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Introduction 

The growth of the human population and increasing demands on resources has led to a 

large increase of CO​
2​ emissions, which have been causing negative changes in climate. Models of 

future climate trends predict that the consequences will worsen if the emissions continue (or 

increase) at the current pace (Karl & Trenberth, 2003; Oreskes, 2004; UN, 2017; NOAA, 2017a; 

NOAA, 2017b, Beal et al., 2018). Even if humans stop the shift of carbon dioxide into the 

atmosphere relatively quickly, there will be a prolonged period before the effects of climbing 

CO​
2​ levels stabilize. If there is any chance for a stable climate and environment in the future, 

there is a need for zero carbon and net negative carbon emission technologies which could aid 

the effort to decrease atmospheric carbon dioxide levels. These technologies include s​olar, wind, 

and nuclear power, fossil energy with carbon capture and storage [CCS], carbon neutral 

crops, afforestation, and bioenergy with CCS (BECCS) or algae BECCS (Fuss et al., 2014; 

Greene et al., 2010, 2017; IPCC, 2013; Walsh et al., 2017; Beal et al., 2018). 

Of these technologies, algal production bioenergy and carbon capture storage 

(ABECCS) is particularly promising because it can generate high amounts of energy, reduce 

CO ​
2​ emissions naturally through photosynthetic processes, and simultaneously help to fulfil 

food production needs (Greene et al., 2016; Beal et al., 2018). This final component is 

particularly important because there is an increase in demand for food production and 

greenhouse emission reduction, however there is a concern that industries cannot keep up 

with food production while also maintaining greenhouse reduction goals (Walsh et al. 2016). 

ABECCS is a unique system compared to other BECCS because while BECCS offer help to 



mitigate climate issues and provide new resources for energy, they often combat food 

production space and needs (Greene et al., 2016). ABECCS does not conflict with space for 

food production most times-- algae fuel production contributes to food demands with high 

yield and has the ability to grow on non arable land that food crops cannot grow on anyways 

(Moody et al., 2014, Walsh et al., 2016; Greene et al., 2016).  All aspects of algae biofuel 

production can help us reach food and energy UN established environmental goals, making 

it promising technology. (Walsh et al. 2016). 

At the current stage of technology, the ability to perform all of these goals on a large 

scale is prohibitively costly (Beal et al 2015, 2018). The high costs to implement algae biofuel 

production prevents it from becoming widespread (Loftus & Johnson 2017).  There is also a 

need to expand on how to increase efficiency for ABECCS to be competitive on the capitalist 

market (Beal et al 2015, 2018). The high costs are the result of space (land) needs, costs of 

water necessary, capital and labor expenses, energy use, and chemical and fertilizing 

additives for the algae, among various other factors in the field that may drive others away 

from this promising market.  

While these factors represent significant barriers to implementation, they could be 

overcome if algae productivity were greater. However, the poor understanding of what 

drives productivity of ABECCS, and how to improve it, is a significant barrier to make it 

more cost competitive at this time. Many factors can influence the productivity and ultimate 

yield to maximize ABECCS efficiency and profitability such as water reuse, optimal 

temperature, and strain selection. Calculating ways to predict an increase in ABECCS yield is 



important to its broader implementation as an algal and forest feed and fuel eco-system. This 

system holds great promise but productivity is the proximal barrier to implementation. 

Because large scale experimentation is resource and time intensive, accurate models of 

productivity are essential to predict and ultimately enhance algal growth and yield towards 

making ABECCs become a competitive option.  Towards this goal, Huntley et al (2015) have 

developed a model for algae (biofuel) productivity based on some key factors such as total 

nitrogen (TN), and particulate organic carbon (POC), to predict expected algae biomass 

productivity. This study seeks to test the model’s fidelity with measured values thus assessing 

its usefulness in the broader algae field. This assessment can also lead to improvements to 

the model. 

.​Methods 

Work began first with summer research at the Duke University Marine Lab in 

Beaufort, North Carolina. Gathering quantitative and qualitative data, harvesting algae 

biomass, understanding how information is inputted into the Marine Algae Industrial 

Consortium (MAGIC) database and where to find this information was conducted during 

that time. The main goals of the MAGIC project is to assess the productivity potential of 

algae strains, to find new ways to culture the algae efficiently, to develop two harvesting 

methods to gain both biofuels and food ingredients, demonstrate productivity of algae 

cultivation and to show the commercialization potential of this market. 

The main methods for the project is data processing from a large bank of data 

recorded from MAGIC, which has a primary algae growth field site in Beaufort, NC.  These 



data range from environmental, processed (dry weight, oxygen levels, etc), and output 

production data. Modelling methods were adapted from Huntley et al. (2015). These 

calculated predicted data should approximate the corresponding existing productivity data if 

the model acts as it should as an estimation tool. 

The model used held three major assumptions which allowed the predicted outputs 

to be accurate estimates. These assumptions concern the DIN/PON, C:N ratio, and the 

nutrients utilized in the following steps. Dissolved inorganic nitrogen (DIN) values were 

normalized by particulate organic nitrogen (PON); total nitrogen (TN) was calculated by 

adding DIN and PON values. ​For the best growth in the algae, DIN/PON is ~2 ​(Figure 1). 

 

Figure 1. Assumption one, DIN/PON shows the best growth done during cultivation. This graph was from 

Huntley et al’s demonstration of optimal growth (after Huntley et al. 2015). 

The next main assumption is that the ratio of carbon to nitrogen (C:N) for the algae 

is about 7.7 mol:mol.​ The C:N ratio was calculated for both the final time points and initial 

time points of production by dividing particulates organic carbon (POC, µM) by PON. Then 



the gross Carbon value in the algae was calculated by multiplying the TN by the final C:N 

ratio. The initial value was found by multiplying initial PON by initial C:N.  

 

Figure 2. The algae from Huntley et al (2015) used all nutrients provided, which was an assumption established 

for the model. The total Nitrogen is almost completely depleted by the third day (after Huntley et al. 2015). 

The third major assumption is the algae utilizes all the nutrients provided when 

productivity is calculated ​(Figure 2). The net growth was calculated by subtracting gross and 

initial C amounts, this compares initial C and final C gross values added to the pond. Using 

the third assumption, the nutrients used allows the model to estimate net growth. Once 

these values are found, the model can then calculate g DW/m2/day productivity from the net 

growth divided by the POC rate of change, then multiplied by dry weight (DW) rate of 

change, and then finally dividing by the number of days between measurements. For this 

paper, the rates of change provided by Huntley et al (2015) were used during the modeling 

(POC = 0.498, DW = 1.028). Then to determine if the model is accurate, the calculated 

biomass is compared to g DW/m2/day values recorded in the MAGIC database.  



This was performed for three strains of algae recorded for the MAGIC data, H1117, 

C046, and S002. The model should approximately predict biomass data accounting for 

correct assumptions and values regarding nitrogen, carbon, etc. This model could be used to 

accurately determine the best way to maximize the algae productivity and efficiency if 

proven to have statistically similar values predicted.  

All of the assumptions from the Huntley et al (2015) paper were assumed for this 

evaluation. They were recorded through DIN values normalized by PON values for every 

data entry, carbon values compared to nitrogen values for every entry to find the ratio, and 

the nutrient assumption was taken as pre-determined. 

Microsoft Excel and R studio were used to process this data. After the modelling is 

done for the MAGIC sites, statistics were performed to determine the fidelity of the model 

predictions with observed numbers. This evaluation will give us the idea of how well this 

model (Huntley et al (2015)) predicts the algae productivity.  

 ​Results 

During calculations, any recorded data for nutrients that were not available (N/A) 

and resulted in an ‘undefined’ or ‘error’ values were omitted from final statistics and 

graphing. 

The model calculations gave higher predicted biomass/productivity than the actual 

observed values recorded in MAGIC database. If the model is used as it currently is 



formatted, it will overestimate values of biomass than what will actually be achieved (Table 

1.) 

Table 1. The observed values for each algae strain from the MAGIC database and the corresponding calculated values 
predicted by the model. All N/A values were removed from the final table.

 

 

A paired T-Test was ran to find if these values were significantly different. The alpha 

value was 0.05 for all two-tailed t-test and equal variance was considered false. The observed 

data for the strain data was the first array and the calculated data was the second array in the 

t-test. For the first algae strain (H1117), the observed values recorded and the theoretical 

calculated values from the model were statistically different (alpha: 0.05, 0.001; p-value: 



2.06E-11). For the second strain (C046), the two values were also significantly different 

(alpha: 0.05, 0.001; p-value: 1.97E-20). The third strain (S002) did not have enough values to 

test for significance. 

The observed and calculated values were graphed against each other to see how well 

the regression connection was between the two factors. For H1117, the fit was low (R​2​ = 

0.025, Fig 3). For C046 strain, the fit was also low (R ​2​ = 0.03, Fig 4). For S002, the fit was low 

but did not have enough values for it to be of significant importance. 

 

Figure 3. MAGIC Algae strain H1117 comparison of the observed DW/m2/day  from existing data versus the 
predicted productivity given by the model, and the correlation (R​2​ = 0.025) is poor. 

 



 

Figure 4. MAGIC Algae strain C046 comparison of the observed DW/m2/day from existing data versus the 
predicted productivity given by the model, and the correlation (R​2​ = 0.030) is poor. 
 

In an effort to try and isolate any driving factors that makes the model overestimate, 

H1117 was used as a representative example of how abiotic factors influenced the biomass 

(assuming it would be similar to the other strains). We can see in the below graphs that the 

model is over estimating values despite the abiotic factors. The model did not demonstrate 

an optimal growth level based on pH, but overestimated values across the recorded pH 

values (Figure 5). There is no apparent pattern of increasing temperature resulting in 

estimated increased algae production (Figure 6). And there is no obvious association with 

increasing recieved sunlight with estimated increase in net growth (Figure 7). 



 
Figure 5. Model values and Observed values graphed against pH of the water throughout records for strain 
H1117. 

 
Figure 6. Model values and Observed values graphed against temperature (C) of the water throughout records 
for strain H1117. 



 
Figure 7. Model values and Observed values graphed against different levels of sunlight received throughout 
records for strain H1117. 

 

Discussion 

The results indicated that the model outlined in Huntley et al. (2015) does not give 

good approximations for predicting algae growth and productivity. The model does not 

predict proper algae biomass/productivity based on MAGIC dataset. It overestimates the 

values as far as can be seen on all aspects even when accounting for abiotic factors such as 

temperature and sunlight. 

The fact that the two values were statistically different, even more than alpha of 0.01, 

means the model does not give a good approximation of the algae productivity. If the 

numbers appeared different but were not statistically different, it would still be a good model 

to use as an estimation of what you can get out of your resources. 



A linear graph where R ​2​ is higher than 0.8, or mostly a straight line slope, we would 

see that the model can estimate the observed values well in a one-to-one agreement in 

values. But since it is poorly fitting, we see the estimations are not very well correlated. All 

these tests show that the Huntley et al. model should be improved or updated to be a proper 

tool in the new emerging field of algae production. 

The data does not fit well because the data violated the necessary assumptions. The 

first assumption was that maximum algae growth would be DIN/PON equals 2, but instead, 

the values fluctuated on a broad range. This indicates some strains grew better on certain 

days than others in reality and the model did not account for this. The next assumption was 

that the algae uses all the nutrients provided, but the real data indicates that there were 

different rates of nutrients usage. This was another violation in the model assumptions that 

led to over estimations. The next assumption was that net growth could be used to estimate 

biomass, which was not violated in these processes. This paper also used the conversion 

slopes from Huntley et al., because calculated rates of change resulted in negative and 

incorrect values. Compared to Huntlet et al. (2015) where it worked, most assumptions were 

met with a DIN/PON approximating 2, nutrient usage was maxed at the values used, and 

their slopes were those they calculated based on the data they had on hand. All of these 

reasons may have been why the model overestimated values in most cases. 

Other issues with the model might have been human error in calculations or data 

entry. This was also a test of an algae prediction model on one type of database, MAGIC. It 

could be of interest to see if the model consistently fails with other algae growing databases 



to accurately assess the model’s validity. MAGIC is a relatively new project with limited data, 

such as what was seen with S002 data that had few recorded points at the time of 

calculations. There is also a need for consistent measurements of nutrients and other factors 

so that there are less N/A values in the calculations and more values could be considered. 

Conclusion 

We see that the algae model as described by Huntley et al. (2015) is not able to be 

applied more broadly to other datasets that need predictive biomass values. In Huntley et al. 

(2015), once they were able to satisfy the needed assumptions, they matched the calculated 

biomass with observed values. Other algae project datasets do not always have the necessary 

assumptions, or the data recorded in the necessary way to get approximate calculated 

biomass productivity values. This defeats the purpose of the model to be applied in a broader 

sense if violating the assumptions lead to overestimated values. The model will need to be 

improved to prevent a large skew of estimation from the assumptions being violated and to a 

system that can account for slight variation between data records. 

This project is important to determine the validity of an algae model. The algae fuel 

industry is an emerging area of commerce that holds promise in the future of transportation 

and food production. It is a net negative carbon emission technology that aids in the fight of 

elevated carbon in the atmosphere that contributes to climate change, so it is important to 

have new and improving tools that allows the industry to become competitive with fossil and 

current fuels. This model was made to try and optimize algae production if you plug in 



different theoretical nutrient value numbers, a useful tool for the future. This model does not 

work, but this just gives us an idea what still needs to be improved in our tools. 

There have been other studies looking at algae growth models to try and predict 

biomass for future cultivation markets (James & Boriah, 2010; Huesemann et al. 2013). They 

have been generally successful in their modelling to match their observed data, and it 

appears it is because their model is a function of light intensity and temperature. Perhaps if 

this model could incorporate light intensity and temperature as a larger variable, the model 

could become a better predictor tool for future use. But there are differences between the 

model examined in this report and the ones from other reports; the other models are more 

mechanistic in nature, building off of algae growth factors instead of nutrient growth. 

Future studies should include more data sets from other algae production 

experiments and facilities. Algae Testbed Public-Private Partnership (ATP3) project and 

Arizona Algae cultivation data sets could be another opportunity to test for future studies, as 

exploring fits for those projects may give more robust information and conclusion on the 

model fit capability. Also, attempts to try and improve the model would be a good future 

project based on the results of this study. Standardized data recording could also come from 

a well working model that experts can easily understand across all the fields. This would be 

to quickly and easily use the working model by plugging in the information and records 

organized previously. 
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