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Abstract  Flood control and water resources management are two critical tasks for hydrologists, and both heavily 
depend on accurate river water level forecasting. However, due to the intrinsic characteristics of water level series, it 
is difficult to achieve good forecasting accuracy. In Guinea, the forecasting of water level by physical models, and 
mathematical or data-driven models remains scarce. This study aims to implement for the first time in Guinea, the 
autoregressive integrated moving average (ARIMA) model and propose the improved complete ensemble empirical 
mode decomposition with adaptive noise (ICEEMDAN) coupled with sample entropy (SE) and combined with 
ARIMA model namely as ICEEMDAN-SE-ARIMA to forecast Diani River monthly water level in southern guinea. 
The water level data of Diani hydrological station from 2000 to 2022 were used, in which the water data from 2000 
to 2019 were used to build the models, and the data from 2020 to 2022 were used for validation. Seven statistical 
indices like Pearson’s coefficient, Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Symmetric Mean 
Absolute Percentage Error (sMAPE), Nash-Sutcliffe coefficient (NSCE), BIAS and Kolmogorov-Smirnov 
coefficient (DKS) are adopted to measure and compare the performance of the single ARIMA and ICEEMDAN-SE-
ARIMA hybrid models. The results indicate that: (1) during the study period, six pseudo-periodic functions and one 
nonlinear trend contribute differently to Diani water level series forecasting, indicating their complexity; (2) 
Compared to the single ARIMA model, the Pearson’s coefficient, DKS, BIAS, NSCE, RMSE, MAE and SMAPE of 
ICEEMDAN-SE-ARIMA were improved by 84.52%, 84.70%, 80%, 84.52%, 86%, 91%, 93%, and 80%, 
respectively; (3) ICEEMDAN-SE-ARIMA model outperformed the single ARIMA model. However, it seems that 
ICEEMDAN-SE-ARIMA model could be improved by combining ICEEMDAN-SE by other data-driven models. 
These findings are essential to enhance water resources management and flood mitigation in Guinea, mainly under 
climate change. 
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1. Introduction 

Accurate forecasting of river water is essential for 
effective flood mitigation and for understanding the 
dynamics of river regime changes evolution [1,2,3]. 
However, due to the inherent randomness and complexity 
of hydrological variables such as water level fluctuations, 
this task remains highly challenging [4,5,6,7]. In the 
existing literature, hydrological forecasting models are 
generally classified in two groups: physical models, and 
statistical or data driven models [8]. Physical models are 
based on deterministic equations, and require extensive 

input a great deal of data and parameter calibration [9], 
which are often lacking or incomplete in many developing 
regions. This is particularly true in Guinea, where 
hydrological datasets are typically scare or incomplete. As 
a result, the application of physical models remains 
limited.  In contrast, statistical models and data driven 
models require fewer parameters and input variables, 
making them more practical in data-scare contexts. 

In recent years, hydrological forecasting has 
increasingly relied on artificial intelligence (AI) algorithms 
[3,10,11,12,13,14]. Despite their potential, these models 
often struggle to achieve high accuracy when applied 
directly to raw hydrological time series due to the inherent 
nonlinearity, and sensitivity of such data to climatic and 
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anthropogenic influences [15,5,16,17,18]. To overcome 
these limitations, several studies recommend hybrid 
modeling approaches that combine AI techniques with 
signal decomposition methods [16,17,19,20]. Among these, 
the Ensemble Empirical Mode Decomposition (EEMD) and 
its enhanced variants such as the Complete EEMD with 
Adaptive Noise (CEEMDAN) are widely used. These 
decomposition techniques allow complex and noisy time 
series to be broken down into simpler, more stationary 
components without assuming a predefined trend structure. 
They effectively address problems like mode mixing and 
noise contamination, enabling better modeling and 
interpretation of hydrological data [21,22,23].  

In Guinea, accurate forecasting of hydrological 
variables such as river water levels has the potential to 
support not only flood management and water resource 
planning, but also gap-filing procedures in incomplete 
datasets. However, the implementation of both physical 
and statistical models remains limited. Physical modeling 
is particularly impractical due (1) the lack of long-term 
hydrological records, (2) frequent missing values in most 
time series, and the hydrological variables time series in 
most of the country’s rivers, and (3) a sparse monitoring 
network across the country. Moreover, despite the 
growing global adoption of hybrid decomposition-based 
models, no such study has yet been conducted in Guinea.  

In this context, combining an advanced decomposition 
method like ICEEMDAN with a statistical model such as 
Autoregressive Integrated Moving Average (ARIMA) 
appears promising. ARIMA performs well on stationary 
and linear series, while ICEEMDAN excels at 
decomposing complex, nonlinear, and nonstationary data 
into manageable components. Thus, a hybrid 
ICEEMDAN–ARIMA model could offer a robust solution 
for forecasting river water levels in Guinea. This study 
aims to develop and assess a hybrid ICEEMDAN–
ARIMA model for forecasting the monthly water levels of 
the Diani River, one of the largest rivers in southern 
Guinea. The next section presents the dataset and 
methodology. This is followed by a discussion of the 
results, and finally, the study’s conclusions are outlined. 

2. Materials and Methods 

2.1. Study Area and Data Description 
Diani River (Figure 1) is one of most important rivers 

in Guinea. It is located in the forest region, precisely in 
Macenta’s prefecture, sub-prefecture of N'zébéla. Among 
the rivers of southern Guinea, the Diani River is the only 
one equipped with a gauging station, located at the Diani 
Hydrological Station, approximately 4 km from N'Zébéla, 
along the national road connecting Macenta to N'Zérékoré. 
The river originates in a classified forest area near 
Vassérédou, along the Milo River, and serves as a natural 
boundary between Guinea and Liberia for nearly 50 km. 
Upon entering Liberian territory near Banié (Yomou 
Prefecture), it becomes known as the Saint Paul River. 
The Diani River watershed, one of the three main 
watersheds of Guinea Forest, covers a surface area of 
9,333 km2 and exhibits an average slope of 3.31m/km. Its 
strategic location and hydrological characteristics make it 

a critical component for regional water monitoring and 
trans boundary water management. 

 

Figure 1. Geographic location (a) of Guinea within Africa, (b) of 
forested Guinea within Guinea, (c) Macenta within forested Guinea, (d) 
N’zébéla within Macenta, (e) Diani River within N’zébéla 

From Figure 2, it can be seen that the water level time 
series from 2000 to 2020 at Diani hydrological station has 
certain inconsistent fluctuations, reflecting its strong 
variability. 

 
Figure 2. Temporal variation of monthly water levels measured at the 
Diani hydrological station from 2000-2022 

2.2. Methods 
2.2.1. Improved Complete EEMD with Adaptive Noise 

(ICEEMDAN) algorithm 
Improved Complete Ensemble Empirical Mode 

Decomposition with adaptive noise (ICEEMDAN), which 
is an improved version of the Ensemble Empirical Mode 
Decomposition (EEMD), is adopted in this study to 
decompose complex water level series into several 
intrinsic mode functions (IMFs) and one nonlinear trend. 
Compared to the original water level series, IMF 
components are less nonstationary or stationary [24]. For a 
given observed series y(t), the specific steps of the 
ICEEMDAN algorithm are as follows [23]: 

Step 1: Generate a new time series ( )ix t : 

 ( ) ( ) ( )0 1(i ix t y t E tβ η= +  (1) 

Where ( )i tη  is the ith zero-mean unit-variance white 
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Gaussian noise added; i is the number of times noise is 
added (i = 1, 2, …, m); 0β  ( 0 0β > ) denotes the level of 
added white noise or the noise factor and the operator 

(kE ・ ) generates the kth EMD component of the white 
noise ( )i tη .  

Step 2: Decompose fully ( )ix t  m times using the EMD 
algorithm to obtain the first residual and IMF of 
ICEEMDAN as follows: 

 ( ) ( )( )1 1
1 m

i iR t M x t
m == ∑  (2) 

  ( ) ( ) ( )1 1IMF t y t R t= −  (3) 

Where the operator M (·) represents the local mean of 
the envelope that satisfies the IMF sifting threshold same 
as EMD method 

Step 3: Compute the second IMF and residual of 
ICEEMDAN as follows 

  ( ) ( ) ( )2 1 2IMF t R t R t= −  (4) 

 ( ) ( ) ( )( )( )2 1 1 1 2
1 m

i iR t M R t E t
m

β η== ∑ +  (5) 

Step 4: Compute the kth IMF and residual of 
ICEEMDAN as follows: 

  ( ) ( ) ( )1k k kIM t R tF R t−= −  (6) 

 ( ) ( ) ( )( )( )1 1 k 1
1 m

k i k k iR t M R t E t
m

β η= − −= ∑ +  (7) 

Where ( )kR t  denotes the residual after the kth 
decomposition.  

Step 5: Finally, go to Step 4 for the next k, until the 
stop criterion is reached (i.e., the residue does not have at 
least two extreme points, or its amplitude is less than the 
threshold).  

Therefore, the observed series y(t) can be written as: 

 ( )  ( ) ( )
n

k
k

y t IMF t R t= +∑  (8) 

𝑅𝑅 (t) represents the nonlinear trend of the observed 
series y(t). In this study, m=1000, and k 0.2β = . 

2.2.2. Autoregressive Integrated Moving Average 
(ARIMA) 

ARIMA (p, d, q) model [25] consists of three parts: p-
autoregressive (AR) model, I(d) differential order and q-
moving average (MA) model. For a given time series 𝑋𝑋𝑡𝑡(t 
= 1, 2, 3,⋯, N), the structure of ARIMA (p, d, q) model is 
written as follows [26]: 

 

( ) ( )
( ) ( ) ( )

( )
2

Φ Θ

0, var , , 0,
, 0

d
t t

t t t s

s t

B x B

E E s t
E x s t

ε

ε ε σ ε ε
ε

 ∇ =
 = = = ≠
 = ∀ <

 (9) 

Where ( )1 dd B∇ = − , B is the  

delay operator; ( ) 1Φ 1 p
pB B Bφ φ= − − −  and 

( ) 1Θ 1 P
pB B Bθ θ= − − −  are a polynomial of all auto-

regression coefficients and of all moving average 
coefficients in the ARIMA model, respectively; 0q ≥ , 

0p ≥ ; tε  represents white noise subject to ( )20,N σ ;

( ),t sE ε ε  denotes the correlation between factors before 
and after the 𝜀𝜀𝑡𝑡  sequence. 

2.2.3. Sample Entropy 
Sample entropy (SE) algorithm developed by [27] is 

adopted to distinguish the complexity of each IMF and 
reconstruct IMF with similar entropy values. As in [28], 
the reconstruction of IMFs is done as follows: the IMFs 
with entropy > 0.35 are summed and named component1; 
the IMF with entropy between 0.005 and 0.008 are 
summed and named component2 and the IMF with 
entropy < 0.005 are summed and named component3. The 
nonlinear trend obtained from ICEEMDAN is not 
concerned by the reconstruction. 

For a given time series 𝑋𝑋𝑡𝑡(t = 1, 2, 3,⋯, N), and a real 
number r > 0. In this study r is the standard deviation of 
the original series. The computation steps of SE are as 
follows: 

Step 1: compute the dimension between the vector 𝑋𝑋𝑖𝑖 
and 𝑋𝑋𝑗𝑗 is defined as: 

 
( ) ( )

( ) ( )( )1,2, ,

,

max 1 1

m m

k m

d X i X j

X i k X j k=

=  

+ − − + −


 (10) 

Step 2: Compute the average value 𝐵𝐵𝑚𝑚 (𝑟𝑟) 

( )

( ) ( )( )( )1,
1

,

1

N m
m mN m j j i

j
m

nbt d X i X j r

N m
B r

N m

−
− ≠ ≠
=

 ≤   
 − − 
 =

−

∑
∑

 

 (11) 

Step 3: Compute the average value ( )mA r  

( )

( ) ( )( )( )1 11,
1

,

1

N m
m mN m j j i

j
m

nbt d X i X j r

N m
A r

N m

−
+ +− ≠ ≠

=

 ≤   
 − − 
 =

−

∑
∑

 

 (12) 

Where nbt represents the number of times that the 
condition is verified. 

Step 4: Compute SE as follows 

 ( ) ( )
( )

, lim ln
m

mN

A r
SE m r

B r∞→

  
  = −

    
 (13) 

Where 𝑚𝑚 indicates the embedding dimension, and r 
represents the conditional threshold. 

2.2.4. Combined model based on ICEEMDAN-SE-
ARIMA 

Figure 3 shows the flowchart of the combined 
ICEEMDAN-SE-ARIMA forecasting model. In the 
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forecasting process, data of 2000-2019 period were used as training sets and those of 2020-2022 as test sets. 

 
Figure 3. Flowchart of the combined ICEEMDAN-SE-ARIMA forecasting model and this study 

2.2.5. Performance Evaluation Criteria  
Seven statistical metrics: (a) Root Mean Square Error 

(RMSE), (b) Mean Absolute Error (MAE), (c) 
Symmetric Mean Absolute Percentage Error (sMAPE), 
(d) Nash–Sutcliffe coefficient (NSCE), (e) BIAS, (f) 
Pearson’s coefficient and (g) the Kolmogorov-Smirnov 
coefficient (DKS) are used to measure and compare the 
forecasting accuracy. The range of RMSE, MAE and 
SMAPE is (0, +∞) and the smaller the RMSE, MAE, 
SMAPE value is, the higher the accuracy of the 
forecasting model. The perfect value of RMSE, MAE 
and SMAPE is 0, suggesting that the forecasting model 
is perfect [29,30,31]. If the value of SMAPE is greater 
than 100%, this means that the forecasting model is very 
poor. The range of NSCE is (-∞, 1) and the perfect value 
of NSCE is 1, suggesting perfect agreement between the 
forecasted results and the observed data [4]. The range of 
BIAS is (-∞, +∞) and its perfect value is 0. A positive 
value suggests an overall high-water level, while a 
negative value suggests a low water level [4]. DKS 
evaluates similarity between the distribution of 
forecasted and observed water level. The DKS varies 
from 0 (for identical distributions) to 1 (for distributions 
that do not even overlap) [32]. 

RMSE, MAE, SMAPE, NSCE and BIAS formulas are 
as follows: 

 ( ) ( )( ) 22
mod1

1
1

obs
n
iRMSE W i W i

N =
 = − 
 

∑  (14) 

 ( ) ( )1 mod
1 n

i obsMAE W i W i
N == ∑ −  (15) 

 
( ) ( )
( ) ( )

mod
1

mod

1 200* obsn
i

obs

W i W i
SMAPE

N W i W i=
 −

= ∑   + 
 (16) 

 
( ) ( )( )
( ) ( )( )

2
1 mod

2
1

1
n
i obs
n
i obs obs

W i W i
NSCE

W i W i

=

=

∑ −
= −

∑ −
  (17) 

 
( ) ( )( )

( )
mod

1

obs
n
i obs

W i W i
BIAS

W i=

−
=

∑
 (18) 

Where modW  and obsW  are respectively are the 
forecasted and observed of water level at time i, 
respectively; N is the length. 

DKS is computed as follows [32]: 

 ( ) ( )supx a bDKS F x F x= −  (19) 

Where ( )aF x  and ( )bF x  are cumulative distribution 
functions of the sample A et B, respectively, while, supx  
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stands for supremum of the set of distances, which means 
the largest value over all possible values of x . 

3. Results  

As illustrated in Figure 4, six intrinsic mode functions 
(IMFs) and one nonlinear trend characterized the multi-
scale variability of water level series measured during 
2000-2022 period at Diani. Thus, six pseudo-periodic 
functions and one nonlinear trend contribute differently to 
Diani water level series forecasting. Sample entropy 
values of each IMF (not shown) indicate that the IMFs can 
be grouped in three components: component1 
(IMF1+IMF2), component2 (IMF3+IMF4) and component3 
(IMF5+IMF6). 

 
Figure 4. ICEEMDAN decomposition of monthly water level from 2000 
to 2022 at Diani hydrological station 

Figure 5 presents the forecasting results when the single 
ARIMA model is used. The forecasting results is 
compared with the test sets (Figure 5b). It can be clearly 
observed from Figure 5b that qualitatively, ARIMA model 
forecasts well the shape and trend of test sets. Thus, the 
forecasted data with the single ARIMA model seem to be 
in sync with the test sets. However, quantitatively ARIMA 
model either underestimates or overestimates the test sets.   

 
Figure 5. (a) Forecasting results of the single ARIMA model. (b) 
Comparison of test sets and forecasted values 

Comparison of component1(IMF1+IMF2), component2 
(IMF3+IMF4) and component3 (IMF5+IMF6) with their 
forecasted values by using ICEEEMDAN-SE-ARIMA 
model is depicted in Figures 6, 7, 8 and 9 respectively. In 
these figures the red line shows the forecasted records, 
while the green line is the original records. From these 
figures, it can be noted that the forecasted time series of 
component1, component2, component3 and nonlinear 
trend are in sync and in high agreement (except for 
component1) with their corresponding original time series. 
Moreover, the red line is generally close to the green line, 
suggesting that the forecasting of component1, 
component2, component3 and the nonlinear trend by 
ICEEMDAN-SE-ARIMA accord with the observation. 
Thus, it seems that the ICEEMDAN-SE-ARIMA model 
forecasts the components and the intrinsic nonlinear trend 
of water level at Diani hydrological station with small 
forecasting errors. 

 
Figure 6. (a) Forecasting results of ICEEMDAN-SE-ARIMA model. (b) 
Comparison of component1 (IMF1+IMF2) with its forecasted values 
using ICEEMDAN-SE-ARIMA model 

 
Figure 7. (a) Forecasting results of ICEEMDAN-SE-ARIMA model. (b) 
Comparison of component2 (IMF3+IMF4) with the forecasted values 
using ICEEMDAN-SE-ARIMA model 
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Figure 8. (a) Forecasting results of ICEEMDAN-SE-ARIMA model. (b) 
Comparison of component3 (IMF5+IMF6) with its forecasted values 
using ICEEMDAN-SE-ARIMA model 

 
Figure 9. (a) Forecasting results of ICEEMDAN-SE-ARIMA model. (b) 
Comparison of nonlinear trend of the observed series with its forecasted 
values using ICEEMDAN-SE-ARIMA model 

Figure 10 displays the boxplot of the forecasting error 
obtained from ICEEMDAN-SE-ARIMA model and single 
ARIMA model. It can be seen from this figure that the 
single ARIMA model has a large forecasting error 
compared to ICEEMDAN-SE-ARIMA model. Thus, the 
forecasting error of the single ARIMA model is larger 
than ICEEMDAN-SE-ARIMA model ones. 

 
Figure 10. Box plot of the forecasting error obtained with ICEEMDAN-
SE-ARIMA model and the single ARIMA model 

Table 1 presents the Pearson coefficient and the 
associated lower and upper bound of 95% confidence 
interval of the monthly water level forecasting by 
ICEEMDAN-SE-ARIMA model and the single ARIMA 
model. It can be clearly observed from Table 1 that the 
Pearson coefficient of the both models vary from 0.70 to 
0.85 with positive lower and upper bound of 95% 
confidence interval, indicating that the correlation 
between observed and forecasted data are statistically 
significant at the 95% confidence level, regardless of the 
models. These findings suggest that ICEEMDAN-SE-
ARIMA and the single ARIMA model present a good 
capacity to replicate Diani River water level patterns. 
However, ICEEMDAN-SE-ARIMA model presents the 
highest and strong Pearson’s coefficient suggesting that 
ICEEMDAN-SE-ARIMA model explains much better a 
greater percentage of the variability in the observed water 
levels than the single ARIMA and presents a better fit 
between forecasting and observation. Thus, it seems that 
the forecasting performance of ICEEMDAN-SE-ARIMA 
model is better than the single ARIMA ones. 

Table 1. Pearson correlation 

Model Pearson 
coefficient 

Lower bound 
of 95% 

confidence 
interval 

Upper bound 
of 95% 

confidence 
interval 

ICEEMDAN-SE-
ARIMA 

0.84 
 

0.71 

0.62 
 

0.54 

0.89 
 

0.85 ARIMA 
 
Table 2 summarizes the evaluation indexes for 

forecasting performance of the monthly water level 
forecasting by ICEEMDAN-SE-ARIMA model and the 
single ARIMA model. 

Table 2. Evaluation Indexes for Forecasting Performance 

Model RMSE MAE SMAPE NSCE BIAS DKS 
ICEEMDAN-
SE-ARIMA 

31.24 
 
 

34.08 

22.50 
 
 

27.83 

7.33 
 
 

7.89 

0.57 
 
 

0.49 

0.016 
 
 

0.020 

0.11 
 
 

0.17 ARIMA 

 
It can be seen from Table 2: 
(1).  ICEEMDAN-SE-ARIMA model has lower DKS 

value than the single ARIMA model. Thus, based 
on the fact DKS evaluates similarity between the 
distribution of forecasted and observed water level, 
it is clear that compared to the single ARIMA 
model, the distribution of forecasted by 
ICEEMDAN-SE-ARIMA is more identical to 
observed ones. Therefore, ICEEMDAN-SE-
ARIMA model represents better the distribution of 
water level at Diani than the single ARIMA model. 
However, the DKS value of ICEEMDAN-SE-
ARIMA (0.11) is not very close to zero, suggesting 
that this model could be more improved. 

(2).  The BIAS values for ICEEMDAN-SE-ARIMA 
and the single ARIMA models are 0.016 and 0.020, 
respectively. Thus, positive BIAS values are 
obtained for the both models, suggesting an overall 
high water level compared to the observed data. 
However, the BIAS value of the ICEEMDAN-SE-
ARIMA model is below 0.2 and reduced by 80% 
compared to the single ARIMA model. Therefore, 
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ICEEMDAN-SE-ARIMA model achieves the 
highest accuracy in terms of BIAS. 

(3).  The NSCE values for the single ARIMA model 
are positive and below 0.5, while it is positive and 
above 0.55 for the ICEEMDAN-SE-ARIMA 
model. Furthermore, compared to the standalone 
ARIMA model, the NSE is improved by 86%. 
These results suggest good agreement between the 
forecasted results and the observed data for 
ICEEMDAN-SE-ARIMA model compared to the 
single ARIMA model. Thus, the ICEEMDAN-SE-
ARIMA model performs best in terms of NSCE.  

(4).  Compared with the single ARIMA model, RMSE, 
MAE and SMAPE of ICEEMDAN-SE-ARIMA 
model are lower than that ARIMA model. 
Moreover, compared to the standalone ARIMA 
model, the RMSE, MAE and SMAPE of 
ICEEMDAN-SE-ARIMA model is reduced by 
91%, 93% and 80% respectively. These findings 
suggest that ICEEMDAN-SE-ARIMA model has 
lower prediction error metrics and the highest 
prediction accuracy compared to the single 
ARIMA model. 

4. Discussion 

Overall, the findings demonstrate that the ICEEMDAN-
SE-ARIMA model consistently outperforms the ARIMA 
model in water level forecasting. However, it seems that 
replacing ARIMA by others artificial intelligence (AI) 
algorithms or data-driven model could improve the 
forecasting. Thus, our findings demonstrate and confirm 
that coupling artificial intelligence (AI) algorithms or 
data-driven models with data decomposition techniques 
enhances the accuracy of water level forecasting 
compared to using AI algorithm or data-driven model 
alone. Although our findings could not be compared to 
others studies, as research on forecasting of hydrological 
parameters remains scarce in Guinea and has received 
limited attention in West African. However, the results 
may be qualitatively compared with previous studies 
conducted in other parts of the world. Our findings related 
to the impact of data decomposition technique on the 
improvement of forecasting are consistent with the results 
reported on hydrological variables by [16,17,10,33,34] 
[35,36,37,38,39,30,15]. 

5. Conclusions 

This study aims to implement the autoregressive 
integrated moving average (ARIMA) model and to 
develop and assess a hybrid ICEEMDAN-SE-ARIMA 
model, which combines the improved complete ensemble 
empirical mode decomposition with adaptive noise 
(ICEEMDAN) coupled with sample entropy (SE) and 
ARIMA to forecast the monthly water levels of the Diani 
River, one of the largest rivers in southern Guinea. The 
monthly historical water level data of Diani hydrological 
station from 2000 to 2022 were used, in which the water 
level data from 2000-2019 period were used to build the 
models, and the data from 2020 to 2022 were used as 

validation set. Seven statistical indices like Pearson’s 
coefficient; Root Mean Square Error (RMSE); Mean 
Absolute Error (MAE); Symmetric Mean Absolute 
Percentage Error (sMAPE); Nash-Sutcliffe coefficient 
(NSCE); BIAS and Kolmogorov-Smirnov coefficient (DKS) 
are adopted to measure and compare the performance of the 
single ARIMA and ICEEMDAN-SE-ARIMA hybrid 
models. The following conclusions are drawn. 

(1).  Six pseudo-periodic functions and one nonlinear 
trend characterize Diani water level series 
variation. This indicates that the studied water 
level series show strong nonstationary and 
nonlinear characteristics, which contribute 
differently to Diani water level series forecasting; 

(2).  Compared to the single ARIMA model the: 
(i).  Pearson’s coefficient of ICEEMDAN-SE-

ARIMA were improved by 84.52%, indicating 
its superiority in identifying and recreating the 
dynamics and patterns of validation data.  

(ii).  DKS of ICEEMDAN-SE-ARIMA were 
improved by 84.70%, indicating its superiority 
in reducing the largest difference between the 
empirical cumulative density function of the 
forecasted and observed data.  

(iii).  NSCE of ICEEMDAN-SE-ARIMA were 
improved by 84.52%, suggesting its better 
performance.  

(iv).  RMSE, MAE and SMAPE of ICEEMDAN-
SE-ARIMA were improved by 91%, 93%, and 
80%, respectively, indicating its high 
forecasting precision. 

(3).  DKS, BIAS, NSCE, RMSE, MAE and SMAPE 
(Pearson’s coefficient) of ICEEMDAN-SE-
ARIMA model are smaller (greater) than those of 
the single ARIMA model. Therefore, 
ICEEMDAN-SE-ARIMA gives a better 
performance and high forecasting precision than 
the single ARIMA model. Thus, the decomposition 
of the original water level series enhances their 
forecasting at Diani station in southern Guinea. 
However, the ICEEMDAN-SE-ARIMA model 
proposed in this study need to be improved 
because is BIAIS is positive. Our future research 
will focused on the improving of this model. 
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