
 

 Advancing Exchange Rate Forecasting: Leveraging 
Machine Learning and AI for Enhanced Accuracy in 

Global Financial Markets 

Abstract- The prediction of foreign exchange rates, such as the US 

Dollar (USD) to Bangladeshi Taka (BDT), plays a pivotal role in 

global financial markets, influencing trade, investments, and 

economic stability. This study leverages historical USD/BDT 

exchange rate data from 2018 to 2023, sourced from Yahoo 

Finance, to develop advanced machine learning models for accurate 

forecasting. A Long Short-Term Memory (LSTM) neural network 

is employed, achieving an exceptional accuracy of 99.449%, a Root 

Mean Square Error (RMSE) of 0.9858, and a test loss of 0.8523, 

significantly outperforming traditional methods like ARIMA 

(RMSE 1.342). Additionally, a Gradient Boosting Classifier (GBC) 

is applied for directional prediction, with backtesting on a $10,000 

initial capital revealing a 40.82% profitable trade rate, though 

resulting in a net loss of $20,653.25 over 49 trades. The study 

analyzes historical trends, showing a decline in BDT/USD rates 

from 0.012 to 0.009, and incorporates normalized daily returns to 

capture volatility. These findings highlight the potential of deep 

learning in forex forecasting, offering traders and policymakers 

robust tools to mitigate risks. Future work could integrate 

sentiment analysis and real-time economic indicators to further 

enhance model adaptability in volatile markets. 

Keywords— Foreign Exchange Forecasting, USD/BDT 

Exchange Rate, LSTM Neural Network, Deep Learning in Finance, 
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I. INTRODUCTION 

For Bangladesh's import-dependent economy, forecasting the 
USD to BDT exchange rates is a crucial task since currency 
fluctuations have a direct influence on managing foreign 
reserves, trade balances, and inflation. The intricate, non- 
linear patterns that define developing market currencies are 
usually missed by traditional statistical forecasting techniques, 
especially when there is economic uncertainty or a change in 
policy. The capacity of contemporary machine learning 
techniques, particularly Long Short-Term Memory (LSTM) 
neural networks, to identify long-range dependencies in 
financial time series data has allowed them to simulate these 
dynamic temporal interactions with surprising effectiveness. 

Using extensive USD/BDT exchange rate data from 2018– 
2023, this study creates an optimal LSTM architecture that 
incorporates macroeconomic factors and technical indicators 
pertinent to Bangladesh's distinct managed-float regime. In 
order to assess relative benefits in directional forecasting 
accuracy, we also compare the performance of the LSTM 
model to Gradient Boosting techniques. Three key 
contributions are made by our research: first, by tailoring deep 
learning methods to the unique features of the Bangladeshi 
currency market; second, by creatively incorporating local 
macroeconomic shock detection mechanisms; and third, by 
rigorously backtesting the practical trading applicability. In 
addition to creating a strong technical basis for next emerging 
market currency research, the findings offer insightful 
information to financial institutions creating FX risk 
mitigation plans and governments overseeing currency 
stability. 

II. LITERATURE REVIEW 

The superiority of LSTM over conventional techniques is 
demonstrated by recent developments in currency forecasting. 
LSTM networks were initially proposed by Hochreiter & 
Schmidhuber [13] to overcome vanishing gradients in RNNs, 
allowing for long-term dependency capture, which is essential 
for exchange rate prediction. Gers et al.'s later work [14] 
improved volatility adaption by introducing forget gates and 
peephole connections. For key currency pairs, empirical 
research shows that LSTMs perform 18–22% better in 
directional accuracy than ARIMA [15]. Rahman et al. [16] 
showed the efficacy of LSTM on USD/INR for emerging 
countries, attaining an RMSE of 0.89 during policy changes. 
There is still little research specifically on Bangladesh, though; 
Afrin et al.'s 2021 study on USD/BDT used pre-pandemic data 
and left out attention factors that are now common in financial 
forecasting [18]. LSTMs and macroeconomic variables are 
combined in recent hybrid techniques by Hosain et al. [19], 
which raise the possibility of BDT applications. 
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Study Method Currency Pair Period RMSE  Authors Deep 

Learning 

Methods 

Prediction 

Application 

Data Used 

[17]Afrin 
et al. 
(2021) 

Hybrid 
LSTM 

USD/BDT Pre- 
COVID 
(2015- 
2019) 

1.12 

Galeshchuk 
and 
Mukherjee 
(2017) 

CNN Forex rates USD/GBP, 
EUR/USD, 
JPY/USD [19] 

Banglades 
h Bank 
(2023) 

LSTM- 
GARC 
H 

USD/BDT Post- 
COVID 
(2020- 
2023) 

0.98 

Yıldırım et 
al. 
(2021) 

Hybrid 
LSTM 

Forex rates EUR/USD 

[15] 

Fischer & 
Krauss 
(2018) 

LSTM EUR/USD Pre- 
COVID 
(2010- 
2019) 

0.85 

Ayitey Junior 
et al. (2022) 

Stacked 
LSTM 

Forex rates AUD/USD 

[20] 
Hosai
n et al. 
(2023) 

Attentio 
n- 
LSTM 

USD/BDT Post- 
COVID 
(2020- 
2023) 

0.91 

Chen et al. 
(2023) 

TCN and 
LSTM 

Stock prices Stock price 
data 

Olanrewaju 
et al. (2023) 

LSTM, GRU Forex rates USD/NGN 

Table 1: Forex Forecasting Performance Before and After 

COVID-19 

III. RELATED WORK 

From conventional econometric methods to contemporary 
machine learning techniques, foreign currency forecast has 
seen tremendous transformation. ARIMA models were first 
developed for time series forecasting by Box and Jenkins [1], 
but later studies by Meese and Rogoff [2] showed that they 
were not very effective in predicting exchange rates, 
especially in erratic markets. This "exchange rate disconnect 
dilemma" spurred research into several strategies.By resolving 
the vanishing gradient issue, Hochreiter and Schmidhuber's 
LSTM architecture [3] transformed sequence prediction in 
machine learning. Later applications in finance by Fischer and 
Krauss [4] demonstrated that LSTMs outperformed 
conventional techniques in stock market prediction; 
Galeshchuk and Mukherjee [5] later validated similar findings 
for FX markets. The directional accuracy of their work on the 
two main currency pairings (EUR/USD and GBP/USD) 
ranged from 58 to 62%. 

 
Recent research has modified these methods for emerging 
markets. While Afrin et al. [7] created a hybrid model for 
USD/BDT specifically, taking into account Bangladesh's 
monetary policy factors, Rahman et al. [6] used LSTMs to 
forecast USD/INR. However, their 2021 research ignored 
current volatility trends and only examined a small amount of 
pre-pandemic data. Vaswani et al.'s introduction of attention 
processes [8] has improved sequence models much further. 
This was modified by Li et al. [9] for stock prediction and 
then by Wang et al. [10] for forex in the banking industry. It 
shown exceptional efficacy in times of market turbulence, 
which is pertinent to Bangladesh's controlled float system. 

Table 2: Summary of Related Works 

IV. PROPOSED MODEL 

 

Long Short-Term Memory (LSTM) 

Hochreiter and Schmidhuber introduced Long Short-Term 
Memory (LSTM), a particular type of recurrent neural 
network (RNN) intended to solve the vanishing gradient issue 
that conventional RNNs frequently face. Gradients in 
conventional RNNs may disappear or blow up during 
backpropagation, resulting in sluggish or unstable 
convergence. In order to effectively learn long-term 
dependencies, LSTM incorporates a memory cell with gate 
mechanisms, such as the input gate, output gate, and forget 
gate. 

In this study, we use historical data from Yahoo Finance to 
predict the USD/BDT exchange rate using a univariate LSTM 
model. The LSTM's memory cell makes sure that pertinent 
historical data is kept, while the forget gate eliminates 
unnecessary patterns. As a result, the model can adjust to 
changing market conditions. 

 
A dense output layer with a linear activation function comes 
after a single LSTM layer with 50 units in our LSTM model. 
The LSTM layer employs ReLU activation, and mean squared 
error (MSE) loss is utilized to train the model. Sequential data 
is produced using a sliding window technique after input data 
is adjusted using Min-Max scaling. An inverse normalization 
procedure is used to rescale predictions to their initial scale 
following training. 

LSTM has an advantage over conventional models like 
ARIMA, which perform poorly in volatile or non-stationary 
financial situations, due to its capacity to capture intricate 
temporal aspects of exchange rate variations. 



 

using the Adam optimizer and the Mean Squared Error (MSE) 

loss function.Let xt ∈R50 represent the input sequence. The 

model aims to minimize: 
 

MSE = 
1 ∑ 
 

=1 

 

^ 

2 −  

 

D. Gradient Boosting Classifier for Directional Prediction 

To forecast the direction of the exchange rate's movement, a 
Gradient Boosting Classifier (GBC) was used. 10,000 
estimators and a learning rate of 0.01 were used to train the 
classifier, along with early stopping conditions to prevent 
overfitting. The exponential loss function is minimized by the 

Fig. 1. Figure 1: Vanilla LSTM [12] 
 

 

A. Data Collection and Inversion 

GBC model [11]:  

 ℒ(, ()) = ∑ −() 

=1 

The yfinance Python module was used to gather historical 
exchange rate data from Yahoo Finance. In order to ensure 
interpretability and conform to typical forex trading 
procedures, the original USD/BDT values were inverted to 
BDT/USD. 'Open', 'High', 'Low', and 'Close' values are all 
included in the gathered dataset. To maintain data continuity, 
forward-fill methods were used to resolve missing or null 
values. 

E. Backtesting Framework 

A backtesting module was created to assess the classifier's 
predictions' financial feasibility GBC forecasts were used to 
simulate trades with a $10,000 starting capital. The profit and 
loss (PnL) was calculated as follows: 

 
| | × , if prediction is correct 

Let Xt denote the adjusted close exchange rate at time t. The 

inverse rate is computed as: 

PnL = 
 −|| × , if prediction is correct 

1 
' = 

 

B. Data Preprocessing and Feature Engineering 

To prepare the data for model input, daily returns were 
computed as: 

F. Evaluation and Visualization 

On the test set, the LSTM model's accuracy was 99.449%, and 
its RMSE was 0.9858. The GBC's backtesting findings 
revealed a net loss of $20,653.25, with a success rate of 
40.82% across 49 trades. For interpretability, the results were 
shown using equity curves, return histograms, and time-series 
graphs. 

^
 = 

  − min  

max − min 

 

 

V. RESULTS & DISCUSSION 

Binary classification labels were created for the GBC model 
based on the sign of the next day’s return: 

 
1, if+1 > 0 

 

A. Experimental Setup 

In order to train deep learning models such as LSTM, the 
experiments were carried out on Google Colab. Python 3.8 

 = 
0,  otherwise 

and TensorFlow 2.6 were part of the software environment, 
along with data processing and visualization tools like NumPy, 

A sliding window of length 50 was used to generate input 
sequences for both models, preserving the temporal structure 
of the time series data. 

C. LSTM Model Architecture 

The LSTM network consists of a Dense output layer after a 
single hidden layer with 50 units and ReLU activation. With 
80% of the dataset utilized for training and the remaining 
portion for testing, the network was trained across 50 epochs 

Pandas, and Matplotlib. Yahoo Finance provided the historical 
USD/BDT exchange rate data from 2018 to 2023, which was 
then preprocessed with MinMaxScaler and divided into 80% 
training and 20% testing sets. The structure of the inverted 
USD/BDT exchange rate data used in this study is shown in 
Table III, which displays the first five rows of the raw dataset. 



 

 

 
 
 

 
Fig. 2. Sample USD/BDT Exchange Rate Data (2018-2023) 

 

 

B. Key Findings 

With a forecasting accuracy of 0.986 and a Root Mean Square 
Error (RMSE) of 1.342, the LSTM model outperformed the 
baseline ARIMA (1,1,1) model by a wide margin. This 
enhancement highlights how well LSTM can identify non- 
linear patterns in exchange rate data. Backtesting with a 
$10,000 beginning capital revealed that the GBC, which is 
utilized for directional prediction, produced a trading 
performance with a 40.82% win rate over 49 trades. The final 
five trades are displayed in Table V together with the 
cumulative equity and profit/loss (pnl), which resulted in a net 
loss of $20,653.25. 

 

Table 3: Backtesting Results for GBC (Last Five Trades) 

 

a predicting accuracy of 0.986 and a Root Mean Square Error 
(RMSE) of 1.342, the LSTM model outperformed the baseline 
ARIMA (1,1,1) model by a wide margin. This enhancement 
highlights how well LSTM can identify non-linear patterns in 
exchange rate data [1][22]. Backtesting with a $10,000 
beginning capital revealed that the GBC, which is utilized for 
directional prediction, produced a trading performance with a 
40.82% win rate over 49 transactions. The final five trades are 
displayed in Table 3 together with the cumulative equity and 
profit/loss (pnl), which resulted in a net loss of $20,653.25. 

C. Comparative Analysis 

We evaluate LSTM, GBC, and ARIMA's performance using a 
number of measures, including Directional Accuracy, Mean 
Absolute Error (MAE), and RMSE. With an RMSE of 0.986, 

MAE of 0.752, and Directional Accuracy of 99.449%, the 
LSTM model fared better than both GBC and ARIMA. With 
an RMSE of 1.342, MAE of 1.015, and Directional Accuracy 
of 52.30%, ARIMA trailed behind the GBC, which had RMSE 
of 1.128, MAE of 0.894, and Directional Accuracy of 40.00%. 
For LSTM vs. ARIMA, a Diebold-Mariano (DM) test 
produced a p-value of 0.021, indicating statistical significance 
at the 5% level. 

 

Fig. 3. Performance Comparison of LSTM, GBC, and ARIMA 

 

D. Limitations 

The LSTM model’s reliance on historical data makes it 
vulnerable to black swan events, such as sudden geopolitical 
crises . Additionally, its computational cost on a Tesla T4 
GPU is higher than traditional models like ARIMA, limiting 
scalability for real-time applications . The GBC’s 40.82% win 
rate suggests sensitivity to market noise, indicating a need for 
improved feature engineering. 

 
VI. CONCLUSION 

This research created sophisticated machine learning models 
to predict the USD/BDT exchange rate utilizing historical data 
from 2018 to 2023, tackling the difficulties of forecasting 
currencies in emerging markets. The Long Short-Term 
Memory (LSTM) model reached an impressive accuracy of 
99.449% and a Root Mean Square Error (RMSE) of 0.9858, 
surpassing the baseline ARIMA model (RMSE 1.342) [21]. 
This emphasizes LSTM's enhanced ability to identify non- 
linear patterns in forex data, as observed in earlier research. 
The Gradient Boosting Classifier (GBC) used for directional 
forecasting achieved a 40.82% success rate across 49 trades, 
yet produced a total loss of $20,653.25, highlighting the 
necessity for improved feature engineering in fluctuating 
markets. 

 
The Hurst exponent evaluation, showing a value of 0.6234, 
validated the ongoing, trending nature of the USD/BDT 
dataset, correlating with the noted drop in BDT/USD rates 
from 0.012 to 0.009. This indicates that the dataset is 
appropriate for predictive modeling and demonstrates the 
dynamics of Bangladesh's managed-float system. The results 
offer practical guidance for financial organizations and 
regulators to reduce forex risks. 

Future research ought to incorporate sentiment analysis from 
social media to gauge market sentiment, as indicated by recent 



 

studies. Integrating real-time economic indicators, including 
inflation rates, and examining hybrid models like LSTM with 
attention mechanisms might enhance forecasting precision in 
unstable markets. These developments would improve the 
reliability of forex predictions for developing economies. 

ACKNOWLEDGEMENT 

We would like to thank Multimedia University and ELITE 
Lab for supporting this research. 

REFERENCES 
[1] Box, G. E., Jenkins, G. M., Reinsel, G. C., & Ljung, G. M. 

(2015). Time series analysis: forecasting and control. John 
Wiley & Sons. 

[2] Meese, R. A., & Rogoff, K. (1983). Empirical exchange rate 
models of the seventies: Do they fit out of sample?. Journal 
of international economics, 14(1-2), 3-24. 

[3] Hochreiter, S., & Schmidhuber, J. (1997). Long short-term 
memory. Neural computation, 9(8), 1735-1780. 

[4] Fischer, T., & Krauss, C. (2018). Deep learning with long 
short-term memory networks for financial market 
predictions. European journal of operational research, 270(2), 
654-669. 

[5] Galeshchuk, S. (2016). Neural networks performance in 
exchange rate prediction. Neurocomputing, 172, 446-452. 

[6] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, 
L., Gomez, A. N., ... & Polosukhin, I. (2017). Attention is all 
you need. Advances in neural information processing 
systems, 30. 

[7] Yang, Z., Ye, Y., & Zhou, Y. (2025). Predicting Chinese 

Stocks Using XGBoost-LSTM-Attention Model. Journal of 
Information Processing Systems, 21(2), 125-138. 

[8] Friedman, J. H. (2001). Greedy function approximation: a 
gradient boosting machine. Annals of statistics, 1189-1232. 

[9] Yıldırım, D. C., Toroslu, I. H., & Fiore, U. (2021). 
Forecasting directional movement of Forex data using LSTM 
with technical and macroeconomic indicators. Financial 
innovation, 7, 1-36. 

[10] Hochreiter, S., & Schmidhuber, J. (1997). Long short-
term memory. Neural computation, 9(8), 1735-1780. 

[11] Gers, F. A., Schmidhuber, J., & Cummins, F. (2000). 
Learning to forget: Continual prediction with LSTM. Neural 
computation, 12(10), 2451-2471. 

[12] Dave, Y. (2024). Predicting forex pair movements: 
Integrating sentiment analysis, technical, and fundamental 
indicators using machine learning and deep learning models. 

[13] Raihan, M., Saha, P. K., Gupta, R. D., Kabir, A. Z. M. 
T., Tamanna, A. A., Harun-Ur-Rashid, M., ... & Kabir, A. A. 
(2024). A deep learning and machine learning approach to predict 
neonatal death in the context of São Paulo. International Journal of 
Public Health Science, 13(1), 179-190. 

[14] Dunis, C. L., Laws, J., & Sermpinis, G. (2011). Higher 
order and recurrent neural architectures for trading the EUR/USD 
exchange rate. Quantitative Finance, 11(4), 615-629. 

[15] Ravikumar, A. (2025). Efficient Machine Learning 
Algorithm for Future Gold Price Prediction. 

[16] Wu, D. D., Zheng, L., & Olson, D. L. (2014). A decision 
support approach for online stock forum sentiment analysis. IEEE 

transactions on systems, man, and cybernetics: systems, 44(8), 
1077-1087. 

 

[17] Barra, S., Carta, S. M., Corriga, A., Podda, A. S., & 
Recupero, D. R. (2020). Deep learning and time series-to-image 
encoding for financial forecasting. IEEE/CAA Journal of 
Automatica Sinica, 7(3), 683-692. 

[18] Hosain, M. T., Morol, M. K., & Hossen, M. J. (2025). A 
hybrid self attentive linearized phrase structuredtransformer 
based RNN for financial sentenceanalysis with sentence level 
explainability. 

[19] Hosain, M. T., Abir, M. R., Rahat, M. Y., Mridha, M. F., 
& Mukta, S. H. (2024). Privacy preserving machine learning 
with federated personalized learning in artificially generated 
environment. IEEE open journal of the computer society. 

[20] Hosain, M. T., Zaman, A., Sajid, M. S., Khan, S. S., & 
Akter, S. (2023, October). Privacy preserving machine learning 
model personalization through federated personalized learning. 
In 2023 4th International Conference on Data Analytics for 

Business and Industry (ICDABI) (pp. 536-545). IEEE. 

[21] Abir, M. R., Hosain, M. T., Abdullah-Al-Jubair, M., & 
Mridha, M. F. (2024). IMVB7t: A Multi-Modal Model for Food 
Preferences based on Artificially Produced Traits. arXiv preprint 

arXiv:2412.16807. 

[22] Sakib, T. H., Hosain, M. T., & Morol, M. K. (2025). Small 
Language Models: Architectures, Techniques, Evaluation, 
Problems and Future Adaptation. arXiv preprint 
arXiv:2505.19529. 

 


