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Abstract. This study combined ANFIS with a bacterial foraging optimization 

algorithm (ANFIS-BFO) to predict the daily suspended sediment concentration 

based on the daily series data observed at the Rio Valenciano hydrological sta-

tion near Puerto Rico, USA. Meanwhile, ANFIS with grid partition (ANFIS-

GP), ANFIS with subtractive clustering (ANFIS-SC), ANFIS with fuzzy c-

means clustering (ANFIS-FCM), artificial neural network (ANN), and the sed-

iment rating curve (SRC) are utilized for the prediction of the same flow dis-

charge-suspended sediment concentration (SSC) daily series data. The root 

mean square error (RMSE), mean root square error (MRSE), and coefficient of 

determination (R2) were adopted as the evaluation indicators of the prediction 

performance of each model. According to the different settings of the input and 

output variables, the predictions for four different scenarios were carried out. 

The comparative analysis results show that we can gain the best prediction re-

sults when the current day's flow discharge is used as the input and the current 

day's SSC is used as the output for the hydrological station in the study area. 

For the Rio Valenciano Station, the MRSE value of the ANFIS-BFO, ANFIS-

FCM, ANFIS-GP, ANFIS-SC, ANN, and SRC is, respectively, 2.2172, 2.5389, 

2.6627, 2.7549, 2.7994 and 3.7882. It can be inferred that ANFIS-BFO embod-

ies better prediction results than all other models. ANFIS-SC and ANFIS-FCM 

have slightly superior prediction performance to ANFIS-GP. ANFIS-GP, 

ANFIS-SC, and ANFIS-FCM have slightly superior prediction performance to 

ANN. 

Keywords: Bacterial foraging optimization algorithm, ANFIS, ANN, suspend-

ed sediment, modeling 

© The Author(s) 2023
D. Li et al. (eds.), Proceedings of the 2023 9th International Conference on Architectural, Civil and Hydraulic
Engineering (ICACHE 2023), Advances in Engineering Research 228,
https://doi.org/10.2991/978-94-6463-336-8_23

https://doi.org/10.2991/978-94-6463-336-8_23
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-336-8_23&domain=pdf


1 Introduction 

Great emphasis has been attached to increasing the accuracy of the river suspended 
sediment concentration (SSC) prediction due to its remarkable impacts on the reser-
voir's functional life evaluation, river geomorphological evolution analysis, riverbed 
stability analysis, and river ecological environment evaluation[1]. The underestima-
tion of sediments may cause excessive silting of deposits in the reservoir or channel, 
affecting the reservoir's useful life and riverbed stability, thus threatening the life and 
property safety of people living along the rivers. Contrarily, an overestimation of 
sediments could cause the unreasonableness of reservoir design and further under-
mine the economic benefits of the reservoir. Moreover, residues could also affect the 
ecological environment along the rivers, particularly when the sediments contain pol-
lutants[2]. The earliest methods for predicting river SSC are empirical ones, whose 
prediction precision can hardly be guaranteed due to the complexity of input parame-
ters[3-4]. Therefore, to enhance river SSC prediction accuracy, water resource scien-
tists and hydrological engineers have devoted themselves to finding new prediction 
methods. 

Among all empirical approaches, SRC has been widely used to predict the river 
SSC[5]. In recent years, as the development of computer science enables modeling of 
data with nonlinearity and allows convenient model operation, artificial neural net-
work (ANN) and adaptive neural fuzzy inference network (ANFIS) have become two 
mainstream intelligent prediction models for hydrological forecasts, such as predic-
tion of SSC[6-12].  

To boost their performances, ANN and ANFIS are coupled with different data pro-
cessing methods and intelligent optimization algorithms[13-19].This paper aims to 
construct a new model (ANFIS-BFO) combining ANFIS and the bacterial foraging 
optimization algorithm for SSC prediction with the flow- SSC daily series data ob-
served at Rio Valenciano and Quebrada Blanca hydrological stations near Puerto Rico 
in the USA. In addition, the ANFIS model with three different clustering methods, 
including ANFIS-GP, ANFIS-SC, ANFIS-FCM, as well as ANN and SRC, are em-
ployed in this study for modeling prediction and compared with the results of ANFIS-
BFO. This paper includes five sections. Section two illustrates the methods, including 
ANN, ANFIS, BFO, and ANFIS-BFO. Section three summarizes the situation of the 
study area in this paper and the statistical analysis of the data. Section four demon-
strates the prediction results of various models and comparative analysis results. The 
last section is the conclusion. 

2 Case study  

The flow discharge and SSC daily series data observed at the Rio Valenciano hydro-
logical station of the USGS at and near Jaguar are utilized in this study. The catch-
ment area where the hydrological station is located covers 43.57 km2, and the gauging 
datum is 98 m above sea level. The flow discharge and SSC daily series data observed 
at the hydrological station are retrieved from the website of the USGS. The data used 
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to train the models are from January 1, 1994, to December 31, 1994. The data from 
January 1, 1995, to December 31, 1995, are adopted for testing. Table 1 lists the sta-

tistical parameters for discharge and SSC of the Rio Valenciano Station. xS
 
means 

standard deviation, meanx
 
represents the average, vC  is coefficient of variation, and 

sxC is coefficient of deviation. According to Table 1, we notice that the flow and 

sediment data manifest a distribution of high skewness. All statistical parameters 
suggest a complex nonlinear relation between flow discharge and SSC. 

Table 1. Statistical parameters of daily data observed at the Rio Valenciano Station 

Data Set Station 
Basin 
Area 
(km2) 

Data Type meanx  
xS  vC

 
sxC  maxx

 
minx

 

Training 
Rio Valen-

ciano 
43.57 Flow (m3s-1) 0.55 2.01 3.65 14.44 35.113 0.0396 

   Sediment (mgl-1) 40.56 109.5 2.70 7.44 1200 2 

Testing 
Rio Valen-

ciano 
43.57 Flow (m3s-1) 1.05 2.40 2.29 5.97 24.636 0.0510 

   Sediment (mgl-1) 68.56 141 2.06 4.44 1090 2.5 

3 Application and discussion 

3.1 Methodology 

This study uses different combinations of the current day flow discharge tQ , previous 

day flow discharge 1-tQ , and previous day SSC 1-tS as inputs to train MLP, RBNN, 

GRNN, ANN-IGA, and previous ANN-PSO to evaluate the current day SSC. The 
input combinations of the SSC prediction model for these two hydrological stations 

include respectively i) tQ ; ii) tQ , 1tQ  ; iii) tQ , 1tS  ; and iv) tQ , 1tQ  , 1tS  .  

RMSE, MRSE, and R2 were used as criteria for model prediction performance. 
Their respective calculation formulas are as follows: 

 
, ,

2

1

1
measured i predicted i

n

t t
i

RMSE S S
N 

     (1) 

 
, ,

2

1

1
measured i predicted i

n

t t
i

MRSE S S
N 

     (2) 

 
, ,

, ,

, ,

2

2 1

2
1

1

1
1 ,

measured i predicted i

measured i measured i

measured i measured i

N

t t N
i

t tN
i

t t
i

S S
R S S

NS S







  
  

  





 (3) 

Prediction of Suspended Sediment Concentration Using ANFIS             211



where N refers to the quantity of specimen. 
,measured itS  and 

,predicted itS refer to the actual 

measured and predicted value for the i-th specimen, respectively. 

3.2 Results 

The prediction results of all models are shown in Table 2. We can note that, for all 
combinations, the performance of ANFIS-BFO is better than that of three unopti-
mized ANFIS models. In addition, ANFIS-SC and ANFIS-FCM exhibit higher per-
formance than ANFIS-GP, and ANFIS-FCM is slightly better than ANFIS-SC. It can 
also be noted that all intelligent models display more robust prediction performance 
than the traditional SRC. Regarding the input combination i, the MRSE values of the 
ANFIS-BFO, ANFIS-FCM, ANFIS-SC, ANFIS-GP, ANN, and SRC are respectively 
2.2172, 2.5389, 2.6627, 2.7549, 2.7994 and 3.7882; the RMSE values are respectively 
42.3601, 48.5063, 50.2009, 52.6325, 53.4817 and 88.5519. 

Figure 1 presents the comparison diagrams and scatter plots about the SSC predict-
ed value and measured values of all models under input combination i. We could infer 
from the scatter plot and the R2 value of the fitting curve of each model that ANFIS-
BFO embodies superior prediction performance to all other models. The R2 value is 
0.9251. At the same time, SRC demonstrates the worst prediction results, with 
the R2 value at 0.8304. The prediction performances of ANFIS-FCM, ANFIS-SC, 
ANFIS-GP, and ANN are in between, with the R2 values at 0.9068, 0.9002, 0.8940, 
and 0.8822. As shown in the SSC prediction-measured value comparison diagrams of 
each model, the prediction values of ANFIS-BFO more closely approximate the 
measured values than all other models, particularly for high values (>500 mg/l). 

Table 3 lists the errors of the peak prediction value (>500 mg/l) of all models. As 
shown in the table, regarding all input combinations, ANFIS-BFO manifests better 
performance for peak value prediction than all other models. Concerning the input 
combination i, the prediction value of ANFIS-BFO for the maximum peak of 1090 
mg/l is 1127 mg/ll, overestimating by 3.4%. Comparatively, the prediction values of 
ANFIS-FCM, ANFIS-SC, ANFIS-GP, ANN, and SRC are respectively 1171 mg/l, 
1181.2 mg/l, 1192.6 mg/l, 987.45 mg/l, and 874 mg/, suggesting that ANN and SRC 
register an underestimation by 9.4% and 19.8%. ANFIS-FCM, ANFIS-SC, and 
ANFIS-GP embody an overestimation of 7.43%, 8.37%, and 9.41%. With respect to 
the second maximum peak of 1020 mg/l, the prediction value of ANFIS-BFO is 
1070.47, with an overestimation of 4.95%. The prediction values of ANFIS-FCM, 
ANFIS-SC, ANFIS-GP, ANN, and SRC are respectively 1098, 1104.2, 1119.2, 
967.16, and 674.1. ANN and SRC underestimate the value by 5.1% and 33.9%, and 
ANFIS-FCM, ANFIS-SC, and ANFIS-GP overestimate the value by 7.65%, 8.25%, 
and 9.73%. 

Table 2. Comparison of testing performances of all models for Rio Valenciano station 

Model 
Inputs 

 
ANFIS-

BFO 
   

ANFIS-
FCM 

   
ANFIS-

SC 
  

  MRSE RMSE R2  MRSE RMSE R2  MRSE RMSE R2 

tQ  
 2.2172 42.3601 0.9251  2.5389 48.5053 0.9068  2.6627 50.2009 0.9002 
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tQ and
1tQ 

 
 2.3321 43.2031 0.9107  2.5423 48.8210 0.9031  2.6951 50.4542 0.8987 

tQ and
1tS 

 
 2.3731 43.8123 0.9034  2.5843 48.9521 0.9032  2.6861 50.7123 0.8979 

tQ ,
1tQ  and

1tS 
 

 

2.4125 44.2132 0.9012 

 

2.6334 49.0234 0.9021 

 

2.7031 51.2642 0.8997 

  
ANFIS- 

GP 
   ANN    SRC 

  

tQ  
 2.7549 52.6325 0.8940  2.7994 53.4817 0.8822  3.7882 88.5519 0.8304 

tQ and
1tQ 

 
 2.7913 52.871 0.8987  2.8351 54.1542 0.8762     

tQ and
1tS 
 

 2.7842 52.912 0.8869  2.8561 55.0123 0.8654     

tQ ,
1tQ 

and

1tS 
 

 

2.7715 52.220 0.8969 

 

2.9431 56.5642 0.8465 
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Fig. 1. Observation values and prediction values of each model in the testing stage for Rio 
Valenciano station 

Table 3. Comparison of prediction peak values of all models for Rio Valenciano station 

Observed 
Sediment 

Peaks 

ANFIS-
BFO 

ANFIS-
FCM 

ANFIS-
SC 

ANFIS- 
GP 

ANN SRC 
Relative 
Errors 
(%) 

     

       
ANFIS-

BFO 
ANFIS-

FCM 
ANFI
S-SC 

ANFI
S- 
GP 

ANN SRC 

1090 1127 1171 1181.2 1192.6 987.45 874 3.4 7.43 8.37 9.41 -9.4 -19.8 

1020 1070.47 1098 1104.2 1119.2 967.16 674.1 4.95 7.65 8.25 9.73 -5.1 -33.9 

971 847.6 807 802 786 751 276 -12.7 -16.88 -17.4 -19.1 -22.6 -71.5 

831 855 901 918 929 948 789.3 2.9 8.4 10.5 11.8 14.1 -5 

755 811.7 824.3 815.1 832.4 904 461.3 7.5 9.2 7.96 10.25 19.7 -38.9 

712 750.7 759.3 752.7 764.9 855.12 419.6 5.43 6.64 5.71 7.42 20.1 -41 

690 774 792.7 787 804.7 895.8 451.4 12.2 12.9 14.1 16.6 29.8 -34.6 

595 485.9 461.5 452.8 446 424 220 -18.3 -22.4 -23.8 -25 -28.7 -63 

4 Conclusion  

We put forward an ANFIS-BFO model utilizing the bacterial foraging optimization 
algorithm to seek the optimal structural parameters for ANFIS. ANFIS-BFO is built 
and trained with the flow discharge and SSC series data observed in the study area. A 
comparison of the three indicators of all models reveals that ANFIS-BFO has superior 
prediction performance to all other models. ANFIS-SC and ANFIC-FCM demonstrate 
slightly better prediction performance than ANFIS-GP. Three ANFIS models are 
slightly superior to ANN. The prediction peak values of all input combinations among 
the models are compared. The results suggest that ANFIS-BFO embodies a more 
robust prediction performance than all other models. The R2 of each model in terms 
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of all combinations is compared, disclosing that the prediction values of ANFIS-BFO 
more closely approximate the actual values than all other models.  

In this study, BFO is used to seek the optimal structural parameters of ANFIS. 
Other optimization algorithms, such as the differential evolution algorithm, flower 
pollination algorithm, and tabu search algorithm, may replace BFO for refining the 
optimal structural parameters of ANFIS. The comparison between the results of this 
study and the prediction performances of other algorithms for seeking the optimal 
structural parameters of ANFIS needs to be further investigated.  
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