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ABSTRACT 
The free surface constructed wetland (FSCW) is considered to be a low-cost alternative to 

remove a high portion of the nitrogenous components from the wastewater. To assess nitrogen 

removal in FSCW, 11 water quality variables were collected twice a month from 17 sampling 

stations for 13 months. The hierarchical cluster analysis classified the FSCW into three clusters 

with similar characteristics. A discriminant function analysis was employed to develop linear 

discriminant functions among the clusters. The result showed that the Cluster-I with less area 

and high load of nitrogenous components didn’t remove the nitrogen significantly, whereas 

the Cluster-II with higher concentration of plants reduced a significant portion of nitrite 

(48%). Due to combination of nitrification and denitrification processes, the Cluster-III with 

no emerged plants removed a high portion of nitrate (47%) and ammoniacal nitrogen (38%). 

The wetland removed a high percentage of nitrite (80%), nitrate (62%) and ammoniacal 

nitrogen (51%). 

 

KEYWORDS 
Free surface wetland, nitrogen removal, cluster analysis, discriminant analysis, pollution 
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INTRODUCTION 
Due to low concentration of plant and vegetation in municipal area, the industrial runoff 

with high pollution discharge into natural water. The Free Surface Constructed Wetlands 

(FSCW) is recognized as low energy green-technique with a high ability to decrease various 

nutrients and pollution in wastewater (Kadlec and Wallace, 2008; Vymazal, 2007). The 

FSCW closely is similar to natural wetlands with a combination of open water and emergent 

plants rooted in the soil as macrophyte area. In the Malaysia, the FSCW is recommended as a 

part of Storm water Management Manual for treatment of storm water runoff (Zakaria et al. 

2003; Asmaliza et al., 2013). Generally, three parts can be recognized in the FSCW, the inlet, 

macrophyte and open water area or micropool (Zakaria et. al, 2003). The FSCW reduces the 

different kind of contaminants such as organic matter, inorganic matter, trace organics and 

pathogens (US EPA, 2000). The wastewater is treated by a combination of several processes 

such as sedimentation, oxidation, adsorption, filtration, digestion, reduction, and precipitation 

(US EPA, 2000). The macrophyte is a main part of FSCW with a large number of processes, 

i.e. retention of pollutants, control of water flow, biochemical transformations and 

stimulation of microbial activity (García-Lledó et al., 2011). 
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The performance of FSCW to enhance water quality and reduce runoff pollution was 

reported in several studies (Brix, 1997; Shaharuddin et al. 2013; Zhang et al., 2012). The 

FSCW with high ammonium load is achieved to remove nitrogen by alternate nitrification 

and denitrification (Johnston, 1991; Vymazal, 2001). Both processes are basically due to 

microbial activities, but demand for the coexistence of almost opposite environmental 

conditions. The aerobic autotrophic bacterias with ability to oxidize ammonia and nitrite have 

a relatively slow growth and metabolic rates (Hauck, 1984). On the contrary, denitrifiers 

show higher growth rates and are generally facultative heterotrophic bacteria (Zumft, 1997). 

 

The multivariable statistical analysis is a robust tool to recognize the performance of 

wetlands on pollution removal. Since the number of water quality variables (WQVs) is quite 

extensive then a robust spatial analysis such as the principal factor analysis (PFA), 

hierarchical cluster analysis (HACA) and discriminant function analysis (DFA) are necessary 

to interpret the relation between physical-chemical parameters (Simeonov et al., 2002; Singh 

et al., 2004; Gazzaz et al., 2012).  

 

In this study, the HACA was used to categorize the FSCW into different clusters with 

similar characteristics. The discriminant function analysis (DFA) was employed to verify the 

result of HACA and develop linear discriminant functions between the clusters. Finally, the 

ability of each cluster to remove nitrogen components (nitrate, nitrit and ammuniacal 

nitrogen) were assessed in the wetland clusters. 

 

MATERIALS AND METHODS 
The FSCW in the Universiti Sains Malaysia (USM) is selected as a case study in this 

research. The wetland is located between latitudes 100°29.5’ south and 100°30.3 north and 

between longitudes 5° 9.4’ east and 5° 8.5’ west. The USM landscape is covered by oil palm 

plantation with an area about 320 acre (Shaharuddin et al. 2013);  it have been designed 

based on Stormwater Management Manual for Malaysia (Zakaria et al., 2003).The sampling 

was carried twice a month from December 2010 to December 2011 (thirteen months). 

Seventeen stations were selected to collect the data in the wetland which were included, inlet, 

six stations in macrophyte zone (W1 to W6), nine points in micropool (MA1 to MC3), and 

outlet (Figure 1).  

 

Totally, 11WQVs were collected in each sampling station, including temperature, pH, 

dissolved oxygen (DO), conductivity, total suspended solid (TSS), nitrite, nitrate, 

ammoniacal nitrogen (AN), biochemical oxygen demand (BOD), chemical oxygen demand 

(COD), and phosphate. The sampling stations were selected to consider all rang of plants and 

the water depth (Table 1). Table 2 indicates statistical parameters of WQVs in the wetland. 
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Figure 1. Sampling point in the USM wetland 

 

Table 1: plant species and the water depth in the USM wetland 

Site Wetland plant species 
Water depth 

(m) 

W1 Dominant: Hanguana malayana, Lepironia articulata 0.25-0.3 

W2 Dominant: Hanguana malayana, Typha angustifolia 

Less dominant: Scirpusgrossus 

0.27-0.32 

W3 Dominant: Lepironia articulata, Eleocharisvariegata 

Less Dominant: Eriocaulonlongifolium 

0.51-0.62 

W4 Dominant: Hanguana malayana, Lepironia articulata, 

Eleocharisvariegate 

0.47-0.54 

W5 Dominant: Lepironia articulata 0.51-0.64 

W6 Dominant: Lepironia articulata 

 

0.31-0.54 

Micropool 

(MA, MB& MC) 

Without plant 2.48- 2.54 

 

In the HACA, the data was standardized to the Z-scale using the following equation 

(Kowalkowski et al., 2006): 

 






ij

ij

O
Z  (1) 

  

where Zij is standardized value; Oij is observed data; σ is the standard deviation; and μ is 

mean value of observed data.  
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Table 2: Descriptive statistics of wetland parameters 
a
 

WQV Range Min Max Mean 

Mean 

Standard 

Error 

Std. 

Deviation 

Temperature  (˚C) 7.85 27.30 35.15 31.12 0.07 1.52 

pH 3.08 6.11 9.19 7.73 0.03 0.69 

DO (mg/l) 6.10 4.96 11.06 8.24 0.04 0.87 

Conduc. (μs/cm) 112.00 94.00 206.00 136.59 1.21 25.49 

Nitrite (mg/l) 0.05 0.00 0.06 0.02 0.00 0.01 

Nitrate (mg/l) 4.70 0.20 4.90 2.15 0.04 0.91 

Phosphate (mg/l) 0.47 0.11 0.58 0.25 0.00 0.10 

AN (mg/l) 0.37 0.10 0.47 0.22 0.00 0.07 

BOD (mg/l) 2.80 1.32 4.12 2.53 0.02 0.47 

COD (mg/l) 35.00 9.00 44.00 21.96 0.27 5.60 

TSS (mg/l) 37.00 2.00 39.00 17.75 0.37 7.79 
aNumber of data=442. 

 

 

Hierarchical cluster analysis 

The cluster analysis (CA) or clustering is an unsupervised data analysis in order to ultimately 

categorize the dataset into different classes (clusters) with similar characteristics (Templ et 

al., 2008). The agglomerative clustering analysis can be proposed as the most common linear 

clustering approach between all hierarchical clustering analysis (HACA) (Shrestha and 

Kazama, 2007). This method is based on the similarity between two patterns or clusters 

where it starts with each group as a separate cluster and then merges the similar groups 

sequentially. The number of clusters is reduced at each step until just one cluster is left. 

 

The tree diagram (dendrogram) is chosen to show the similarities between clusters as a visual 

summary (Templ et al., 2008). It lists all clusters and indicates that two clusters were joined 

at which level of similarity. In the dendrogram, the vertical line represents the level of 

clusters while the horizontal lines indicate the links between clusters (Templ et al., 2008). In 

this study, the standardized data, Ward’s method and squared Euclidean distance were 

employed in the agglomerative clustering analysis (Singh et al., 2004; Fitzpatrick et al., 

2007).  

 

Discriminant function analysis (DFA) 

 

Discriminant function analysis (DFA) is a multivariate statistical technique that can be used 

to classify objects based on the independent variables into extensive and mutually special 

groups. It is a supervised pattern recognition technique.  

 

Even though the cluster analysis provides interesting result to categorize the wetland at first 

step, but in next steps, the result should be confirmed and more explained by a classification 

method such as DFA (Zhou et al., 2007). In additional to verify the result of HACA, the DFA 

can be employed to develop a multivariable linear discriminant function (DF) using WQVs. 

The function aim to discriminate the clusters based on minimum error rates in the 
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misclassification (Kowalkowski et al., 2006). Based on the following equation, this technique 

attempts to produce a discriminant function (DF) for classification of clusters: 

 





n

j

ijijii pwkGf
1

)(  (2) 

 

where i is the number of groups (G), ki represents the constant inherent to each group,  n is 

the number of independent variables constituting the DF, wj is the weight assigned by 

discriminant analysis and pj is  the given parameters. 

To approve the reliability and accuracy of DFA, four assumptions need to be controlled : (i) 

normality (normal distribution of variables in each cluster); (ii) linearity; (iii) 

multicollinearity (roughly low correlation for the independent variables ); and (iv) 

homogeneity of covariance matrices; (Santos-Roman et al., 2003; Abd Rahman et al., 2009).  

The multicollinearity is detected by examining the tolerance of independent variables. The 

tolerance is equal to the difference between one and the variable’s coefficient of 

determination (1-R
2
) with all other variables included in the model. For high inter-

correlations, or tolerance equal to approximately zero, the matrix is described as ill-

conditioned and no yields any unique DF (Detenbeck et al., 1993; Kowalkowski et al., 2006). 

 

The Box’s M-test was employed to check assumption of homogeneity of covariance matrices. 

In this test the null hypothesis is that the covariance matrices do not differ between groups 

formed by the dependent, then no significant of null hypothesis is desired in the test.  

However, there is no highly change in classification results if the assumption of homogeneity 

no satisfies. Because for a large sample size, the small deviation from homogeneity is 

significant (Christman and Dauer, 2003).  Also, the previous study reported that the Box’s M-

test is sensitive to non-equal group sizes and then a very slight value of the significance test 

statistic (p) may speciously indicate heterogeneity (Schmitz and Motani, 2010).  Furthermore, 

Christman and Dauer (2003) illustrated that even though most environmental dataset violate 

the assumptions of discriminant function analysis such as, normality of and homogeneity, but 

DFA is robust to these violations.  In addition, the DFA is robust to deviations from the 

assumptions of homogeneity, multicollinearity, normality and linearity (Santos-Roman et al. 

2003). 

 

 

The eigenvalues provided by the DFA were used to characterize DF and variance in the 

spatial clusters of the DF. Furthermore, the unstandardized DF coefficients were employed to 

generate the prediction functions. Finally, the classification results provided by DFA were 

validated using the cross-validation technique method (Wunderlin et al., 2001).   

 

The cross-validated was run using the ‘leave-one-out’ classification method to compare result 

between the corrected-classified and corrected-classified by chance cases. The percentage of 

classified-correctly cases is known as hit ration (HR) and it is the ratio of the number of 

correct predictions to the total number of predictions which can be expressed as (Teh et al., 

2010): 

 

)/()( TPFNFPTNTPTNratioHit   (3) 
 

 

 

where TN is number of correct predictions that an instance is zero, TP is number of correct 

predictions that an instance is one , FN is number of incorrect predictions that an instance is 

zero and FP is number of incorrect predictions that an instance is one. 
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The percentage of cases that correctly classified by chance alone, can be estimate using the 

expected hit ratio (EHR): 

 

 









j

i

GiGi NPP
N

EHR
1

 (4) 

 

where PP is prior probability , G is group and N is  group size. For two-group with equal size, 

the expected percent is 50% DF and for n-way groups with equal size the percentage of EHR 

is 1/n.  A comparison between HR and EHR is recommended to determine the performance 

of produced DF. 

 

 

RESULTS AND DISCUSSION 
 

Hierarchical cluster analysis 

All variables were used in the HACA to classify the wetland into different zones with 

similar characteristics. Figure 2 illustrates that the HACA is classified all 17 sampling 

stations into three statistically significant clusters.  

 

 

Figure 2. Dendrogram diagram of constructed wetland 

 

The first cluster (Cluster-I) is formed by two parts of wetland, inlet and W1. The Cluster-I 

is located in the upper part of wetland with high load of pollution (Figure 1). In the most part 

of Cluster-I the water depth is low (less than 0.30) and Hanguna malayana and Lepironia 

articulate are dominant plant species (Table 1). The HACA categorizs the middle part of 

wetland as second cluster (Cluster-II) which is included W2,W3, W4, W5 and W6. In this 

cluster, the water depth is between 0.27 and 0.64 meter and the dominant plant species is 

Lepironion articulata with low percent of Typha angustifolia. The remained part of wetland 

is classified as Cluster-III. This cluster is included output and all sampling station in the 

micropool, with the water depth between 2.48 and 2.54 meter and without any emerge plants. 

Location of three clusters in the wetland is shown in Figure 3.  
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Figure 3. Three clusters in constructed wetland 

 

Discriminant function analysis 

The raw dataset was used in the DFA to examine the clusters that categorized by HACA. The 

dataset was included 442 observations and 11 WQVs. The results provided by Box’s M-test 

indicate the homogeneity of the covariance matrices is significant with p<0.05 and 

M=599.815.  Therefore, the three clusters differed in their covariance matrices. 

 

 To find the best predictors, the stepwise method was used in discriminate analysis. The 

stepwise DFA reveals that nine variables included Phosphate, AN, Nitrite, pH, TSS, DO, 

conductivity, BOD and COD, can be satisfied this condition. The number of DFs is equal to 

number of clusters minus one. Therefore, in this study, two DFs were found for the three 

clusters as the following: 

 

963.3*123.0*037.0*009.0*263.0*307.7

*077.0603.0*385.56*356.91





BODCODtyconductiviDOAN

TSSpHNitritephosphateDF
 

(5) 

 

 

BODCODtyconductiviDOAN

TSSpHNitritephosphateDF

*357.1*033.0*005.0*233.0*862.11

*057.0131.0*84.110*319.52




 

(6) 

 

 

Table 3 indicates the major features of the first and second function. The p value for first and 

second functions is less than 0.05 which showed both functions are significant. The first 
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function (DF1) with high eigenvalue (5.405) and less Wilk’s lambda (0.919) is more 

powerful than second membership function (DF2).   

 

Table3: Characteristics of discriminant functions 

Function Eigenvalue Canonical correlation Wilks’ lambda p 

DF1 5.405 0.919 0.141 0.000 

DF2 0.108 0.312 0.903 0.000 

 

For a new case, the DF is estimated using the provided functions and compared with the 

cluster centroids (Table 4), then, the case is assigned to nearest centroid. 

 

Table4: Centroid of clusters based on discriminant functions 

Clusters DF1 DF2 

1 4.233 -0.668 

2 2.034 0.418 

3 -1.864 -0.075 

 

Table 5 illustrates the classification result for three clusters. The result reveals that 91.9% of 

data were classified correctly in each cluster. This percentage is called Hit ratio (HR) that 

indicates the overall predictive accuracy of DF. The result shows that the Cluster III was 

classified with high accuracy (99.6%) in compare to Cluster I (90.4%) and Cluster II (76.9%). 

To verify the classification, a cross-validation was conducted using the leave-one-out 

classification method. A comparison between the HR and EHR reveals that the accuracy of 

produced DFs is appreciably high, since the value of HR (91.0%) is far exceeds the 

borderline value of HER (33.0%). 

 

Table5: Classification Results
a,b,c 

for three clusters 

Cases Cluster 
Predicted Group Membership 

Total 
1 2 3 

Original 
     

Count 1 47.0 5.0 0.0 52.0 

2 29.0 100.0 1.0 130.0 

3 0.0 1.0 259.0 260.0 

% 1 90.4 9.6 0.0 100.0 

2 22.3 76.9 0.8 100.0 

3 0.0 0.4 99.6 100.0 

Cross-validated
a
 

   
Count 1 46.0 6.0 0.0 52.0 

2 30.0 98.0 2.0 130.0 

3 0.0 2.0 258.0 260.0 

% 1 88.5 11.5 0.0 100.0 

2 23.1 75.4 1.5 100.0 

3 0.0 0.8 99.2 100.0 
a. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified  

by the functions derived from all cases other than that case. 
b. 91.9% of original grouped cases correctly classified. 

c. 91.0% of cross-validated grouped cases correctly classified. 
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Nitrogen removal in the wetland 

Three components of nitrogen, nitrite, nitrate and ammoniacal nitrogen (AN), were chosen to 

determine percentage of nitrogen removal in the FSCW. To determine the removal 

percentage in each cluster, the output from each cluster was chosen as input for the next 

cluster (Table 6). 

 

Table6: Input and output for clusters 

Cluster Input Output 

Cluster-I inlet Average between inlet and W1 

Cluster-II Average between inlet and W1 Average between W5 and W6 

Cluster-III Average between W5 and W6 outlet 

 

Monthly averaged values of nitrogen concentration in each cluster were used to estimate  

removal percentage was calculated according to: 

100



in

outin

C

CC
percentageremoval  (7) 

where Cin and Cout are the concentration of nitrogen components at inflow and outflow of 

each cluster, respectively. 

 

Time-variation of nitrate, AN and nitrite in three clusters is shown in Figure 4 to Figure 6. A 

negative value indicates that, the cluster, with a negative effect, increases the nitrogen 

components while a positive percentage reveals the pollution is decreased and the cluster has 

a positive effect on the nitrogen removal.  

 

As shown in Figure 4, the Cluster-I no contributes to remove nitrite in the wetland 

significantly. Due to high temperature in tropical area, decomposition is a main process in the 

FSCWs (Vassoe, 1999).  Then, the Cluster-I with high load of nitrogen provides a good 

condition for decomposition of plant and organic matter. On the contrary, the Cluster-III 

removes a high portion of nitrate in the wetland. Since no emerged plant was observed in 

Cluster-III (Table 1), then nitrification and denitrification can be main reason to remove a 

high portion of nitrogen components. In different season, the performance of Cluster-II to 

remove nitrate is better than Cluster-I and lower than Cluster-III. Approximately opposite 

trend can be observed between Cluster-I and Cluster-III. As shown in Figure 4, the 

percentage of nitrate removal is decreased in Cluster-I form Dec. 2010 to Jan. 2011 while it is 

increased in Cluster-III. Similar trend can be found for other months. Total nitrate removal 

has a fluctuation between maximum and minimum with a value around 50% and 80% 

respectively (Figure 4). 

 

Figure 5 indicates that time-variation of AN is similar to nitrate with a total variation between 

44% and 61%, furthermore, the effect of Cluster-III to remove AN is higher than Cluster-I 

and II. 
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Figure 4. Time-variation of the nitrate removal in the wetland 

 
Figure 5. Time-variation of the AN removal in the wetland 

Time-variation of nitrite removal is shown in Figure 6. The Cluster-II with high concentration 

of plant is removed a large portion of nitrite with a high fluctuation in different season. 

Combination of plant uptake, nitrification and denitrification contributes to remove a high 

percentage of nitrite in this cluster. The performance of Cluster-III, with a positive effect on 

nitrite removal, is better than Cluster-II.   The wetland is removed a high percentage of nitrite 

with a variation for total nitrite removal between 65% and 95%.  

 

A comparison between Figure 4 to 6 indicates that the performance of three clusters to reduce 

nitrite is different to both nitrate and AN . The Cluster-II is more significant to remove nitrite, 

whereas the Cluster-III has main role for reduction of nitrate and AN in the wetland.  

 

 

13
th
 International Conference on Urban Drainage, Sarawak, Malaysia, 7–12 September 2014 



11 

 

 

Figure 6. Time-variation of the nitrite removal in the wetland 

 

The average value for reduction of total nitrogen components for all data, Dec.2010 to Dec. 

2011, is shown in Figure 7. Totally, the Cluster-II removes a higher percentage of nitrite 

(48%) in comparison with Cluster-I (3%) and Cluster-II (29%). The maximum nitrate is 

reduced in the Cluster-III with an average value of 47%, whereas only 24% of nitrate is 

removal in Cluster-II. Furthermore, the nitrate is increased in Cluster-I with an average of 

9%. The maximum portion of AN is removed at Cluster-III (38%) in comparison with 

Cluster-II (17%), while, it is increased at Cluster-I with an average of 4%.  

 

Totally, the wetland was achieved to remove a high percentage of nitrite (80.0%), nitrate 

(62.0%) and ammoniacal nitrogen (51.0%). It can be concluded that the HACA is classified 

the wetland into three categories, high (Cluster-I), moderate (Cluster-II), and low pollution 

group (Cluster-III). Since the clusters have similar charecterestics then, the WQVs can be 

collected regularly from just one station in the clusters. Consequently, collecting data from 

only three part of wetland, rather than seventeen, will accurately reflect the spatial dimension 

of the water quality in the entire wetland and reduce the time, costs and effort to collect 

sample without losing significant information.  
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CONCLUSIONS 
The HACA was employed to classify the free surface constricted wetland (FSCW) into 

different cluster with similar characteristics. From December 2010 to December 2011, eleven 

WQVs were collected at the 17 sampling station twice a month. The HACA classified the 

sampling stations into three clusters, high (Cluster-I), moderate (Cluster-II), and low 

pollution zone (Cluster-III). In additional to verify the result of HACA, the DFA was 

employed to develop linear discriminant functions between the clusters (Equations 5 and 6).  

The Cluster-I, with less area and high load of nitrogen components (nitrate, nitrite and AN), 

no significantly effects on the nitrogen removal. The Cluster-II with high concentration of 

plant reduced a significant portion of nitrite (48%) in comparison with Cluster-I (3%) and 

Cluster-II (29%). Due to combination of nitrification and denitrification process, the Cluster-

III with no emerged plant removed a high portion of nitrate (47%) and AN (38%) during. 

Totally, the wetland was achieved to remove a high percentage of nitrite (80.0%), nitrate 

(62.0%) and ammoniacal nitrogen (51.0%). 
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