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ABSTRACT 

Most of time series signals are difficult to predict as consist of non-linear, high 

complexity (noise) and chaotic processes. The challenges in time series prediction 

are to provide a technique to better understand a dataset. In line with this, the Cuckoo 

Search (CS) learning algorithm, a kind of metaheuristics techniques employs 

high-level techniques for exploration and exploitation of the search space in which 

its step length is much longer in the long run. Thus, can explicitly being used to 

address the possibilities of stochastic trends in time series signals. Since its 

discovery, the CS has been used extensively. However, these methods fixed the 

parameter values which essential for adjusting the weights. Therefore, a modification 

was made by the additional step of information exchange between the top eggs, 

which significantly improve the convergence rate. Hence, motivated by the 

advantages of those Modified Cuckoo Search (MCS), the improvement of the MCS 

called Modified Cuckoo Search-Markov chain Monté Carlo (MCS-MCMC) learning 

algorithm is proposed for weight optimisation. As the Markov chain Monté Carlo can 

replace the cumbersome in generating the objective functions, it is used to substitute 

the Lévy flight found in the MCS’s structure to prove that MCS-MCMC is suitable 

for predictive tasks. The performance of MCS-MCMC learning algorithm was 

validated with several test functions and compared with those of MCS learning 

algorithm. The MCS-MCMC results is further benchmarked with the standard 

Multilayer Perceptron, standard Pi-Sigma Neural Network (PSNN), Pi-Sigma Neural 

Network-Modified Cuckoo Search, Pi-Sigma Neural Network-Markov chain Monté 

Carlo, standard Functional Link Neural Network (FLNN), Functional Link Neural 

Network-Modified Cuckoo Search and Functional Link Neural Network-Markov 

chain Monté Carlo which emphasis in optimising the accuracy rate. The simulation 

results proved that MCS-MCMC outperformed in the form of Accuracy with the 

range of 0.003% to 4.421% when incorporated with standard PSNN and FLNN for 

three (3) data partitions covering 10 benchmarked time series datasets. 
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ABSTRAK 

Sebilangan besar isyarat siri masa sukar untuk diramal kerana melibatkan proses 

tidak linear, kerumitan tinggi (kebisingan) dan kekacauan. Cabaran dalam ramalan 

siri masa adalah menyediakan teknik untuk memahami set data dengan lebih baik. 

Sejajar dengan ini, algoritma metaheuristik Cuckoo Search (CS) menggunakan 

teknik aras tinggi bagi eksplorasi dan eksploitasi ruang carian di mana panjang 

langkahnya jauh lebih lama dalam jangka panjang. Hal ini secara eksplisitnya dapat 

digunakan bagi menangani kemungkinan kecenderungan stokastik dalam isyarat siri 

masa. Walau bagaimanapun, kaedah ini memalarkan nilai pembolehubah yang 

diperlukan untuk pengubahsuaian pemberat. Oleh itu, pindaan dilakukan melalui 

tukaran maklumat antara telur-telur tertinggi, bagi meningkatkan kadar penumpuan 

secara signifikan. Inspirasi dari kelebihan Modified Cuckoo Search (MCS), 

penambahbaikan MCS yang dikenali sebagai algoritma pembelajaran Modified 

Cuckoo Search-Markov chain Monté Carlo (MCS-MCMC), dicadangkan untuk 

pengoptimuman pemberat. Memandangkan Markov chain Monté Carlo dapat 

menggantikan kerumitan dalam menjana fungsi objektif, ia digunakan untuk 

menyilih Lévy flight yang terdapat di dalam MCS bagi membuktikan bahawa 

MCS-MCMC sesuai untuk tugas-tugas ramalan. Prestasi MCS-MCMC disahkan 

dengan beberapa fungsi ujian dan dibandingkan dengan algoritma pembelajaran 

MCS. Dapatan MCS-MCMC kemudiannya dibandingkan dengan Multilayer 

Perceptron (MLP) piawai, Pi-Sigma Neural Network (PSNN), Pi-Sigma Neural 

Network-Modified Cuckoo Search, Pi-Sigma Neural Network-Markov chain Monté 

Carlo, Functional Link Neural Network (FLNN) piawai, Functional Link Neural 

Network-Modified Cuckoo Search dan Functional Link Neural Network-Markov 

chain Monté Carlo yang menekankan pengoptimuman kadar ketepatan. Dapatan 

simulasi membuktikan bahawa MCS-MCMC mengungguli dalam bentuk Ketepatan 

dengan julat 0.003% hingga 4.421% apabila digabungkan dengan PSNN dan FLNN 

piawai bagi tiga (3) pembahagian data yang meliputi 10 set data siri bertanda masa. 
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