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ABSTRACT  

Long Short-Term Memory (LSTM) and Bidirectional Long Short-Term Memory (BiLSTM) are 

the emerging Recurrent Neural Networks (RNN) widely used in time series forecasting. The 

performance of these neural networks relies on the selection of hyperparameters. A random 

selection of the hyperparameters may increase the forecasting error. Hence, this study aims to 

optimise the performance of LSTM and BiLSTM in time series forecasting by tuning one of the 

essential hyperparameters, the number of hidden neurons. LSTM and BiLSTM with 32, 64, and 

128 hidden neurons and various combinations of other hyperparameters are formed in this study 

through grid searching. The models are evaluated and compared based on the Mean Squared 

Error (MSE) and Mean Absolute Error (MAE). The results from real data analysis revealed that 

128 hidden neurons are the optimum choice of hidden neurons with the lowest error values. This 

study investigates whether BiLSTM, performs better than LSTM in forecasting. Thus, the 

performance of these two neural networks in forecasting time series data was compared, and the 

Wilcoxon-Signed Rank Test was conducted. Results revealed a significant difference in the 

performance of these two neural networks, and BiLSTM outperformed LSTM in forecasting 

time series data. Hence, BiLSTM with 128 hidden neurons is encouraged to be chosen over 

LSTM in time series forecasting. Since these findings have implications for future practice, the 

combination of model and hyperparameter should be chosen wisely to obtain more accurate 

predictions in time series forecasting. 
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ABSTRAK  

Memori Jangka Pendek Panjang (LSTM) dan Memori Jangka Pendek Panjang Dwiarah 

(BiLSTM) ialah Rangkaian Neural Berulang (RNN) digunakan secara meluas dalam peramalan 

siri masa. Prestasi rangkaian neural ini bergantung pada pemilihan hiperparameter. Pemilihan 

rawak hiperparameter boleh meningkatkan ralat ramalan. Oleh itu, kajian ini bertujuan untuk 

mengoptimumkan prestasi LSTM dan BiLSTM dalam peramalan siri masa dengan menala salah 

satu hiperparameter penting, bilangan neuron tersembunyi. LSTM dan BiLSTM dengan 32, 64, 

dan 128 neuron tersembunyi dan pelbagai kombinasi hiperparameter lain dibentuk dalam kajian 

ini melalui carian grid. Model-model tersebut dinilai dan dibandingkan berdasarkan Ralat Purata 

Kuasa Dua (MSE) dan Ralat Mutlak Purata (MAE). Keputusan daripada analisis data sebenar 

mendedahkan bahawa 128 neuron tersembunyi adalah pilihan optimum neuron tersembunyi 

dengan nilai ralat terendah. Kajian ini mengkaji samada BiLSTM memberikan prestasi yang 

lebih baik berbanding LSTM dalam peramalan. Prestasi kedua-dua rangkaian neural ini dalam 

peramalan data siri masa dibandingkan, dan Ujian Peringkat Bertanda Wilcoxon (Wilcoxon-

Signed Rank Test) dilaksanakan. Hasil kajian menunjukkan perbezaan ketara dalam prestasi 

kedua-dua rangkaian neural ini, dan BiLSTM mengatasi LSTM dalam peramalan siri masa. 

Oleh itu, BiLSTM dengan 128 neuron tersembunyi disarankan untuk dipilih berbanding LSTM 

dalam peramalan siri masa. Memandangkan penemuan ini mempunyai implikasi untuk amalan 

masa depan, kombinasi model dan hiperparameter harus dipilih dengan bijak untuk 

mendapatkan ramalan yang lebih tepat dalam peramalan siri masa. 



 

Nur Haizum Abd Rahman, Quay Pin Yin & Hani Syahida Zulkafli  

 

 

Kata kunci: LSTM; pembelajaran mendalam; siri masa; ramalam; BiLSTM 

 

References 

Althelaya K.A., El-Alfy E.S.M. & Mohammed S. 2018. Evaluation of bidirectional LSTM for short-and long-term 

stock market prediction. 2018 9th International Conference on Information and Communication Systems 

(ICICS), pp. 151–156. 

Bergstra J. & Bengio Y. 2012. Random search for hyper-parameter optimization. Journal of Machine Learning 

Research 13: 281–305. 

Claesen M. & De Moor B. 2015. Hyperparameter search in machine learning. arXiv preprint arXiv:1502.02127. 

Cruz-Victoria J.C., Netzahuatl-Muñoz A.R. & Cristiani-Urbina E. 2024. Long short-term memory and bidirectional 

long short-term memory modeling and prediction of hexavalent and total chromium removal capacity kinetics 

of Cupressus lusitanica bark. Sustainability, 16(7): 2874. 

Ding H., Hou H., Wang L., Cui X., Yu W. & Wilson D.I. 2025. Application of convolutional neural networks and 

recurrent neural networks in food safety. Foods 14(2): 247. 

Duan A. & Raga R.C. 2024. BiLSTM model with attention mechanism for multi-label news text classification. 2024 

4th International Conference on Neural Networks, Information and Communication Engineering (NNICE), pp. 

566–569. 

Fang Z., Ma X., Pan H., Yang G. & Arce G.R. 2023. Movement forecasting of financial time series based on adaptive 

LSTM-BN network. Expert Systems with Applications 213: 119207. 

Feng J. & Lu S. 2019. Performance analysis of various activation functions in artificial neural networks. Journal of 

Physics: Conference Series 1237(2): 022030. 

Feng Y. 2024. Intelligent speech recognition algorithm in multimedia visual interaction via BiLSTM and attention 

mechanism. Neural Computing and Applications 36(5): 2371–2383. 

Flores B.E. 1989. The utilization of the Wilcoxon test to compare forecasting methods: A note. International Journal 

of Forecasting 5(4): 529–535. 

García F., Guijarro F., Oliver J. & Tamošiūnienė R. 2024. Foreign exchange forecasting models: LSTM and BiLSTM 

comparison. Engineering Proceedings 68(1): 19. 

Gers F.A., Schmidhuber J. & Cummins F. 2000. Learning to forget: Continual prediction with LSTM. Neural 

Computation 12(10): 2451–2471. 

Graves A. & Schmidhuber J. 2005. Framewise phoneme classification with bidirectional LSTM and other neural 

network architectures. Neural Networks 18(5-6): 602–610. 

Hochreiter S. & Schmidhuber J. 1997. Long short-term memory. Neural Computing 9(8): 1735–1780.  

Ilemobayo J.A., Durodola O.I., Alade O., Awotunde O.J., Adewumi T.O., Falana O., Ogungbire A., Osinuga A., 

Ogunbiyi D., Ifeanyi A., Odezuligbo I.E. & Edu O.E. 2024. Hyperparameter tuning in machine learning: A 

comprehensive review. Journal of Engineering Research and Reports 26(6): 388–395. 

Jomaa H.S., Grabocka J. & Schmidt-Thieme L. 2019. Hyp-RL: Hyperparameter optimization by reinforcement 

learning. arXiv preprint arXiv: 1906.11527v1. 

Li F., Liu S., Wang T. & Liu R. 2024. Optimal planning for integrated electricity and heat systems using CNN-

BiLSTM-Attention network forecasts. Energy 309: 133042.  

Liu S., Liao G. & Ding Y. 2018. Stock transaction prediction modeling and analysis based on LSTM. 2018 13th 

IEEE Conference on Industrial Electronics and Applications (ICIEA), pp. 2787–2790. 

Masters D. & Luschi C. 2018. Revisiting small batch training for deep neural networks. arXiv preprint arXiv: 

1804.07612v1. 

Qu Y. & Zhao X. 2019. Application of LSTM neural network in forecasting foreign exchange price. Journal of 

Physics: Conference Series 1237(4): 042036.  

Quan S.J. 2024. Comparing hyperparameter tuning methods in machine learning based urban building energy 

modeling: A study in Chicago. Energy and Buildings 317: 114353.  

Rahman M.M., Watanobe Y. & Nakamura K. 2021. A Bidirectional LSTM language model for code evaluation and 

repair. Symmetry 13(2): 247. 

Siami‐Namini S., Tavakoli N. & Namin A.S. 2019. The performance of LSTM and BiLSTM in forecasting time 

series. 2019 IEEE International Conference on Big Data (Big Data), pp. 3285–3292. 

Siami-Namini S., Tavakoli N. & Siami Namin A. 2018. A comparison of ARIMA and LSTM in forecasting time 

series. 2018 17th IEEE International Conference on Machine Learning and Applications (ICMLA), pp. 1394–

1401. 

Sunny M.A.I., Maswood M.M.S. & Alharbi A.G. 2020. Deep learning-based stock price prediction using LSTM and 

Bi-Directional LSTM model. 2020 2nd Novel Intelligent and Leading Emerging Sciences Conference (NILES), 

pp. 87–92.  



 

Optimising LSTM and BiLSTM Models for Time Series Forecasting Through Hyperparameter Tuning  

  
  

 

Thomas A.J., Petridis M., Walters S.D., Gheytassi M.S. & Morgan R.E. 2015. On predicting the optimal number of 

hidden nodes. 2015 International Conference on Computational Science and Computational Intelligence 

(CSCI), pp. 565-570. 

Van Houdt G., Mosquera C. & Nápoles G. 2020. A review on the long short-term memory model. Artificial 

Intelligence Review 53(8): 5929–5955. 

Wang B., Jiang T., Zhou X., Ma B., Zhao F. & Wang Y. 2020. Time-series classification based on fusion features 

of sequence and visualization. Applied Sciences 10(12): 4124.  

Wu X., Liu Z., Yin L., Zheng W., Song L., Tian J., Yang B. & Liu S. 2021. A haze prediction model in Chengdu 

based on LSTM. Atmosphere 12(11): 1479.  

Yadav A., Jha C.K. & Sharan A. 2020. Optimizing LSTM for time series prediction in Indian stock market. Procedia 

Computer Science 167: 2091–2100. 

Yang M. & Wang J. 2022. Adaptability of financial time series prediction based on BiLSTM. Procedia Computer 

Science 199: 18–25.  

Yang S. 2021. A novel study on deep learning framework to predict and analyze the financial time series information. 

Future Generation Computer Systems 125: 812–819. 

Yildirim Ö. 2018. A novel wavelet sequence based on deep bidirectional LSTM network model for ECG signal 

classification. Computers in Biology and Medicine 96: 189–202. 

Yuanyuan S., Yongming W., Lili G., Zhongsong M. & Shan J. 2017. The comparison of optimizing SVM by GA 

and grid search. 2017 13th IEEE International Conference on Electronic Measurement & Instruments (ICEMI), 

pp. 354–360. 

 

 

 

Centre for Mathematical Sciences  

Universiti Malaysia Pahang Al-Sultan Abdullah 

Lebuh Persiaran Tun Khalil Yaakob 

26300 Gambang  

Pahang, MALAYSIA 

Email:    haizum@umpsa.edu.my* 

 

Department of Mathematics and Statistics  

Faculty of Science 

Universiti Putra Malaysia 

43400 UPM Serdang  

Selangor, MALAYSIA 

E-mail:    202975@student.upm.edu.my, hsyahida@upm.edu.my 

 

 

 

Received: 23 August 2024 

Accepted: 7 April 2025 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
*Corresponding author                                       

mailto:haizum@umpsa.edu.my*

