
IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 8 Issue 3, March 2021  

ISSN (Online) 2348 – 7968 | Impact Factor (2020) – 6.72 

www.ijiset.com  

140 
 

Forging A Scalable Spectral-Clustering 
Multi-Agent Hybrid Deep Learning Model 

To Predict Rainfall Runoff In Nigeria 
 

Arnold Adimabua Ojugo P

1
P, Obinna Nwankwo P

2 
P

1
PDepartment of Computer Science, Federal University of Petroleum Resources Effurun, Delta State, Nigeria 

ojugo.arnold@fupre.edu.ng, arnoldojugo@yahoo.com, arnoldojugo@gmail.com 

P

2
PDepartment of Computer Science, Novena University Ogume, Delta State, Nigeria.  

tuk2obinna@gmail.com, 39TUobinna.nwankwo@novena.edu.ngU39T 

Corresponding Author: 

Arnold Adimabua Ojugo (PhD), 
Department of Mathematics/Computer Science, Federal University of Petroleum Resources Effurun, 

P.M.B 1221, Effurun, Warri, Delta State, Nigeria. 
Email: ojugo.arnold@fupre.edu.ng, arnoldojugo@gmail.com, 39TUmaryarnoldojugo@gmail.comU39T 

 
ABSTRACT 

Study seeks to adopt a spatial-temporal deep learning model on dataset retrieved from Metrological center at 
Oshodi in Lagos State, Nigeria. Selected area is Benin-Owena River Basin for the period 1999 - 2019. 
Dataset split into: training (45%), retraining (25%) and testing (30%). Study advances a profile hidden 
Markov deep neural network, which was found to have a classification error of 1.09% – when compared to 
other models such as profile hidden Markov, deep neural network and memetic algorithm with 10.2%, 19.7% 
and 3.27% respectively. It is observed also that other models underperformed against the proposed model. 
Study agrees with Ojugo et al 2013, in that annual rainfall is an effect of variation cycle. Models will help 
simulate future flood and provide, lead time warning in flood management. 

 
 
1. INTRODUCTION (10 PT) 

 
Rainfall runoff predictions have since become a critical feat in Nigeria – especially with the tsunami 

and deluge of 2015 through 2018 that saw a general displacement of citizens worldwide and Nigeria – in 
particular. Its prediction also, is a critical component to planning, coordination and execution of farming 
directives. Such prediction are made possible via the employment of various mathematical models grouped 
into: knowledge and data driven models [1-3]. Rainfall forecasts have always employed and focuses on 
runoff quantification. Its increasing awareness as well as the dynamic nature of environmental issues – have 
given additional impetus to model in hydrology. These new models must meet – rising new requirements and 
challenges to deal with associated tasks such as erosion, land degradation, pollutant leaching, sustainable 
flood resource management, land-use possible consequence and climate changes – to mention a few [4-5]. 

Rainfall has significant influence in flooding and downstream hydrology with a range of implications as 
well as complications of erosion, water quality, and the design of engineering structures – which in turn 
impacts on the quality of life, agriculture, sewage system, and tourism etc [6-7]. For these amongst many 
other reasons, early warning of rainfall runoff situations is critical in the management of water resources [8-
10]. The complex and chaotic nature of atmospheric processes that produce rainfall makes rainfall runoff 
modeling as well as its prediction – a tedious cum difficult task [2, 5, 11-13]. Thus, [14] noted that in spite of 
advances in weather forecasting, accurate rain forecasting is the most challenging in operational hydrology. 
 
1.1. Literature Review 

Scientists world over – have continued in their quest to develop stochastic (knowledge-driven) 
models in a bid to enhance accurate rainfall prediction. [14] used ANN to predict and investigate rainfall 
runoff in India; while, [13] did same using ANN procedure to predict rainfall in Cyprus. Recently, efforts are 
intensified to use time series autoregressive, moving average (ARMA) model with an exogenous variable 
denoted (ARMAX) to model hydrological data. The use of ARMA models is justified as a result of its 
theoretical base in hydrological studies. [9] used the three-function parameter value of AR (3) model which 
showed significant association with rainfall was established for relative humidity, cloud cover and 
temperature difference. Their study noted that sunshine was dropped as a possible predictor using impulse 
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response functions; while, the four TF models were identified as TF (3, 2, 2, 2) model, which predicted 
rainfall with a root mean square percentage error of 2.3%, was adopted as the most appropriate model. The 
model also performed better than both multiple regression and univariate SARIMA (1, 0, 1)*(1, 0, 1)R12R 
models. 

Also, [2] compared a hybrid gravitational search algorithm trained neural network with historical 
data for the Chad River Basin in Nigeria using dataset from 1996 - 2007. Results showed high degree of 
accuracy with computed COE as 58, 24, 56 and 42% respectively for the various stations. Observed annual 
rainfall variations from long-term runoff, is an effect of variation cycle with significant correlation between 
rainfall and runoff (as indicative in the dataset used). The study implementation will create a synergy 
between Artificial Intelligence and other fields – which in this case, hydrology via the hybrid ANN models – 
so that the trained system will help simulate future flood and provide, lead time warning in flood 
management. 5] developed a GARCH model to forecast rainfall using historical data from National 
Metrological Centre at Oshodi for the period of 1996–2007 on rainfall, temperature difference, relative 
humidity, sunshine and cloud cover. Study established significant association with rainfall for humidity, 
temperature difference and cloud cover. Using impulse response functions GARCH(1,0,1) model was 
adopted for predicting rainfall with root mean square error of 2.3% as the most appropriate. When compared, 
we agree that model performs better than both multiple regression and univariate SARIMA (1,0,1)*(1,0,1) 
models. 
 
1.2. Motivation / Statement of Problem 

Our study is motivated thus [15-18]: 
1. Efforts geared towards hydrological models are still faced with the fundamental problem of 

calibration and validation due to limited data availability and natural heterogeneity of rainfall runoff 
process – leading to the consequent rise in data-driven model, which are poised on the focal need to 
learn feats in time that are somewhat not possible via knowledge-driven models.  

2. Also, many problems are related to model testing such that traditional tests like split-sample are often 
insufficient to evaluate a model’s validity and assess its pros/cons of the different model approaches. 
The need for additional data has been emphasized, advent of more powerful tests required and 
different dimensionality of model adopted via data driven models that employ evolutionary method to 
yield such dimensionality. 

3. The formulation of an optimization task problem requires careful planning and selection of a few 
design variables as possible – whose outcome procedure indicates whether or not to include more 
variables in a revised formulation and/or to replace some previously considered design variables with 
new design variables. Optimization tasks are quite intricate to selected feats, variables, constraints and 
parameters for a multi-objective function that ultimately yields an optimum solution. These integral 
components vary greatly with each problem domain. 

 
To overcome these shortfalls, we adopt a deep learning profile hidden Markov modular neural 

network design for rainfall runoff prediction using the Benin-Owena River Basin Dataset retrieved from the 
National Metrological Centre at Oshodi in Lagos State Nigeria. 
 
2. MATERIALS AND METHODS 
 
2.1. Data Gathering 

The selected area is the Benin-Owena River Basin Development Agency (BORDA) Nigeria with 
land mass of 22045kmP

2
P, mean annual rain of 1023mm and perennial discharge of 3.8m/1.5mP

3
P/s for dry and 

peak periods. Time plot for data collected within the period 1999-2019 is seen in figure 1, which yields Table 
1. The dataset collected for the period (1999 – 2019) is split into 3-sets: training (45%), cross-validation 
(25%) and validation (30%). All fragment starts at period of constant low rainfall. Figure 2 shows the project 
location.  
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Figure 1. Graph of Mean Annual Rainfall    Figure 2. Map of Nigeria with Project Location 

 
Table 1. Detailed Summary Sheet of Rainfall Features for 1999 – 2019 

Year Rainfall in 
mm 

Temperature Differences Mean 
Humidity 

Mean Sunshine 
in Hours 

Mean WindSpeed 
in mtrs/sec 

Wind 
Direction TMax TMin 

1999 271.4 31.567 22.909 78.901 3.256 2.902 SW 
2000 295.1 32.092 23.405 76.902 3.761 3.508 S 
2001 628.9 31.533 23.508 83.000 3.021 2.892 W 
2002 594.4 32.017 23.817 85.200 2.994 2.858 SW 
2003 795.7 31.575 23.703 83.134 5.012 2.917 W 
2004 216.4 31.733 24.442 79.013 4.561 3.375 SW 
2005 229.4 31.567 23.468 85.301 4.092 2.935 SW 
2006 558.8 32.092 24.501 79.34 4.432 3.451 SW 
2007 449.6 31.917 23.908 81.211 3.895 3.209 S 
2008 383.4 32.042 24.091 83.120 4.501 3.021 S 
2009 351.7 31.575 23.508 83.753 4.458 3.508 NE 
2010 271.4 31.733 23.717 83.917 5.067 2.892 W 
2011 295.1 31.567 23.700 83.751 4.433 2.858 SW 
2012 628.0 32.092 24.042 83.667 3.850 2.917 S 
2013 963.0 31.533 23.458 83.667 4.042 3.375 SW 
2014 1005.0 32.017 23.183 83.583 3.883 3.733 SW 
2015 1963.1 31.458 23.617 81.501 2.933 3.3 S 
2016 1934.1 32.142 23.842 84.751 4.358 3.058 SW 
2017 558.8 31.917 23.317 85.167 4.001 2.825 S 
2018 623.9 32.042 24.825 83.001 4.158 2.983 S 
2019 723.1 31.558 23.483 81.333 4.575 3.15 W 

 
2.2. Hybrid Reinforcement Learning Ensemble 

The hybrid reinforcement deep learning ensemble is as thus: 
 
2.2.1. The Supervised Profile Hidden Markov Model 

The profile HMM as a variant, avoids pitfalls in traditional HMM as it: (a) makes use of positional 
data contained in the observations, and (b) allows null transitions so that the model can match sequences that 
includes insert/delete [19]. For rainfall runoff, O is a candidate rule, T is for time, N is the number of rules, α 
is alphabet of model, M is the number of symbols in alphabet, π is initial state of transactions, A is state 
transition probability matrix, a RijR is probability of a rule from state i to j, B contains N-probability distributions 
for rules in knowledgebase; while, 𝑃𝑃𝑃𝑃𝑃𝑃 = (𝐴𝐴,𝐵,𝜋) is denoted thus [20-24]. It should be noted that the 
general idea for parameters in HMM are still intact. The profile hidden Markov consists rules aligned as 
sequence with significant relations [25-28] as as in figure 3. Output sequence determines if an unknown rules 
is related to sequences belonging to a class. We use the profile HMM to score rules and make decision [19]. 
 
2.2.2. Deep Learning Neural Network Framework (DNN) 

DNN uses deep learning to adapt useful select feats of interest as parameters, carefully constructing a 
multi-layer (MLP) net from vast amount of data. Its deep architecture at its input, hidden and output layers - 
helps to improve its prediction accuracy [. Its hidden layer transforms non-linearly from a previous layer to 
the next [28]. Proposed by Hinto et al [29], a DNN is trained via two phases: (a) pre-trained, and (b) fine-
tuned processes. The Auto-Encoder is an unsupervised multi-layered neural network consisting both an 
encoder and a decoder network. Its encoder seeks to transform inputs data-points from a high unto a low-
dimension [30] via an encoding function fRencoderR as in Eq. 1 – where xP

m
P is a data point, and hP

m
P is the encoding 
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vector obtained. Conversely, its decoder network seeks to reconstruct the function using fRdecoderR as in Eq. 2 
with xP

m
P as decoding vector from hP

m
P. Thus, reverts the operations of the encoder [31]. Erhan et al [32] in 

Gilrot and Bengio [33] details specific algorithms for encoding and decoding functions respectively. 
 

ℎ𝑚 =  𝑓𝑒𝑛𝑐𝑜𝑑𝑒𝑟(𝑋𝑚)     (1) 
 

𝑋𝑚 =  𝑓𝑑𝑒𝑐𝑜𝑑𝑒𝑟(ℎ𝑚)     (2) 
 
At the pre-training phase, N auto-encoders can be stacked on to an N-hidden-layer so that with input 
accepted, the input layer and first hidden layer acts an encoders of the first auto-encoder. They are trained to 
minimize the reconstruction error. Training parameter(s) of the encoder are used to initialize first hidden 
layer before proceeding to second hidden layer. There, the first and second hidden layers are selected as 
encoder(s) and as in the earlier stage, the second hidden layer is initialized by the second trained auto-
encoder. This process continues till the Nth auto-encoder is trained and initializes the final hidden layer. With 
all hidden layers stacked in the auto-encoder at each training N-times, they are thus regarded as pre-trained. 
This feat has proven to be significantly better than random initialization. It also achieves better generalization 
[34]. 

Fine-tuning phase seeks to optimize a DNN’s performance by retraining the network labeled training data. It 
computes errors as difference in real versus predicted values via back-propagated stochastic gradient descent 
(SGD), randomly selecting data, and iteratively updates gradient direction with the weight parameters. A 
merit of the SGD is that it converges faster and does not require the entire dataset. This makes it suitable for 
complex neural networks as given in Eq. 3 with E as loss function, y is label and t is output of the network 
[35]: 

2

1

1 ( )
2 i i

j
E M y t

=
= −∑  (3) 

 

The gradient of the weight w is obtained as a derivative of the error equation – so that an updated SGD is 
given by Eq. 4 with ŋ is step-size, h is number of hidden layers [27, 29]: 

( ) ( )  . . 1 .new old
ij ij j j j i iW W y t y y h= − − −ŋ  (4) 

 

This process is optimized by the weight threshold of correctly labelled data. Thus, a DNN can learn 
accurately at its final output and direct thus, task all network parameters to perform correct classifications 
[30-31]. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Reinforcement Cluster Deep Learning Neural Network Ensemble 
 
2.3. Proposed Experimental Hybrid Ensemble  

We adopt the hybrid ensemble [34] with selected training dataset to form cluster feats to go through 
the PHMM. With selected cluster features, circles are delete state for unclassified transaction rules, diamonds 
are insert states for gaps in transaction rules to update knowledgebase for false-positives and true-negative 
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errors. The rectangles are matched states that accurately classifies rules into class types. Match and insert are 
emission observations as PHMM passes via the states with probabilities corresponding to B in HMM; And, 
computed from frequency of symbols [35-38] denoting the amount of rules emitted at particular state, which 
is position-dependent Finally, delete states allows PHMM to go through the gaps in the network to reach 
other emission states. These gaps helps model avoid over-fitting. We use the forward algorithm to recursively 
computes probabilities via reusing scores for partial sequences via Equation 5-7 as thus [39-40]: 
 

𝐹𝐹𝑗𝑗𝑀𝑀 = 𝐿𝐸𝐸𝐶𝐶
𝑒𝑀𝑀𝑗(𝑥𝑖)

𝑞𝑥𝑖
+ log (𝐸𝐸𝑃𝑃𝑗𝑗−1𝑃𝑃𝑗𝑗 exp �𝐹𝐹𝑗𝑗−1𝑀𝑀 (𝐶𝐶 − 1)� + 𝐸𝐸𝐼𝑗𝑗−1𝑃𝑃𝑗𝑗 exp �𝐹𝐹𝑗𝑗−1𝐼𝐼 (𝐶𝐶 − 1)� +  𝐸𝐸𝐷𝑗𝑗−1𝑃𝑃𝑗𝑗 exp �𝐹𝐹𝑗𝑗−1𝐷𝐷 (𝐶𝐶 − 1)�  (5) 

 

𝐹𝐹𝑗𝑗𝐼𝐼 = 𝐿𝐸𝐸𝐶𝐶 𝑒𝐼𝐼𝑗(𝑥𝑖)
𝑞𝑥𝑖

+ log (𝐸𝐸𝑃𝑃𝑗𝑗𝐼𝑗𝑗 exp �𝐹𝐹𝑗𝑗𝑀𝑀(𝐶𝐶 − 1)� + 𝐸𝐸𝐼𝑗𝑗𝐼𝑗𝑗 exp �𝐹𝐹𝑗𝑗𝐼𝐼(𝐶𝐶 − 1)� +  𝐸𝐸𝐷𝑗𝑗𝐼𝑗𝑗      (6) 
 

𝐹𝐹𝑗𝑗𝐷𝐷 = 𝐶𝐶og (𝐸𝐸𝑃𝑃𝑗𝑗−1𝐷𝑗𝑗 exp �𝐹𝐹𝑗𝑗−1𝑀𝑀 (𝐶𝐶)� + 𝐸𝐸𝐼𝑗𝑗−1𝐷𝑗𝑗 exp �𝐹𝐹𝑗𝑗−1𝐼𝐼 (𝐶𝐶)� + 𝐸𝐸𝐷𝑗𝑗−1𝐷𝑗𝑗 exp �𝐹𝐹𝑗𝑗−1𝐷𝐷 (𝐶𝐶)�    (7) 
 

After this, classification is handed over to the DNN, which seeks to resolves tasks as thus: (a) divides training 
data into clusters, computing center point of each cluster, (b) each of the cluster is trained and scaled so that 
each DNN learns all attributes of each of the subset, (c) test data applies previous cluster centers to detect 
outlier(s) by the pre-trained DNNs, and (d) output of each DNN is aggregated for the final result 
data/outliers. Proposed solution is divided into 3-steps namely: 
1. Step 1 divides data into train and test clusters or partitions. DNN stores computed cluster centers, used as 

initialization center(s) to generate test datasets. Dataset attributes are formatted as data-points for selected 
parameters, and the data-points in the training dataset are aligned into groups of same class. To improve 
the performance of the DNN, model revises cluster numbers (to between 2 to 6) and sigma values (i.e. 0.1 
to 1.0). Minimum distance from a data point to each cluster center is measured, and a data-point’s 
nearness to a cluster, assigns it to that cluster-class. Training sets generated by clusters are taken up as 
input to DNNs. For training, the number of DNNs equals number of clusters. DNN has five layers: an 
input, two-hidden, a softmax and output layer respectively. The hidden layers learn feats from each 
training subset, and the top layer is a five-dimensional output vector. Each training set generated from the 
kth cluster center is regarded as input data to feed into kth DNN respectively. Trained sub-DNN models 
are marked sub-DNN 1 to k. 

2. Step 2 uses test dataset to generate k-datasets with previous cluster center obtained from clusters in Step 
1. The test sub-dataset are denoted as Test 1 through Test k. 

3. Step 3: k-test data subsets are fed into k sub-DNNs, and were completed by the k training data subsets in Step 
1. Output of each sub-DNN is integrated as final output and employed to analyse positive detection rates. 

 
3. FINDINGS AND RESULT DISCUSSION 
 
3.1. Model Evaluation 

For performance evaluation, we compute classification rate and improvement percentages for the 
proposed model measured on the backdrop of benchmark models in both training and test dataset(s) – 
denoted by Equations 8 and 9 respectively; While, tables 2 and 3 yields summary of obtained values as thus: 
 

𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝑓𝐶𝐶𝑐𝐸𝐸𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶 𝑅𝐸𝐸𝐶𝐶𝐶𝐶 (𝑃𝑃𝑅) =  
𝑁𝐸𝐸. 𝐸𝐸𝑓 𝐼𝐶𝐶𝑐𝐸𝐸𝐶𝐶𝐶𝐶𝐶𝐶𝑐𝐶𝐶 𝑐𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶
𝑁𝐸𝐸.𝐸𝐸𝑓 𝑆𝐸𝐸𝑚𝐴𝐴𝐶𝐶𝐶𝐶 𝐶𝐶𝐶𝐶𝐶𝐶     (8) 

 

𝐼𝑚𝐴𝐴𝐶𝐶𝐸𝐸𝑣𝐶𝐶𝑚𝐶𝐶𝐶𝐶𝐶𝐶 𝑃𝑃𝐶𝐶𝐶𝐶𝑐𝐶𝐶𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶 =  
𝑃𝑃𝑅(𝐴𝐴) −𝑃𝑃𝑅(𝐵)

𝑃𝑃𝑅(𝐴𝐴)  𝑥 100     (9) 
 

Table 2. Summary Sheet For Benchmark Model(s) Versus Proposed Deep Learning 
 
Model 

Classification Errors Improvement Percentage  
Training Data Testing Data Training Data Testing Data 

Rule-Based (Pre-processor) 25.6% 21.1% 4.09% 4.79% 
PHMM 13.7% 10.2% 7.52% 8.45% 
GANN 21.3% 19.7% 6.03% 6.46% 
DNN 6.78% 3.27% 7.89% 9.01% 
PHMM-DNN 1.29% 1.09% 9.21% 9.83% 

 
Results in table 2 indicates that the hybrid PHMM-DNN outperforms both the rule-based, PHMM, GANN 
and DNN heuristics. This can be attributed to the fact that PHMM was used as a pre-processor rule support 
for the hybrid ensemble. The PHMM-DNN has a classification error rate of 1.09% (that is, the model’s 
capability to capture false-positives and true-negatives error rate); while classification error values for 
PHMM, GANN and DNN stood at 10.2%, 19.7% and 3.27% respectively. However, the various benchmark 
models of PHMM, GANN and DNN had promising improvement of about 8.45%, 6.46% and 9.01% 
respectively; while, our proposed model PHMM-DNN has an improvement percentage of 9.83%. Though, it 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 8 Issue 3, March 2021  

ISSN (Online) 2348 – 7968 | Impact Factor (2020) – 6.72 

www.ijiset.com  

145 
 

was observed that DNN outperforms PHMM, which in turn outperforms GANN – they all however, 
underperformed against our experimental model PHMM-DNN. This is in agreement with [41-43]. 
 
3.2. Discussion of Findings 

Hybrids are often difficult to implement as it generates its own range of complications that are due to the 
following: (a) encoding the data and its encoding conversion from one heuristics to another, (b) resolving conflicts 
of the data feats of interest from the underlying probability scores generated for each candidate solution, and lastly, 
(c) resolving the structural dependencies that are imposed on the heuristics by other features within the dataset that 
may or may not be contained therein from the outset. Thus, these conflicts must be adequately resolved in other for 
us to effectively and efficiently harness the benefits therein the model, exploit the numeric data and explore the 
domain problem space to yield an optimal solution [44-45]. Modelers must select the requisite parameter(s) to 
avoid model over-fitting. Encoded through the model’s structured learning, this will help address issues of 
statistical dependencies between the various heuristics used, highlight implications of such a multi-agent 
populated model as well as resolve conflicts in data feats of interest. Thus, as agents create/enforce their own 
behavioral rules on the dataset, hybridization should be able to curb this. 
 
4. CONCLUSION 

Models are useful fictions and representation of reality as their primary value is to serve as 
educational tools for insight to help us better understand and reflect upon reality. They can also serve as 
means to compile existing knowledge and be employed as the new language to communicate hypotheses. In 
model development, the study of its sensitivity analysis will further help modelers to reflect on theories for 
varying systems. Thus, we require that a detailed model should be reasonable and applicable – on a larger 
scale. For rainfall runoff, it is used to examine hypotheses about a catchment, and to investigate which 
parameter input are most crucial to be estimated accurately. We thus have a keen interest on a model’s 
application as a feedback mechanism; rather than its accuracy of the numeric agreement between its 
predictions and observations. Consequently, hybrid ensembles are valuable in comprehending such RR 
processes, and may not necessarily be suitable tool for concrete predictions. Only understood and 
manageable models are fully explored. There must be a balance for complexity and simplicity, which is 
crucial for studying RR processes. Thus, these recommendations are made:  
1. Parameters are a major source of uncertainty. Model should have input ranges as computed via Monte-

Carlo Integral methods. 
2. Multi-criteria training with adequate datasets can help to reduce parameter uncertainty. 
3. Prediction is of limited practical use, without clear data about reliability and accuracy. 
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