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Abstract 

 

We describe an algal population model that deliberately moves away from the current trends in algal 

population modelling of increasing complexity and increasing data requirements. The process-based 

model is conceptually simple, and functional relationships and process parameter values within the 

model are drawn from existing research. Our model is driven by standard monitoring data. This 

contrasts with most published models, which rely on the collection of extensive data sets, and which 

require a great deal of information about the water body being modelled. Because the collection of 

these data is costly and time consuming, there is a real need for models that can be driven by 

standard monitoring data. The benefit of such an approach for management is the potential portability 

of the basic model between different sites. The model was initially developed for the population of the 

main bloom forming cyanobacterium, Anabaena sp., in Bourke Weir, New South Wales (Australia), 

part of the Murray-Darling Basin. The model simulated each of the population peaks that occurred 

over a 10-year period 1992 – 2002, but also incorrectly predicted another peak. A sensitivity analysis 

showed that the model’s ability to predict the bloom status of the system was generally robust to 

moderate (±10%) perturbations in process parameters and driving data values. However, perturbation 

of temperature had noticeable effects on the height of population peaks. Despite being based on 

simplified relationships, the model simulated the onset of cyanobacterial blooms with sufficient 

accuracy to warrant further development of the approach as a management tool. Minimising the data 

requirements increases the likely portability of the model to other sites. Moreover, keeping the model 

deliberately simple increases the likelihood of being able to use it in a predictive sense for future 

management of cyanobacterial blooms. 

 

KEY WORDS: water quality management; process-based model; bloom; cyanobacteria; blue-green 

algae; Anabaena 
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1. Introduction 

 

In recent years, reports of cyanobacterial blooms have increased in many countries (Whitton and 

Potts, 2000). These blooms represent an enormous challenge for water quality management the world 

over, because of effects such as stock deaths due to contaminated water (e.g. Beasley, et al., 1989), 

liver failure (e.g. Jochimsen, et al., 1998) and increased cancer rates (e.g. Yu, 1994) in human 

populations, and loss of tourism-based revenue (e.g. Walker and Greer, 1992). Early research 

indicated the importance of phosphorus availability in determining average algal biomass in lake 

systems (e.g. Dillon and Rigler, 1974), and as a consequence, anthropogenic eutrophication 

(increased nutrients that derive from human influences) is often seen as the root cause of excessive 

algal growth (e.g. Smith, et al., 1999). However, other factors have also been shown to be important in 

mediating bloom formation. These include a stable water column, warm weather, high incident 

irradiance, enhanced organic matter loading, and selective activity of grazers (Paerl, 1988). 

Minimisation of the severity and frequency of cyanobacterial blooms is a key target for many ‘whole-of-

catchment’ management strategies (e.g. GBCMA, 2003). Effective management of cyanobacterial 

blooms requires an understanding of the local conditions that favour bloom formation. However, since 

many factors determine whether or not a bloom will form, methods are required that are able to 

integrate the effects of various environmental variables. Modelling is one technique that can provide 

such integration. 

 

A number of models already exist that seek to simulate cyanobacterial populations (e.g. Whitehead 

and Hornberger, 1984, Lung and Paerl, 1988, French and Recknagel, 1994, Howard, et al., 1995, 

Easthope and Howard, 1999, Everbecq, et al., 2001, Maier, et al., 2001, Reynolds, et al., 2001). Many 

of these models utilise environmental data for a large range of parameters (e.g. Yabunaka, et al., 

1997) and/or at a fairly fine spatial / temporal scale (e.g. Lewis, et al., 2002). The existence of such 

data sets is the exception rather than the norm. Monitoring data will commonly only be available for a 

small selection of parameters, and at an irregular time scale that tends to be reactive to bloom status 

(Kneale and Howland, 1997). A model that is likely to find broad use in cyanobacterial management 

must be able to be driven by such data. 
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Models of various aspects of cyanobacterial biology or population dynamics are also tending towards 

greater and greater complexity (e.g. Laws and Chalup, 1990, Belov and Giles, 1997). The volume of 

work done to elucidate cyanobacterial biology and the characteristics of the physical environment they 

inhabit has facilitated this. Such models lead to detailed explanations of observed system behaviour, 

but will often not be of as much use for predicting future states as simple models (Scheffer and Beets, 

1994). Simple models usually require less in the way of driving data and parameterisation, and so 

future scenarios can be modelled with greater confidence (Scheffer and Beets, 1994, Steel, 1997). 

Complex models are also far more computationally expensive, and recent work has demonstrated that 

for at least some aspects of cyanobacterial biology, they do not produce outputs that are noticeably 

different to those produced by simple models (Flynn, 2003). One must also consider the aim of the 

model. The needs of so-called policy models, such as the model described in this paper, are generally 

less stringent than for models designed for research (McIntosh, 2003). From a water quality 

management perspective, being able to predict the onset of cyanobacterial blooms is of prime 

importance. Currently in Australia, management decisions concerning reactions to algal blooms are 

based on the exceedence of ‘alert levels’ or thresholds based on cell counts or biovolumes (BGATF, 

1992). Modelling threshold exceedence is a simpler exercise to creating an accurate and detailed 

model of all aspects of a cyanobacterial population, and the level of realism and accuracy required is 

less demanding.  

 

Our aim, therefore, was to deliberately move away from the increasing complexity of algal population 

models, and to create a relatively simple model that could be run by standard monitoring data, and 

that could simulate the onset of cyanobacterial blooms (i.e. exceedence of a threshold value) with 

sufficient accuracy as to be potentially useful for informing management decisions. The model makes 

a number of assumptions and simplifications that are not entirely accurate, but which simplify the 

modelling process significantly. The likely effect of such assumptions is addressed in the discussion. 

The model is process-based so that it may potentially be applied to multiple sites without the need for 

site-specific calibration by extensive historical monitoring data. Moreover, we attempted to keep data 
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2. Methods 

 

2.1 Background 

 

The model has been initially developed for the population of the bloom-forming cyanobacterium 

Anabaena sp. in Bourke Weir, NSW, Australia. The model output was assessed against an 

exceedence threshold of 2000 cells mL-1.  The New South Wales Department of Infrastructure, 

Planning and Natural Resources (DIPNR) considers untreated drinking water unsafe for human 

consumption when cell concentrations of potentially toxic species such as Anabaena exceed this 

figure (BGATF, 1992). The choice of model species and site were dictated largely by readily available 

data, but both have relevance for other bloom prone systems throughout much of Australia and the 

World. 

 

Anabaena circinalis is the most common bloom forming cyanobacterium in Australian inland waters 

(Jones and Orr, 2000), and members of the genus are common throughout the world. The cells form 

filaments that can control their buoyancy (Oliver and Ganf, 2000), and can thus float into well-lit 

surface waters during periods of reduced water circulation. Anabaena species also have the ability to 

fix atmospheric nitrogen (Oliver and Ganf, 2000). Bourke Weir is situated in northern New South 

Wales, Australia, and lies on the Darling River (Figure 1). Water is contained within the river channel, 

and so the weir is long and narrow. Similar weirs exist along the length of the Darling River. The 

waters in Bourke Weir are characterised by a high phosphorus content and turbidity is also generally 

high (Median values 1992-97: 0.13 mgL-1 TP, 80 NTU Mitrovic and Gordon, 1998). Over the last 15 

years, Bourke Weir has been regularly subjected to cyanobacterial blooms. During the 1991 bloom 

that led to the establishment of the current algal-monitoring program, cell densities of Anabaena 

circinalis as high as 294,000 mL-1 were recorded in the weir (Bowling, et al., 1991). 

 

2.2 Conceptual model 
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The numeric model is based on the conceptual model pictured in Figure 2. In the model, either light or 

phosphorus limitation, together with the effect of water temperature, regulate the daily rate of algal 

reproduction. Mortality reduces population numbers, as does a component representing the net 

number of cells washed from the weir each day. Flow determines the existence or otherwise of 

stratification in the weir, which governs mixing depth. Mixing depth combines with turbidity and day 

length to determine the extent of light limitation on population growth. Turbidity is also used as a 

surrogate for suspended solid concentration, which together with the algal population, determines the 

amount of bioavailable phosphorus for cell production. 

 

2.3 Implementation 

 

The model was implemented in Mathcad Professional 2001 (MathSoft Inc., 2000). It was driven by a 

Microsoft Excel 2000 (Microsoft ®, 1999) spreadsheet of monitoring data (see below), and delivered 

results to a separate sheet. The algal population was projected via a difference equation that 

calculated the number of cells mL-1 within the upper mixing layer (see below) of the weir each day. 

 

2.4 Driving data 

 

The model was driven by monitoring data for total phosphorus (Ptot), turbidity (Tu), temperature (Te), 

and flow out of the weir (F) measured at Bourke (Station 425003; Figure 1). Data were available for 

the period 7 September 1992 to 13 June 2002. Within this period, flow data were available daily. Data 

for Ptot, Tu and Te had been collected as single sub-surface (~20 cm depth; S. Dwyer, DIPNR, pers. 

comm.) samples from the Bourke gauging station, which lies approximately 6 km upstream of the weir 

wall, and were available at varying time intervals from daily up to approximately monthly. We used 

linear interpolation to provide a ‘daily’ data set. Day length (N) was approximated using a sine function 

that added (or subtracted) a proportion of a day length range to an average day length, depending on 

the date. 
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2.5 Model Functions 

 

The functions, and the rationale behind each of them, are outlined below. The majority of calculations 

were performed for each day, but for ease of reading, most equations are presented without the t 

subscript. Parameter values and the sources of these data are outlined in Table I. 

 

Flow related processes 

 

Flow affected the population directly, via wash in / out, and indirectly via the mediation of water column 

stratification, which in turn affected light limitation (Figure 2). Both of these processes are affected by 

the mixing depth (Zmix) - the thickness of the layer in which algae circulate. This parameter takes one 

of two values. If flow out of the weir is over a critical threshold (Fc), cells are assumed to circulate over 

the entire depth of the weir (Zw). If flows are below this threshold, cells are assumed to circulate within 

an epilimnion of defined thickness (Ze). Algae are washed from the weir at the ambient cell 

concentration (cA), and wash into the weir at a small nominal concentration (cAwi). The model 

calculates the proportion of the mixing layer (Vex) that enters and leaves the weir each day. 

 

 
    if Z
    otherwise
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w
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V F

V
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The volume of the mixing layer is expressed as either the product of the weir’s length (Lw), width (Ww) 

and the depth of the epilimnion for stratified flow, or as the entire volume (Vw) for non-stratified flow. 

The calculated mixing layer proportions are multiplied by the difference between cA and cAwi and in 

the final population projection (Eq. 9) to determine the net number of cells per unit volume washed out 

of the weir on any given day. 

 

Light limitation 
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Limitation of growth by light is mediated by mixing depth (Zmix), water turbidity (Tu) and day length (N). 

We assume that growth is not limited by light until light falls below a saturating intensity (Isat). Below 

this figure, growth decreases linearly with light to zero. This simple relationship has previously been 

applied to the modelling of growth-irradiance relationships (Bannister, 1979), and has also been 

successfully applied to photosynthesis-irradiance modelling (Jassby and Platt, 1976). In the model, 

surface irradiance is assumed to be constant throughout daylight hours, ignoring changes across the 

course of each day and with season. The coefficient of light attenuation (k) is expressed as an 

empirically determined linear function of turbidity (Oliver, et al., 1999). 

 

 0.04 0.73k Tu= ⋅ +  (2) 193 

194 

195 

196 

197 

 

The depth at which Isat is reached (Zsat) is calculated using a transposition of the Beer-Lambert 

equation, 

 

 
ln( )sat

sat
IZ
k

=
−

 (3) 198 

199 

200 

201 

202 

203 

204 

 

where Isat is expressed as a proportion of the surface irradiance. We assume that algal cells are evenly 

distributed throughout the mixing layer. Depending on Zmix and Tu, cells are subjected to one of two 

growth limitation regimens. First, if the cells circulate entirely within the well-lit zone (Zmix ≤ Zsat), then 

growth is not limited. If Zmix lies deeper than Zsat, then growth is reduced for part of the time. 

 

 
max

1   if 

e 1   otherwise
mix

mix sat

k Z
lim sat

sat
sat mix

Z Z
NI IZN

k I Z

− ⋅

≤
= ⋅  − + ⋅  ⋅ 

 (4) 205 
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Limitation between the depths Zsat – Zmix is derived from the definite integral of the Beer-Lambert 

equation within this interval, and calculates the proportion of possible growth occurring over the depth 
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interval. The average limitation of light over the course of each day is scaled for day length so that 

light can only be truly non-limiting (Ilim = 1) on the longest day of the year. 

 

Phosphorus availability and uptake rate 

 

The driving data report total phosphorus (Ptot). This figure is converted into dissolved reactive 

phosphorus (Pdrp), as it is a better estimate of the phosphorus pool available for algal growth. First, 

suspended particulate matter (SPM) is estimated using an empirical relationship between SPM and 

turbidity determined during the study of Bourke Weir by Oliver et al. (1999). 

 

 352max 10 , 0
0.67

TuSPM −− = ⋅
 

 219 

220 

221 

222 

223 

224 

225 

226 

227 

) 228 
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232 

 (5) 

 

To calculate Pdrp available to produce cells at time t+1, the amount of phosphorus bound within 

cyanobacterial cells, and the amount bound tightly to suspended sediments are subtracted from Ptot at 

time t. Phosphorus bound within cells is expressed as the phosphorus quota of each cell (Pcell) 

multiplied by the projected population (cA). Phosphorus bound tightly to sediments is expressed as the 

concentration of suspended particulate matter multiplied by the average amount of phosphorus tightly 

bound to sediments (Pspm). 

 

  (6) (max , 0drp tot cell spmP P P cA P SPM= − ⋅ − ⋅

 

The proportional extent of phosphorus uptake limitation is then described by Michaelis-Menten 

kinetics. 

 

 drp
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S dr

P
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K P
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The maximum rate of phosphorus uptake (Vmax) does not appear in the equation as the model only 

needs to determine the proportional extent to which the rate of P uptake is limited in order to calculate 

phosphorus limitation. 

 

Temperature effects 

 

In the model the rate of reproduction increases with temperature via a scalar, STe. The exponential 

relationship is modelled by 

 

 ( ) 20
10

10

Te

TeS Q
−

=  (8) 244 
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253 

254 

255 

256 

 

In this case, the tenth root of the Q10 (the proportional increase in rate after a 10°C rise) gives the 

proportional increase for each degree C. The value of STe is 1 at 20°C, which is the temperature at 

which the basic rate of reproduction (r20) was measured (see below). 

 

Population projection 

 

The population is projected using a difference equation that follows the basic structure: new pop = 

starting pop – mortality – net cells washed from weir + cells produced. The rate of reproduction is 

reduced by either light or phosphorus limitation (whichever is more limiting), and scaled according to 

temperature. 

 

 ( )1 20min  min  ( , ) ,  t

t t t t

drp
t t t ex t wi lim lim Te t

cell

P
cA cA q cA V cA cA r I P S cA

P+

 
= − ⋅ − ⋅ − ⋅ + ⋅ ⋅ ⋅ 

 
 (9) 257 
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The basic rate of reproduction (r20) was taken from the study of McCausland et al. (2002). The number 

of cells produced is the product of the modified rate of reproduction and the population. Occasionally, 

this calculation results in more cells being produced than can be supported by the amount of available 

 11



262 

263 

264 

265 

266 

267 

268 

269 

270 

271 

272 

273 

phosphorus. In these cases, the number of cells produced is constrained to the number supported by 

Pdrp. 

 

2.6 Sensitivity Analysis 

 

We conducted a sensitivity analysis on the model in order to determine which parameters had the 

greatest effect on model output. We increased and decreased each of the model parameters and 

driving data streams in turn by 10%. Sensitivity was assessed by calculating the change in the 

percentage of days that exceeded the management threshold of 2000 mL-1, and by inspecting plots of 

model behaviour. A second variant on the sensitivity analysis was also run, in which each of the three 

limiting scalars, Ilim, Plim, and STe were set to 1 in turn. 
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3. Results 

 

3.1 Model Performance 

 

The population projected over the 10-year period was compared to monitoring data for Anabaena sp. 

cell numbers in Bourke Weir for the same period. The monitored data and modelled population are 

presented in Figure 3. The model only had limited success in forecasting actual cell concentrations. 

However, this is not a requirement for a policy model designed to emulate threshold exceedence. 

Figure 3 shows that the model predicted some elevation of cell concentrations in 8 of the 10 years, but 

that only six of these peaks reached 2000 cells mL-1. The model managed to forecast each of the four 

major peaks in cell concentration (late 1992, late 1994, late 1995 and late 2001), and one minor peak 

in cell concentration (early 1999) that occurred during the validation period. However, the first and last 

forecast peaks persisted for much longer than did the actual blooms. The model also falsely predicted 

one peak that did not occur (late 1997). For the modelled population, blooms occurred during periods 

of low flow and low turbidity, which led to low light limitation in the system; and of high temperature, 

which increased the growth rate. Phosphorus did not limit population growth rate, but the total pool of 

phosphorus available limited the size of blooms. In general, blooms were dissipated by a sudden 

increase in flow. 

 

3.2 Sensitivity Analyses 

 

Table II shows the numeric results of the sensitivity analysis. The great majority of perturbations had 

little effect on model performance. Plots of the five most sensitive parameters (Te, r20, q, Q10, Fc) are 

shown in Figure 4. For the most sensitive parameter, Te, the plot shows that a ±10% change can 

change the status of 5 of the 8 population peaks from ‘bloom’ to ‘non-bloom’ and vice versa. The 

severity of the effect drops rapidly with less-sensitive terms. For r20, the range of possible peak heights 

is reduced, and 4 of the 8 peaks can have their bloom status altered by perturbation. Perturbation of 

mortality, q, has a relatively consistent effect across all peaks, as should be expected of a constant 

loss rate. For Q10, the effects are quite minor for all but the second and sixth peak. Both of these 
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peaks occur late in summer, when water temperatures are at their maximum. Hence it is not surprising 

that perturbing Q10 has an obvious effect at this time. The only other plot that showed any real visible 

effect was that for Fc, and this was restricted to the sixth peak. An examination of the driving data 

revealed that a large number of flow readings at this time were near the value for Fc. Thus the 

localised effect of the perturbation could be expected. 

 

The effects of setting the limiting scalars to 1 are displayed in Figure 5. The results show that Ilim is the 

most important scalar for model function. In contrast, setting Plim to 1 has almost no effect on model 

output. It should be noted, however, that in setting Plim to 1, the total number of cells that can be 

produced any day is still limited by the total amount of available phosphorus (Eq. 9); only the rate of 

cell production is not limited by P-uptake considerations. Setting STe to 1 effectively models the 

population at a constant 20°C. Thus the timing and magnitude of peaks are affected. The effect is 

much more noticeable than that of setting Plim to 1, but less than the effect of setting Ilim to 1. 
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4. Discussion 

 

4.1 General findings 

 

We stress that the model presented is a highly simplified version of the system. This approach moves 

away from the trend towards algal population models that are driven by complex functions, and have 

considerable requirements for site-specific parameter estimates and monitoring data. However, we 

contend that this simple approach is sufficient for the construction of a policy model designed for algal 

bloom management. We have shown that the formation of cyanobacterial blooms (at least for this 

case) can be understood in terms of simple environmental variables, and well-founded physical and 

biological relationships, and that a model driven by standard monitoring data can largely recapitulate 

the patterns of the cyanobacterial population over a lengthy period. This latter finding is especially 

important, as models that are to find broad use for management must be able to be driven by such 

data sets, despite the fact that they are collected at low spatial and temporal resolution, and that 

relatively few parameters are monitored. 

 

The sensitivity analyses showed that of the measured environmental variables, temperature had the 

greatest effect, and that light limitation was far more important than phosphorus limitation of growth 

rate. These results are largely in accordance with existing knowledge of the factors that affect blue-

green algal populations, and further support the idea that the model is behaving in a sensible manner. 

Temperature has previously been identified as being important in mediating algal populations in 

Australia (e.g. Maier, et al., 2001). In Australian systems, light limitation is generally believed to be 

important (e.g. Bowling and Baker, 1996), and phosphorus is generally thought to be of less 

importance (e.g. Hötzel and Croome, 1994) than it is elsewhere (e.g. Jacoby, et al., 2000). Flow has 

generally been identified as an important factor regulating algal populations in Australia (e.g. Maier, et 

al., 2001), and although it did not feature heavily in the sensitivity analysis, the choice of Fc was found 

to be important for one of the modelled peaks. 
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4.2 Effects of data quality 

 

As mentioned above, the monitoring data used to drive the model were taken from single near-surface 

samples collected at irregular intervals. The lack of replication means that there is no estimate of 

small-scale lateral or vertical spatial variability. It is also obvious that the single sampling location will 

not be representative of the weir as a whole. Additionally, given that we filled gaps between samples 

by linear interpolation, we are certain to have missed some temporal changes in conditions. These 

inaccuracies might be expected to affect model output. However, for the most part, perturbation of the 

driving data by ±10% did not affect model performance noticeably, and so the quality of the data is 

less important. The exception to this was the monitored temperature (Te). The temperature readings 

taken at Bourke were from near the water’s surface, and do not represent the range of temperatures 

that will be seen at different depths. Moreover, they are not collected consistently at the same time 

each day. One would expect this inaccuracy in the data to be important, and better characterisation of 

field temperatures may improve model performance. 

 

Additionally, the cell counts against which the model was validated were also collected as single near-

surface samples. It is certain that cell numbers would have shown great spatial and temporal 

variability within the weir, and the sampling procedure would not have served to either quantify (e.g. 

via multiple samples) or reduce (via integration of multiple samples) such variability. Moreover, the 

sampling error for the cell counts will be great at low densities (Guillard, 1973). For example, Bormans 

and Condie (1998) assumed a ±100% error for Anabaena cell counts of less than 1000 cells mL-1. As 

a result, it is only once cell numbers start to approach the management threshold of 2000 cells mL-1 

that the actual counts even start to be representative of the single sample taken. Thus we cannot 

compare the modelled population to monitoring data at low cell concentrations, which is another 

reason why testing the model in terms of threshold exceedence is an appropriate validation strategy. 

 

Model performance was noticeably affected by perturbation of a number of model parameters. In 

reality, the values of model parameters will vary, rather than being a fixed value. Thus it is certain that 

the values used in this model are, to some extent, “wrong”. Of more interest than the effect of fixed 
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perturbations on model output will be the effect of stochasticising the parameter values during model 

execution. Work is currently under way on a version of the model that uses such values. Such a model 

will better be able to determine the effects of perturbing the mean value of a parameter value, and will 

be able to identify those parameters for which extra work should be performed to better characterise 

mean and variance in “natural” situations. 

 

4.3 Model performance 

 

It seems certain that there are important factors governing the population that are not being modelled. 

This contention is supported by the two greatly extended modelled blooms (late 1992, late 2001), and 

the falsely predicted bloom (late 1997) that occurred. At these points, the model is clearly lacking 

some important data. For these three cases, an examination of the driving data showed that 

conditions were similar to those during which other blooms were modelled. For the two greatly 

extended blooms, the single factor that distinguished them most from the other modelled peaks was 

that the correctly forecast bloom was not dissipated by a massive and sudden increase in flow rate. 

Clearly, therefore, there are agents other than flow that can terminate an algal bloom. Such agents 

could also be used to explain the falsely predicted bloom. We do not know what these agents are, but 

can speculate upon several possible causes. Research has shown that blooms can be prevented or 

terminated by predation (e.g. Pechar, 1995) or pathogenesis (e.g. Rashidan and Bird, 2001). The 

latter is perhaps more likely, as Boon et al. (1994) found that Australian zooplankton were unlikely to 

be able to ingest sufficient cyanobacteria to prevent or terminate blooms. An alternative explanation is 

that salinity in the weir increased during the extended periods of low flow. Salinity has a toxic effect on 

cyanobacteria, and has previously been built into algal population models (e.g. Lung and Paerl, 1988) 

as a source of mortality that changes with EC. However, EC was part of the standard monitoring 

program at Bourke, and when we examined the data, we did not find any pattern of salinity values that 

could explain the model’s ‘misbehaviour’. Similarly, the accidental (through irrigation run-off) or 

deliberate application of pesticides could terminate blooms. However, there are no data to investigate 

this hypothesis. 
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The sensitivity analysis demonstrated that the height of modelled population peaks was sensitive to 

several parameters within the model. As such, the fact that modelled peaks did or did not exceed the 

threshold point was determined at least partly by the combination of parameter values derived from 

the literature. If sensitive parameters are independent of other parameters, as assumed in the 

sensitivity analysis, then the output of the model must be viewed with caution, particularly with regards 

to the exceedence of the management threshold of 2000 cells mL-1. However, we believe that 

mortality will be correlated with population size. We simply did not have any data to quantify such a 

relationship in the model. Thus, in the natural system, differences in parameters that increase the rate 

of population growth would be offset by mortality, and vice versa. As such, the sensitivity analysis as 

presented is overly conservative, and the magnitude of effects of perturbations is likely to be smaller. 

However, the sensitivity analysis, together with the above observations makes it clear that the choice 

of several of the parameter values used in the model was important to achieve the results seen. 

 

4.4 Model structure and complexity 

 

As stated in the introduction, the goal of this study was to produce a model that was as simple as 

possible, but still useful from a management perspective. In so doing, we deliberately did not 

represent many processes as accurately as is made possible by the large amount of work that has 

been done on cyanobacteria biology and the physical environments that they inhabit. 

 

Most obviously, perhaps, we modelled the growth – irradiance relationship using a very simple 

relationship, and also made some gross simplifications concerning the light climate above the water 

column. As stated above, the ‘curve’ first postulated by Bannister (1979), has been successfully 

applied to photosynthesis – irradiance modelling, but a number of other more sophisticated curves 

exist (Jassby and Platt, 1976). The simple relationship had appeal in that it could be combined with 

the Beer-Lambert relationship for light attenuation, and was still easily integrated in order to produce 

the equation for daily Ilim. An obvious choice for a more sophisticated growth – irradiance curve in this 

case would be that of McCausland et al. (2002), which was successfully applied to Anabaena 

circinalis. However, once this formula is combined with the Beer-Lambert relationship, we are left with 
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an expression that cannot be integrated using conventional calculus. We produced a version of the 

model that used this research, and employed numerical integration to calculate growth at any depth / 

time. Run time of the resulting model was increased by a factor of ~50. However, the extra complexity 

produced a simulated algal population that was not noticeably different to that produced by the original 

model. Thus, we decided that the simple model structure was adequate for the task. Such a finding is 

analogous to that recently reported by Flynn (2003), who tested outputs from complex phytoplankton 

photoacclimation models to those produced by empirical models that did account for internal 

processes. He found no substantial differences in output between the two model types, and thus 

reasoned that there was often no justification for the use of the photoacclimation models in 

oceanographic phytoplankton simulations. 

 

The formation and breakdown of thermal stratification is another phenomena that was treated very 

simplistically in this model, and yet has been widely studied. The depth of a mixed layer can be 

calculated using equations summarised in Reynolds et al. (1987). Such equations require data on 

solar irradiance, air temperature and wind speed. Solar irradiance can be calculated for an 

environment such as Bourke that experiences little cloud cover. However, data for air temperature and 

wind speed would have to be sourced. It is worth noting that high banks and stands of River Red 

Gums shelter the waters of Bourke Weir, and so wind data from a nearby weather station would be 

inaccurate. Moreover, the relationships employed by the equations mentioned above break down at 

low wind speeds (Oliver and Ganf, 2000). Lastly, and most importantly for our choice of simple model, 

studies of similar systems have found that thermal stratification is mainly influenced by flow rate in a 

weir pool environment (e.g. Sherman, et al., 1998). 

 

The model contains other simple representations of complex functions. Perhaps most obviously, there 

are no density dependent effects on the population, other than the absolute ceiling on population 

imposed by available phosphorus. This simplification probably explains why the model tends to 

overestimate peak population values, and appears to underestimate low population values (although 

the discussion of the non-reliable nature of low population counts must be borne in mind here). 

Similarly, we have assumed a fixed phosphorus quota per cell contrary to observed patterns under 
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bloom conditions (Kristov, et al., 1999), and have not allowed for luxury uptake of phosphorus 

(Cembella, et al., 1984) or growth via internal stores (Droop, 1974). Despite these and other 

simplifications, the model appears to perform the task for which it was designed. It does not need to 

be complex in order to do this. As such, this simple model has potential to be useful as a management 

tool, and appears to be worthy of further research.  

 

4.5 Further development 

 

Much of the above discussion has centred on application of the model to the test case – Anabaena sp. 

in Bourke Weir. The true utility of this model will become known when it is applied to other situations. 

The unaltered model is likely to be portable if applied to other weir pools, especially on the Darling 

River, although it is possible that the combination of parameter values (e.g. r20, q, Q10) that produced 

good results for Bourke Weir, might not work so well in another environment. In environments where 

wind might become important in mediating mixing (shallow impoundments or lakes), it is likely to need 

some modification. Similarly, unlike Bourke, few environments have clear skies for most of the year. 

For intermittently cloudy environments, some complication of the light limitation routine might be 

inevitable. Given the overwhelming importance of light limitation in the Bourke Weir system, we do not 

know how well the model might work in a nutrient limited system. Similarly, how well this model might 

work for other dominant cyanobacterial species is unknown at this stage. 

 

Finally, to use this model in a predictive sense, the driving data need to be predicted. By keeping the 

number of data types required to a minimum, we increase the ease with which driving data can be 

predicted. Although it is pure speculation at this stage, it may be possible to use climate models to 

produce simulations of flow and temperature, and then use empirical models to predict phosphorus 

and turbidity from the flow data. The incorporation of stochastic elements into the data predictions, and 

into the model itself would then allow it to be used to assess the risks of algal blooms in the future 

under different year to year climate scenarios. 
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5. Conclusions 

 

We have shown that a relatively simple process-based model can be used to model the occurrence of 

blooms of Anabaena sp. in Bourke Weir. The model was driven by standard monitoring data, and 

processes were modelled based on existing research. While the model could not accurately predict 

cell numbers in the weir, it could predict the onset of blooms, and this is of primary importance to water 

resource managers. The model did falsely predict one bloom, but more importantly, it did not fail to 

predict any of the blooms that occurred between 1992 and 2002. This performance occurred despite 

the model using simplifications of a number of processes. Such simplifications greatly reduced model 

complexity, increasing the chances that the model will be portable between sites, and may find use as 

a management tool. 
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Table I. Values of process parameters used in the model, and sources from which they were drawn. 

 

Parameter Description Value   Source 

Nµ Mean Day Length 12 h Estimate 

Nr Range of Day Length 4 h Estimate 

Ze Mixing depth when weir is stratified 0.75 m Oliver et al. (1999), Mitrovic et 
al. (2003)a 

Fc Flow out of the weir that leads to stratification 800 ML d-1 Oliver et al. (1999)b 

Zw Weir Depth 4.5 m Oliver et al. (1999) 

Ww Weir Width 60 m  Oliver et al. (1999) 

Lw Weir Length 40 km Oliver et al. (1999) 

Isat Illumination required to saturate growth rate 0.15 ⋅ I0 McCausland et al. (2002), Kirk 
(1994)c 

Vw Weir Volume 4500 ML Oliver et al. (1999) 

Pcell Phosphorus Quota of one Anabaena cell 1.42·10-8 µmol Thompson et al. (1994) 

Pspm Phosphorus tightly bound to sediments 17.1 µmol g-1 Grace (unpubl.) 

KS Half saturation coefficient of P uptake 0.21 µmol L-1 Nalewajko and Lean (1980), 
Cembella et al. (1984)d 

Q10 Proportional increase in growth rate with a 10°C increase 2.1  Healey (1973) 

q Mortality 0.3 d-1 Jassby and Goldman (1974)e 

cAwi Algal cell concentration in water entering weir 1 mL-1 Small nominal value 

r20 Population growth rate at 20°C 0.58 d-1 McCausland et al. (2002)f 
a Both studies describe an initial mixing layer as being from 0.5 to 1.0 m thick. Took average. 
b 800-1000 ML d-1 appears to promote persistent stratification. Took low end after Mitrovic et al. (2003) reported 450 ML d-1 
required to cause persistent stratification (contradicts observations in this data set). 
c The figure was calculated by i) taking the light intensity at which growth of Anabaena circinalis was maximised in 
McCausland et al. (2002), and ii) dividing it by the average surface irradiance for Bourke during the ‘bloom season’ November 
– March. We calculated surface irradiance using the methods published in Kirk (1994), and by assuming 80% transmission of 
radiation through the usually clear skies at Bourke and 45% for the percentage of radiation reaching the surface as 
photosynthetically active radiation. 
d Calculated as the average of figures given for natural algal assemblages, with each independent study counting as one data 
point. Laboratory studies of individual species have generally reported KS that are much lower than estimates for assemblages in 
the field (Nalewajko and Lean, 1980, Cembella, et al., 1984). Consequently we decided against using a laboratory estimate of KS 
for Anabaena.  
e Average loss rate for the months of maximal production (July-August) – data points calculated from graph. 
f McCausland et al. (2002) present growth rates for flask cultures and for tanks designed to mimic field illumination and mixing 
conditions. The figure is the average for ‘field mimic’ growth rates (growth rate units converted from ln to log2 – doublings per 
day, and scaled to account for 14 h maximum day length). 
 635 

636 

 28



636 

637 

638 

639 

Table II. Results of the sensitivity analysis. Table shows effect on model output of perturbing each of 

the numerical parameters by ±10%, in terms of the percentage of days re-classified as being over or 

under the management threshold of 2000 cells mL-1. Parameters are ranked by average effect size. 

 

Perturbation ⇒ +10% -10%  Perturbation ⇒ +10% -10% 

Parameter altered Change %  Parameter altered Change % 

Te 3.5 3.6  Ptot 0.1 0.3 

r20 2.2 2.4  Nµ 0.1 0.2 

q 2.1 1.6  Intercept 0.73 (eq. 4) 0.2 0.1 

Q10 1.1 0.9  cAwi 0.1 0.2 

Fc 0.5 0.9  KS 0.2 0.1 

F 0.8 0.5  Vw 0.1 0.1 

Tu 0.7 0.4  Lw 0.1 0.0 

Slope 0.04 (eq. 4) 0.7 0.4  Pcell 0.1 0.0 

Ze 0.5 0.4  Ww 0.1 0.0 

Zw 0.4 0.2  Slope 0.67 (eq. 7) 0.0 0.0 

Isat 0.3 0.2  Intercept 52 (eq. 7) 0.0 0.0 

Nr 0.2 0.2  Pspm 0.0 0.0 
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Figure Captions 

 

Figure 1. Map showing the location of Bourke Weir in northern NSW, Australia, and the gauging 

station from which data were collected. 

 

Figure 2. Conceptual model upon which the numerical model of Anabaena populations was based. 

 

Figure 3. Model performance. The graph shows monitored concentrations of cyanobacteria in Bourke 

Weir for the period 1992-2002 (circles) and the population of Anabaena circinalis as projected by the 

model (line). The horizontal dashed line shows the management threshold of. 2000 cells mL-1. X-axis 

shows time, and Y-axis shows cell concentration (mL-1) + 1 on a log scale 

 

Figure 4. Results of the sensitivity analysis for the five most sensitive parameters. The two lines show 

the population as modelled with the +10% and -10% perturbations, respectively. The filled area 

highlights the degree of divergence between the two modelled populations at any point in time. The 

circles mark the heights reached by population peaks in the unperturbed model. 

 

Figure 5. Effect of setting limiting scalars to 1. The three graphs show the original modelled population 

(solid line) compared to populations in which Ilim, Plim, and STe were set to 1, respectively (dashed line).  
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