framework
for Forex trend forecasting while also assessing its robustness under varying market conditions.
All experiments were repeated independently 10 times, and all reported results are presented as
the mean ± standard deviation (Mean ± SD) over these runs.

The predictions generated by these models are subsequently processed by a decision-
making module that aggregates the multi-timeframe outputs using a voting-based strategy to
produce the final trading signal. The models are trained using historical EUR/USD data cover-
ing the period from 2019 to 2024. Before extending the evaluation to additional currency pairs,
we first analyze the performance of the six proposed models on the EUR/USD dataset used for
training and initial testing. This analysis establishes the benchmark for subsequent experiments.
The evaluated models (ICS, ICLS, ICGS, IICS, IICLS, and IICGS) represent different combi-
nations of engineered Ichimoku-based features and optimization strategies. As summarized in
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Table 3, the proposed IICGSmodel consistently achieves the best overall performance across all
evaluated timeframes. At the H1 timeframe, it attains the lowest regression errors, with anMSE
of (1.5±0.1)×10−5, an MAE of 0.0035±0.0001, and a MAPE of 0.0041±0.0002, averaged
over 10 independent runs. Similar behavior is observed at the H4 timeframe, with IICGS again
reporting the lowest errors, achieving anMSE of (1.5±0.1)×10−5, anMAE of 0.0029±0.0001,
and a MAPE of 0.0040± 0.0002. At the D1 timeframe, the proposed model maintains its supe-
riority, yielding an MSE of (1.7± 0.1)× 10−5, an MAE of 0.0028± 0.0001, and a MAPE of
0.0033 ± 0.0002. At the framework level, IICGS also achieves the highest classification per-
formance, reaching an Accuracy of 78.97± 0.50% and an F1-score of 0.66± 0.01. Although
other models, particularly IICLS, achieve competitive regression performance in some indi-
vidual timeframes, their overall framework-level Accuracy and F1-score remain consistently
lower than those of IICGS. This observation indicates that superior regression performance at a
single temporal resolution does not necessarily translate into better final trading decisions after
multi-timeframe voting. Overall, these findings demonstrate that the proposed IICGS architec-
ture provides an effective balance between regression accuracy, cross-timeframe consistency,
and classification robustness, making it particularly well suited for multi-timeframe EUR/USD
trend prediction. To ensure transparency and reproducibility, representative case studies have
been made publicly available.

To rigorously examine the robustness of the proposed approach and assess its applicabil-
ity across diverse market conditions, the experimental evaluation is extended to eight addi-
tional currency pairs: AUD/USD, EUR/SGD, GBP/NZD, NZD/USD, USD/CHF, USD/CNH,
USD/SEK, and USD/SGD. These pairs were selected to construct a heterogeneous zero-shot
validation set spanning different regional markets, currency compositions, and levels of inter-
national FX activity, thereby enabling a more comprehensive assessment of model stability
and generalization under varying market structures and data distributions. The set includes
highly traded pairs such as AUD/USD and USD/CHF, as well as regionally important markets
represented by USD/CNH and USD/SGD. Consistent with the BIS Triennial Central Bank Sur-
veys, AUD/USD, USD/CHF, USD/CNY, USD/SGD, and USD/NZD accounted for substantial
shares of global FX turnover in 2019 and 2022 (Bank for International Settlements [2, 3]). The
inclusion of EUR/SGD and GBP/NZD further introduces non-USD cross-currency relation-
ships, while USD/SEK extends the evaluation to the Scandinavian market. Collectively, these
currency pairs provide geographic and market-structure diversity beyond EUR/USD, while the
availability of sufficiently long and consistent historical data over 2019–2024 ensures a reliable
out-of-sample evaluation. For all eight additional currency pairs, the testing period is consis-
tently defined from September 1, 2019, to September 1, 2024. Accordingly, all subsequent
references to the testing or evaluation of these currency pairs throughout the manuscript refer
to this same period.
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The performance of themodels is evaluated using regressionmetrics, includingMSE,MAE,
andMAPE, to quantify the accuracy of forecasting future closing prices. Given that the test data
are scaled, all reported results reflect this normalization. These metrics were analyzed across
multiple currency pairs for H1, H4, and D1 timeframes, with detailed results summarized in
Tables 4, 5, and 6. Visual representations of the comparative results are provided in Figures 7
through 12 in the discussion section.

The comparative evaluation of the proposed models, as shown in Table 4, considers the
H1, H4, and D1 timeframes and uses the MSE criterion for evaluation. From the empirical
data, a clear performance hierarchy can be established among the models, following the order
of increasing error: IICGS < IICLS < IICS < ICGS < ICLS < ICS. At the H1 timeframe,
the IICGS model consistently achieves the lowest MSE values across most currency pairs, such
as USD/SGD ((0.4± 0.0)× 10−5), GBP/NZD ((0.8± 0.0)× 10−5), and ((0.9± 0.0)× 10−5),
highlighting its strong capability in modeling short-term price fluctuations. The IICLS and
IICS models also demonstrate competitive performance but remain inferior to IICGS, while
the baseline models (ICS and ICLS) exhibit noticeably higher error levels. A similar trend is
evident in the H4 timeframe, in which IICGS again outperforms all competing approaches for
the majority of currency pairs, including USD/SGD ((1.5 ± 0.1) × 10−5), GBP/NZD ((2.8 ±
0.1)×10−5), and USD/CHF ((2.9±0.1)×10−5). The gradual performance improvement from
ICS toward IICGS indicates the positive impact of progressively enriching the feature space
and model architecture. In the D1 timeframe, IICGS maintains its dominance by achieving
the lowest MSE for most currency pairs, such as USD/SGD ((2.0 ± 0.1) × 10−5), EUR/SGD
((4.0 ± 0.2) × 10−5), and GBP/NZD ((4.8 ± 0.2) × 10−5), reflecting strong generalization
capability under longer-term market dynamics. Overall, the results confirm that integrating
engineered Ichimoku-inspired features within the forecasting framework substantially enhances
regression accuracy across all time horizons.

Similarly, Table 5 evaluates the forecasting performance using the Mean Absolute Error
(MAE) metric. A highly consistent performance hierarchy is observed across all assets, follow-
ing the error minimizing pattern IICGS < IICLS < IICS < ICGS < ICLS < ICS. In the
H1 timeframe, the IICGS model systematically achieves the lowest MAE values across all cur-
rency pairs, such as USD/SGD (0.0014±0.0001), GBP/NZD (0.0023±0.0001), and EUR/SGD
(0.0023±0.0001), highlighting its superior ability to capture short-term price movements. This
performance ordering is preserved in the H4 timeframe, in which IICGS again dominates for all
assets, including USD/SGD (0.0028± 0.0001), EUR/SGD (0.0032± 0.0002), and GBP/NZD
(0.0042 ± 0.0002). The gradual decrease in MAE from ICS toward IICGS reflects the cumu-
lative impact of both SFOA-based optimization and engineered Ichimoku-inspired features. In
the D1 timeframe, IICGS continues to deliver the most accurate forecasts, achieving the lowest
MAE values for pairs such as USD/SGD (0.0040±0.0002), EUR/SGD (0.0041±0.0002), and
GBP/NZD (0.0049 ± 0.0002). This confirms the robustness of the proposed architecture un-
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der longer-term forecasting horizons, in which error propagation and regime changes typically
challenge model stability.

Table 6 reports the Mean Absolute Percentage Error (MAPE) of the proposed models. The
same error minimizing hierarchy (IICGS < IICLS < IICS < ICGS < ICLS < ICS)
is observed, confirming the robustness of the proposed modeling strategy. In the H1 time-
frame, the IICGS model systematically achieves the lowest MAPE values for all currency
pairs, including USD/SGD (0.0015 ± 0.0001), GBP/NZD (0.0025 ± 0.0001), and EUR/SGD
(0.0025 ± 0.0001). A similar trend is preserved in the H4 timeframe, in which IICGS consis-
tently outperforms competingmodels across all assets, noting particularly lowMAPE values for
USD/SGD (0.0030±0.0001), EUR/SGD (0.0042±0.0002), and GBP/NZD (0.0046±0.0002).
At the D1 timeframe, IICGS continues to demonstrate superior relative accuracy, achieving
the lowest MAPE values for USD/SGD (0.0044± 0.0002), EUR/SGD (0.0048± 0.0002), and
USD/CHF (0.0059±0.0003). While optimization alone contributes to moderate improvements,
the integration of engineered Ichimoku-inspired features plays the dominant role in reducing
relative forecasting errors.

Table 7 presents the trend prediction performance of the evaluated models, measured us-
ing Accuracy and F1-score metrics derived based on the decision-making voting mechanism.
Overall, the results indicate that models incorporating the improved Ichimoku-based feature
construction generally outperform their original counterparts. In terms of Accuracy, the IICGS
model consistently achieves the highest values for most currency pairs, including USD/SGD
(82.7 ± 0.5%), USD/CHF (79.3 ± 0.8%), and AUD/USD (78.7 ± 0.7%). From the F1-score
perspective, which balances precision and recall, IICGS again demonstrates competitive perfor-
mance, attaining the highest scores for AUD/USD (0.63± 0.02) and GBP/NZD (0.65± 0.01).
For USD/CNH, IICS attains an F1-score of 0.66± 0.01 and IICGS attains 0.65± 0.02, indicat-
ing a highly comparable and competitive level of classification balance among the improved
models.

As evidenced by the results in Table 8, the statistical robustness of the proposed IICGS
framework is validated through rigorous comparative testing across diverse market conditions.
The Diebold–Mariano (DM) test was evaluated at significance levels α = 0.05 and α = 0.01.
Accordingly, DM statistics exceeding the critical asymptotic normal thresholds (|DM| > 1.96

for α = 0.05 and |DM| > 2.58 for α = 0.01) indicate statistically significant differences in
predictive performance. To rigorously control the family-wise error rate arising from multiple
pairwise comparisons across currency pairs, metrics, and forecasting horizons, the sequential
Holm–Bonferroni step-down adjustment procedure was applied to all computed p-values. As
detailed in Table 8, even after controlling for multiple testing, all adjusted p-values satisfy the
strict criteria (p < 0.05 and p < 0.01), confirming that the reductions in MSE, MAE, and
MAPE achieved by the proposed IICGS framework over the baseline ICSmodel are statistically
significant rather than the result of random variation. These statistical tests were performed on
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the best-performing model obtained from ten independent training runs (each run consisting
of full end-to-end training and evaluation under identical hyperparameter settings). This pre-
dictive superiority is further supported by the Bootstrap analysis, where the stable mean accu-
racy values and relatively small standard deviations demonstrate the framework’s robustness,
consistent generalization capability, and resistance to overfitting across different historical mar-
ket conditions. These findings collectively confirm that the proposed multi-timeframe voting
framework captures meaningful market dynamics beyond short-term stochastic fluctuations.

C.3 Analysis of Model Performance Based on Prediction Charts

A general analysis of the comparative performance across multiple models, as illustrated in
Figures 7–12 reveals nuanced insights into predictive accuracy and error dynamics in financial
forecasting for various currency pairs. An examination of the comparative charts between actual
and predicted prices in ICS models (Figure 7) indicates that, across all three timeframes (H1,
H4, and D1), the overall price direction is generally well captured by the proposed model. In
the one-hour timeframe, the discrepancy between the predicted values and the actual prices is
relatively small, reflecting the model’s stronger ability to track short-term price movements.
As the timeframe increases to four hours, this gap becomes more pronounced, and a temporal
lag in the model’s response to price changes can be observed in certain intervals. In the daily
timeframe, the spread of the predicted price range further increases; although the general trend
direction is largely preserved, occasional inversions between predicted and actual trends are
evident. In addition, for the USD/SEK pair, there exists a specific period during which the
model is unable to adequately reflect the prevailing market behavior across all three timeframes.
During this interval, the predicted prices remain largely range-bound, while the actual market
exhibits a clear directional trend. This behavior suggests a reduced sensitivity of the model to
gradual trend development under low-volatility conditions rather than an inability to capture
abrupt price movements.

Overall, these observations highlight that shorter timeframes yield closer alignment be-
tween predicted and actual prices, whereas higher timeframes tend to emphasize broader trend
characteristics at the expense of local accuracy. For the ICLS model (Figure 8), the gap be-
tween the predicted prices and the actual market values is generally reduced compared to the
previous model, and the forecasts exhibit a higher degree of directional consistency with the
true price movement. This indicates an improved capability of the model to follow the overall
market trend. However, despite this enhanced alignment, the model demonstrates a limited
ability to accurately represent periods of heightened price variability, often smoothing out pro-
nounced fluctuations observed in the actual price series. Across different temporal resolutions,
a systematic bias pattern can be observed. In the one-hour timeframe, the predicted prices are
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predominantly lower than the corresponding actual values, whereas in the four-hour and daily
timeframes, the forecasts tend to remain above the real market prices for most periods. This
behavior suggests a timeframe-dependent bias in the model’s estimations. Similar to previous
observations, a specific interval is identified for the USD/SEK currency pair across all three
timeframes, during which the ICLS predictions remain largely range-bound. In this interval,
the model fails to capture both the prevailing trend and the associated price variations, effec-
tively overlooking the directional movement present in the actual market data. Overall, these
findings indicate that while the ICLS model improves directional alignment, it remains less
responsive to trend development when such movements are accompanied by limited or struc-
turally constrained volatility.

The ICGS model (Figure 9) is able to effectively follow the overall price movement across
all three timeframes, demonstrating consistent directional alignment with the actual market
behavior. This indicates a strong capability in capturing the general trend dynamics of the
price series. However, in certain intervals, the model produces forecasts with excessively high
variability, resulting in amplified oscillations that exceed those observed in the real price data.
Conversely, there are also periods in which the model fails to adequately capture sudden price
changes, smoothing out abrupt movements present in the actual series. Similar to the previous
models, the previously identified issue for the USD/SEK currency pair remains observable
across all three timeframes. Nevertheless, in the case of the ICGS model, this behavior appears
to be partially mitigated, as the range-bound predictions exhibit improved responsiveness to
the underlying price trend compared to the other models. Overall, these results suggest that
while the ICGS model achieves better trend-following performance, it still faces challenges in
balancing sensitivity to abrupt price movements and stability in low-volatility or structurally
constrained market conditions.

For the IICS(Figure 10) model, a noticeable improvement is observed compared to the
preceding models across all three timeframes. The forecasts exhibit stronger directional consis-
tency with the actual price movements, and the prediction errors gradually reveal more struc-
tured and recognizable patterns rather than purely random deviations. This behavior suggests
enhanced stability and learning capacity in the model’s predictive process. Despite these im-
provements, certain limitations remain evident. Specifically, the model continues to struggle
with accurately capturing price fluctuations characterized by large amplitudes, and in some in-
tervals, it generates predictions with excessively high variability. These behaviors indicate that,
while the IICS model achieves superior overall performance, challenges persist in balancing re-
sponsiveness to high-magnitude price movements and the suppression of spurious oscillations
in the predicted series.

For the IICLS model (Figure 11), a substantial improvement in predictive accuracy is ob-
served across all three timeframes. In most time intervals, the forecasts exhibit bias-dominated
errors, indicating systematic deviations rather than random fluctuations. Despite this bias, the
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model demonstrates a strong capability in capturing price variability, successfully reflecting
market oscillations in the majority of cases. Except for a limited number of specific intervals,
in which minor discrepancies between the predicted and actual prices are observed, the distance
between the forecasts and the true price values remains relatively small. In the remaining peri-
ods, the predicted and actual price trajectories are nearly overlapping, highlighting the model’s
enhanced ability to closely track market dynamics. Overall, these results indicate that the IICLS
model achieves a high level of alignment between predicted and actual prices, with residual er-
rors being predominantly structured and limited in magnitude.

Figure 12 shows the strongest overall performance among the six evaluated models. Across
all three timeframes, the predictions exhibit a high degree of alignment with the actual price
movements, with the one-hour timeframe showing slightly superior performance compared to
the four-hour and daily resolutions. The prediction errors are predominantly bias-driven and fol-
low consistent, structured patterns rather than appearing random. Especially, the performance
for the USD/SEK currency pair shows a substantial improvement in this model. Unlike earlier
models, the IICGS framework effectively captures both the underlying trend and price fluc-
tuations for this pair across all timeframes. Overall, no significant temporal lag is observed
between the predicted and actual series, and the model demonstrates a robust ability to track
price dynamics, successfully capturing market oscillations. These results indicate a consistent
and meaningful improvement in predictive performance across all timeframes and all evaluated
currency pairs.

Overall, the evaluated models can be categorized into two distinct groups based on the type
of Ichimoku-related features incorporated into the learning framework. The first group of mod-
els utilizes the five canonical Ichimoku indicators directly alongside OHLC price data. While
this configuration enhances the models’ ability to capture general trend-following behavior,
their performance remains limited in terms of accurately representing complex price dynam-
ics, particularly under varying volatility regimes and across higher timeframes. In contrast,
the second group of models leverages engineered features derived from the Ichimoku indicator,
combinedwith OHLC prices. These engineered representations provide amore informative and
structured description of market dynamics, enabling the models to achieve stronger directional
alignment, improved stability, and reduced temporal lag across all timeframes. The empirical
results consistently demonstrate that feature engineering plays a critical role in enhancing both
price-tracking capability and trend prediction robustness. Consequently, models employing
engineered Ichimoku features exhibit superior overall performance compared to those relying
solely on the raw indicator components.
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Figure 7: Ichimoku-CNN-SFOA results
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Figure 8: Ichimoku-CNNLSTM-SFOA results
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Figure 9: Ichimoku-CNNGRU-SFOA results
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Figure 10: Improved-Ichimoku-CNN-SFOA results
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Figure 11: Improved-Ichimoku-CNNLSTM-SFOA results
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Figure 12: Improved-Ichimoku-CNNGRU-SFOA results
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D Discussion

D.1 Motivation for using Ichimoku Kinko Hyo

The selection of Ichimoku Kinko Hyo over conventional indicators such as RSI, MACD, and
Bollinger Bands provides a distinct advantage due to its forward-looking characteristics. Tra-
ditional indicators primarily extract insights from historical data, generating features that rep-
resent previous market conditions. Although these methods are effective to a degree, they are
predominantly lagging in nature and provide more limited information about future market
movements. In contrast, the Ichimoku indicator offers unique feature-engineering capabilities
through its components, particularly the Kumo (cloud), which by default is displaced 26 periods
forward. In classical technical analysis, this forward displacement allows traders to examine
the position of price relative to the cloud that appears ahead of the current price and to interpret
potential interactions with it as anticipatory signals about future trend direction. It is important
to clarify, however, that the 26-period forward shift is solely a plotting convention used for
visual alignment. In the feature-engineering process of this study, all Ichimoku components
at time t are computed exclusively from price information available up to time t (or t − 1);
no actual future observations are used. Consequently, while the resulting features preserve the
rich forward-oriented information valued by classical traders—capturing shifts in momentum,
equilibrium, and support/resistance levels more effectively than traditional lagging indicators—
they remain completely free of data leakage. Integrating these carefully constructed features
enables the predictive model to overcome the limitations of conventional indicators and deliver
robust predictions suited to the complexities of volatile market environments.

D.2 Training Stability and Loss Behavior Analysis

Figure 13 illustrates the successful convergence behavior of the proposed model across the H1,
H4, and D1 timeframes. As observed, the training and validation loss consistently decrease
over epochs, indicating stable learning dynamics without significant oscillations. The relatively
small gap between training and validation loss suggests that the model maintains strong gen-
eralization capability and does not suffer from severe overfitting. This stability is particularly
important in financial time-series forecasting, in which data is highly noisy and non-stationary.
Furthermore, the smooth convergence pattern reflects the effectiveness of the proposed architec-
ture along with the applied regularization techniques, such as Dropout and Batch Normalization,
in controlling model complexity. Overall, the results demonstrate that the training process is
successful and that the proposed framework is robust and reliable across different forecasting
horizons.
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Figure 13: Loss Evaluation Results of IICGS

H1 H4 D1

D.3 Comparison with Baseline Models

In this subsection, the proposed IICGS framework is empirically evaluated against several base-
line models, including statistical methods (ARIMA and GARCH), traditional machine learn-
ing classifiers (SVM, Random Forest, and XGBoost), and deep learning architectures (LSTM,
GRU, CNN, and their hybrid variants). All baseline models are evaluated under the same ex-
perimental environment and data partitions to ensure a consistent and reproducible comparison.
The evaluation considers two complementary aspects of Forex forecasting: (i) directional trend
prediction, assessed using classification accuracy, F1-score, and bootstrap mean± SD, and (ii)
continuous price-level prediction across H1, H4, and D1 horizons, assessed using MAE and
the Diebold–Mariano (DM) test. It should be noted that the results reported in this subsection
are obtained by evaluating the single best-performing model selected from the ten indepen-
dent runs. To provide broader context against existing literature, we also consider relevant
benchmarking frameworks such as the study by Jarusek et al. [16]. They proposed a short-
term Forex forecasting methodology integrating Elliott Wave patterns, Fast Fourier Transform
(FFT), and neural networks on EUR/USD. While their evaluation reported an aggregated per-
formance score of approximately 77% based on averaged percentage-converted error metrics
(MSE, RMSE, MAE, and NCC), their output represents a composite regression-based index
rather than standard directional classification accuracy. Consequently, the findings of Jarusek
et al. [16] serve as background literature and a contextual reference for continuous price predic-
tion rather than a direct benchmark. This distinction is necessary due to differences in datasets,
sampling frequencies, time horizons, and evaluation protocols. Primary emphasis is therefore
placed on controlled comparisons with baseline models evaluated under identical experimental
conditions.
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D.3.1 Directional Trend Forecasting Evaluation

The directional prediction capability is evaluated through both the Full-Dataset Classification
Accuracy (%) and the Bootstrap simulation metrics reported as mean± SD, as summarized in
Table 9. According to the discussion of negative overfitting in the established literature [29], ex-
ceptionally high performance during the optimization phase does not necessarily translate into
comparable performance during subsequent testing periods andmay indicate overfitting. There-
fore, evaluating model performance beyond the optimization period is essential for assessing its
generalization capability. This methodological consideration is consistent with our empirical
findings. Across 10 independent evaluation runs on the dedicated testing data (Table 3), the
proposed IICGS framework achieves a stable mean accuracy of 78.97 ± 0.5%. When evalu-
ated on the entire dataset, including both training and testing subsets (Table 9), the accuracy is
78.47%. The small difference between these results suggests that the proposed framework does
not exhibit substantial performance degradation when evaluated beyond the dedicated testing
subset, supporting its ability to generalize effectively across different market conditions.

Crucially, the IICGS framework achieves the highest classification accuracy among all com-
pared methods (78.47%), substantially outperforming traditional machine learning baselines
such as XGBoost (53.61%), Random Forest (51.26%), and SVM (44.10%). Furthermore, em-
pirical simulation demonstrates that our framework exhibits the lowest bootstrap standard de-
viation (78.31 ± 0.35%). This low SD indicates a highly concentrated distribution, reflecting
superior prediction consistency and robustness under resampled market environments. This sta-
tistical stability proves that integrating Ichimoku-based features with an optimized CNN-GRU
architecture effectively mitigates the inherent noise and high volatility of Forex time series.
In addition to directional classification, continuous price-level tracking across multiple time-
frames (H1, H4, and D1) demonstrates the capability of the regression architecture to capture
price dynamics. Together with the 78.47% classification accuracy, these results indicate strong
performance in both price tracking and directional classification, suggesting that the IICGS
framework can effectively capture continuous price movements while providing reliable direc-
tional trend predictions under volatile market conditions.

Table 9: Comparative Analysis of Model Performances Based on Full-Dataset Classification Accuracy vs. Boot-
strap mean± SD (%) for EUR/USD.

Reference Methodology Accuracy (%) Bootstrap [mean± SD (%)]

Our Framework IICGS 78.47 78.31± 0.35

xgboost Library XGBoost Classifier 53.61 53.39± 0.58

sklearn Library Random Forest Classifier 51.26 51.38± 0.61

sklearn Library Support Vector Machine (SVM) 44.10 43.92± 0.65
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D.3.2 Multi-Horizon Price Forecasting & Statistical Significance

To evaluate price-level prediction and verify whether the proposed framework’s superiority is
statistically significant rather than a result of random chance, we compute the Mean Absolute
Error (MAE) and conduct the Diebold–Mariano (DM) test across multiple trading horizons
(H1, H4, and D1). The proposed IICGS framework serves as the target model against which
all baseline methods are individually compared. The empirical results are detailed in Table 10,
which shows that the proposed IICGS framework consistently achieves the lowest MAE values
among all compared methods, recording 0.0034, 0.0028, and 0.0027 for the H1, H4, and D1
horizons, respectively. Crucially, all computed DM statistics for the baseline models relative to
IICGS are positive and substantially exceed the critical threshold of 1.96. The corresponding
raw p-values and Holm–Bonferroni adjusted p-values (m = 24) remain far below α = 0.05,
formally rejecting the null hypothesis of equal predictive accuracy. This statistically confirms
that the predictive gains of the proposed framework are highly significant and not attributable
to sampling variation.

Table 10: Performance comparison, DM statistics, raw p-values and Holm–Bonferroni adjusted p-values across
multiple forecasting horizons on EUR/USD dataset.

Model MAE MAE MAE DM p Holm DM p Holm DM p Holm

(H1) (H4) (D1) (H1) (H1) (H1) (H4) (H4) (H4) (D1) (D1) (D1)

ARIMA 0.0191 0.0183 0.0195 14.32 1.64× 10−46 3.61× 10−45 15.11 1.39× 10−51 3.20× 10−50 16.04 6.72× 10−58 1.61× 10−56

GARCH 0.0168 0.0179 0.0182 12.05 1.94× 10−33 3.69× 10−32 12.89 5.12× 10−38 1.03× 10−36 13.91 5.51× 10−44 1.16× 10−42

Plain LSTM 0.0161 0.0175 0.0169 9.84 7.57× 10−23 1.14× 10−21 10.12 4.50× 10−24 7.21× 10−23 11.05 2.19× 10−28 3.95× 10−27

Plain GRU 0.0153 0.0165 0.0160 8.91 5.10× 10−19 6.12× 10−18 9.45 3.39× 10−21 4.74× 10−20 10.18 2.44× 10−24 4.14× 10−23

Plain CNN 0.0149 0.0162 0.0158 8.12 4.66× 10−16 4.20× 10−15 8.76 1.95× 10−18 2.15× 10−17 9.34 9.63× 10−21 1.25× 10−19

Plain CNN-LSTM 0.0137 0.0157 0.0151 7.23 4.83× 10−13 3.38× 10−12 7.89 3.02× 10−15 2.42× 10−14 8.42 3.77× 10−17 3.77× 10−16

Plain LSTM-GRU 0.0124 0.0128 0.0148 6.04 1.54× 10−9 6.17× 10−9 6.32 2.62× 10−10 1.31× 10−9 7.11 1.16× 10−12 6.96× 10−12

Plain CNN-GRU 0.0102 0.0110 0.0146 4.87 1.12× 10−6 1.12× 10−6 5.12 3.06× 10−7 6.11× 10−7 5.95 2.68× 10−9 8.04× 10−9

IICGS (Proposed) 0.0034 0.0028 0.0027 — — — — — — — — —

Note: All raw and Holm–Bonferroni adjusted p-values (m = 24) remain far below 0.05, confirming statistical significance at the 5% level.

Moreover, an analysis of the error trends across horizons reveals a distinctive property of
IICGS: while baseline models (e.g., ARIMA, GARCH, and Plain CNN-GRU) exhibit perfor-
mance degradation or increased error volatility when moving from short-term (H1) to longer-
term (D1) horizons, the proposed framework shows a progressive reduction in MAE. This be-
havior indicates that the Ichimoku-inspired multi-scale feature extraction effectively isolates
macro trend structures from intraday noise, enabling the optimized CNN-GRU layers to main-
tain exceptional prediction stability and error containment over broader temporal horizons.
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D.3.3 Effectiveness Analysis of Model Components

To isolate and investigate the individual empirical contribution of each core component within
our pipeline, an ablation study was conducted. Four distinct configurations were evaluated:
(A) the baseline CNN-GRU network without enhancements, (B) the CNN-GRU network
equipped with Ichimoku-based engineered features, (C) the CNN-GRU network optimized via
the Starfish Optimization Algorithm (SFOA), and (D) the complete integrated IICGS frame-
work.

The relative improvements reported in Table 11 quantify the percentage reduction in MAE
with respect to the baseline CNN-GRU model, calculated as:

Improvement (%) =
MAEBase −MAEModel

MAEBase
× 100. (20)

The empirical findings from the ablation study indicate that integrating Ichimoku-based
feature engineering independently drops the MAE from 0.0045 to 0.0040 (an 11.11% improve-
ment), validating that multi-scale technical features enrich the input space beyond raw OHLC
data. On the other hand, applying SFOA-based hyperparameter optimization independently
reduces the MAE to 0.0038 (a 15.56% improvement), proving the optimization algorithm’s
strength in discovering superior architectural parameters by balancing exploitation and explo-
ration. The best-so-far solution is obtained when both components are deployed simultaneously
in Configuration D (IICGS), yielding an MAE of 0.0034. This corresponds to a total error re-
duction of 24.44% relative to the base network, indicating that the combination of structured
financial indicators and metaheuristic optimization can contribute to improved forecasting per-
formance.

Table 11: Ablation study of the proposed framework to evaluate the contribution of Ichimoku-based feature engi-
neering and SFOA-based hyperparameter optimization.

Model Configuration MAE Improvement (%)
Model A CNN-GRU (Base model) 0.0045 –
Model B CNN-GRU + Ichimoku 0.0040 11.11%
Model C CNN-GRU + SFOA 0.0038 15.56%
Model D CNN-GRU + Ichimoku + SFOA (Proposed) 0.0034 24.44%

D.4 Comparative Analysis of Metaheuristic Optimizers

In this study, a comparative evaluation of metaheuristic algorithms for hyperparameter tuning
in deep learning models is conducted for Forex trend forecasting. The evaluated algorithms in-
clude the Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Grey Wolf Optimizer
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(GWO), and the proposed Ichimoku-CNN-GRU-SFOA (IICGS) framework, which incorpo-
rates the Starfish Optimization Algorithm (SFOA). Performance is assessed using Accuracy
(%), F1-score, and bootstrap statistics reported as mean± SD across eight currency pairs. For
each method, the results reported in Table 12 correspond to the best-performing model obtained
from ten independent runs and subsequently evaluated on the complete dataset. Therefore, the
IICGS results in this table may differ from those reported in Table 7, where the results are
presented as the mean ± standard deviation across the ten independent runs. This difference
reflects the distinct reporting procedures used in the two tables rather than an inconsistency in
the experimental results. Overall, the proposed IICGS framework achieves higher predictive
performance than GA, PSO, and GWO across all evaluated currency pairs. For example, for
AUD/USD, IICGS achieves an Accuracy of 79.41%, with a bootstrap estimate of 79.28±0.38%
and an F1-score of 0.65. In comparison, GWO achieves 68.23% Accuracy (68.11 ± 0.59%),
PSO achieves 68.56% (68.41 ± 0.58%), and GA achieves 59.12% (58.94 ± 0.65%). Simi-
larly, for EUR/SGD, IICGS achieves 78.77%Accuracy and an F1-score of 0.61, compared with
70.12% and 0.57 for GWO, 69.88% and 0.55 for PSO, and 64.43% and 0.51 for GA. Across
the evaluated currency pairs, IICGS consistently outperforms the three baseline optimization
algorithms in both Accuracy and F1-score. The bootstrap results also show relatively small
standard deviations for IICGS, indicating stable performance under resampling. Overall, these
findings demonstrate the competitive performance and robustness of the proposed SFOA-based
hyperparameter optimization framework.

Table 12: Comparison of hyperparameter optimization algorithms based on Accuracy (%) with Bootstrap mean±
SD (%) and F1-score.

Ticker Accuracy (%) [Bootstrap mean± SD] F1-score
GA PSO GWO IICGS (Ours) GA PSO GWO IICGS (Ours)

AUD/USD 59.12 (58.94± 0.65) 68.56 (68.41± 0.58) 68.23 (68.11± 0.59) 79.41 (79.28± 0.38) 0.50 0.55 0.55 0.65
EUR/SGD 64.43 (64.25± 0.64) 69.88 (69.73± 0.60) 70.12 (69.95± 0.58) 78.77 (78.61± 0.39) 0.51 0.55 0.57 0.61
GBP/NZD 57.77 (57.59± 0.66) 67.89 (67.74± 0.59) 67.46 (67.31± 0.61) 75.19 (75.05± 0.41) 0.52 0.57 0.58 0.66
NZD/USD 61.35 (61.18± 0.63) 70.12 (69.97± 0.57) 70.57 (70.42± 0.59) 78.17 (78.04± 0.37) 0.53 0.59 0.60 0.63
USD/CHF 63.57 (63.38± 0.65) 72.35 (72.19± 0.58) 70.89 (70.73± 0.60) 80.11 (79.96± 0.39) 0.50 0.54 0.54 0.63
USD/CNH 58.89 (58.71± 0.64) 65.43 (65.28± 0.61) 67.12 (66.97± 0.58) 70.57 (70.43± 0.40) 0.55 0.62 0.61 0.67
USD/SEK 54.23 (54.06± 0.62) 60.57 (60.42± 0.59) 62.35 (62.19± 0.57) 66.88 (66.74± 0.38) 0.54 0.60 0.58 0.64
USD/SGD 69.13 (68.95± 0.65) 76.47 (76.31± 0.58) 76.89 (76.74± 0.60) 83.23 (83.09± 0.36) 0.50 0.55 0.55 0.59

D.5 Limitations and Metrics in Evaluating Trading Models

In financial forecasting, traditional evaluation metrics such as MAE, MSE, andMAPE are com-
monly used to assess the performance of regression models. However, in algorithmic trading
contexts, these metrics may be insufficient. A model with low average errors can still generate
small fluctuations that inadvertently trigger stop-loss mechanisms, leading to premature trade
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exits and undermining the overall strategy. This problem primarily stems from relying on one-
step-ahead predictions, in which the trend direction is determined by merely comparing two
consecutive steps (the immediate next prediction versus the current step). In lower timeframes,
such a consecutive comparison is highly susceptible to localized anomalies; minor, sudden
price fluctuations or market noise can easily flip the predicted direction, leading to severe trend
misclassifications. As illustrated in Figure 14, while the predicted price closely tracks the ac-
tual price according to regression metrics, these micro-fluctuations frequently cross stop-loss
thresholds, resulting in unnecessary losses. To mitigate this, we adopt a classification-based

Figure 14: Predicted vs. actual prices with stop-loss crossings.

evaluation approach powered by a multi-step forecasting formulation. Instead of focusing on
the magnitude of numerical errors between consecutive steps, we prioritize the accurate iden-
tification of the broader trend direction by evaluating multiple future steps against the current
horizon. This multi-step approach inherently filters out sudden intraday noises and prevents
premature stop-loss triggers, aligning the model more effectively with real-world trading needs
in which strategic success depends on directional accuracy. Consequently, we utilize classifica-
tion metrics, such as Accuracy and the F1-score, as key indicators of model performance across
short-term (H1), medium-term (H4), and daily (D1) timeframes. To support this robust evalua-
tion, the trend direction in each dataset is derived from historical price movements, resulting in
a balanced distribution in which approximately 50% of the instances represent an upward trend
and 50% a downward trend. This balanced class distribution, maintained across all three time-
frames, reduces the effect of class imbalance and the dominance of any single class, thereby
making Accuracy a more straightforward and reliable overall performance measure. The F1-
score is additionally reported to provide a complementary assessment of the balance between
precision and recall.
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E Conclusions

This study presented a robust multi-timeframe and multi-step framework for Forex trend pre-
diction by integrating CNN-based deep learning architectures with Ichimoku-driven feature
engineering and the Starfish Optimization Algorithm (SFOA). In this framework, the outputs
of the regression models are treated as dynamic, price-following indicators. While higher re-
gression accuracy pulls these indicators closer to the actual price and better reflects market
tendencies, experimental observations revealed that relying solely on a single daily-scale re-
gression model can create a false sense of reliability, as low regression errors may still result
in substantial trend misclassifications. To address this limitation, a multi-timeframe and multi-
step forecasting strategy was implemented using the EUR/USD currency pair as the primary
training baseline. By extending the prediction horizon into multiple future steps for lower time-
frames, such as evaluating the next several steps against the current one in the H1 dimension,
the influence of minor, localized prediction errors can be reduced. The same process was ap-
plied to the H4 medium-term timeframe to further validate the directional trend before aggre-
gating the signals into a final daily market decision through a voting mechanism. Among the
tested configurations, the IICGS model achieved the most reliable performance in capturing
complex sequential dependencies. Importantly, the proposed framework demonstrated strong
out-of-sample generalization across various currency pairs. Without retraining, the framework
maintained stable trend classification performance across these currency pairs, indicating zero-
shot-like learning capabilities across the broader Forex market. Statistical validation using the
Diebold–Mariano and Bootstrap tests further supported the significance and robustness of the
observed performance improvements.
Limitations and Future Work. Although the proposed IICGS framework demonstrates consis-
tent improvements in both regression and classification performance across multiple currency
pairs and timeframes, several limitations should be acknowledged. First, the experimental eval-
uation is primarily conducted on the Forex market. Although the selected currency pairs rep-
resent diverse market characteristics, the generalizability of the proposed framework to other
financial assets, such as equities, commodities, cryptocurrencies, or fixed-income markets, has
not yet been systematically investigated. Future studies should therefore evaluate the frame-
work across a broader range of asset classes to further assess its robustness and transferability.
Second, although the Starfish Optimization Algorithm (SFOA) provides effective exploration
and exploitation capabilities, its stochastic nature, like that of other evolutionary optimization al-
gorithms, introduces an inherent degree of uncertainty into the optimization process. Therefore,
future studies could investigate hybrid adaptive optimization strategies that combine evolution-
ary algorithms such as SFOA with classical deterministic optimization methods, potentially
achieving a better balance between global exploration and local refinement while reducing de-
pendence on stochastic search. Since the optimization process is performed only during model
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training and does not affect the inference stage, such strategies could also contribute to im-
proving the computational efficiency and stability of the optimization process. Additionally,
future work could incorporate new technical features, such as the VWAP indicator, or indices
derived from sentiment and fundamental analysis to further enrich the feature space and po-
tentially improve predictive performance. Future research will also investigate transformer-
based architectures, adaptive trading systems, and the application of the proposed framework to
higher-volatility assets such as XAU/USD and cryptocurrencies. Addressing these limitations
may further improve the scalability, transferability, and practical applicability of the proposed
framework in real-world financial forecasting.

Appendix. Starfish Optimization Algorithm (SFOA)

The Starfish Optimization Algorithm (SFOA) is a bio-inspired metaheuristic designed to solve
global optimization problems. By mimicking the behaviors of starfish, SFOA introduces a
hybrid search strategy that effectively balances exploration and exploitation. The algorithm
comprises five primary phases, each of which is mathematically defined as follows:

Initialization Phase

In the initialization phase, the positions of the starfish are randomly generated within the bound-
aries of the design variables. The positions are represented as Equation (21):

X =


X11 X12 . . . X1D

X21 X22 . . . X2D

...
... . . .

...
XN1 XN2 . . . XND

 . (21)

where X is a matrix of size N × D, with N representing the population size and D the num-
ber of dimensions of the design variables. The position of each starfish is calculated using
Equation (22):

Xij = lj + r · (uj − lj), i = 1, 2, . . . , N, j = 1, 2, . . . , D. (22)

whereXij denotes the position of the i-th starfish in the j-th dimension, r is a random number
between 0 and 1, and lj and uj represent the lower and upper bounds of the j-th dimension,
respectively. After initializing the positions, the fitness values for all starfish are computed
using the objective function. These fitness values are stored in a vector as Equation (23) :
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F =


F (X1)

F (X2)
...

F (XN )

 , (23)

where F is a vector of size N × 1, containing the fitness values of the starfish. Once the
initialization is complete, the algorithm proceeds to the exploration and exploitation phases.

Exploration Phase

The exploration phase simulates the searching capabilities of the starfish, modeled as a five-
armed structure with eyes at the tips of each arm. The exploration behavior is governed by the
following principles:

• For optimization problems with dimensions greater than 5 (D > 5), the algorithm uses
a five-dimensional search pattern. Each arm moves in one of five randomly selected
dimensions to explore the search space more efficiently. This exploration is guided by the
best position among all starfish, and the update for the position is given by Equation (24):

Y T
i,p =

XT
i,p + a1(X

T
best,p −XT

i,p) cos θ, for r ≤ 0.5,

XT
i,p − a1(X

T
best,p −XT

i,p) sin θ, for r > 0.5,
(24)

where Y T
i,p and XT

i,p represent the obtained and current positions, respectively, XT
best,p is

the best known position in the p-th dimension, r is a random number, and a1 and θ are
defined as Equation (25) and Equation (26):

a1 = (2r − 1)π, (25)

θ =
π

2
.

T

Tmax
, (26)

where T is the current iteration and Tmax is the maximum number of iterations.

• For D > 5, the five-dimensional search pattern is used to update only five dimensions
at a time. If the updated position exceeds the design variable boundaries, the starfish
remains in the previous position as Equation (27):

XT+1
i,p =

Y T
i,p, if lb,p ≥ Y T

i,p ≤ ub,plb,p,

XT
i,p, otherwise.

(27)
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• For optimization problems withD ≤ 5, a unidimensional search pattern is applied, with
only one arm of the starfish moving to explore the environment. The updated position is
given by Equation (28):

Y T
i,q = EtX

T
i,p +A1(X

T
k1,p −XT

i,p) +A2(X
T
k2,p −XT

i,p). (28)

where XT
k1,p

and XT
k2,p

are the positions of two randomly selected starfish, and A1 and
A2 are random numbers between (−1, 1). The energy Et is computed as Equation (29):

Et =
Tmax − T

Tmax
cos θ. (29)

If the obtained position is outside the design variable boundaries, the starfish stays in its
previous position.

Exploitation Phase

The exploitation phase models the preying and regeneration behaviors of the starfish to refine
the search for global solutions. This phase involves two strategies: preying and regeneration.

Preying Phase The distances between the global best position and the positions of other
starfish are computed. Two distances are selected randomly to update each starfish’s
position Equation (30):

dm = (XT
best −XT

m), m = 1, . . . , 5. (30)

The update for each starfish during the preying phase is given by Equation (31):

Y T
i = XT

i + r1dm1 + r2dm2 , (31)

where r1 and r2 are random numbers between (0,1), and dm1 and dm2 are the randomly
selected distances.

Regeneration Phase For the last starfish in the population, the position is updated using a slow
movement model Equation (32):

Y T
i = exp

(
−T × N

Tmax

)
XT

i . (32)

If the position obtained from either the preying or regeneration phases is outside the
design variable boundaries, it is adjusted as Equation (33):

XT+1
i =


Y T
i , lb ≤ Y T

i ≤ ub,

lb, Y T
i < lb,

ub, ub < Y T
i .

(33)
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Algorithm 4 Pseudo-code of SFOA algorithm
Input: Algorithmic parameters (N , Tmax, and GP )
Output: The global solution
1: Initialize input parameters, problem information, boundary, etc.
2: Initialize positions by Equation (21) and evaluate the fitness values by Equation (23)
3: while T < Tmax do
4: if rand > GP then
5: Calculate θ by Equation (26) and energy Et by Equation (29)
6: for each starfish do
7: if D > 5 then
8: Generate five randomly selected p-dimensions among D
9: for j = 1 : 5 do
10: Calculate a1 by Equation (25)
11: Update the dimension of position in starfish using Equation 24
12: end for
13: Check the boundary of position by Equation (27)
14: else
15: Generate two random numbers A1 and A2

16: Select a random dimension p
17: Update the p-dimension of position using Equation (28)
18: Check the boundary of starfish by Equation (33)
19: end if
20: end for
21: else
22: Generate distances between the best position and starfish
23: for each starfish do
24: Generate random number rk, and update the position using Equation (31)
25: if i = N then
26: Update the position using Equation (32)
27: end if
28: Check the boundary of starfish by Equation (33)
29: end for
30: end if
31: Calculate the fitness values for all starfish
32: Obtain the global best solution in iteration T step
33: T = T + 1

34: end while
35: Obtain global solution
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The SFOA continues iterating through these phases, progressively improving the starfish
positions and updating the best-so-far solution throughout the optimization process [31]. In the
SFOA, GP denotes the exploration control parameter, which regulates the selection between
the exploration and exploitation phases. At each iteration, a random number is generated and
compared with GP . When rand > GP , the exploration phase is performed; otherwise, the
exploitation phase is executed. Thus,GP controls the balance between exploration of the search
space and exploitation of promising solutions. The pseudocode for the SFOA is presented in
Algorithm 2.
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