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Abstract:

As the Forex market becomes increasingly complex, accurate trend forecasting has gained critical impor-
tance for traders and researchers. Unlike most studies that focus on price prediction, this paper introduces
anovel bi-timeframe framework (1-hour and 4-hour) that integrates the Ichimoku Kinko Hyo strategy with
deep learning models to predict directional movements in currency pairs.

The approach employs convolutional neural networks (CNNs) and hybrid architectures (CNN-LSTM,
CNN-GRU), with hyperparameters optimized using the Particle Swarm Optimization Algorithm (PSO).
Models are trained on historical EURUSD data (2019-2024) from MetaTrader5 and evaluated on eight
highly correlated (3=80%) currency pairs. Due to the limitations of regression metrics (MAE, MSE, MAPE)
in trading contexts, regression outputs are used solely for 4-hour trend classification, with Accuracy and
F1-score as primary performance measures.

Results show that PSO-optimized models, particularly Ichimoku-CNN-GRU-PSO (ICGP), consis-
tently outperform standard variants, achieving the highest Accuracy (up to 80.23% on USDSGD) and
F1-score across most pairs.

The findings confirm that Ichimoku-based features, combined with hybrid deep learning and meta-
heuristic optimization, significantly enhances trend forecasting reliability and generalization in volatile
financial markets.

Keywords: Forex trend forecasting, Convolutional Neural Networks, Ichimoku strategy, Metaheuristic
optimization
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Indicator Formula and Description
Highest High + Lowest Low )
Tenkan-sen 5 (Over the last 9 periods)
. Highest High + Lowest Low )
Kijun-sen (Over the last 26 periods)
Tenkan-sen + Kijun-sen )
Span A 5 [Shifted +26]
Highest High + Lowest Low ) .
Span B 5 ( the last 52 periods) [Shifted +26]
Chikou Span Current or Closing Price  [Shifted -26]
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4Senkou Span B
5Chikou Span
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Ichimoku-CNN-LSTM ICL
Ichimoku-CNN-GRU ICG
Ichimoku-CNN-PSO ICP
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Ichimoku-CNN-GRU-PSO | ICGP
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Algorithm 1 End-to-end forecasting, optimization, and decision-making framework using Ichimoku-based
models and PSO.

1:

W W W W W W W W W W RN RN NN NN RN NN = s s s e e e
© ® 9 N U A WO =~ O 9V ® 3L E LORN =~ O 0V LA LN = O

A A U 4

Input: Historical EURUSD prices (H1 and H4), window length L, models IC, ICL, ICG and optimiza-
tion algorithm PSO.
Output: Final performance metrics: Accuracy and F-Score.
Step 1: Data Preparation
Load 1-hour and 4-hour historical price data.
Compute Ichimoku indicators.
Normalize the data.
Construct sliding windows of length L.
Split data into 80% training and 20% testing sets.
Step 2: Hyperparameter Optimization via PSO
for each particle in PSO do
Apply the particle’s hyperparameters to one of the models (IC, ICL, ICG).
Train the model and compute the MAE.
Store the MAE as the objective value.

: end for

: Extract the optimal hyperparameters after PSO convergence.
: Step 3: Final Training of Models

: for each model in {IC, ICL, ICG, ICP, ICLP, ICGP} do

Train on H1 data using optimized hyperparameters.
Train on H4 data using optimized hyperparameters.

: end for
: Step 4: Multi-horizon Forecasting
: for each model do

Generate 1-step-ahead forecasts for H4 data.
Generate 4-step-ahead forecasts for H1 data.
Compute MSE, MAE, and MAPE for both forecasting horizons.

: end for
: Step 5: Decision-making Module
. if H1 and H4 predictions indicate the same trend direction then

Decision = Action (Uptrend / Downtrend)

. else

Decision =No Action

: end if

: Step 6: Conversion to Classification Problem

: Action outputs are considered as class labels.

: Compare predicted actions with real trend and compute confusion matrix.
: Step 7: Final Evaluation

: Compute Accuracy.

: Compute F-Score.

: return Accuracy and F-Score.
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