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air and the top surface of ORP(w) 

𝑄𝑤𝑎𝑡𝑒𝑟 𝑖𝑛𝑓𝑙𝑜𝑤: heat exchange regarding water 

flow to the ORP (w) 

ℎ𝑐𝑜𝑛: the coefficient for convection heat flux 

(
𝑊

𝐾.𝑚2
) 

𝜑𝐿 : an efficient parameter for culture light 
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𝑐𝑥: the algae concentration in the reactor( 
𝑔

𝑚3) 𝐼𝑎 and 𝐼𝑠 : mean light intensity and saturated 

light intensity, respectively( 
𝑤

𝑚2
) 

Z: the ORP depth in(m)  

𝜑𝑇 : an efficient parameter for the culture 

temperature 

𝑃𝐴𝑅: the rate of photosynthetic spectrum photon 

incidence (
𝑤

𝑚2
) 

∅𝑝ℎ𝑜𝑡𝑜𝑛 : the number of photons that are 

required to produce the algae biomass, g/moles 

𝐷: the algae biomass lost without light (g/sec)  

𝜇𝑑𝑎𝑟𝑘: the decay rate of biomass(h-1) 𝜏: biomass losing average via the dark period 

(%) 

∆𝑡: The time interval of the dark (h-1)  
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Thesis Title : Modeling large-scale Microalgae Growth in Open Raceway Ponds 

under Saudi Arabia Climate Conditions 

Major Field : Chemical Engineering  

Date of Degree : December 2024 

 

The growth of microalgae is widely explored around the world due to its various applications. One 

of the exciting applications of microalgae is aquafeed for fish and shrimp. Saudi Arabia relies on 

exports for aquafeed. Exploring the potential of microalgae cultivation for its potential use in Saudi 

Arabia is essential. Therefore, understanding the microalgae growth rate in an Open Raceway Pond 

(ORP) is essential. One of the best ways to understand the dynamic growth rate of microalgae 

under real weather conditions that influence the growth rate of microalgae in ORP is to build a 

time-dynamic growth model. This thesis presents a mathematical model for microalgae 

“Arthrospira maxima” growth using biological, chemical, and physical variables that affect algae 

growth. The current work will explore the temperature profile for ORP over time by applying 

energy balance to the ORP system using the thermal part of the model. The temperature profile 

from a thermal ORP model is then incorporated into the biological model to find the time-resolved 

growth rate of microalgae in an ORP. The actual weather conditions (wind speed, air temperature, 

relative humidity, and global horizontal irradiance) are used to build the model and generate the 

results. The weather data was selected for a specified location in Jeddah, Saudi Arabia. The impact 

of each weather condition on the ORP temperature profile and biomass productivity is studied in 

this work. The thermal and biological mathematical model was validated by comparing its results 

with experimental results from the literature and actual data from a large-scale cultivation facility 

in Saudi Arabia. The comparison of model prediction with actual data shows a good correlation. 

Moreover, weather conditions significantly affect the productivity of the microalgae. Furthermore, 

the harvesting sequence also greatly impacts productivity—frequent harvesting results in more 

biomass but at the expense of more energy. The model predicted the maximum, average, and 

minimum productivity of algae as 43.24, 22.51, and 5.32g/m2 /day throughout the year. The 
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developed mathematical growth model for algae can be used with different locations in Saudi 

Arabia to get a complete idea of the optimum location for algae cultivation and associated 

production costs throughout the year to find the best production season and location.  

Keywords: Microalgae growth, Biological model, Open Raceway Pond, Aquafeed 
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 لرسالةملخص 

 

 حسين علي محمد السبيعي  :الاسم الكامل
 

الحجم تحت تأثير الظروف المناخية في المملكة العربية  ةكبير ةمفتوح بركة الدقيقة فينمذجة نمو الطحالب  :عنوان الرسالة
 السعودية

 
 الهندسة الكيميائية  التخصص:

 
 0202ديسمبر :تاريخ الدرجة العلمية

 
 

نمو الطحالب مطلوب في انحاء العالم. واحدة من استخدامات  استكشافالتطبيقات المختلفة لاستخدام الطحالب الدقيقة,  بسبب

بما ان المملكة العربية السعودية مهتمة في في تربية (. )الشرم والربيانسماك الطحالب الدقيقة هيا استخدامها كمصدر غذائي للأ

رة الطحالب الدقيقة لنمو في المملكة فإن اختبار إمكانية مقدمصدر غذاء لهاذه المخلوقات الأحيائية  والطحالبالاحياء المائية 

فهم نمو الطحالب الدقيقة في البركة المستخدمة في تنمية الطحالب مهم. واحدة من الطرق المستخدمة  لذألكالعربية السعودية مهم. 

ي بواسطة ية هالمملكة العربية السعودمعاملات الجو في  تأثيرالدقيقة في البركة المفتوحة تحت لمعرفة إمكانية نمو الطحالب 

" من نوع اسبورلينا  الطحالب نمولمعدل  النموذج المحاكي لنمو مع الوقت. هذه الاطروحة تعرض نموذج رياضياستخدام 

 قوم بحسابيالتي تؤثر على نمو الطحالب. العمل الحالي سوف  وفيزيائيةماكسما" بي واسطة استخدام متغيرات احيائية, كيميائية, 

لي البركة المستخدمة لزراعة الطحالب ذج. الحرارة الموجدة مومع الوقت بواسطة تطبيق الجزء الحراري لنتغير الحرارة للبركة 

 بياناتالفي النموذج الأحيائي لإجاد معدل نمو الطحالب في بركة الزراعة.  النموذج تستخدمبواسطة تطبيق الجزء الحراري من 

 خراجواست( تستخدم لبناء النموذج مسيالشالحراري  والاشعاعالحقيقية لطقس )سرعة الرياح, حرارة الهواء, نسبة الرطوبة, 

بيانات الطقس المختارة في هذه الدراسة هي لجدة في المملكة العربية السعودية. تأثير كل واحد من معاملات الطقس على   النتائج.

 ائيوالأحي. النموذج الرياضي الحراري رسالةانتاج الطحالب تم دراستها في هذه ال وعلىالزراعة  رارة بركةحالتغير في درجة 

 و مأخوذة من منشأة موجودة في جدة,اتم التحقق من صحته بواسطة مقارنة نتائج النموذج مع نتائج تجريبية موجودة في المراجع 

عالي  أثرا جيدة. أيضا, أوضاع الجو كان لهالتجريبية  والنتائجبين نتائج النموذج مقارنة الترابط  تالسعودية. كانالمملكة العربية 

 علىأثر فقط على إنتاجية الطحالب بل ت يؤثرعلى انتاج الطحالب الدقيقة. أيضا, التغير في تركيز الحصاد او دورة الحصاد ليس 

 2.23و, 33.23, 42.34كانت كتالي واج لطحالب ممكن متوسط, واقل معدل انت ,النموذج استنتج اعلي تكلفة الإنتاج لطحالب.

في  استخدامهالطحالب ممكن  حساب معدل نمو الرياضي المطور الأحيائي لي جكاملة. النموذسنة  ليوم. خلا/متر مربع/غرام

خلال  طحالبسعر الإنتاجية ل ومعرفةمكان ممكن لزراعة الطحالب  أفضلمناطق مختلفة في المملكة العربية السعودية لمعرفة 

 موقع لإنتاج الطحالب. وأفضلالطحالب  لإنتاجفصل من السنة  أفضللمعرفة السنة 
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CHAPTER 1: INTRODUCTION 

 

1.1. Background  

 

Microalgae are a kind of unicellular organisms that can utilize carbon dioxide through 

photosynthetic processes to produce chemical energy (organic food) (Abdur Razzak et al., 2024). 

The growth of microalgae using light and CO2 is termed as phototrophic. Microalgae can also 

grow in dark or light-limited conditions using organic carbon sources; in this case, microalgae 

utilize the organic compounds instead of producing organic energy by supporting light sources; 

this kind of microalgae growth is called heterotrophic growth. In the regime of mixotrophic 

growth, both carbon dioxide (inorganic source) with light and organic carbon simultaneously 

contribute to the metabolism of microalgae growth (Perez-Garcia et al., 2011). In recent years, the 

interest in microalgae cultivation has increased among researchers due to various features of 

microalgae. Microalgae can grow rapidly in a relatively short period, and it is flexible enough to 

adjust their biochemical compositions by manipulating the cultivation conditions. Moreover, the 

production of microalgae biomass does not consume much water; it can grow in seawater, and 

wastewater is environmentally friendly and utilizes land unsuitable for crop cultivation 

(Dolganyuk et al., 2020).  

The wastewater produced from food, electronics, oil, gas, and various industries is hazardous to 

dispose its directly to the environment. WW includes organic and inorganic contaminants (solid 

particles) that are highly toxic to organisms and eutrophication of aquatic environments 

(Abdelfattah et al., 2023). Therefore, WW treatment is needed before discharging or reusing it. 

The disadvantages of implementing conventional wastewater. Wastewater treatment processes 

emit greenhouse gas emissions, excessive solid landfilling, and high energy consumption to 

improve sustainable solutions for wastewater. Wastewater treatment and disposal, alternative 

environmental, environment-friendly, less energy consumption, and economical methods are 

needed. One of the choices is to use microalgae for wastewater treatment. The pollutants of WW 

can be removed through the metabolism of microalgae, which can grow in highly saline water. 
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Approximately 1.83 kg of carbon dioxide can be fixed to produce 1 kg of microalgae biomass (Al-

Jabri et al., 2021). Currently, microalgae are used in industrial-scale farmed fish feed and also for 

food and drug compound production such as omega-3 polyunsaturated fatty acid, food colorings 

including astaxanthin, phycoerythrin, and 𝛽-carotene. Many microalgae species contain proteins, 

vitamins, antioxidants, and low carbohydrate composition, so they are classified as compounds of 

healthy food (Rozenberg et al., 2024). Generally, commercial microalgae production has been 

implemented in outdoor ponds regarding considerations of scale and cost (Hirayama et al., 2022). 

The cultivation system of microalgae is widely classified into closed photobioreactors (tubular, 

vertical-column, flat-panel ) and open ponds (Tan et al., 2020). Closed photobioreactors' main 

advantages are the greater ability to control cultivation conditions, greater biomass production, 

less loss of water due to evaporation, and fewer contaminants. In contrast, a closed photobioreactor 

is more expensive than an open pond in terms of operating and building costs. Open pond systems 

have high production capacity, less design, building, and operating effort, and low energy 

consumption. However, they are highly affected by local climate conditions and exposure to 

contamination. Additionally, low carbon dioxide transfer, uncontrolled light intensity, and 

variation of temperature are presented in open ponds (Prado et al., 2023). The widely used method 

for microalgae cultivation is open pond culture since less maintenance is required and cost-

efficient (Avinash et al., 2020).  Open ponds are termed as Open raceway ponds with rotating 

peddle for keep the culture suspended. 

The growth rate of microalgae can be influenced not only by the cultivation system (open or closed 

photobioreactor) but also by many environmental factors such as pH, temperature, light intensity, 

carbon dioxide, dissolved oxygen concentration, and salinity (Chowdury et al., 2020). Metabolic 

and physiological changes of microalgae happen due to environmental stresses such as starvation 

due to limited nutrients, ultraviolet radiation, and temperature variation. When  stress are very high 

or compounded, microalgae growth will stop and lead to death (Elisabeth et al., 2021). Effects of 

cultural conditions on algae growth can be tested using experiments. But, it takes too long and is 

costly (Yuan et al., 2020). Modeling of microalgae growth is an efficient method that connects the 

and incorporates the influence of each factor on algae growth and main output results parameters 

(biomass growth rate, lipid production, etc.). Therefore, the effect of each change on the 

environmental conditions of the cultivation culture (temperature, pH, etc.) can be noticed without 

doing any experiment. The mathematical kinetic growth model can specify microalgae 
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cultivation's most influential factors. Ultimately, optimization of cultivation conditions for optimal 

biomass production, algal biofuel, and other contents of algae can be estimated with little effort  

(Darvehei et al., 2018; Yuan et al., 2020; Lee et al., 2015).    

 

 

Figure 1: A conventional Open Raceway Pond for microalgae cultivation (Ebadi et al., 2020) 
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1.2. Why mathematical modeling in algae cultivation for Saudi Arabia.  

 

Figure 2 represented in the below illustrates the role of mathematical modeling in algae cultivation 

for the future of sustainable aquaculture in Saudi Arabia.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Why mathematical modeling in algae cultivation for Saudi Arabia  

1.3. Novelty of the research 

This work includes a novel approach to predict the microalgae growth and productivity under 

Saudi Arabia climate conditions.  

 

 

Mathematical modelling can help to identify the optimal location and productivity of 

microalgae cultivation 

Saudi Arabia weather is conducive for growth of algae. 

Outdoor cultivating algae at a large scale in various locations in Saudi Arabia presents 

challenges, as every site has unique climate conditions that can impact algae growth 

Physical cultivating microalgae at each location is expensive. 

Algae biomass is a sustainable fish feed source. 

Saudi Arabia aims for 600,000 tons of fisheries product by 2030. 

KSA’s seafood consumption is increasing at 5% per capita and is expected to reach 

global average of 20 kg/year by 2030. 
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1.4. Objectives of this research  

 

The specific objectives for this research are as follows:  

 Predict the microalgae growth in open raceway pond using weather conditions prevailing 

in Saudi Arabia by thermal and biological mathematical modelling  

 Test the impact of the harvesting cycle and depth of ponds on algae productivity  

 Validation of the model results with experimental results  

 Provide a tool to find the optimal location of microalgae cultivation in Saudi Arabia   

 

1.5. Summary of this work 

 

The present work implemented the thermal and biological model for the ORP bioreactor to 

estimate annual production for a specified microalgae strain (Arthrospira maxima). The thermal 

and biological model was used to find the temperature and microalgae biomass concentration 

profile for ORP. The local weather conditions (ambient temperature, relative humidity, and global 

horizontal irradiance (GHI), dimensions of ORP, initial pond temperature, initial biomass 

concentration inside a pond, and harvested concentration were used as input information in the 

thermal and biological model based on the weather conditions from Jeddah, Saudi Arabia. The 

model estimated the annual microalgae production, pond temperature, evaporation rate, and 

changes in the pond's salinity. To see the effect of ORP dimensions on the yearly production of 

microalgae, the model was run based on fixing weather conditions and varying ORP dimensions. 

The model was run based on different harvesting concentrations to obtain the impact of harvesting 

concentration on the microalgae productivity. Finally, this model can be run in different places in 

Saudi Arabia with different microalgae species to estimate the biomass productivity potential at 

specified locations. 
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CHAPTER 2: LITERATURE REVIEW 

 

 

Mathematical modeling of microalgae can be categorized into two parts. The first part will include 

the mathematical growth rate models depending on the single substrate effect of limiting factors 

such as light intensity, temperature, nitrogen and phosphorus nutrients, pH, and salinity. The 

second part will describe the growth models based on multiple limiting factors: non-interactive, 

interactive, and additive mathematical models. The mathematical model will describe the kinetic 

growth of microalgae in terms of a specific growth rate (𝜇) related to the biomass concentration of 

microalgae by the following relation. 

𝜇 =
ln(𝑋𝑓)−ln (𝑋𝑖)

𝑡𝑓−𝑡𝑖
                                                                                                                         (2-1)  

𝑋𝑓 and 𝑋𝑖 are the final and initial biomass concentration and 𝑡𝑓 − 𝑡𝑖 is the time interval of the 

period (Vo et al., 2019).  

2.1. Mathematical kinetic models for microalgae growth based on a singular 

substrate 

To avoid the complexity of living cell models, one single factor is assumed to have a critical impact 

on the cellular growth rate. In general, two kinds of singular substrate models are available in the 

literature: the extracellular model, which follows the form of classic Monod, and intracellular 

elements, mainly represented by the Droop model form (Mesut Bekirogullari et al., 2020). 

2.1.1. Light as a growth factor in Mathematical modeling  

 

One of the widely used cultivation methods for microalgae is photoautotrophic culture, where light 

energy is utilized by microalgae cells to transform carbon dioxide into an organic substance (Ye 

et al., 2023). The growth rate of marine microalgae Nannochloropsis sp. was tested under different 

light intensities and confirmed that the specific growth rate of Nannochloropsis sp. decreases when 

Nannochloropsis sp. cells are exposed to light intensities lower or higher than optimum light 

intensity (Chang et al., 2016). Therefore, the light source is critical to microalgae's mathematical 
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kinetic growth model (Darvehei et al., 2018). The PI expresses the relationship that connects the 

photosynthetic process and light intensity in individual cells (P presents the photosynthetic rate, 

and I express light intensity). The PI curve mainly consists of three central regions. The first range 

is illustrated by the proportional relation between photosynthetic rate and light intensity, and 

photosynthesis in this region is limited due to light intensity limitations. The capacity of algae for 

capturing photons in photosynthesis has a specified limit, and any further increase in light intensity 

will not influence the rate of photosynthesis; this phenomenon is presented in the second region of 

the PI curve. The last segment in the PI curve shows the influence of light inhibition because high 

incident light intensity deactivates photosynthetic systems as shown in Figure 2 ) (Béchet et al., 

2013).  

 

Figure 3: PI curve illustrating the impact of light intensity on algae growth in three distinct 

regions: light-limited, light-saturated, and light-inhibited (Béchet et al., 2013)  

 

Light attenuation occurs when light penetrates a turbid medium like an algae culture. The intensity 

of light decreases as it goes deeper into the medium. The Beer-Lambert law fits the attenuation 

phenomenon. This law explains how light intensity exponentially decreases with the depth of the 

medium, as described in equation 2-2 (Benson & Rusch, 2006).  

 

𝐼(𝑧) = 𝐼𝑜exp (−𝜎𝑋𝐴𝑍)                                                                                                               (2-2)  

 

Where 𝐼𝑎(𝑧) is the light intensity amount at distance z from the surface of the medium (pond), 𝐼𝑜 

is incident light intensity at the surface, 𝑋𝐴 is microalgae cell concentration, and the 𝜎 is the 
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biomass light absorption (extinction) coefficient for the entire PAR range (400–700 nm). There 

are two main conditions for applying the Beer-Lambert. The first condition is that the broth's 

optical properties are not affected by the direction of light, which happens in a well-mixed medium. 

Another condition is that the light does not scatter by algae cells (Marsullo et al., 2015; Huesemann 

et al., 2016). The movement of algae inside the culture plays a critical role in the photosynthetic 

rate because the algae on the surface are exposed to absorb more light intensity than algae deeper 

in broth (Béchet et al., 2013). The calculation of average light intensity (𝐼𝑎) for medium 

(bioreactor) strongly depends on the geometry of the algae growth bioreactor, so for growth on the 

open pond, the relation for 𝐼𝑎 is  

 

𝐼𝑎 =
1

𝑧
∫ 𝐼𝑜 exp(−𝑘𝑒𝑧) 𝑑𝑧
𝑧

0
                                                                                                          (2-3)  

𝐼𝑜 is incident light on the surface, which can be found by 𝐼𝑜 = 𝑃𝐴𝑅 × 𝐼𝐺𝐻𝐼. where PAR 

(photosynthetic active radiation) is the amount of light that algae use in the photosynthetic process. 

Itis equal to 45 % of total coming light intensity,  𝐼𝐺𝐻𝐼  is global horizontal irradiance, 𝑧 is the depth 

of the bioreactor (pond), and 𝑘𝑒 is named the extinction coefficient. It is a function of algae 

concentration in a pond, as mentioned in Equation 2-4 (Marsullo et al., 2015). 

 

𝐾𝑒 = 𝐾𝑒1 + 𝐾𝑒2𝑋𝐴                                                                                                                      (2-4)  

 

The photosynthetic process can be illustrated in many forms, such as the rate of electron transfer, 

oxygen release from algae, and carbon dioxide consumption by algae (Darvehei et al., 2018). Many 

models have been proposed to describe specific growth rates in light intensity, but in this part, only 

four models will be discussed in detail. Table 1 includes those models with their parameters.   

 

2.1.1.1. Modelling algae growth on incident light intensity as a single factor  

 

Baly and Tamiya propose a model for algae growth by replacing substrate concentration in the 

Monod model with light intensity, as given in the following equation. 

 

   𝜇 = 𝜇𝑚𝑎𝑥
𝐼

𝐼𝑆+𝐼
                                                                                                                         (2-5)   
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Where 𝜇 is the specific growth rate, 𝜇𝑚𝑎𝑥 is the maximum specific growth rate, 𝐼𝑆 is light saturation 

irradiance, and 𝐼 is light irradiance (Darvehei et al., 2018). 

In real situations, a specific growth rate is inhibited at a high substrate concentration, which often 

reduces the specific growth rate. The Monod model does not account for the inhibition under high 

external substrate concentration (Chen & Johns, 1994). So, equation 2-5 (Monod model when light 

irradiance is substrate) does not describe the third region in the PI curve (Figure 2). This limitation 

of Baly and Tamiya’s Model cannot describe microalgae growth at low substrate concentrations 

(for instance, light irradiance), which is a lag phase (Figure.2). 

a. Models based on average light intensity 

 

Algae cells has a light attenuation effect in growth medium. Using incident light intensity has no 

more extended meaning since algae receive different amounts of light from the broth. Instead of 

using the model with incident light intensity, models based on average light intensity were 

implemented under light attenuation conditions. Average light intensity depends on the length of 

the medium, the concentration of algae in the broth, the extinction coefficient, the geometry of the 

cultivation system, and incident light intensity on the surface of the culture medium, as mentioned 

in equation 2-2 (Lee et al., 2015)—the following two models used average light intensity approach.  

b. Hyperbolic growth model without photoinhibition 

 

This Model has the same construction as the Monod model but incorporates an exponential 𝑛 that 

has been inserted into this Model to adjust growth kinetic for the lag phase at a low value of average 

light intensity inside the growth culture. The expression for this Model is  

𝜇 = 𝜇𝑚𝑎𝑥
𝐼𝑎𝑣
𝑛

𝐼𝑎𝑣
𝑛 +𝐼𝑘

𝑛                                                                                                                          (2-6)  

Where 𝐼𝑎𝑣 is the average light intensity of broth, 𝐼𝑘 is a light constant that constitutes the cell's 

(microalgae) affinity to light, which is equivalent to the saturation constant (equation 2-5).             

𝜇 =
1

2
𝜇𝑚𝑎𝑥, when 𝐼𝑎𝑣 = 𝐼𝑘, but growth becomes limited by light at 𝐼𝑎𝑣 above the value of 𝐼𝑘 until 

there is no more growth at a saturated point (Molina Grima et al., 1993).  
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c. Hyperbolic Model with photoinhibition 

 

When the photoinhibition happens, both parameters 𝑛 and 𝐼𝑘 on the hyperbolic model without 

photoinhibition are modified as a function of incident light intensity on the reactor surface 

( 𝐼𝑜). The hyperbolic Model that involves photoinhibition is expressed.  

 

𝜇 =
𝜇𝑚𝑎𝑥𝐼𝑎𝑣

(𝑎+𝑏𝐼𝑜)

(𝑐+𝑑𝐼𝑜)
(𝑎+𝑏𝐼0)+𝐼𝑎𝑣

(𝑎+𝑏𝐼𝑜)
                                                                                                            (2-7)  

 

The new parameters a,b,c, and d were found by correlating 16 experimental data points for H. 

pluvialis microalgae to equation 2-7 using non-linear regression, and the coefficient of this 

regression ( r 2 ) is equal to 0.9778. The values of 𝜇𝑚𝑎𝑥, a,b,c, and d are 0.11 ℎ−1, 2.32, -0.0008 

(𝜇𝐸 𝑚−2𝑠−1)−1, 98.7 𝜇𝐸 𝑚−2𝑠−1, and 0.034, respectively. (García-Malea et al., 2006).  

2.1.1.2 Eilers and Peeters Model 

 

This model accounts for the photoinhibition at a certain light intensity level, as shown in Figure 3 

(Lee et al., 2015). The model developed by Eilers and Peeters is  based on photosynthesis 

dynamics. The central assumption used to create this model is that the photosynthetic unit (PSU) 

can follow three different states: state of resting, activated state by only one photon, and 

deactivated state by a higher amount of photoss. Photoinhibitionis described by the third state, 

which is a speedy sequence of photons deactivation of PSU. When one photon hits PSU in interval 

∆𝑡, the transition from one state to another happens, and the photosynthetic process occurs. The 

number of hitting photons per unit ∆𝑡 is directly proportional to light intensity. The Eilers and 

Peeters model was expressed by replacing probability (p) in the Poisson model with one hitting 

photon in ∆𝑡  (Peeters & Eilers, n.d.; Eilers & Peeters, 1988). The formula of Eilers and Peeters is 

illustrated as follows: 

  

𝜇 = 2 𝜇𝑚𝑎𝑥(1 + 𝛽)
𝑥

𝑥2+2𝛽𝑥+1
                                                                                                    (2-8) 

 

𝑥 =
𝐼

𝐼𝑜𝑝𝑡
                                                                                                                                        (2-9)  
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where 𝐼 is the light energy, 𝐼𝑜𝑝𝑡is  the optimum light energy for growth rate, and 𝛽 is a sharpness 

coefficient ranging from  -1 to ∞ (Talbot et al., 1991). 

2.1.1.3. Light spectrum as an input variable for algae growth 

 

Both  light intensity and light spectrum are important parameters for algae growth. Microalgae 

showed better growth in specific wavelengths than others. Therefore, researchers investigated this 

impact. Active wavelenghts inlight for photosynthesis  are known as photosynthetically active 

radiation (PAR), and it is in the range between 400 - 700nm (Darvehei et al., 2018). Based on two 

assumptions, the energy of light intensity is affected by this range of wavelengths, and light 

intensity is attenuated in culture. Blanken et al. produced a formula that predicts the amount of 

light intensity inside culture at a certain depth (Z ): 

 

𝐼(𝑍) = ∑ 𝐼𝜆(0) 𝑒
(−𝑎𝜆,𝑥𝐶𝑥𝑍)∆𝜆𝜆=400

𝜆=700                                                                                            (2-10) 

 

Where 𝐼𝜆(0) is light intensity at the culture surface for wavelength 𝜆, 𝑎𝜆,𝑥 is the light absorption 

parameter at wavelength 𝜆, and 𝐶𝑥 is the concentration of biomass (Blanken et al., 2016).  

Ritchie(Ritchie, 2010)'s  proposed a different way for light intensity calculation from wavelength 

based on the assumption that not all wavelengths in the range between 400 - 700 nm contribute 

the total energy of light intensity (Ritchie, 2010). The source of energy for the photosynthetic 

process is mainly coming from two light sources: blue (425 - 500 nm) and red ( 640 -700 nm), and 

the reason behind this is that algae have chlorophyll a and b which respond to absorb wavelengths 

of light at blue and red spectra mainly for photosynthesis. Therefore, the estimate of used light 

intensity in the photosynthetic process is expressed as follows. 

 

𝐼𝑃𝑈𝑅 ≈ 0.668 × ∫ 𝐼𝜆𝑑𝜆
500

425
+ 0.819∫ 𝐼𝜆𝑑𝜆

700

640
                                                                           (2-11) 

 

Where 0.668 and 0.819 are the average quantum efficiency for blue and red light, respectively. 

The maximum sunlight irradiance in the ground of the earth reaches about 2220 𝜇𝑚𝑜𝑙𝑚−2𝑠−1, but 

the irradiance used for photosynthesis is about 767  𝜇𝑚𝑜𝑙𝑚−2𝑠−1 based on equation 2-11 (Ritchie, 

2010).  
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Additionally, ultraviolet irradiation negatively affects algae growth through photosynthesis 

inhibition or cell killing (Darvehei et al., 2018). 
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Table 1: Mathematical models for  microalgae growth depending on the light intensity as a single factor affecting algae growth 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Light  

Limitation 

𝜇 = 𝜇𝑚𝑎𝑥
𝐼

𝐼𝑆+𝐼
  

 

T1-1 Indoor Haematococcus pluvialis 

Simulated daylight  

Cell concentration 0.215 𝑔𝐿−1 

Pm=43.5 𝑚𝑔𝑔−1ℎ−1 

𝐼𝑆=177.2 𝜇𝑚𝑜𝑙𝑚−2𝑠−1 

Simulated daylight  

Cell concentration 0.123 𝑔𝐿−1 

Pm=51.7 𝑚𝑔𝑔−1ℎ−1 

𝐼𝑆=254.4 𝜇𝑚𝑜𝑙𝑚−2𝑠−1 

Red light   

Cell concentration 0.123 𝑔𝐿−1 

Pm=59.7 𝑚𝑔𝑔−1ℎ−1 

𝐼𝑆=236.9 𝜇𝑚𝑜𝑙𝑚−2𝑠−1 

 

(Jeon et al., 2005). 
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Table 1: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Light  

Limitation 

𝜇 = 𝜇𝑚𝑎𝑥
𝐼

𝐼𝑆+𝐼
  

 

T1-1 Indoor 

 

 

 

 

 

 

 

 

 

Outdoor 

 

Greenlight   

Cell concentration 0.123 𝑔𝐿−1 

Pm=33.6 𝑚𝑔𝑔−1ℎ−1 

𝐼𝑆=152.9 𝜇𝑚𝑜𝑙𝑚−2𝑠−1 

 

 

Chrysophycea 

𝜇𝑚𝑎𝑥 = 0.0465𝑑𝑎𝑦
−1 

𝐼𝑆 = 115 𝑤𝑚
−2 

Minor species 

𝜇𝑚𝑎𝑥 = 0.212𝑑𝑎𝑦
−1 

𝐼𝑆 = 134 𝑤𝑚
−2 

 

(Jeon et al., 2005). 

 

 

 

 

 

 

 

 

(Darvehei et al., 

2018). 
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Table 1: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Light  

Limitation 

𝜇 = 𝜇𝑚𝑎𝑥 [1 − 𝑒
−
𝐼

𝐼𝐾]    

 

 

 

 

 

𝜇 = 𝜇𝑚𝑎𝑥
𝐼

(𝐾𝐼
𝑚+𝐼𝑚)1/𝑚

   

 

 

T1-2 

 

 

 

 

 

 

 

T1-3 

Indoor 

 

 

 

 

 

 

Indoor 

Phaeodactylum tricornutum 

At 27.5 ℃ 

𝜇𝑚𝑎𝑥 = 0.006317 ℎ
−1 

𝐼𝐾 = 67.92 𝜇𝑚𝑜𝑙 𝑚−2𝑑−1 

 

Chlorella pyrenoidosa 

At 25 ℃ 

𝜇𝑚𝑎𝑥 = 2.48𝑑
−1𝐾𝐼 =

5.7 𝜇𝐸𝑚−2𝑑−1 𝑚 = 3 

(Ova Ozcan & 

Ovez, 2020) 

 

 

 

(Bannister, 1979) 
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Table 1: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Light Limitation in 

present of light 

attenuation by 

broth 

𝜇 = 𝜇𝑚𝑎𝑥
𝐼𝑎𝑣
𝑛

𝐼𝑎𝑣
𝑛 +𝐼𝑘

𝑛  

 

 

 

𝜇 = 

𝐴 [
𝐼𝑎

𝑋∙ 𝑉
− 𝐼𝑚𝑎𝑥(1 − 𝑉𝐹)]                  

 

 

T1-4 

 

 

 

 

T1-5 

Indoor 

 

 

 

 

Indoor   

  Isochrysis galbana 

  𝜇 𝑚𝑎𝑥 = 0.0426ℎ
−1 

 𝐼𝑘 = 10.92 𝑊𝑚
−2 

  𝑛 = 5.13 

 

Chlorella pyrenoidosa 

𝐴 = 0.8 𝑘𝑔𝑚𝑜𝑙−1 

𝑋 = 0.01905𝑘𝑔 𝑚−3 

𝑉 = 0.00075𝑚3 

𝐼𝑚𝑎𝑥 = 0.13𝑚𝑜𝑙𝑘𝑔−1𝑑−1 

1 − 𝑉𝐹 

𝑖𝑠 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 

𝑜𝑓 𝑑𝑎𝑟𝑘 𝑟𝑒𝑔𝑖𝑜𝑛  

 

(Molina Grima et 

al., 1993). 

 

 

 

(Lee et al., 2015) 
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Table 1: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Light Limitation 

with 

photoinhibition 

𝜇 = 

𝜇𝑚𝑎𝑥
𝐼

𝑘𝐼+𝐼+
𝐼2

𝐾𝑖,𝐿

 (6) 

𝜇 = 2 𝜇𝑚𝑎𝑥(1 + 𝛽)
𝑥

𝑥2+2𝛽𝑥+1
    

𝑥 =
𝐼

𝐼𝑜𝑝𝑡
          

 

T1-6 

 

 

T1-7 

T1-8 

Indoor  

 

 

Indoor 

Nannochloris eucaryotum 

𝑘𝐼 = 60𝜇𝐸𝑚−2𝑠−1 

𝐾𝑖,𝐿 = 60𝜇𝐸𝑚
−2𝑠−1 

Pophyridium cruentum 

𝛽 = 0.5 

At T = 5℃ 

𝜇𝑚𝑎𝑥 = 0.06 𝑑𝑎𝑦
−1 

𝐼𝑜𝑝𝑡 = 60𝜇𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛 𝑚−2𝑠−1 

At T = 20℃ 

𝜇𝑚𝑎𝑥 = 1.37 𝑑𝑎𝑦
−1 

𝐼𝑜𝑝𝑡 = 492𝜇𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛 𝑚−2𝑠−1 

At T = 35℃ 

𝜇𝑚𝑎𝑥 = 1.2 𝑑𝑎𝑦
−1 

𝐼𝑜𝑝𝑡

= 318 𝜇𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛 𝑚−2𝑠−1 

(Concas et al., 

2016). 

 

(Dermoun et al., 

1992) 
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Table 1: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Light Limitation 

with 

photoinhibition 

𝜇 =  𝜇𝑚𝑎𝑥
𝐼

𝐼𝑜𝑝𝑡
𝑒
(1−

𝐼

𝐼𝑜𝑝𝑡
)
   

 

 

 

𝜇 =  𝜇𝑚𝑎𝑥
𝐼

𝐼+
𝜇𝑚𝑎𝑥
𝛼

(
𝐼

𝐼𝑜𝑝𝑡
−1)

2      

 

T1-9 

 

 

 

 

T1-10 

Indoor  

 

 

 

 

 

Outdoor  

Chlorococcum littorale 

𝜇𝑚𝑎𝑥 = 0.134 ℎ
−1 

𝐼𝑜𝑝𝑡

= 505 𝜇𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛 𝑚−2𝑠−1 

 

 

Nannochloropsis oceanica  

𝜇𝑚𝑎𝑥 = 1.85𝑑𝑎𝑦
−1 

𝐼𝑜𝑝𝑡 = 2.03 × 108 𝜇𝐸 𝑚−2𝑠−1 

𝛼 = 0.12 

 

(Kurano & 

Miyachi, 2005) 

 

 

 

 

(Bernard & 

Rémond, 2012) 
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2.1.2. Modelling the Effect of Temperature on algae growth 

 

One of the parameters that plays an important role in a microorganism's growth is temperature 

(Ming-Ju Chen, Kreuter, 1996). The temperature factor can affect the photosynthetic process in 

algae since photosystem II (PSII), which responds to derive photosynthesis, is influenced by 

temperature. Certain conditions, such as low temperature, increases the opportunity for loss of PSII 

activity (Torzillo et al., 1998). Much research has been done to investigate how temperature affects 

the growth rate. Many growth models have been introduced to describe relationships between 

kinetic growth and temperature in microorganisms (Darvehei et al., 2018). 

 

a. The Model of Hinshelwood 

 

Arrhenius equation was used to develop the Hinshelwood model for bacterial growth and algae 

growth description depending on temperature. This model has two parts, representing microalgae's 

growth rate and death. The following expression explains the Hinshelwood model.  

 

𝜇 = 𝐴𝑒−
𝐸1
𝑅𝑇 − 𝐵𝑒−

𝐸2
𝑅𝑇                                                                                                                 (2-12) 

 

where 𝜇  is the growth rate , A and B are constants that define all process intensities, 𝐸1 and  𝐸2 

are growth and death activation energies, 𝑅 is the  universal gas constant, and 𝑇 is the growth 

temperature (Serra-Maia et al., 2016). Hinshelwood Model is valid at a high value of temperature 

(35 ℃), but as the temperature deceases, the specific growth of algae in the Hinshelwood model 

will not arrive at zero unless at zero kelvin temperature, which is not a realistic condition (Serra-

Maia et al., 2016 ; Darvehei et al., 2018). Therefore, a model that describes the growth rate at low 

temperatures is needed.  

b. Modifying of Ratkowsky's Model 

 

Ratkowsky et al(Ratkowsky et al., 1983) showed that Arrhenius's law cannot fit a plot of the 

logarithm of bacterial growth versus reciprocal absolute temperature (Ratkowsky et al., 1983). In 

place of Arrhenius's law, the following model (equation 2-13) was proposed. 

√𝜇 = 𝐴 (𝑇 − 𝑇𝑜 )                                                                                                                      (2-13) 
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where √𝜇 is the square root of the growth rate constant, 𝐴 is the regression coefficient constant of 

the square root of growth rate versus temperature in degrees Kelvin, and  𝑇𝑜 is the temperature 

where growth rate is zero. The validity range of this model is from low temperature to optimum 

temperature. However, at temperatures higher than the optimum temperature, the growth rate starts 

to decrease, and this model does not predict this drop in temperature (Ratkowsky et al., 1982). 

Another model was proposed to cover the whole temperature range by adding an exponential part 

to fix the limitation of the previous Model at high temperatures. 

 

√𝜇 = 𝐴 (𝑇 − 𝑇𝑜)(1 − 𝑒
𝐵(𝑇−𝑇𝑀𝑎𝑥) )                                                                                         (2-14)  

 

Where 𝐵 is further constant to adjust the Model to fit data at a temperature greater than the optimal 

temperature and 𝑇𝑀𝑎𝑥is the highest temperature where the growth rate is zero. The equation 2-14 

reduces to  equation 2-13 when the value of temperature is much less than 𝑇𝑀𝑎𝑥 (Ratkowsky et al., 

1983).  

 

c. Mathematical model based on Cardinal temperature  

 

The Model of Lobry was constructed based on an empirical model that contains three cardinal 

temperatures (𝑇𝑚𝑖𝑛, 𝑇𝑜𝑝𝑡,  𝑇𝑚𝑎𝑥), so the Lobry model is called the cardinal temperature model 

(CTM). This model can predict the growth rate of microalgae when the temperature is located 

between maximum and minimum temperatures and the highest growth is reached at optimal 

temperatures. The growth rate is zero for any temperature higher than 𝑇𝑚𝑎𝑥 or smaller than 𝑇𝑚𝑖𝑛 . 

The three cardinal temperatures are characteristics of microalgae strain (Noll et al., 2020). The 

Lobry model is presented in the following equation (J. Lobry et al., 1991). 

𝜇 = 𝜇𝑜𝑝𝑡 [1 −
(𝑇−𝑇𝑜𝑝𝑡)

2

(𝑇−𝑇𝑜𝑝𝑡)2+𝑇(𝑇𝑚𝑎𝑥+𝑇𝑚𝑖𝑛−𝑇)−𝑇𝑚𝑎𝑥∙𝑇𝑚𝑖𝑛
]                                                                 (2-15)  

 

The weakness of Lobay’s model was that it could not express the curvature of the suboptimal 

temperature in the growth rate trend. Rosso et al. introduced a suboptimal curve range of 

temperature in the growth model called the cardinal temperature model with inflection (CTMI; 

equation 2-16) (Noll et al., 2020). 



21 

 

 

 𝜇 = 𝜇𝑜𝑝𝑡 [
(𝑇−𝑇𝑚𝑎𝑥)(𝑇−𝑇𝑚𝑖𝑛)

2

(𝑇𝑜𝑝𝑡−𝑇𝑚𝑖𝑛)[(𝑇𝑜𝑝𝑡−𝑇𝑚𝑖𝑛)∙(𝑇−𝑇𝑜𝑝𝑡)−(𝑇𝑜𝑝𝑡−𝑇𝑚𝑎𝑥)∙(𝑇𝑜𝑝𝑡+𝑇𝑚𝑖𝑛−2∙𝑇)]
]                                     (2-16)  

 

CTMI was tested for microalgae growth culture and fitted with experimental data. Its limitation is 

that the values of 𝑇𝑚𝑎𝑥 and 𝑇𝑜𝑝𝑡 must be close to each other to get growth values in the range 

between 𝑇𝑚𝑎𝑥 and 𝑇𝑚𝑖𝑛. Therefore, the CTMI model will predict negative values of specific 

growth rates when the mean of 𝑇𝑚𝑎𝑥 and 𝑇𝑚𝑖𝑛 is less than 𝑇𝑜𝑝𝑡(Darvehei et al., 2018).  

 

d. Mathematical modelling of short-term temperature  

 

The model developed by Blanchard et al is used to describe the effect of the short-term temperature 

on the photosynthetic capacity of benthic phytoplankton (Noll et al., 2020; Grimaud et al., 2017). 

Blanchard modeled that photosynthetic capacity rapidly increases while increasing in temperature 

until the optimum temperature. When the temperature is the temperature is excess optimum; the 

photosynthetic capacity comes down rapidly. The three cardinal temperatures (𝑇𝑚𝑖𝑛, 𝑇𝑜𝑝𝑡,  𝑇𝑚𝑎𝑥), 

which are biological features of microorganisms, are used to predict parameters in Blanchard's 

model with initial guesses easily. Grimaud et al (Grimaud et al., 2017) replaced photosynthetic 

capacity in Blanchard's Model with growth rate, as Equation 2-17 illustrates (Grimaud et al., 2017) 

.  

 

𝜇 = 𝜇𝑜𝑝𝑡 (
𝑇𝑚𝑎𝑥−𝑇

𝑇𝑚𝑎𝑥−𝑇𝑜𝑝𝑡
)
𝛽

𝑒
−𝛽(

𝑇𝑜𝑝𝑡−𝑇

𝑇𝑚𝑎𝑥−𝑇𝑜𝑝𝑡
)
                                                                                       (2-17)  

 

where 𝜇𝑜𝑝𝑡 is optimal (maximal) specific growth rate (s-1) at optimal temperature (𝑇𝑜𝑝𝑡), degrees 

Kelvin, 𝛽 is a dimensionless constant of Blanchard, and 𝑇𝑚𝑎𝑥 is maximum temperature, degrees 

Kelvin, where there is a growth.  
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e. The Model of Corkrey 

 

The biological processes that happen in enzymes of the living cells are highly controlled by 

temperature, from individual cells to complex populations, in an extending range of temperatures 

between far below freezing and higher than the boiling point of water. Some organisms prefer to 

grow in cold conditions, whereas others in hot conditions are more comfortable to growing. 

Corkrey built his model by developing a thermodynamic model. The model of Corkrey fit 230 

growth rate data of various strains from unicellular and multicellular organisms. The temperature 

domain of fitting experimental data with this model was in the range of 271.2 K to 395.3K. The 

main assumption for the structure of this model is that the growth rate is controlled by a single-

enzyme-catalyzed reaction, which is limiting under all conditions. The numerator of Corkrey’s 

model is explained by an Arrhenius model that depends on temperature and describes the reaction 

rate. The varying catalytic activity of the enzyme is caused by the effects of temperature on the 

protein conformation that is accounted on the denominator of Corkrey’s Model. Therefore, the 

predicted rate of growth is changing.  

 

𝜇 =
𝑇𝑒

(𝑐−
∆𝐻𝐴

‡

𝑅𝑇
)

1+𝑒
(−𝑛

∆𝐻∗−𝑇∆𝑆∗+∆𝐶𝑝(𝑇−𝑇𝐻
∗ −𝑇𝑙𝑜𝑔(

𝑇

𝑇𝑠
∗))

𝑅𝑇
)

                                                                                 (2-

18)  

 

𝑐 is a constant of scaling, 𝑅 is constant of gas ( 8.314 J/mole K), ∆𝐻𝐴
‡
 is the activation enthalpy 

(J/mole), 𝑇 is temperature in degrees kelvin, ∆𝐶𝑝 is a change of heat capacity (J/K mol-amino acid-

residue) upon denaturation of the putative enzyme, 𝑛 is the amino acid residues number, ∆𝐻∗  is 

the change of enthalpy (J/mol amino acid residue) at temperature 𝑇𝐻
∗  , degrees Kelvin, the 

convergence temperature for protein unfolding enthalpy,  ∆𝑆∗ is the change of entropy the 

convergence temperature for protein unfolding enthalpy,  ∆𝑆∗ is the change of entropy (J/Kelvin) 

at temperature 𝑇𝑠
∗, degrees Kelvin, the convergence temperature for protein unfolding entropy 

(Corkrey et al., 2014).  
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Figure 4: The diagram of growth rate (s-1) with temperature (K) with including of three cardinal 

temperatures with the optimal growth rate (Noll et al., 2020)  

Each species of microalgae has its own maximum and minimum temperature where it can grow. 

The maximum growth of microalgae happens when the temperature of cultivation medium is equal 

to the optimal growth temperature of microalgae strain (see Figure 4).  
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Table 2: Kinetic models of microalgae growth depending on the environmental temperature 

Kinetic Model  Eq# System  Parameters  Reference  

√𝜇 = 𝐴 (𝑇 − 𝑇𝑜 ) T2-1   (Ratkowsky 

 et al., 1982) 

√𝜇 = 𝐴 (𝑇 − 𝑇𝑜)(1 − 𝑒
𝐵(𝑇−𝑇𝑀𝑎𝑥) )   T2-2   (Ratkowsky et al., 1983) 

𝜇 = 𝜇𝑜𝑝𝑡𝑒
−𝑐(𝑇−𝑇𝑜𝑝𝑡)

2

     T2-3 Indoor  Phaeodactylum tricornutum 

𝑇𝑜𝑝𝑡 = 20 ℃ 

𝑐 = 0.007℃−2 

(James& Boriah, 2010) 

𝜇 = 𝐴1𝑒
( 
𝐸1
𝑅𝑇
 
𝑇−𝑇𝑜
𝑇

) − 𝐴2𝑒
( 
𝐸2
𝑅𝑇
 
𝑇−𝑇𝑜
𝑇

)
       

T2-4  Phaeodactylum tricornutum 

𝐴1 = 0.26ℎ
−1 

𝐴2 = 0.18ℎ−1 

𝐸1 = 0.28
𝑘𝑐𝑎𝑙

𝑚𝑜𝑙
 

𝐸2 = 0.39
𝑘𝑐𝑎𝑙

𝑚𝑜𝑙
 

𝑇𝑜 = 293 𝑘 

 

(Bitaubé Pérez et al., 

2008) 
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Table 2: Continued 

Kinetic Model  Eq# System  Parameters  Reference  

𝜇 =
𝑘𝐵𝑇

ℎ
𝑒
−∆𝐺‡

𝑅 𝑇                                                         

∆𝐺‡ = ∆𝐻𝑇𝑜
‡ + ∆𝐶𝑃

‡(𝑇 − 𝑇𝑜)

− 𝑇 [∆𝑆𝑇𝑜
‡ + ∆𝐶𝑃

‡ ln (
𝑇

𝑇𝑜
)] 

T2-5   (L. A. Schipper et al., 

2014) 

𝜇 =
𝑇𝑒

(𝑐−
∆𝐻𝐴

‡

𝑅𝑇
)

1+𝑒
(−𝑛

∆𝐻∗−𝑇∆𝑆∗+∆𝐶𝑝(𝑇−𝑇𝐻
∗ −𝑇𝑙𝑜𝑔(

𝑇

𝑇𝑠
∗))

𝑅𝑇
)

  

T2-6  

Indoor  

Chlorella pyrenoidosa 

∆𝐻𝐴
‡ = 77.4 𝐽𝑚𝑜𝑙−1 

∆𝐶𝑝

= 63.1
𝐽

𝐾 𝑚𝑜𝑙 − 𝑎𝑚𝑖𝑛𝑜 𝑎𝑐𝑖𝑑 −1
 

𝑛 =692.3 

∆𝐻∗ ∆𝑆∗ 𝑇𝐻
∗  𝑇𝑠

∗ are universal 

parameters. 

 

 

(Corkrey et al., 2014)  
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Table 2: Continued     

Kinetic Model  Eq# System  Parameters  Reference  

𝜇 = 𝜇𝑚𝑎𝑥 [
(𝑇 − 𝑇𝑚𝑎𝑥)(𝑇 − 𝑇𝑚𝑖𝑛)

2

(𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑖𝑛)(𝐶(𝑇) − 𝐷(𝑇))
] 

𝐶(𝑇) = (𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑖𝑛) ∙ (𝑇 − 𝑇𝑜𝑝)  

𝐷(𝑇) = (𝑇𝑜𝑝𝑡 − 𝑇𝑚𝑎𝑥) ∙ (𝑇𝑜𝑝𝑡 + 𝑇𝑚𝑖𝑛 − 2 ∙ 𝑇) 

 

T2-7 Outdoor  Nannochloropsis oceanica 

𝑇𝑚𝑖𝑛 = −0.2℃ 

𝑇𝑚𝑖𝑛 = 26.7℃ 

𝑇𝑚𝑖𝑛 = 33.3℃ 

(Bernard & Rémond, 

2012) 

𝜇 = 𝜇𝑜𝑝𝑡 (
𝑇𝑚𝑎𝑥 − 𝑇

𝑇𝑚𝑎𝑥 − 𝑇𝑜𝑝𝑡
)

𝛽

𝑒
−𝛽(

𝑇𝑜𝑝𝑡−𝑇

𝑇𝑚𝑎𝑥−𝑇𝑜𝑝𝑡
)
 

T2-8 Outdoor Benthic Phytoplankton 

𝜇𝑜𝑝𝑡 = 5.81 μg/𝜇𝑔 𝐶ℎ𝑙 𝑎  ℎ 

𝑇𝑜𝑝𝑡 = 25.3℃ 

𝑇𝑚𝑎𝑥 = 38.2 ℃; 𝛽 = 1.76 

 

 

 

(Blanchard et al., 

1996) 

𝜇 =

{
 
 

 
 
log(2) 0.851 (1.066𝑇)𝑒

−
|𝑇−𝑇𝑜𝑝𝑡|

3

𝑇𝑙𝑜𝑤  𝑇 ≤ 𝑇𝑜𝑝𝑡 

log(2) 0.851 (1.066𝑇)𝑒
−
|𝑇−𝑇𝑜𝑝𝑡|

3

𝑇ℎ𝑖𝑔ℎ  𝑇 > 𝑇𝑜𝑝𝑡}
 
 

 
 

  

T2-9   (Moisan et al., 2002) 
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Table 2: Continued 

 

Kinetic Model  Eq# System  Parameters  Reference  

𝜇 =

{
 

 𝜇𝑜𝑝𝑡𝑒
−2.3(

𝑇−𝑇𝑜𝑝𝑡

𝑇𝑙𝑜𝑤−𝑇𝑜𝑝𝑡
)
2

, 𝑇 < 𝑇𝑜𝑝𝑡 

𝜇𝑜𝑝𝑡𝑒
−2.3(

𝑇−𝑇𝑜𝑝𝑡

𝑇𝑢𝑝𝑝−𝑇𝑜𝑝𝑡
)
2

, 𝑇 ≥ 𝑇𝑜𝑝𝑡 }
 

 
             

T2-10 

 

Indoor Fragilaria crotonensis 

𝜇𝑜𝑝𝑡 = 0.58𝑑𝑎𝑦−1 

𝑇𝑜𝑝𝑡 = 25℃ 

Staurastrum pingue  

𝜇𝑜𝑝𝑡 = 0.77𝑑𝑎𝑦−1 

𝑇𝑜𝑝𝑡 = 27℃ 

Synechocystis minima 

𝜇𝑜𝑝𝑡 = 1.32𝑑𝑎𝑦−1 

𝑇𝑜𝑝𝑡 = 32℃ 

 

(Dauta et al., 1990) 

𝑃 = 𝑃𝑜𝑝𝑡
2∙𝑒

(
𝐸1

𝑅𝑇𝑜𝑝𝑡
−
𝐸1
𝑅𝑇

)

1+(𝑒
(

𝐸1
𝑅𝑇𝑜𝑝𝑡

−
𝐸1
𝑅𝑇

)
)

2                               

T2-11 Outdoor  Tidestromia oblongifolia 

𝑃𝑜𝑝𝑡 = 54  
𝜇𝑚𝑜𝑙𝑒 𝐶𝑂2
𝑚2𝑠−1

 

𝐸1 = 66.2 
𝐾𝐽

𝑚𝑜𝑙𝑒
 

𝑇𝑜𝑝𝑡 = 41.9℃ 

(Alexandrov & 

Yamagata, 2007) 
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2.1.3. Mathematical modelling of algae growth based on impact of Nutrients  

 
The growth of microalgae is highly influenced by nitrogen and phosphorus, the two major macro-

nutrient sources (Gao et al., 2023). Nitrogen is necessary to produce ammonium and nitrate salts 

used by microalgae cells for growth and metabolism. Additionally, nitrogen is the highest quoted 

factor that increases the productivity of lipids in many microalgae species (Chin et al., 2023). 

Inorganic phosphorus such as K2HPO4 and Na5P3O10 is the main source of phosphorous for 

microalgae growth, but some researchers have proved that the growth of microalgae is affected 

by organic phosphorous such as  ATP and G6P (Xing et al., 2023). Gao et al (Gao et al., 2023) 

showed the influence of different nitrogen-to-phosphorus concentration ratios in Scenedesmus 

obliquus microalgae, and results illustrated that there is an  optimum concentration ratio of 

nitrogen to phosphorus for S. obliquus growth (Gao et al., 2023). This section will present some 

famous  growth models that depend on nutrients (Nitrogen and Phosphorus).  

a. Model based on a single substrate (Monod Model) 

 

The Monod growth model was constructed as an empirical model dependent on experimental 

work. It can be used to explain any microbial growth rate. The main difference between the Monod 

model and the classical model like those introduced by Gompertz (1825), Verhulst (1845,1847), 

and Richards (1959) is proposing the principle of limiting nutrients (J. R. Lobry et al., 1992). The 

main assumption in this model is that the growth rate of microbes stops when the amount of 

limiting nutrients is exhausted. Another assumption of Monod's model is that only one substrate 

manages the growth rate, so any changes in other substrates are negligible (Mesut Bekirogullari et 

al., 2020). The Monod model fits the results of the experimental work done by Tamiya and Baly 

for microalgae Chlorella ellipsoidea. The experiment used light irradiance as a substrate (Darvehei 

et al., 2018).  

 

𝜇 = 𝜇𝑚𝑎𝑥
𝑆

𝑘𝑆+𝑆
                                                                                                                           (2-19) 

 

where 𝜇 is the specific growth rate, 𝜇𝑚𝑎𝑥 is the maximum specific growth rate, 𝑘𝑆is is the 

saturation constant, and 𝑆 is substrate concentration (Nitrogen and Phosphorus). When substrate 
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concentration is much higher than 𝑘𝑆, the maximum specific growth rate is equal to the specific 

growth rate. In another case, 𝑘𝑠this is called the half-saturation constant because 𝜇 =
1

2
𝜇𝑚𝑎𝑥 when  

𝑘𝑆 = 𝑆 (Darvehei et al., 2018; Bekirogullari et al., 2020). Some of the substrate  goes for the 

maintenance of cells during growth, which is not accounted  in the Monod model (Muloiwa et al., 

2020). 

b. Model Haldane-Andrews 

 

The advantage of the Haldane model is the ability to describe growth rates at low and high substrate 

concentrations (lag and death phase, see Figure 2). Meanwhile, the Monod model only describes 

microbial (microalgae) growth rate in algae growth's exponential and stationary phases (see Figure 

2). The formula of the Haldane model in terms of substrate concentration is  

 𝜇 = 𝜇𝑚𝑎𝑥
𝑆

𝑘𝑠+𝑆+
𝑆2

𝐾𝑖,𝑆

                                                                                                                   (2-20)  

Where 𝜇 is the specific growth rate, 𝜇𝑚𝑎𝑥 is the maximum specific growth rate, 𝑆 is the substrate 

concentration, 𝑘𝑆is half saturation constant, and 𝐾𝑖,𝑆 is the inhibition constant (Muloiwa et al., 

2020). The maximum specific growth rate can be achieved in the Haldane model by implementing 

optimal initial concentration of substrate (Nitrogen and Phosphorus). Equation 2-21 is used to 

calculate the maximum growth rate that can be achieved by using optimal substrate concentration  

(equation 2-22) (Mesut Bekirogullari et al., 2020).  

 

𝜇𝑚𝑎𝑥 =
𝜇

1+2√
𝑘𝑆
𝐾𝑖,𝑆

                                                                                                                         (2-21)  

 

𝑆 = √𝐾𝑖,𝑆𝑘𝑆                                                                                                                              (2-22) 
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c. Droop’s Model  

 

Droop realized that the specific growth rate of Monochrysis Lutheri versus the external 

concentration of vitamin B12 did not fit the hyperbola plot mentioned by the model of Monod 

(Mesut Bekirogullari et al., 2020). So, Droop proposed (Droop, 1968)  

that the total concentration of limiting nutrients inside the cell, known as cell quota, controls the 

cell's growth kinetics, as Droop proposed. The expression for the Model of Droop is as follows. 

 

𝜇 = 𝜇𝑚𝑎𝑥 (1 −
𝑄𝑜

𝑄
)                                                                                                                    (2-23)   

 

Where 𝜇 is the specific growth rate,  𝜇𝑚𝑎𝑥 is the maximum specific growth rate, 𝑄 (cell quota ) is 

the mass of internal limiting nutrients (Nitrogen, phosphorus as an example) per total mass of 

biomass cell, and 𝑄𝑜  ( minimal cell quota) is the minimal internal mass ratio of limiting nutrients 

that are required for growth (Quinn et al., 2011;Benavides et al., 2015). Monod and Droop models 

were compared using data from different phytoplankton species collected from a eutrophic lake in 

Germany. The Droop model was fitting more precisely (Sommer, 1991). The main issue with the 

Droop model is that the specific growth rate 𝜇 is equal to 𝜇𝑚𝑎𝑥 at the infinity value of cell quota 

(𝑄), which is impossible in real situations(Lee et al., 2015).  

d. The Caperon–Meyer model 

 

The Caperon-Meyer model is a model that describes growth rate by using the cell quota principle 

and the structure formula of the Caperon-Meyer model is the same as the equation of Michaelis–

Menten enzyme kinetics (Molina-Miras et al., 2022). The basic difference between the Droop 

model and the Caperon–Meyer model is that the saturation kinetics constant was included in the 

Caperon–Meyer model which makes the specific growth rate bounded in the upper limit(Mesut 

Bekirogullari et al., 2020). The following formula is the Caperon–Meyer model (Molina-Miras et 

al., 2022). 
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𝜇 = 𝜇𝑚𝑎𝑥 (
𝑄−𝑄𝑜

𝐾𝑄+(𝑄−𝑄𝑜)
)                                                                                                              (2-24) 

 

𝐾𝑄 is a half-saturated constant with the same unit as 𝑄. Based on equation 2-24, the growth rate 

will be zero when 𝑄 equals 𝑄𝑜. The cell quota does not go to infinity for the maximum specific 

growth rate in the Caperon–Meyer model due to the hyperbolic behavior of this Model, and the 

maximum rate of growth is when 𝑄 − 𝑄𝑜 is much greater than 𝐾𝑄, as mentioned in equation 2-24. 

The number of parameters in the Droop model is two, less than that in the Caperon–Meyer model. 

For this reason, the Droop model is preferred (Mesut Bekirogullari et al., 2020).  

e. Model of Martinez-Sancho 

 

The Monod model cannot describe the growth rate in case that the nutrients are exhausted in a 

growth medium. Therefore, Martínez Sancho et al(Das et al., 2023). modified the Monod model 

by accounting for the maximum specific growth rate ( 𝜇𝑚2) in the nonexistence of external 

nutrients. Martínez Sancho et al. proposed the following relation (Das et al., 2023).  

 

𝜇 =
𝜇𝑚1𝑆+𝑘𝑠𝜇𝑚2

𝑘𝑠+𝑆
                                                                                                                         (2-25)  

 

Where 𝜇𝑚1 is the maximum specific growth rate when  𝑆 > 0 and 𝜇𝑚2 is the maximum specific 

growth rate for  𝑆 = 0 (when 𝑆 is finished), 𝑘𝑠 was identified as a substrate concentration when 

half of the sum of 𝜇𝑚1 and 𝜇𝑚2 is equal to the specific growth rate( 𝜇) (Mesut Bekirogullari et al., 

2020). Martínez Sancho et al. made another modification by putting all three nutrition cases of 

growth in one Model: the first case is growth under exhaustion of nutrients, the second case is 

limited growth under low concentration of nutrients, and the third case is inhabitation of growth 

under high concentration of nutrients. The following expression includes the effect of a high 

concentration of nutrients on other nutrition cases of growth (Martínez Sancho et al., 1997).  
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𝜇 =
𝜇𝑚1𝑘𝑖𝑆+𝑘𝑠𝑘𝑖𝜇𝑚2+𝜇𝑚3𝑆

2

𝑘𝑠𝑘𝑖+𝑘𝑖𝑆+𝑆
2

                                                                                                        (2-26)  

 

Where 𝑘𝑖 is constant of inhibition, 𝜇𝑚1 is the maximum specific growth rate,  𝜇𝑚2 is a specific 

growth rate when the nutrients are non-existent, and  𝜇𝑚3 is a specific growth rate for inhibition 

(Darvehei et al., 2018). The main disadvantage of the Martinez-Sancho Model is the requirement 

to find more kinetics parameters compared to those in the Monod model (Mesut Bekirogullari et 

al., 2020). 
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Table 3: Kinetic models of microalgae growth depending on the nitrogen and phosphorus nutrients  

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Model based on 

external 

concentration of 

nutrient 

𝜇 = 𝜇𝑚𝑎𝑥
𝑆

𝑘𝑆+𝑆
  T3-1 Indoor 

 

 

 

 

 

 

 

Indoor 

 

 

 

 

 

Scenedesmus sp. LX1. 

N: 𝜇𝑁,𝑚𝑎𝑥 = 1.78 × 10
6 𝐶𝑒𝑙𝑙𝑠

𝑚𝐿 𝑑𝑎𝑦
 

𝑘𝑆,𝑁 = 11.8
𝑚𝑔

𝐿
 

P: 𝜇𝑃,𝑚𝑎𝑥 = 1.02 × 106
𝐶𝑒𝑙𝑙𝑠

𝑚𝐿 𝑑𝑎𝑦
 

𝑘𝑆,𝑃 = 0.28
𝑚𝑔

𝐿
 

 

Gracilaria folifera 

N: 𝜇𝑁,𝑚𝑎𝑥 = 12.8 ± 1.4 𝑑𝑎𝑦
−1 

𝑘𝑆,𝑁 = 0.2 ± 0.1𝜇𝑀𝑁𝐻4
+ 

 

 

 

(Xin et al., 2010). 

 

 

 

 

 

 

 

(DeBoer et al., 

1978). 
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Table 3: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Model based on 

external 

concentration of 

nutrient 

𝜇 = 𝜇𝑚𝑎𝑥
𝑆

𝑘𝑆 + 𝑆
 

T3-1 Indoor  

 

Chlorella sp. 

P: 𝜇𝑃,𝑚𝑎𝑥 = 0.23 𝑑𝑎𝑦−1 

𝑘𝑆,𝑃 = 3.01
𝑚𝑔

𝐿
 

 

(Wang et al., 2014) 

 𝜇 = 𝜇𝑚𝑎𝑥
𝑆

𝑘𝑠+𝑆+
𝑆2

𝐾𝑖,𝑆

  T3-2 Indoor  Chlorella sp 

N: 

 𝑘𝑠,𝑁 = 1.78
𝑚𝑔

𝐿
,𝑘𝑖,𝑁 = 364

𝑚𝑔

𝐿
 

 

(Lee & Zhang, 

2016). 

Model based on 

external 

concentration of 

nutrient 

𝜇 =
𝜇𝑚1𝑆 + 𝑘𝑠𝜇𝑚2

𝑘𝑠 + 𝑆
 

T3-3 Indoor  Scenedesmus obliquus 

P: 𝑘𝑠 = 0.2𝜇𝑀                                               

𝜇𝑚1 = 0.0466ℎ
−1𝜇𝑚2 = 0.0256ℎ

−1 

Application range P: 0 − 10.1 
𝑚𝑔

𝐿
 as PO4-P 

 

 

(Das et al., 2023). 
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Table 3: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Model based on 

external 

concentration of 

nutrient 

𝜇 =
𝜇𝑚1𝑘𝑖𝑆+𝑘𝑠𝑘𝑖𝜇𝑚2+𝜇𝑚3𝑆

2

𝑘𝑠𝑘𝑖+𝑘𝑖𝑆+𝑆
2   T3-4 Indoor  Scenedesmus obliquus 

P: 𝑘𝑠 = 0.25𝜇𝑀, 𝑘𝑖955.72𝜇𝑀 

𝜇𝑚1 = 0.0471ℎ
−1                   

𝜇𝑚2 = 0.0350ℎ
−1                        

𝜇𝑚3 = 0.0272ℎ
−1 

Application range                       

P: 0 − 10.1 
𝑚𝑔

𝐿
 as PO4-P 

(Das et al., 2023). 

 

      

Model based on 

internal 

concentration of 

nutrient 

𝜇 = 𝜇𝑚𝑎𝑥 (
𝑄−𝑄𝑜

𝐾𝑄+(𝑄−𝑄𝑜)
)  T3-5  Aureoumbra lagunensis 

N: 𝑄𝑜,𝑁 = 0.043𝑚𝑜𝑙 𝑁 𝑚𝑜𝑙 𝐶−1 

𝜇𝑚𝑎𝑥 = 0.697 𝑑𝑎𝑦
−1                    

𝑘𝑄,𝑁 = 0.0083𝑚𝑜𝑙 𝑁 𝑚𝑜𝑙 𝐶−1 

S. quadricauda                           

P: 𝑄𝑜,𝑃 = 0.25 ×

10−8𝜇𝑚𝑜𝑙 𝑐𝑒𝑙𝑙−1                      

𝜇𝑚𝑎𝑥 = 0.0002 𝑚𝑖𝑛
−1               

𝑘𝑄,𝑃 = 0.25 × 10−8𝜇𝑚𝑜𝑙 𝑐𝑒𝑙𝑙−1 

 

(Mesut 

Bekirogullari et al., 

2020).  

 

 

(Yao et al., 2011). 
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Table 3: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Model based on 

internal 

concentration of 

nutrient 

𝜇 = 𝜇𝑚𝑎𝑥 (1 −
𝑄𝑜

𝑄
)  T3-6 Outdoor Nanno- chlorosis oculate 

N: 𝑄𝑜,𝑁 = 0.01𝑔𝑔−1 

𝜇𝑚𝑎𝑥 = 2.5 × 10
−2ℎ−1 

(Quinn et al., 

2011b). 

   Indoor  N: 𝑄𝑜,𝑁 = 0.04𝑚𝑔𝑁 𝑚𝑔𝐶−1 

𝜇𝑚𝑎𝑥 = 1.645 𝑑𝑎𝑦
−1 

(Benavides et al., 

2015). 

    

Indoor  

 

Nitzschia sp. 

P: 𝑄𝑜,𝑃 = 0.045 𝑃𝑚𝑜𝑙 𝑐𝑒𝑙𝑙−1 

𝜇𝑚𝑎𝑥 = 0.48 𝑑𝑎𝑦
−1 

Skeletonema costatum                          

P: 𝑄𝑜,𝑃 = 0.0033 𝑃𝑚𝑜𝑙 𝑐𝑒𝑙𝑙−1 

𝜇𝑚𝑎𝑥 = 1.25 𝑑𝑎𝑦
−1 

Gymnodinium catenatum 

P: 𝑄𝑜,𝑃 = 1.83 𝑃𝑚𝑜𝑙 𝑐𝑒𝑙𝑙−1 

𝜇𝑚𝑎𝑥 = 0.37 𝑑𝑎𝑦
−1 

 

(Yamamoto et al., 

2012). 
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Table 3: Continued 

 

Classification Kinetic Model  Eq# System  Parameters  Reference  

Model based on 

internal 

concentration of 

nutrient 

𝜇 = 𝜇𝑚𝑎𝑥 (
1−

𝑄𝑜
𝑄

1−
𝑄𝑜

𝑄𝑚𝑎𝑥

)      
T3-7 Indoor  Isochrysis affinis galbana 

𝜇𝑚𝑎𝑥 = 1.5 𝑑𝑎𝑦
−1 

N: 𝑄𝑜,𝑁 =

0.065𝑚𝑜𝑙 𝑁 𝑚𝑜𝑙 𝐶−1 

𝑄𝑚𝑎𝑥,𝑁
= 0.14𝑚𝑜𝑙 𝑁 𝑚𝑜𝑙 𝐶−1 

P: 𝑄𝑜,𝑃 =

0.0009 𝑚𝑜𝑙 𝑃 𝑚𝑜𝑙 𝐶−1 

𝑄𝑚𝑎𝑥,𝑃
= 0.006 𝑚𝑜𝑙 𝑃 𝑚𝑜𝑙 𝐶−1 

 

(Bougaran et al., 

2010). 

 𝜇 =

𝜇𝑚𝑎𝑥 (
(1+𝐾𝑃)(𝑄−𝑄𝑜)

(𝑄−𝑄𝑜)+𝐾𝑃(𝑄𝑚𝑎𝑥−𝑄𝑜)
)  

T3-8  Alexandrium minutum 

𝜇𝑚𝑎𝑥 = 0.55 𝑑𝑎𝑦
−1 

P: 𝑄𝑜,𝑃 = 3.7𝑝𝑔 𝑃  𝑐𝑒𝑙𝑙−1 

𝑄𝑚𝑎𝑥,𝑃 =

32.6 𝑝𝑔 𝑃  𝑐𝑒𝑙𝑙−1           

𝐾𝑃 = 4.24 

(Chapelle et al., 

2010). 
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2.1.4. Modelling the impact of pH on Algae Growth  

 

The cultivation of microalgae can be optimized by regulating the growth medium's pH. The 

biochemical composition of microalgae is affected by pH. Moreover, the high pH can reduce 

unwanted biological contaminants in the growth medium, but the growth of microalgae is inhibited 

at a high pH value (Qiu et al., 2017). Dissolved carbon dioxide (CO2)  concentration and alkalinity 

of the medium determine the pH (Marsullo et al., 2015). Each microalgae strain has its optimal pH 

range for optimal growth and intracellular lipid composition (Yu et al., 2022; Sakarika & Kornaros, 

2016). For instance, the growth rate of Scenedesmus sp. was tested under different pH, and the 

maximum growth rate was in the pH range between 7.5 – and 8.5, whereas the growth rate was 

the lowest at pH 9. (Mohamed et al., 2019). Qiu et al(Qiu et al., 2017). showed the best growth 

rate for Chlorella sorokiniana  DOE1412 was at low pH 5.8 and 6 (Qiu et al., 2017).The highest 

biomass growth rate and total lipid content were 0.541 d-1 and 53.43% g gDw
-1 for Chlorella 

vulgaris at pH 7.5, with sulfur as a limiting nutrient (Sakarika & Kornaros, 2016). According to 

the previous discussion, studying the growth kinetic model of microalgae depending on pH is 

required to understand how pH influences the growth rate of microalgae further. In the following 

subsection, some common models of growth kinetic based on pH will be discussed.  

a. Modelling the impact of pH due to changes in inorganic carbon                                                          

 

The inorganic carbon dissolved in media comes from carbon dioxide (CO2), carbonate (CO3
2-), 

and bicarbonate (HCO3
-). This Model was built to predict a specific growth rate based on the total 

concentration of inorganic carbon (𝑇𝐼𝐶). Equation 2-27 represents the predicted specific growth 

rate. 

𝜇 = 𝜇𝑚𝑎𝑥
[𝑇𝐼𝐶]

𝐾𝐶𝐿 𝑋+[𝑇𝐼𝐶]
                                                                                                                  (2-27)  

𝐾𝐶𝐿 is the carbon saturation constant, 𝑋 is the microalgae cell number per volume of medium, and 

[𝑇𝐼𝐶] is the total inorganic carbon concentration in moles. Equation 2-28 is used to find TIC. 

𝑑𝑇𝐼𝐶

𝑑𝑡
= 𝐾𝐿𝑎([𝐶𝑂2

∗] − [𝐶𝑂2])                                                                                                      (2-28) 
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[𝐶𝑂2
∗] =

𝑝𝐶𝑂2

𝐻𝐶𝑂2
                                                                                                                              (2-29)  

 

Where [𝐶𝑂2
∗] is the equilibrium 𝐶𝑂2 concentration in the culture medium,  𝐾𝐿𝑎 is the coefficient 

of gas-liquid mass transfer, 𝑝𝐶𝑂2 is the partial pressure of 𝐶𝑂2 in the air, and 𝐻𝐶𝑂2 is Henry’s 

constant for the solubility of 𝐶𝑂2 in the culture medium. The molar concentration of carbon 

dioxide ( [𝐶𝑂2] ) can be found by implementing equation 2-30.  

 

 [𝐶𝑂2] =
[𝑇𝐼𝐶]

1+
𝑘1
[𝐻+]

+
𝑘1𝑘2

[𝐻+]
2

                                                                                                                  (2-30)  

 

[𝐻+] = 10−𝑝𝐻                                                                                                                          (2-31)  

 

Where 𝑘1 and 𝑘2 are the chemical equilibrium constants between HCO3
- and CO2 and CO3

2- and 

HCO3
- respectively, and [𝐻+] is the concentration of hydrogen ions in the culture medium (Filali 

et al., 2011). 

 

b. Models considering impact of different pH on growth 

 

Two models of kinetic growth that depend on pH with other parameters of pH ( 

𝑝𝐻𝑚𝑖𝑛, 𝑝𝐻𝑚𝑎𝑥, 𝑎𝑛𝑑 𝑝𝐻𝑜𝑝𝑡) are presented. Ifrim et al. illustrated the following model, which 

includes 𝑝𝐻𝑚𝑖𝑛 𝑎𝑛𝑑 𝑝𝐻𝑚𝑎𝑥 (Ifrim et al.,2015).  

 

𝜇 = 𝜇𝑚𝑎𝑥
𝑝𝐻−𝑝𝐻𝑚𝑎𝑥

𝑝𝐻𝑚𝑖𝑛−𝑝𝐻
𝑒
𝑝𝐻−𝑝𝐻𝑚𝑎𝑥
𝑝𝐻𝑚𝑖𝑛−𝑝𝐻                                                                                                  (2-32)   
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The cardinal temperature model with an inflection discussed previously in the subsection of the 

temperature section can be used for pH as the substrate for the Model of microalgae growth rate 

by replacing temperature with pH, as presented in the work of Ippoliti et al. (Ippoliti et al., 2016). 

 

𝜇 = 𝜇𝑚𝑎𝑥 [
(𝑝𝐻−𝑝𝐻𝑚𝑎𝑥)(𝑝𝐻−𝑝𝐻𝑚𝑖𝑛)

2

(𝑝𝐻𝑜𝑝𝑡−𝑝𝐻𝑚𝑖𝑛)[(𝑝𝐻𝑜𝑝𝑡−𝑝𝐻𝑚𝑖𝑛)∙(𝑝𝐻−𝑝𝐻𝑜𝑝𝑡)−(𝑝𝐻𝑜𝑝𝑡−𝑝𝐻𝑚𝑎𝑥)∙(𝑝𝐻𝑜𝑝𝑡+𝑝𝐻𝑚𝑖𝑛−2∙𝑝𝐻)]
]           (2-33) 

 

Where 𝑝𝐻𝑚𝑎𝑥 is the maximum pH at which the microalgae can still grow, 𝑝𝐻𝑚𝑖𝑚 is the minimum 

pH at which the microalgae can still grow, and 𝑝𝐻𝑜𝑝𝑡 is the optimal pH at which the maximum 

growth rate of microalgae can be achieved. 

c. Model using CO2 as a factor contributing toward pH 

 

This model was proposed based on the assumption that carbon dioxide is the only compound 

influencing pH. To describe the carbon effect, the specific growth rate of microalga was described 

as a function of pH instead of the concentration of carbon dioxide (Jayaraman & Rhinehart, 2015).  

𝜇 = 𝜇𝑚𝑎𝑥
1

1+𝑒
𝜆(𝑝𝐻−𝑝𝐻𝑜𝑝𝑡)

                                                                                                            (2-34) 

where 𝜆 is a constant and 𝑝𝐻𝑜𝑝𝑡 is the optima pH for algae growth. Jayaraman and Rhinehart 

compared their Model with experimental data collected from the University of New Mexico State 

for the Galdieria sulphuraria strain. This Model almost fits the experiment results.  

 

d. Modelling the impact of pH on enzyme activity 

 

Bailey and Ollis modeled the influence of pH on enzymes' reaction rate (Darvehei et al., 2018). 

They assumed that enzymes can be one of three catalytic classifications: active class, acid inactive, 

or basic inactive. The model formula of Bailey and Ollis is presented in the following equation.  

𝜇 = 𝜇𝜇𝑚𝑎𝑥
1

1+
[𝐻+]

𝑘1
+

𝑘2
[𝐻+]

                                                                                                               (2-35) 
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Where 𝑘1 and 𝑘2 are model constants and [𝐻+] is defined in equation 2-31. One experiment was 

done for Phaeodactylum tricornutum microalgae, and the parameter constants of fitting the 

results of this experiment with the Model of Bailey and Ollis were 𝜇𝜇𝑚𝑎𝑥 = 0.064ℎ−1, 

 𝑘1 = 2.3 × 10−6𝑚𝑜𝑙 𝐿−1, and 𝑘2 = 1.2 × 10
−10𝑚𝑜𝑙 𝐿−1 with regression square 𝑟2 =

0.92(Bitaubé Pérez et al., 2008).
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Table 4: Kinetic models of microalgae growth depending on pH 

 

Kinetic Model Eq# System Parameters  Reference 

𝜇 = 𝜇𝑚𝑎𝑥
[𝑇𝐼𝐶]

𝐾𝐶𝐿 𝑋+[𝑇𝐼𝐶]
 (1) T4-1 Indoor  Chlorella vulgaris at 25 ºC 

𝜇𝑚𝑎𝑥 = 0.08ℎ
−1 

𝐾𝐶𝐿
= 1.28 × 10−5𝑚𝑜𝑙𝑒 109𝑐𝑒𝑙𝑙−1 

(Filali et al., 2011). 

 

𝜇 = 𝜇𝑚𝑎𝑥
𝑝𝐻−𝑝𝐻𝑚𝑎𝑥

𝑝𝐻𝑚𝑖𝑛−𝑝𝐻
𝑒
𝑝𝐻−𝑝𝐻𝑚𝑎𝑥
𝑝𝐻𝑚𝑖𝑛−𝑝𝐻    

T4-2   (Ifrim et al., 2015). 

 

𝜇 = 𝜇𝑚𝑎𝑥 [
(𝑝𝐻−𝑝𝐻𝑚𝑎𝑥)(𝑝𝐻−𝑝𝐻𝑚𝑖𝑛)

2

(𝑝𝐻𝑜𝑝𝑡−𝑝𝐻𝑚𝑖𝑛)(𝐴(𝑝𝐻)−𝐵(𝑝𝐻))
] 

(3) 

𝐴(𝑝𝐻) = (𝑝𝐻𝑜𝑝𝑡 − 𝑝𝐻𝑚𝑖𝑛) ∙ (𝑝𝐻 −

𝑝𝐻𝑜𝑝𝑡)  

𝐵(𝑝𝐻) = (𝑝𝐻𝑜𝑝𝑡 − 𝑝𝐻𝑚𝑎𝑥) ∙ 

(𝑝𝐻𝑜𝑝𝑡 + 𝑝𝐻𝑚𝑖𝑛 − 2 ∙ 𝑝𝐻)  

 

 

T4-3 

 

Indoor and Out 

door 

 

Isochrysis galbana  

𝑝𝐻𝑚𝑖𝑛 = 2.24 

𝑝𝐻𝑜𝑝𝑡 = 7.34 

𝑝𝐻𝑚𝑎𝑥 = 10 

 

(Ippoliti et al., 

2016). 
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Table 4: Continued 

 

Kinetic Model Eq# System Parameters  Reference 

𝜇 = 𝜇𝑚𝑎𝑥 [
(𝑝𝐻−𝑝𝐻𝑚𝑎𝑥)(𝑝𝐻−𝑝𝐻𝑚𝑖𝑛)

𝐶(𝑝𝐻)−𝐷(𝑝𝐻)
]          

𝐶(𝑝𝐻) = (𝑝𝐻 − 𝑝𝐻𝑚𝑎𝑥)(𝑝𝐻 − 𝑝𝐻𝑚𝑖𝑛)  

𝐷(𝑝𝐻) = (𝑝𝐻 − 𝑝𝐻𝑜𝑝𝑡)
2
 

 

T4-4 Indoor  C. vulgaris 

𝑝𝐻𝑚𝑖𝑛 = 6.7 

𝑝𝐻𝑜𝑝𝑡 = 7.5 

𝑝𝐻𝑚𝑎𝑥 = 11 

(Amini et al., 

2018). 

𝜇 = 𝜇𝑚𝑎𝑥
1

1+𝑒
𝜆(𝑝𝐻−𝑝𝐻𝑜𝑝𝑡)

                           T4-5  Galdieria sulphuraria 

𝑝𝐻𝑜𝑝𝑡 = 2.5 

(Jayaraman & 

Rhinehart, 2015) 

𝜇 = 𝜇𝜇𝑚𝑎𝑥
1

1+
[𝐻+]

𝑘1
+

𝑘2
[𝐻+]

                               

 

T4-6 Indoor  Phaeodactylum tricornutum. 

𝑘1 = 2.3 × 10
−6𝑚𝑜𝑙 𝐿−1 

𝑘2 = 1.2 × 10−10𝑚𝑜𝑙 𝐿−1 

(Bitaubé Pérez et 

al., 2008) 

 

𝜇 = 𝜇𝜇𝑚𝑎𝑥(1 − |𝑝𝐻 − 𝑝𝐻𝑜𝑝𝑡|

× 𝑝𝐻𝑑𝑒𝑝) 

𝑝𝐻𝑜𝑝𝑡 is where the growth rate is 

maximum. 

𝑝𝐻𝑑𝑒𝑝 is the model constant. 

T4-7 Outdoor 𝑝𝐻𝑜𝑝𝑡 = 8.5 

𝑝𝐻𝑑𝑒𝑝 = 0.3 

(Rarrek et al., 

2016) 
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Table 4: Continued 

 

Kinetic Model Eq# System Parameters  Reference 

𝑃 = 𝑃𝜇𝑚𝑎𝑥 [𝐶1𝑒
−
𝐷1
𝑝𝐻 − 𝐶2𝑒

−
𝐷2
𝑝𝐻]    

 

T4-8 Indoor  Scendesmus almeriensi 

𝐶1 = 2.5 

𝐶2 = 533 

𝐷1 = 6.45 

𝐷2 = 69.2 

(Darvehei et al., 

2018) 

  Outdoor  Scendesmus almeriensis 

𝐶1 = 2.4098; 𝐶2 = 533.009 

𝐷1 = 6.2684; 𝐷2 = 68.8062 

(Fernández et al., 

2016) 

 

𝜇 = 𝜇𝜇𝑚𝑎𝑥
1

𝑘3+
[𝐻+]

𝑘1
+

𝑘2
[𝐻+]

                   

 

T4-9 

 

Indoor  

 

Chlamydomonas reinhardtii 

For nitrate 

𝜇𝜇𝑚𝑎𝑥 = 1.452ℎ
−1 

𝑘1 = 0.401 × 10
7𝑚𝑜𝑙𝑒𝐿−1 

𝑘2 = 0.865 × 107𝑚𝑜𝑙𝑒𝐿−1 

𝑘3 = 0.7602 

 

(Darvehei et al., 

2018) 
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2.1.5. Modelling the impact of Salinity on Algae Growth 

 

Fresh water is limited at many places around the globe. Therefore, seawater is an available choice 

to produce the algae biomass for animal consumption. Salinity not only affects the microalgae 

growth but also influences the biochemical contents such as lipids and fatty acids (Pugkaew et 

al., 2019). Using fresh water with nutrients as a culture media for microalgae increases the 

production of microalgae, but it is a costly option. Therefore, using saline water instead of fresh 

water is the alternative solution. The productivity of microalgae increases with a rise in light 

intensity, but the evaporation rate increases when light intensity increases, especially on the 

open raceway pond, which increases the salinity. Therefore, the production rate of microalgae 

will be affected (Darvehei et al., 2018). Ishika et al(Ishika, Moheimani, & Bahri, 2017) illustrated 

the increase in salinity based on evaporation and rainfall rate of three potential places for 

microalgae cultivation in Western Australia (Geraldton, Perth, and Karratha) (Ishika, Moheimani, 

& Bahri, 2017)( Figure 4). Five different microalgae (Chlorella vulgaris, Choricystis minor, 

Neochloris sp., Pseudococ comyxa simplex, and Scenedesmus sp ) were tested with three 

different saline media: freshwater, seawater, and a mixture of the same volume ratio of 

freshwater and seawater medium. The salinity of seawater is 40 g/l of sea salt in deionized water. 

All the microalgae grew on both media, freshwater, and seawater, except  Choricystis minor, 

which did not respond to grow in seawater medium. In this work, the nitrate and phosphate 

consumption rate was measured for Chlorella vulgaris in the three mentioned media above. The 

rate of nitrate consumption was increased with the increase in salinity of culture media. 

Whereas, the lowest and the highest consumption rates of phosphate were in a mixture of 

freshwater and seawater ( 1:1 by volume) and freshwater culture medium, respectively 

(Luangpipat & Chisti, 2017). The optimal salinity for fucoxanthin production from saline 

microalgae ( Chrysotila carterae, Chaetoceros muelleri, Pheodactylum tricornutum, Tisochrysis 

lutea (T.Iso), Navicula sp., and Amphora sp ) are 35, 45, 45, 45, 75, and 85 % respectively (Ishika, 

Moheimani, Bahri, et al., 2017). Mohseni et al (Mohseni et al., 2021) studied the rate of organic 

matter removal from three different saline water culture media (5, 10, and 15 g/l) by using three 

strains of microalgae for each mentioned medium. ( S. abundans, C. vulgaris, and N. salina) . The 
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highest rate of removal of organic matter was for S. abundans in a 5 g/l concentration of saline 

medium. (Mohseni et al., 2021). Microalgae can be affected by saline culture in three causes : (1) 

changes in ratio of internal cellular ions, (2) gain or loss of ions that affects ions stress, and (3) 

resulting osmotic stress. The level of salinity can put microalgae cells under stress, which leads 

to a decrease in the growth rate of microalgae cells and the accumulation of lipids. No 

mathematical model has been proposed to include the salinity effect parameter in the growth 

rate of microalgae (Darvehei et al., 2018).  

 

Figure 5: The trend of increase in salinity in three different regions for potential microalgae 

cultivation in Australia (Ishika, Moheimani, Bahri, et al., 2017) 

 

2.1. Modelling microalgae growth based on multiple substrates 

 

Since the growth rate of microalgae is determined by many factors: pH, nutrients, light intensity, 

temperature of the medium, and salinity. The mathematical models that simultaneously include 

multiple factors called co-limitation. The kinetic growth model that provides co-limitation factors 

( N concentration, P concentration, light intensity, temperature, and CO2 concentration, for 
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instance) predicts more realistic results of microalgae growth rate (Ye et al., 2023). Therefore, the 

cultivation system can be scaled up by optimization factors for commercialization and industrial 

purposes (M. Bekirogullari et al., 2018). The advantages of single substrate models are that they 

are easy to build and have fewer model parameters. The predictability of single substrate models 

is good, but they are limited to cultivation systems on a laboratory scale. In contrast, the co-

limitation factors models have more parameters, which require a more complicated method for 

fitting experimental data and or optimization techniques to calibrate a model depending on 

experimental results (Mesut Bekirogullari et al., 2020). The next sections will explain the three 

main frameworks of mathematical modeling of microalgae using multiple substrate kinetics 

growth based on the interactions of environmental factors (temperature and light intensity), 

nutrients, and substrate.   

2.2.1. Mathematical growth Models based on non-interactive effect of substrate 

 
The transitions between nitrogen (N) and phosphorus (P) levels occur seasonally in seawaters and 

eutrophic lakes where the phytoplankton grow. For instance, in seawater, the amount of 

phosphorus is sufficient whereas the nitrogen quantity is limited. The mixing process between 

seawater and freshwater supplies low phosphorus levels relative to nitrogen levels (Society, 1978). 

When limited in the culture medium, the two macronutrients, nitrogen and phosphorus, control the 

growth rate of phytoplankton (Klausmeier et al., 2004). The results from Droop did showed that 

the growth rate of Monochrysis lutheri under two limiting nutrients ( phosphorous and vitamin 

B12) was not following multiple substrate models,  but a single nutrient with lower concentration 

governed the growth rate (Society, 1978). Therefore, Liebig’s law was proposed to explain the 

growth rate that depends on the most limiting nutrient (Klausmeier et al., 2004). The general 

formula of the most limiting nutrient model is presented as follows:     

 

𝜇 = 𝜇𝑚𝑎𝑥𝑚𝑖𝑛 ∙ [𝑓(𝑥1), 𝑓(𝑥2), 𝑓(𝑥3) ∙∙∙ 𝑓(𝑥𝑖)]                                                                         (2-36) 

 

Where 𝜇𝑚𝑎𝑥 is the maximum growth rate at the most limited factor, and 𝑓(𝑥𝑖) is the model related 

to the most limited substrate or nutrients such as N, P, CO2, temperature, and light (Lee et al., 

2015).  



48 

 

Bougaran et al. (2010) illustrated a non-interactive model of kinetic growth based on a quota of 

either nitrogen or phosphorus.  

 

𝜇 = 𝜇𝑚𝑎𝑥𝑚𝑖𝑛 ∙ [
1  −

𝑞𝑁,0
𝑞𝑁

1−
𝑞𝑁,0

𝑞𝑁,𝑚𝑎𝑥

,
1  −

𝑞𝑝,0

𝑞𝑃

1−
𝑞𝑝,0

𝑞𝑃,𝑚𝑎𝑥

]                                                                                          (2-37) 

 

Where 𝑞𝑁,0 and 𝑞𝑃,0 are the minimum quota for nitrogen (moleN.moleC-1) and phosphorus 

(moleP.moleC-1) respectively for growth, 𝑞𝑁 and 𝑞𝑝 are the quota for nitrogen and phosphorus, 

respectively, at any time, and 𝑞𝑁,𝑚𝑎𝑥 and 𝑞𝑃,𝑚𝑎𝑥 are the quota for nitrogen and phosphorus for 

maximum growth rate. Equation 2-37 will become the function of either nitrogen or phosphorus 

quota (equations 2-38 and 2-39) when the limited factor is either nitrogen or phosphorus. 

  

𝜇 = 𝜇𝑚𝑎𝑥 (
1  −

𝑞𝑁,0
𝑞𝑁

1−
𝑞𝑁,0

𝑞𝑁,𝑚𝑎𝑥

)                                                                                                                 (2-38)  

𝜇 = 𝜇𝑚𝑎𝑥 (
1  −

𝑞𝑝,0

𝑞𝑝

1−
𝑞𝑝,0

𝑞𝑝,𝑚𝑎𝑥

)                                                                                                                (2-39) 

 

A non-interactive model's prediction accuracy may be good for a biological system with small 

interactions between cellular subsystems. In contrast, for a more complex cellular system, the non-

interactive model is restrictive since a microorganism's physiological status is simultaneously 

affected by each of all nutrient sources (Mesut Bekirogullari et al., 2020).    

 

 2.2.2. Mathematical growth models based on the Interactive effect of substrates 

 

In the interactive model, all the growth factors contribute to the microbial growth rate 

simultaneously. Thus, if there are two limiting factors, both will control the kinetic growth, and 

the co-limitation influences of these two factors will be multiplicative. The general formula of the 

Interactive or multiplicative model is mentioned in the next equation.  

 

𝜇 = 𝜇𝑚𝑎𝑥 𝑓(𝑥1) ∙ 𝑓(𝑥2) ∙ 𝑓(𝑥3) ∙∙∙ 𝑓(𝑥𝑖)                                                                                  (2-40) 
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where 𝜇𝑚𝑎𝑥 is the maximum growth rate affected by all contributing limiting factors such as 

temperature, N, P, light intensity, and CO2. 𝑓(𝑥𝑖)  is the relation of contributing limiting factors 

(Lee et al., 2015). Wu et al (Wu et al., 2013). used the Interactive model with influence of three 

factors (light, nitrogen, and phosphorus) to model the growth rate of Scenedesmus sp. LX1 in open 

pond (Wu et al., 2013). 

 

𝜇 = 𝜇𝑚𝑎𝑥
𝑆𝑁

𝐾𝑁+𝑆𝑁
(1 −

𝑞𝑜

𝑞𝑝
)

𝐼

𝐼𝑜𝑝𝑡
𝑒
(1−

𝐼

𝐼𝑜𝑝𝑡
)
                                                                                     (2-41) 

 

where 𝑆𝑁 is the concentration of nitrogen (mg/L), 𝐾𝑁 is the half-saturation constant for nitrogen 

(mg/L), 𝑞𝑜 is the minimal phosphorus quota required for growth (%), phosphorus quota at a 

specific time t (%), 𝐼 is light intensity (Ix), and 𝐼𝑜𝑝𝑡 is the light intensity where the growth rate is 

maximum.  

The Model that was applied by Beran and Kargi (Beran & Kargi, 2005) includes both non-

interactive and interactive formulas for estimating the kinetic growth of algae in wastewater ponds. 

 

𝜇 = 𝜇𝑎𝑙𝑔𝑎𝑙𝑀𝑖𝑛( 𝑓1(𝑁), 𝑓2(𝐼)) ∙ 𝑓3(𝑝𝐻) ∙ 𝑓4(𝑇)                                                                        (2-42)  

 

where 𝜇𝑎𝑙𝑔𝑎𝑙 is algae's maximum growth rate (d-1), the non-interactive part is 𝑀𝑖𝑛( 𝑓1(𝑁), 𝑓2(𝐼)), 

which includes the most limiting factor (either 𝑁 or 𝐼 ). The second term of equation 2-42 contains 

an interactive part that presents the contributions of influence of all factors which are  𝑓3(𝑝𝐻)  and 

𝑓4(𝑇).  

 

2.2.3. Mathematical growth model based on Additive effect of substrate 

 

The sum of the specific growth rate of each limiting substrate individually is called the additive 

model (Mesut Bekirogullari et al., 2020). Adesanya et al(Adesanya et al., 2014). modeled the 
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growth rate of Chlorella vulgaris under mixotrophic condition culture (autotrophic and 

heterotrophic conditions) (Adesanya et al., 2014). The modeling formula that was used by 

Adesanya et al. is is given in eq.2-43 

  

𝜇𝑚 = 𝜇𝐴 + 𝜇𝐻                                                                                                                          (2-43) 

 

Where 𝜇𝑚 , 𝜇𝐴, and 𝜇𝐻is the specific growth rate (d-1) of mixotrophic, autotrophic, and 

heterotrophic conditions. The following two equations (equations 2-45 and 2-46) illustrate the 

formula of 𝜇𝐴 and 𝜇𝐻 . 

 

𝜇𝐴 = 𝜇𝐴,𝑚 [1 − 𝑒
−𝛼𝐼𝜑

𝑝𝑚 ]                                                                                                              (2-44) 

 

Where 𝜇𝐴,𝑚 is the maximum specific growth rate under autotrophic conditions, 𝑝𝑚 represents the 

regime of light-saturated where light intensity does not affect the photosynthesis, 𝐼 is the light 

intensity average in the culture medium (mole photons/m2), 𝛼 is chlorophyll a optical cross section 

(m2/g chl), and 𝜑 is quantum efficiency (g C/ mole photons). The average light intensity in a Z 

depth medium is 𝐼 =
𝐼𝑜

𝛼𝐵𝑋𝑍
(1 − 𝑒(−𝛼𝐵𝑋𝑍)) and the following mathematical relation describes the 

growth rate under heterotrophic conditions (𝜇𝐻).  

 

𝜇𝐻 =
𝑞𝑐𝑚−𝑄𝑐(𝑡)

𝑞𝑐𝑚−𝑞𝑐
[
𝑣𝑐𝑚𝐶(𝑡)

𝐶(𝑡)+𝑣𝑐ℎ
]                                                                                                           (2-45)  

Where 𝑞𝑐𝑚 is the maximum cell quota of carbon (g C/ (g dw)), 𝑞𝑐 is carbon subsistence quota (g 

C/g dw), 𝑄𝑐(𝑡) is cell quota of carbon at time t (g C/ (g dw)),  𝑣𝑐𝑚 is maximum carbon uptake rate 

(g C/ (g dw d)), 𝐶(𝑡) is organic carbon concentration in a culture medium at time t (g C/m3) and 

𝑣𝑐ℎ is half saturation constant (g C/ m3).
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Table 5: Kinetic models of microalgae growth depend on the multiple limitations of substrates. 

Classification Kinetic Model                                               Eq# System  Parameters  Reference  

Non-

interactive 

Model  

𝜇 = 𝜇𝑚𝑎𝑥𝑚𝑖𝑛 ∙ [
1  −

𝑞𝑁,0
𝑞𝑁

1−
𝑞𝑁,0

𝑞𝑁,𝑚𝑎𝑥

,
1  −

𝑞𝑝,0

𝑞𝑃

1−
𝑞𝑝,0

𝑞𝑃,𝑚𝑎𝑥

]            T5-1 
Indoor.  Selenastrum minutum 

𝜇𝑚𝑎𝑥 = 1.68𝑑
−1                     

𝑞𝑁,0 = 0.06𝑚𝑜𝑙𝑒𝑁𝑚𝑜𝑒𝑙𝐶
−1   

𝑞𝑁,𝑚𝑎𝑥 = 0.21𝑚𝑜𝑙𝑒𝑁𝑚𝑜𝑒𝑙𝐶
−1  

𝑞𝑁,0 = 0.0018𝑚𝑜𝑙𝑒𝑃𝑚𝑜𝑒𝑙𝐶
−1  

𝑞𝑁,𝑚𝑎𝑥 = 0.015𝑚𝑜𝑙𝑒𝑃𝑚𝑜𝑒𝑙𝐶
−1 

Isochrysis affinis galbana 

𝜇𝑚𝑎𝑥 = 1.5𝑑
−1                       

𝑞𝑁,0 = 0.065𝑚𝑜𝑙𝑒𝑁𝑚𝑜𝑒𝑙𝐶
−1    

𝑞𝑁,𝑚𝑎𝑥 = 0.14𝑚𝑜𝑙𝑒𝑁𝑚𝑜𝑒𝑙𝐶
−1   

𝑞𝑁,0 = 0.0009𝑚𝑜𝑙𝑒𝑃𝑚𝑜𝑒𝑙𝐶
−1   

𝑞𝑁,𝑚𝑎𝑥 = 0.006𝑚𝑜𝑙𝑒𝑃𝑚𝑜𝑒𝑙𝐶
−1 

(Bougaran et 

al., 2010) 

 𝜇 = 𝜇𝑚𝑎𝑥𝑚𝑖𝑛 ∙ [1 −
𝑄𝑁,𝑚𝑖𝑛

𝑄𝑁
, 1 −

𝑄𝑃,𝑚𝑖𝑛

𝑄𝑃
]         T5-2 Indoor  Phytoplankton 

𝜇𝑚𝑎𝑥 = 1.35𝑑
−1                   

𝑞𝑁,𝑚𝑖𝑛 = 45.4 (10
−9𝜇𝑚𝑜𝑙𝑒

𝑁

𝑐𝑒𝑙𝑙
)   

𝑞𝑃,𝑚𝑖𝑛 = 1.64 (10−9𝜇𝑚𝑜𝑙𝑒
𝑃

𝑐𝑒𝑙𝑙
) 

 

(Klausmeier 

et al., 2004) 
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Table 5: Continued.  

 

Classification Kinetic Model                                                           Eq# System  Parameters  Reference  

Non-

interactive 

Model 

𝜇 = 𝜇𝑚𝑎𝑥𝑚𝑖𝑛 ∙ [1 −
𝑄𝑁,𝑚𝑖𝑛

𝑄𝑁
, 𝑋𝑃𝑚 (1 − 𝑒

−𝛼𝐼𝜑

𝑃𝑚 )]       T5-3   

 𝐼 =
𝐼𝑜
𝛼𝑋𝑍

(1 − 𝑒(−𝛼𝑋𝑍)) 

Indoor  Pseudochlorococcum sp 

𝜇𝑚𝑎𝑥 = 3.26𝑑
−1                        

𝑄𝑁,𝑚𝑖𝑛 = 0.0278 𝑔𝑁(𝑔𝑑𝑤)−1   

𝛼 = 4.82𝑚2(𝑔 𝑐ℎ𝑙)−1             

𝑃𝑚 = 90.1gC (𝑔𝑐ℎ𝑙 𝑑)−1           

𝜑 =

0.0984 𝑚𝑜𝑙𝐶(𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛)−1    

𝑍 = 0.03𝑚 

(Packer et 

al., 2011) 

Multiplicative 

models  
𝜇 = 𝜇𝑚𝑎𝑥 (

𝐶𝑠

𝐾𝑠+𝐶𝑠+
𝐶𝑠
2

𝐾𝑋𝑖

)(
𝐼

𝐾𝑋𝐼+𝐼
) (1 −

𝐶𝑥

𝐶𝑋𝑚
)                       

(1 −
𝐶𝑃

𝐶𝑃𝑚
)                                                                  T5-4                                                                                                            

Indoor  Haematococcus pluvialis    

𝜇𝑚𝑎𝑥 =  0.5258𝑑
−1                   

𝐶𝑠 = 0.025 g/L                          

𝐾𝑋𝑖 = 53.26 g/L                         

𝐾𝑠 = 0.0211 g/L                                

𝐾𝑋𝐼 = 53.26 g/L                                  

𝐶𝑋𝑚 = 2.9161 g/L                             

𝐶𝑃𝑚 = 55.6192g/L 

(Zhao & 

Su, 

2020). 

     

  

 



53 

 

Table 5: Continued.  

 

Classification Kinetic Model                                                               Eq# System  Parameters  Reference  

Multiplicative 

models 
μ = 𝜇𝑚𝑎𝑥 (

𝑆

𝐾𝑠+𝑆+
𝑆2

𝐾𝑆𝑖

)(
𝑁

𝐾𝑁+𝑁+
𝑁2

𝐾𝑁𝑖

)(
𝐼

𝐾𝐼+𝐼+
𝐼2

𝐾𝐼𝑖

)𝑓(𝑇)     T5-5 

𝑓(𝑇) = 𝐴𝑒
[
𝐸𝑎

𝑅
](
1

𝑇
−
1

𝑇𝑜
)
− 𝐵𝐴𝑒

[
𝐸𝑏

𝑅
](
1

𝑇
−
1

𝑇𝑜
)
  

Indoor  Chlamydomonas 

reinhardtii                 

𝜇𝑚𝑎𝑥 = 0.275𝑑
−1          

𝐾𝑠 = 0.0624g/L          

𝐾𝑆𝑖 = 12.40g/L             

𝐾𝑁 = 0.0812g/L         

𝐾𝑁𝑖 = 0.6250g/L           

𝐾𝐼 = 45.50μE𝑚
−2𝑠−1   

𝐾𝐼𝑖 = 297.75μE𝑚
−2𝑠−1   

𝐴 =  0.6175                     

𝐵 =  0.1101                  

𝐸𝑎 =  25.9243 kcal/mole   

𝐸𝑏 =  48.0151 kcal/mole 

(M. 

Bekirogull

ari et al., 

2018). 

 
𝜇 = 𝜇𝑚𝑎𝑥 (

𝑆𝑁

𝐾𝑁+𝑆𝑁
) (1 −

𝑄𝑚𝑖𝑛

𝑞𝑝
) (

𝐼

𝐼𝑜𝑝𝑡
𝑒
(1−

𝐼

𝐼𝑜𝑝𝑡
)
)        T5-6 

Indoor  Scenedesmus sp. LX1     

𝜇𝑚𝑎𝑥 = 0.79𝑑
−1           

𝐾𝑁 = 9.5 𝑚𝑔/𝐿         

𝑄𝑚𝑖𝑛 = 0.019 %          

𝐼𝑜𝑝𝑡 = 5277 𝐼𝑋 

 

 

(Wu et al., 

2013) 
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Table 5: Continued. 

 

Classification Kinetic Model                                                        Eq# System  Parameters  Reference  

Multiplicative 

models 

𝜇 = 𝜇𝑚𝑎𝑥 (
𝑆𝑔𝑙𝑢𝑐𝑜𝑠𝑒

𝐾𝑔𝑙𝑢𝑐𝑜𝑠𝑒+𝑆𝑔𝑙𝑢𝑐𝑜𝑠𝑒
) ∙ (

𝑆𝑁𝑖𝑡𝑟𝑎𝑡𝑒

𝐾𝑁𝑖𝑡𝑟𝑎𝑡𝑒+𝑆𝑁𝑖𝑡𝑟𝑎𝑡𝑒
)     

(
𝑆𝐶𝑂2

𝐾𝐶𝑂2+𝑆𝐶𝑂2
) ∙ (

𝑆𝐼

𝐾𝐼+𝑆𝐼
)                                              T5-7                                                       

Indoor  Chlorella vulgaris 

𝜇𝑚𝑎𝑥 = 1.87ℎ
−1 

𝐾𝑔𝑙𝑢𝑐𝑜𝑠𝑒 = 0.797𝑔/𝐿 

𝐾𝑁𝑖𝑡𝑟𝑎𝑡𝑒 = 0.042𝑔/𝐿 

𝐾𝐶𝑂2 = 0.0316𝑔/𝐿 

𝐾𝐼 = 31.29𝜇𝑚𝑜𝑙𝑒 𝑚
−2𝑠−1 

(Ye et al., 

2023). 

 𝜇 = 𝜇𝑚𝑎𝑥 (
𝑆𝑁

𝐾𝑁+𝑆𝑁
) (

𝑆𝐶𝑂2

𝐾𝐶𝑂2+𝑆𝐶𝑂2
) (𝜃𝑇−20) (𝑡𝑎𝑛ℎ (

𝐼𝑎𝑣𝑒

𝐼𝑘
)  

                                                                              T5-8 

𝐼 =
𝐼𝑜

𝛼𝑋𝑑
(1 − 𝑒(−𝛼𝑋𝑑))                                          T5-9                                           

Indoor  Chlorella sp 

𝜇𝑚𝑎𝑥 = 0.7 𝑑
−1 

𝐾𝑁 = 0.1𝑚𝑔/𝐿 

𝐾𝐶𝑂2 = 3.6𝑚𝑔/𝐿 

𝜃 = 1.35 

𝐼𝑘 =

16.98𝜇𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛 𝑚−2𝑠−1       

𝛼 = 0.2𝑚2𝑔−1 

(Lee & 

Zhang, 

2016) 
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Table 5: Continued.  

 

Classification Kinetic Model                                                   Eq# System  Parameters  Reference  

Additive 

models  

𝜇 = 𝜇𝐴 [1 − 𝑒
−𝛼𝐼𝜑

𝑝𝑚 ] +
𝑞𝑐𝑚−𝑄𝑐(𝑡)

𝑞𝑐𝑚−𝑞𝑐
[
𝑣𝑐𝑚𝐶(𝑡)

𝐶(𝑡)+𝑣𝑐ℎ
]        T5-10 

𝐼 =
𝐼𝑜
𝛼𝑋𝑑

(1 − 𝑒(−𝛼𝑋𝑑)) 

Indoor  C.vulgaris                                                      

𝛼 = 25.4804 𝑚2 𝑔𝑐ℎ𝑙−1                         

𝜑 =

0.4345 g C (𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛)−1     

𝑃𝑚 = 93.94 g C (𝑔 𝑑𝑤 𝑑)−1  

𝑞𝑐𝑚 = 0.4571  g C (𝑔 𝑑𝑤)−1   

𝑞𝑐 =0.4143g C (𝑔 𝑑𝑤)−1        

𝑣𝑐𝑚 = 9.789 g C (𝑔 𝑑𝑤 𝑑)−1   

𝑣𝑐ℎ = 3.15g C 𝑚
−3                           

𝑑 = 0.03𝑚                                            

𝐼𝑜 = 6 𝑚𝑜𝑙𝑒 𝑝ℎ𝑜𝑡𝑜𝑛𝑠 𝑚−2𝑑−1 

(Adesanya 

et al., 2014) 

  

𝜇 = 𝜇𝑚𝑎𝑥 ∙ [𝑊𝐻  ∙
𝐴

𝐾𝑠,𝐴+A+
𝐴2

𝐾𝑖,𝐴

+𝑊𝐼  ∙
𝐼

𝐾𝑆,𝐼+I+
𝐼2

𝐾𝑖,𝐼

] T5-11  

𝑊𝐻 =
𝐴/𝐾𝑠,𝐴

𝐴/𝐾𝑠,𝐴+𝐼/𝐾𝑠,𝐼
; 𝑊𝐼 =

𝐼/𝐾𝑠,𝐼

𝐴/𝐾𝑠,𝐴+𝐼/𝐾𝑠,𝐼
  

 

Indoor  

 

C.reinhardtii                                  

𝜇𝑚𝑎𝑥 = 0.106 ℎ−1                       

𝐾𝑠,𝐴 = 1.789𝑔 𝐶/𝐿                                   

𝐾𝑖,𝐴 = 0.109𝑔 𝐶/𝐿                       

𝐾𝑆,𝐼 = 1.4 𝜇𝑚𝑜𝑙𝑒 𝑚
−2𝑠−1                    

𝐾𝑖,𝐼 = 186.52 𝜇𝑚𝑜𝑙𝑒 𝑚−2𝑠−1 

 

(Figueroa-

Torres et al., 

2017). 
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The extensive literature review showed that the best mathematical growth model integrates 

the dynamic effect of variables that influence algae growth support. Adoption of such 

models with good predictability can not only estimate the actual potential of a location for 

growth and productivity of a specific strain of algae but can also help estimate the resource 

requirement. However, the success of these models depends on a few inherent 

characteristics of algae strain, such as saturation light intensity and optimal growth 

temperature.  Besides algae characterization, weather conditions such as incident light 

intensity, humidity, air temperature and velocity, and culture composition are important 

factors. 

This thesis attempts to explore the potential of algae growth in prevailing weather 

conditions in Saudi Arabia for microalgae Arthrospira maxima, a potential strain of algae 

for the production of aqua feed in an open raceway pond. Various factors, such as pond 

temperature, growth rate, the effect of harvesting frequency, and culture concentration 

before harvesting on biomass productivity, are evaluated. 
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CHAPTER 3: Methodology 

 

The mathematical model used in this study includes two main parts: the thermal and 

biological parts. The purpose of implementing the thermal part of the model is to estimate 

the ORP temperature. In this part of the model, weather conditions are used to calculate 

the time-resolved temperature. By connecting the results of the predicted temperature in 

the thermal part of the model with local light intensity, the biological part of the model can 

estimate the biomass concentration of microalgae in a bioreactor (ORP). The following 

subsections describe details of thermal and biological model calculations.        

3.1. Energy balance (Thermal model for ORP) 

 

In this part of the thesis of the materials and methods section, all kinds of heat gain or loss 

from the system (ORP), assumptions, and parameters used in heat transfer are presented. 

The central governing equation for thermal balance for ORP used in this work is  

  𝜌𝑐𝑝𝑉
𝑑𝑇𝑅

𝑑𝑡
= ∑𝑄𝑛                                    (3-1) 

where 𝜌 is the density of the medium, which is assumed to be the density of water          

(1000 
𝑘𝑔

𝑚3).  

𝑉 is ORP volume. (𝑚3).𝐶𝑝 is the medium's heat capacity, which does not change with time 

(4184 
𝐽

𝑘𝑔.𝐾
). 

𝑑𝑇𝑅

𝑑𝑡
 is the temperature variation for the ORP with time (K/s).∑𝑄𝑛 is the 

summation of all kinds of heat lost or gained by the ORP system (w) (Endres et al., 2016). 

3.1.1. Exchange of heat between ORP system and surrounding  

 

Heat can be exchange between the ORP system and its surroundings though seven different 

ways. In the following parts of this chapter, all these ways are explained in detail with their 

governing equations.   
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a. Heat transfers from directly and diffuses radiation 

 

The surface area of ORP is parallel to the earth's surface, so direct and diffuse irradiance 

can be combined into global horizontal irradiance (GHI). The equation that is used to do 

the calculation for heat gain by ORP from the direct irradiance is                    

 𝑄𝑠 = (1 − 𝑓𝑎) 𝐺𝐻𝐼 𝛼𝑐𝑢𝑙𝑡𝐴𝑠𝑢𝑓𝑎𝑐𝑒                                                                                     (3-2) 

where 𝑓𝑎 is the fraction of the sunlight is that photosynthesis of algae converts to chemical 

energy ( 𝑓𝑎= 0.025). GHI is the global horizontal irradiance (
𝑊

𝑚2). 𝛼𝑐𝑢𝑙𝑡 is the absorptivity 

for ORP culture( 𝛼𝑐𝑢𝑙𝑡= 0.82). 𝐴𝑠𝑢𝑓𝑎𝑐𝑒  is the surface area of ORP ( 𝑚2). 

b. Heat transfer from the air radiation 

 

The relation that covers the heat exchanging regarding radiation of the air is  

𝑄𝑎𝑖𝑟 = 𝜀𝑤𝜀𝑎𝜎𝑇𝑠𝑢𝑟𝑟
4 𝐴𝑠𝑢𝑓𝑎𝑐𝑒                                                                                            (3-3) 

where  

𝜀𝑤𝜀𝑎 is the emissivity of the reactor culture and the air, respectively (𝜀𝑤=0.97, 𝜀𝑎=0.85). σ 

is the Stephan- Boltzmann constant (σ=5.76 × 10−8
𝑤

𝑚2𝐾4
). Tsurr is the temperature of the 

surroundings (K).  

c. Heat flux by ground conduction 

 

The heat transfer between the bottom of ORP and the ground is by using this equation.  

𝑄𝑔𝑟𝑜𝑢𝑛𝑑 = − 𝐾𝑐𝑜𝑛
𝑇𝑃−290

𝐿𝑟𝑒𝑓
 𝐴𝑠                                                                                         (3-4)  

where  
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 𝐾𝑐𝑜𝑛 is concrete thermal conductivity (𝐾𝑐𝑜𝑛 = 1.4
𝑤

𝑚.𝐾
).𝐿𝑟𝑒𝑓 is the reference depth of the 

conductivity 𝐿𝑟𝑒𝑓 = 3.66 𝑚. 

 

d. Heat transfers due to radiation of pond 

 

By implementing the Stefan-Boltzmann relation, the loss of heat from the pond is due to 

radiation that comes from the pond.  

𝑄𝑟𝑎𝑑 = 𝜀𝑤𝜎𝑇𝑝𝑜𝑛𝑑
4 𝐴𝑠𝑢𝑓𝑎𝑐𝑒                                                                                              (3-5) 

where 𝑇𝑝𝑜𝑛𝑑 is the temperature of ORP.   

e. Heat flux due to convection of heat at the pond's surface 

 

The general equation that governs the heat transfer between the surrounding air and the top 

surface of ORP is  

𝑄𝑐𝑜𝑛 = ℎ𝑐𝑜𝑛(𝑇𝑎𝑚𝑏 − 𝑇𝑝𝑜𝑛𝑑)𝐴𝑠𝑢𝑓𝑎𝑐𝑒                                                                             (3-6) 

where 𝑇𝑎𝑚𝑏 = 𝑇𝑎𝑖𝑟ℎ𝑐𝑜𝑛 is the coefficient for convection heat flux( 
𝑊

𝐾.𝑚2). 

The steps for calculating the coefficient of heat transfer convection are presented below.  

1. Calculation of the Reynolds number by using the following equation  

𝑅𝑒 =
𝐿 𝑉

𝜗𝑎
                                                                                                                    (3-7) 

Where L is equal to the ratio of the ORP area over its perimeter (m).                                                                                 

V is the velocity of the wind (m/s).  

       𝜗𝑎 is the kinematic viscosity  

        ( 𝜗𝑎 =0.00001679 
𝑚2

𝑠
) 



60 

 

2. Calculation of Prandtl number by using the presented equation  

        𝑃𝑟 =
𝜗𝑎

𝛼𝑎
                                                                                                                  (3- 8)   

        Where 𝛼𝑎 is the air thermal diffusivity (𝛼𝑎 =0.000002  
𝑚2

𝑠
). 

3. Calculation of the Nusselt number based on the value of Reynold                                                                              

𝑁𝑢 = 0.628 (𝑅𝑒)0.5(Pr)1/3             for Re < 300,000                                     (3-9)  

𝑁𝑢 = 0.035 (𝑅𝑒)0.8(Pr)1/3    for Re > 500,000                                              (3-10)  

Moreover, the Nu number's value is equal to the average of the above two values 

when the value of Re is between the two above values. 

4. To calculate the value of ℎ𝑐𝑜𝑛, use the following equation.  

            𝑁𝑢 =
ℎ𝑐𝑜𝑛 L

𝛾𝑎
                                                                                                         (3-11)    

            where γ𝑎 is air thermal conductivity ( 𝛾𝑎 = 0.025 
𝑤

𝑚.𝐾
). 

             L =
𝐴𝑠

2×𝐿𝑒𝑛+2×𝑤
                                                                                                   (3-12) 

where 𝐿𝑒𝑛 𝑎𝑛𝑑 𝑤 are the length and width of ORP (m).  

f. Heat loss from ORP due to evaporation 

 

Some water in the ORP is evaporating to the atmosphere, so the latent heat of this amount 

of water is lost from the system, and it is calculated by the presented equation.  

𝑄𝑒𝑣𝑎𝑝𝑜𝑟𝑎𝑡𝑖𝑜𝑛 = − 𝑚𝑒 𝐿𝑤𝐴𝑠𝑢𝑓𝑎𝑐𝑒                                                                                  (3-13) 

where 𝑚𝑒 is the amount of water evaporation  

𝐿𝑤 is the latent heat of evaporation 𝐿𝑤 =2260000 
𝐽

𝑘𝑔
.  

There are steps to calculate the value of 𝑚𝑒(
𝑘𝑔

𝑚2.𝑠
). 

The first step is calculating the 𝐾 (m/s), the mass transfer coefficient.  
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1. Calculation of the Reynolds number by using the following equation  

𝑅𝑒 =
𝐿 𝑉

𝜗𝑎
                                                                                                                  (3-14) 

2. Calculation of Schmidt number ( 𝑆𝑐ℎ ) by using the presented equation  

        𝑆𝑐ℎ =
𝜗𝑎

𝐷𝑤,𝑎
                                                                                                             (3-15) 

        Where 𝐷𝑤,𝑎 it is the water mass diffusion coefficient on the air (𝐷𝑤,𝑎 =0.000025
𝑚2

𝑠
). 

3. Calculation of the Sherwood number based on the value of Reynold                                                          

  𝑆ℎ = 0.628 (𝑅𝑒)0.5(Sch)1/3             for Re < 300,000                                   (3-16) 

𝑆ℎ = 0.035 (𝑅𝑒)0.8(Sch)1/3    for Re > 500,000                                              (3-17)     

and the Nu number's value is equal to the average of the above two values when the 

value of Re is between the two above values of Re. 

4. To calculate the value of  𝐾 is, simply by using the following equation.  

             𝑆ℎ =
𝐾 L

𝐷𝑤,𝑎
                                                                                                          (3-18) 

            The second step is to find 𝑚𝑒 that is equal to  

  𝑚𝑒 = 𝐾 (
𝑃𝑤

𝑇𝑝𝑜𝑛𝑑
−
𝑅𝐻𝑃𝑎

𝑇𝑠𝑢𝑟𝑟
)
𝑀𝑊

𝑅
                                                                                        (3-19) 

Where RH, 𝑀𝑊, 𝑅, 𝑃𝑤, 𝑃𝑎 are the relative humidity (%), molecular weight (kg/mole),                          

constant for an ideal gas(Pa m3/K.mole) and vapor pressure(Pa) at 𝑇𝑝𝑜𝑛𝑑 (℃ )and 𝑇𝑠𝑢𝑟𝑟                                       

(℃ )respectively.  

  The equation is used to find the values of  𝑃𝑤 and  𝑃𝑎.  

𝑃𝑖 = 3385.5 𝑒(−8.0929+0.97608(𝑇𝑖+42.607+273)
0.5).                                                          (3-20) 
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g. Flux of heat for ORP by the water makeup 

 

The level of water in the ORP remains constant, so the water that is pumping to the ORP 

substitutes the amount of water that is missing due to evaporation. The following equation 

is to find the heat exchanging regarding water flow to the ORP.  

𝑄𝑤𝑎𝑡𝑒𝑟 𝑖𝑛𝑓𝑙𝑜𝑤 = 𝐶𝑝,𝑤𝑎𝑡𝑒𝑟 (𝑇𝑠𝑢𝑟𝑟 − 𝑇𝑝𝑜𝑛𝑑)                                                                    (3-21) 

𝐶𝑝,𝑤𝑎𝑡𝑒𝑟 is the heat capacity of water added to ORP (𝐶𝑝,𝑤𝑎𝑡𝑒𝑟 =4184 
𝐽

𝑘𝑔.𝐾
). 

3.2. Biological model for algae growth in ORP 

 

The second part of the model contains governing equation for the biomass growth rate for 

algae in ORP. The following equation contains two main parts that determine the time-

resolved growth rates depending on the light intensity and temperature of the cultivation 

culture.  

 

𝑑𝑐𝑥

𝑑𝑡
=

𝜑𝐿(𝑡)𝜑𝑇(𝑡)𝑃𝐴𝑅(𝑡)∅𝑝ℎ𝑜𝑡𝑜𝑛 𝐴𝑠𝑢𝑟𝑓𝑎𝑐𝑒 

𝑉
+
𝐷(𝑡)

𝑉
                                                                  (3-22) 

where 𝑐𝑥 is the algae concentration in the reactor (
𝑔

𝑚3).  

 𝜑𝐿(𝑡) is an efficient parameter for culture light, so 

 𝜑𝐿(𝑡) =
𝐼𝑎

𝐼𝑠
𝑒
(1− 

𝐼𝑎
𝐼𝑠
)
                                                                                                        (3-23)   

where 𝐼𝑎 and 𝐼𝑠 are mean light intensity and saturated light intensity, respectively (
𝑤

𝑚2
).  

The average intensity can be calculated by calling this relation   

𝐼𝑎 = 𝐺𝐻𝐼 0.458 
1−𝑒−𝑂𝐷750𝑍 

𝑂𝐷750𝑍
                                                                                         (3-24) 

 Z is the ORP depth in the meter unit.  
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𝜑𝑇(𝑡) is an efficiency parameter for the culture temperature, 

𝜑𝑇(𝑡) =
(𝑇𝑝𝑜𝑛𝑑−𝑇𝑚𝑎𝑥)(𝑇𝑝𝑜𝑛𝑑−𝑇𝑚𝑖𝑛)

(𝑇𝑜𝑝𝑡𝑖𝑚𝑎𝑙−𝑇𝑚𝑖𝑛)[𝑔(𝑇𝑝𝑜𝑛𝑑)−𝑓(𝑇𝑝𝑜𝑛𝑑)]
                                                                   (3-25)    

where 𝑇𝑚𝑎𝑥  and 𝑇𝑚𝑖𝑛 are the maximum and minimum temperatures of the specific strain 

that can be loaded. 𝑇𝑝𝑜𝑛𝑑 is the optimal temperature for algae growth.  

𝑔(𝑇𝑝𝑜𝑛𝑑) = (𝑇𝑜𝑝𝑖𝑚𝑎𝑙 − 𝑇𝑚𝑎𝑥)(𝑇𝑝𝑜𝑛𝑑 − 𝑇𝑜𝑝𝑡𝑖𝑚𝑎𝑙)                                                      (3-26) 

𝑓(𝑇𝑝𝑜𝑛𝑑) = (𝑇𝑜𝑝𝑖𝑚𝑎𝑙 − 𝑇𝑚𝑎𝑥)(𝑇𝑜𝑝𝑡𝑖𝑚𝑎𝑙 + 𝑇𝑚𝑖𝑛 − 2𝑇𝑝𝑜𝑛𝑑)                                        (3-27) 

𝑃𝐴𝑅(𝑡) is the rate of photosynthetic spectrum photon incidence 

𝑃𝐴𝑅(𝑡) is equal to 0.458 X 4.57 X 10 -6X GHI                                                            (3-28) 

∅𝑝ℎ𝑜𝑡𝑜𝑛 is the number of photons that are required to produce the algae biomass, and 

   ∅𝑝ℎ𝑜𝑡𝑜𝑛 = 
8 𝑔 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 

12 𝑚𝑜𝑙𝑒𝑠 𝑜𝑓 𝑝ℎ𝑜𝑡𝑜𝑛𝑠
                                                                                     (3-29) 

𝐷(𝑡) is the algae biomass lost without light. 

𝐷(𝑡) = 𝐶𝑥
𝜇𝑑𝑎𝑟𝑘

3600
 𝑉 𝜑𝑇(𝑡)    for GHI < 5                                                                       (3-30) 

And 𝐷(𝑡) = 0                          for GHI > 5                                                                    (3-31) 

𝜇𝑑𝑎𝑟𝑘 = 
ln (1−𝜏)

∆𝑡
                                                                                                             (3-32) 

𝜇𝑑𝑎𝑟𝑘 is the decay rate of biomass,  𝜏 biomass losing average via the dark period, and ∆𝑡 

is the time interval of the dark (hour). 
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3.3. Solution of first order differential equations for thermal and 

biological model 

 

As discussed in the previous section, thermal energy (equation 3-1) was used to find the 

culture temperature. The thermal model results along with input of local light intensity 

were used to estimate the biomass growth rate of microalgae by using equations 3-22. 

Equations 3-1 and 3-22 were solved numerically by implementing the explicit Euler 

method in MS Excel software (Atkinson et al., 2011).     

𝑦𝑖+1−𝑦𝑖

ℎ
= 𝑓(𝑥𝑖 , 𝑦𝑖)                                                                                                        (3-33)  

 

3.4. Strain parameters and ORP geometry dimensions were used in this 

study  

 

The following table includes all parameters for Arthrospira maxima and dimensions for 

ORP implemented in this study.   
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Table 6: The geometry dimensions for ORP and Arthrospira maxima parameters 

implemented in thermal and biological model.     

Inputs Values Units Parameter 

specification 

References 

Minimum 

Temperature 

18 ℃ Strain parameter (Kumar et al., 

2011) 

Maximum 

Temperature 

38 ℃ Strain parameter (Kumar et al., 

2011) 

Optimal Temperature 35 ℃ Strain parameter (Furmaniak et al., 

2017) 

Saturated Light 

Intensity 

540 𝜇𝑚𝑜𝑙

𝑚2𝑠
 

Strain parameter (Li et al., 2022) 

Dark Respiration Rate 4.5 % Strain Parmenter (Greene et al., 

2021a) 

Initial Concentration 200 𝑔

𝑚3
 Model parameter Experimental data 

Initial ORP 

temperature  

25 oC Model parameter Experimental data 

Harvested 

Concentration 

600 𝑔

𝑚3
 Model parameter Experimental data 

Length 25 m Geometry 

parameter 

Experimental data 

Width 4 m Geometry 

parameter 

Experimental data 

Depth 0.25 m Geometry 

parameter 

Experimental data 

The time interval  60 Minutes Model parameter Experimental data 

Optical Density 0.8 𝑔

𝐿 𝑚
 Strain parameter Experimental data 
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3.5. Weather conditions for thermal and biological model 

 

The thermal model was run based on the parameters of ORP geometry, equations that 

govern the heat transfer between ORP and surroundings, and the weather conditions (air 

temperature, wind speed, related humidity, and global horizontal irradiance) that were 

collected from June 2022 till May 2023 in Jeddah. These weather conditions were taken 

each one hour during the above-mentioned period. The only weather condition used for the 

biological part of the model is GHI.  
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CHAPTER 4: Results and Discussion 

 

4.1. Impact of weather conditions on the pond temperature  

 

This part of the results and discussion chapter includes mainly the influence of four weather 

conditions (mentioned in the previous chapter) on the average predicted ORP temperature 

for each day throughout the whole year (from June 2022 to May 2023) (Figures 5, 6, 7, and 

8). Additionally, this section of Chapter 4 contains the degree of impact of each weather 

condition on the average predicted ORP temperature.  

4.1.1. Impact of Global Horizontal Irradiance (GHI) on the predicted pond 

temperature  

  

ORP can gain heat from direct and diffuse radiation (GHI). This heat gained by ORP only 

influences the pond temperature during daytime, whereas the impact of sun radiation on 

the pond temperature disappears after sunset. Therefore, the presented readings of 

maximum, average, and minimum GHI in Figure 5 are only for daytime for each day of 

the running model. The highest readings of average GHI were distributed in the summer, 

fall, and spring seasons, but the highest predicted average pond temperatures were in the 

range between mid of Aug and Sep 2022. Analyzing the impacts of other weather 

conditions can give a clear explanation for the previous result. In the duration between Nov 

2022 and Mar 2023, the graph trend of average predicted ORP temperature was decreasing 

due to a decrease in maximum and average GHI. The lowest measurements for maximum 

and average GHI were in Jan 2023, but the predicted pond temperature was not the lowest 

at this period. The minimum GHI in the last days of Aug 2022 was high, and the average 

predicted pond temperature was high. In contrast, the recordings of minimum GHI in Dec 

2022, Mar, and Apr 2023 were high, and the predicted average pond temperature was low 

compared to other periods of the year. As a result, minimum GHI had little impact on the 

ORP temperature. 
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Figure 6: Impact of GHI on predicted pond temperature for an ORP situated in Jeddah 

 

4.1.2. Impact of Relative Humidity (RH) on predicted pond temperature 

 

 Relative humidity (RH) influences pond temperature by one way of heat transfer. RH can 

influence the ORP temperature indirectly. From Equation 3-19, the evaporation rate of 

water in the pond decreases with an increase in RH, and water evaporation leads to heat 

loss from the pond, equation 3-13. Therefore, as RH increases, the heat loss of the pond 

decreases, so the pond temperature rises. The maximum RH was in mid-July and Oct 2022 

(Figure 6). In the interval between Aug and Sep 2022, the average RH readings were in the 

middle compared to all readings of the whole year, but the average predicted pond 

temperatures were the highest. The explanation for this result is that other weather 

conditions increased the predicted pond temperature. The graph trend of maximum, 

average, and minimum RH were the same, so the predicted average ORP temperature had 
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the same influence by these three RHs. RH alternated throughout the year. The winter 

season had high measurements of RH, but the predicted pond temperature was lowest in 

this season. GHI measurements were lowest in the winter season, as presented in Figure 5. 

Another reason is low-temperature readings for ambient air.    
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Figure 7: Impact of RH on predicted pond temperature for an ORP situated in Jeddah 

 

4.1.3. Impact of Wind Speed on the Pond Temperature 

 

Wind speed can influence the heat that ORP can gain or lose due to heat convection 

between the top surface of the pond and ambient air. Heat is lost from ORP due to water 

evaporation, and wind speed impacts the evaporation rate. The predicted pond temperature 

can be increased, decreased, or not changed by the influence of wind speed. When the heat 

is lost by evaporation due to wind speed is close to the heat gained by convection of heat, 
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the overall change in pond temperature is almost negligible. Pond temperature increases 

due to wind speed in case of less evaporation and heat gained by convection. ORP 

temperature decreases due to high wind speed since evaporation rate and heat loss by 

convention can be high. The fluctuation maximum wind speed was higher than the average 

and minimum wind speed. The graph trend for maximum, average, and minimum wind 

speed was the same throughout the year. The maximum measurement of average wind 

speed was in the last of Jul 2022. At this time, the average predicted pond temperature 

decreased to the lowest in Jul 2022. The other highest measurements of average wind speed 

were distributed in summer, winter, and spring seasons, but the average predicted pond 

temperatures did not always increase for these highest average wind speeds; they were 

alternating depending on the seasons. The main factors that determine lost or gained heat 

by ORP through heat convection are pond and ambient temperature, as mentioned in 

equations 3-6. Wind speed can determine the amount of heat transfer between ORP and its 

surroundings. Most periods of the whole year almost included small fluctuations in average 

wind speed, so the amount of evaporation rate or heat transfer between ORP and 

surrounding (controlling pond temperature) according to wind speed was almost stable for 

most periods of the running model.   
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Figure 8: Impact of wind speed on pond temperature for an ORP situated in Jeddah 

 

4.1.4. Impact of Air temperature on the pond temperature 

 

Heat transfer methods by air radiation, surface pond convection, evaporation, and water 

makeup are controlled by air temperature (from the materials and methods chapter). So, 

the influence of air temperature in ORP pond temperature is more significant than other 

weather conditions (wind speed, relative humidity, and global horizontal irradiance), and 

the reason for this result is all weather conditions except air temperature govern heat 

transfer to or from the pond by one kind only (as discussed in previous sections). The graph 

trend was almost the same for average pond temperature and maximum, average, and 

minimum air temperature. The explanation for this result is that air temperature governs 

more ways of transferring heat from or to ORP, as discussed previously. The average air 

temperature fluctuated in a small range between 29 and 31 ℃ from June to Aug 2022. 

During this period, the average pond temperature was in the range between 27 and 31 ℃. 
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In the next three months (Aug, Set, and Oct 2022), average air temperature oscillated 

between 30 and 34 ℃. At this interval, not only the average air temperature but also the 

average pond temperature was one of the highest for a whole year of cultivation. The 

average air temperature started to decrease from Nov 2022 till the end of Dec 2022, and it 

was the same for the average pond temperature. On Jan, Feb, and Mar 2023, the average 

air and pond temperature were stable and oscillated in the range between 23 and 26 ℃ and 

19 and 27 ℃, respectively. From the beginning of Apr till the end of May, both 

temperatures of average air and ORP increased in the form of oscillation. 
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Figure 9: Impact of air temperature on pond temperature for an ORP situated in Jeddah 
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4.1.5. The degree of impact of each weather condition on the pond 

temperature 

 

By comparing the impact of GHI, RH, and wind speed with the impact of air temperature 

on pond temperature, the graph trend for air temperature was closer to the average pond 

temperature graph trend. Therefore, the highest impact among the four weather conditions 

on pond temperature was air temperature. The reason for this result was discussed in detail 

in the previous section (see Figures 5, 6, 7, and 8 for more clarity). There was a similarity 

between the maximum and average GHI and average pond temperature graph trend, but 

the graph trend for average pond temperature and GHI was not close to the graph trend for 

air and pond temperature. From Figures 6 and 7, the distribution of RH and wind speed 

during the whole year period was equal. So, the impact of these two weather conditions 

(wind speed and RH) on pond temperature was the lowest. The highest predicted average 

pond temperature was in the Aug and Sep 2022 period. During this period, the average air 

temperature and GHI were high but not the highest. The explanation for the predicted 

average pond temperature was maximum during the Aug and Sep 2022 period; GHI and 

air temperature were stable at high readings. The RH and wind speed almost fluctuated 

with constant frequency for most of the periods of the year. So, their impact on pond 

temperatures was almost the same throughout most periods of the year. The lowest 

measurements for GHI were in the winter season (Dec 2022, Jan 2023), whereas, from the 

end of Dec 2022 till the end of Mar 2023, the lowest readings of air temperature were. The 

lowest predicted average pond temperatures were between the end of Dec 2022 and the 

end of Feb 2023.       
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4.2. impact of weather conditions (GHI, wind speed, RH, and air 

temperature) on predicted evaporation rate  

 

Equation 3-19 showed that the evaporation rate increases as wind speed increases and RH 

decreases. From Figure.9, average RH oscillated with higher amplitude compared to 

average wind speed during most of the periods. Therefore, the influence of wind speed on 

the predicted evaporation rate for most of the year was more stable than that of RH. 

Average RH decreased sometimes to 38%, and it reached close to 80%. So, this big 

fluctuation of RH throughout the running periods impacted the fluctuation amplitude of the 

predicted evaporation rate. The periods that included high predicted evaporation rates had 

either high wind speed and low RH, low wind speed and RH, or high wind and intermediate 

RH. The lowest predicted evaporation rates were in Dec 2022 and Jan 2023, whereas the 

highest predicted evaporation rate was at the end of May 2023. For further investigation of 

the results of the predicted evaporation rate, the impact of average GHI and air temperature 

must be analyzed. Figure.10 includes the graph trend for the average predicted evaporation 

rate, air temperature, and GHI throughout the running period. GHI influences the predicted 

evaporation rate indirectly. The ORP temperature increases by increasing GHI; therefore, 

the evaporation rate increases. By comparing the graph trends of predicted evaporation rate 

and average GHI, the periods where the predicted evaporation rates were highest and the 

average readings of GHI were the lowest. The results were supposed to be reversed. The 

reason for this result was the impact of GHI on the predicted evaporation rate was small 

compared with other weather conditions. Air temperature can influence the average 

predicted evaporation rate by influencing ORP temperature. Heat gained or lost by ORP is 

affected by air temperature, as mentioned in the materials and methods chapter, so air 

temperature can increase, decrease, or does not change ORP temperature; the last case 

happened when heat gained by one method is equivalent to heat lost by another method. 

By comparing the maximum peaks in the average predicted evaporation rate and air 

temperature graphs (Figure 10), the predicted evaporation rate increased as the average air 

temperature increased. From Figure 10, the predicted evaporation rate did not decrease 

from Oct 2022 till the end of May 2023, whereas the average air temperature decreased till 
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the end of Feb 2023 and started to increase till the end of May 2023. The answer for this 

result is either ORP temperature was higher than or close to air temperature or the impact 

of other weather conditions (RH, wind speed, and GHI) was high on the evaporation rate 

at these periods. The analysis of all-weather conditions together leads to clarification of the 

results that were unpredicted by using only one weather condition to analyze them (using 

Figures 9 and 10 together). Using the graph trends of average predicted pond temperature 

and air temperature (Figure.11) helps for more investigation about these unexpected results 

for predicted evaporation rate in running periods. In Jun and Jul 2022, the average air and 

pond temperatures were almost the same, so the heat transfer by differences between these 

two temperatures had no impact on the evaporation rate. From Figure.9, most of the 

evaporation came from RH and wind speed factors. From Aug to the end of Sep 2022, there 

was a difference in the average pond and air temperatures, and the average air temperature 

was higher in this period. Therefore, the graph trends of the average predicted evaporation 

rate and air temperature were almost similar. From Oct 2022 till the end of May 2023, the 

difference in average air and predicted pond temperatures was almost zero except for some 

days. In this period, the predicted evaporation rates were oscillating with constant 

amplitude except for some days. From Oct 2022 till the end of May 2023, RH and wind 

speed controlled the predicted evaporation rate. During the days when the maximum peaks 

of predicted evaporation rate happened, the difference between an average pond and air 

temperature and wind speed was high, and RH was low. The highest predicted evaporation 

rate was at the end of May 2023, when the difference in average air and predicted pond 

temperature and wind speed were most of the highest readings, and RH was most of the 

lowest readings. GHI had the lowest impact factor in the predicted evaporation rate since 

the maximum peaks of the predicted evaporation rate were on days when average GHI 

readings were low on the same days. Figure 12 shows the predicted evaporation rate daily 

with the corresponding predicted salinity. Increasing the predicted evaporation rate led to 

an increase in predicted salinity, and the same happened in the reverse case. The amplitude 

range of predicted salinity was between 41 and 44 g NaCl/L. The impact of weather 

conditions on predicted salinity is the same as the evaporation rate, so the previous results 

and discussion on the influence of weather conditions on predicted evaporation rate are the 

same for predicted salinity.   
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Figure 10: Impact of wind speed and RH on predicted Evaporation rate per day (kg/day) 

for an ORP situated in Jeddah 
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Figure 11: Impact of GHI and air temperature on pond Evaporation rate per day (kg/day) 

for an ORP situated in Jeddah 
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Figure 12: Average air and predicted ORP temperature throughout one year of running 

model for an ORP situated in Jeddah 
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Figure 13: Predicted daily evaporation rate and salinity throughout one year of running 

model for an ORP situated in Jeddah 

 

4.3. Biomass Growth rate and impact of GHI, PAR, and ORP 

temperature on growth rate of Arthrospira maxima  

 

4.3.1. Predicted productivity of algae biomass during summer season   

 

The initial and maximum biomass harvested concentration was set to be 200 and 600 g/m3, 

respectively, in the biological part of the model, so the predicted biomass concentration 

increased from 200 g/m3 to a little above 600 g/m3 for each repeated periodic cycle 

(Figure.13). The increase in predicted biomass concentration was sharp in each repeated 

cycle for this period. In Jul, the time needed to achieve harvested concentration for repeated 

cycles was higher compared to other repeated periods in Jun and Aug. The maximum, 
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average, and minimum productivity were 43.23, 31.41, and 21.1 g/m2 /day, respectively; 

the number of harvestings in this period was 27 times. The explanation of the above results 

needs to analyze the factors that influenced the growth rate (concentration of biomass per 

time) throughout the cultivation period. From equations 3-22 in the materials and methods 

chapter, the three factors governing the biomass growth rate are culture light (𝜑𝐿 ) and 

temperature (𝜑𝑇 )  efficiency and the rate of photosynthetic spectrum photon incidence 

(𝑃𝐴𝑅). Culture temperature efficiency depends on the maximum and minimum 

temperature at which microalgae can still grow and the optimal temperature for optimal 

algae growth. It was calculated by using equation 3-25. Culture light efficiency depends 

on GHI and saturated light intensity, which provide maximum growth of algae. To study 

the impact of these factors, Figure.14 showed the graph trend for average GHI, predicted 

pond temperature, culture light efficiency, and culture temperature efficiency for this 

period. Average daily culture light efficiency was stable at around 0.32 most of the period, 

but it reached a maximum of about 0.47 on day seven of Aug. GHI can increase culture 

light efficiency if the GHI of the pond is close to saturated light intensity (algae parameter) 

(see equation 3-23). Therefore, decreasing GHI may cause an increase in culture light 

efficiency, so an increase in the growth rate of algae due to culture light efficiency as 

happened on day seven of Aug. The graph trend for average predicted pond temperature 

and culture temperature efficiency were the same. This was expected. The average culture 

temperature efficiency fluctuated in the range between 0.5 to around 0.82 in this interval. 

The maximum predicted culture temperature efficiency was between the eighth of Aug and 

the end of Aug. It was clear from Figure 14 that the maximum productivity in the period 

between Jun and Aug was in the second half of Aug since most of the highest average 

readings of GHI, and highest average culture temperature were in this period of cultivation, 

whereas average culture light intensity in this period was close to other periods of algae 

cultivation in range between Jun and Aug. So, the impact of GHI on biomass growth was 

almost stable for most of this interval.  
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Figure 14: Biomass Growth rate in the interval between June and Aug 2022 
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Figure 15: Impact of GHI, ORP temperature, and culture light and temperature efficiency 

on the growth rate of Arthrospira maxima in the interval between Jun and Aug 2022 
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4.3.2. Predicted productivity of algae biomass during fall season 

 

The time for biomass to reach the harvested concentration was maximum for repeated 

cycles located in the first twenty days of Sep; then, it started to increase till the end of Nov, 

generally. In the last ten days of September, some of the complete cycles were higher or 

equal to those in October. The maximum, average, and minimum productivity and 

harvesting numbers were lower in this interval compared to the Jun to Aug interval. The 

average GHI and culture light efficiency had the same graph trend. Average culture light 

efficiency was stable around 0.35 throughout the interval, except for the lowest value, 

which was on the 26th of Nov. On this day of cultivation, not only was the average culture 

light efficiency the lowest, but the average predicted pond temperature, GHI, and culture 

efficiency temperature also remained low. Since the average culture light efficiency and 

GHI were almost stable for the whole of this interval, the impact of these two parameters 

on microalgae cultivation was almost steady. By comparing the results presented in Figure 

15 with impact parameters in Figure 16, the maximum productivity was on the sixth of 

Sep. Since the culture temperature efficiency was the highest on this day. Culture 

temperature efficiency generally decreased in oscillation mode from September to the end 

of November. Therefore, productivity decreased throughout the interval. The average 

productivity for this period was in October since the mean average culture temperature 

efficiency was in the same month. The minimum productivity was on the twenty-sixth of 

Nov, whereas all the growth rate impact parameters were the lowest. The main Parmenter 

that influenced the biomass growth rate was culture temperature efficiency for this interval 

(Figures 15 and 16).     
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Figure 16: Biomass Growth rate in the interval between Sep and Nov 2022 
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Figure 17: Impact of GHI, ORP temperature, and culture light and temperature efficiency 

on the growth rate of Arthrospira maxima in the interval between Sep and Nov 2022  
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4.3.3. Predicted productivity of algae biomass during winter season  

 

From Figure 17, the time to complete the cycle increases from the beginning of the interval 

till the second of Jan. Then, it alternated till the end of the interval. The lowest complete 

cycle time was between twenty seconds of Jan till the second Feb in the interval between 

twenty seconds to the end of Mar. The lowest productivity in this period (highest complete 

cycle time) was between the third and the second of January. In the first ten days of 

December, the maximum productivity was at this interval. The total number of harvestings 

was 8 in this period. This result reflects that the impact factors in this period were far from 

the optimal parameters of biomass growth rate compared to previous periods. Average GHI 

was oscillating between around 150 and 450 w/m2 throughout this period. In the two 

previous periods, the average GHI was almost stable except in some intervals and higher. 

Therefore, the GHI reduced the biomass growth rate in this period since it decreased the 

PAR, which impacted the growth rate of biomass, but it impacted slightly. Since, from 

equation 3-28, the impact of PAR on biomass growth rate is small. The average culture 

light efficiency in this period was stable and almost equivalent to the two previous periods. 

As a result, the contribution of average culture light efficiency for microalgae growth was 

almost similar to the previous and this period of cultivation. The productivity of microalgae 

biomass was lower in this interval compared to the last two intervals, and average GHI and 

culture light efficiency were similar in this period and the last two periods. The decrease 

in biomass productivity came from a high drop in culture temperature efficiency. The 

average predicted pond temperature reduced during the winter season (this period), and as 

the difference between culture temperature and optimal temperature (where biomass 

maximum growth rate happened) increases, the culture temperature efficiency decreases 

(see equation 3.25). Generally, the average culture temperature efficiency throughout this 

period was less than the last two periods. The maximum productivity in this period was in 

intervals, including the maximum average culture temperature efficiency. The average 

culture temperature efficiency during the first twenty days of Dec oscillated; it decreased 

till the twenty-fifth of Dec, whereas from the twenty-fifth of Dec till the twentieth of Jan, 
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the culture temperature efficiency fluctuated with the maximum peak around 0.24. After 

that, Culture temperature efficiency increased and oscillated with the maximum peak 

around 0.3 till the third of Feb. Then, until the end of February, the amplitude of oscillation 

of culture temperature efficiency increased to between 0.15 and 0.34 for maximum and 

minimum limits, respectively. By comparing the results of Figures 17 and 18, the time 

needed for the complete cycle and average culture temperature efficiency were consistent.  

 

Figure 18: Biomass Growth rate in the interval between Dec 2022 and Feb 2023 
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Figure 19: Impact of GHI, ORP temperature, and culture light and temperature efficiency 

on the growth rate of Arthrospira maxima in the interval between Dec 2022 and Feb 2023 

 

4.3.4. Predicted productivity of algae biomass during spring season  

 

In general, the productivity for cycles completed increased during this period (from March 

to May). From Figure.19, productivity was stable in Mar, except it decreased in the range 

between the twentieth to the sixth of Mar, and this was the lowest productivity interval 

with 12.48 g/m2/d for microalgae cultivation between Mar and May. The maximum 

productivity from the Mar to May period and the period between Sep to Nov were almost 

the same; they were 34.4 and 33.5 g/m2/d for the period between Sep and Nov 2022 and 

the period between Mar and May 2023, respectively. Also, these two periods were the 

closest in average and minimum productivity, as well as the number of harvestings. The 
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average GHI in this period oscillated with short amplitude. The oscillation of average GHI 

for most of this interval was steady at around 450 w/m2. Since GHI impacts culture light 

efficiency, as discussed previously. Therefore, average culture light efficiency was also 

stable for most of this period. Based on stable values for average GHI and culture light 

efficiency throughout this period, the impact of these two factors on the productivity of 

each cycle of this period was constant. The average culture temperature efficiency was 

around 0.4 in the first eight days of Mar. Then, it decreased and fluctuated between 0.2 and 

0.4 till the seventh of Apr. The amplitude of fluctuation increased in the interval between 

the seventh and nineteenth of Apr. After that, till the end of May, the average culture 

temperature efficiency oscillated in the range between 0.35 and 0.8. The lowest average 

culture temperature efficiency was on the fourteenth day of April during the whole period, 

but the productivity was not the lowest in the interval, including day fourteen. The reason 

for this result was that most of the average culture temperature efficiencies for the interval 

that had the lowest productivity were less compared to those on an interval that had the 

lowest average culture efficiency. Since the maximum average culture temperature 

efficiency was in the last ten days of May, the highest productivity was in this range of this 

cultivation period (from Mar to May).  
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Figure 20: Biomass Growth rate in the interval between Mar to May 2023 
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Figure 21: Impact of GHI, ORP temperature, and culture light and temperature efficiency 

on the growth rate of Arthrospira maxima in the interval between Mar to May 2023  

 

4.4. Model validation  

 

The mathematical model used in this study includes two main divisions: thermal and 

biological. The purpose and results of these two divisions were discussed in detail 

previously. The main subject of this section is to show the performance of the model. The 

first part of this section is to test the validation of the thermal division of the model, and 

the second part is to check the efficiency of the biological section of the model. 

4.4.1. Thermal part of model validation  

 

By using the thermal part of the model, the maximum predicted ORP temperature was 

36.8℃. K. Schipper et al. simulated the maximum temperature for the culture of ORP 
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located in Saudi Arabia (Jeddah), and it was 33.4 ℃ (K. Schipper et al., 2021). The thermal 

model that was used in this study was run by using weather conditions of a specific location 

in KAUST (Jeddah). The difference in the results of maximum ORP culture temperatures 

simulated in this study and K. Schipper et al.'s work could be due to some differences in 

the assumptions following. In place of comparing one result reported in the literature. 

Experimental results from the local facility for ORP temperature were compared with the 

thermal part of the used model in this research as presented in Figure 21 for one completed 

year. The trend of experimental and model temperature results was almost fitted. The 

difference in the results between the experiment and model in the winter and spring seasons 

was less related to the fall season. The explanation for these results is that the model used 

the main assumption that the temperature of makeup water is the same as the instantaneous 

temperature of the ambient air; this is correct in a few situations since the heat capacity of 

water allows water to save energy for a long time and if the fluctuation in surroundings 

temperature is high, the assumption assumed air temperature is equal to supplier tank 

temperature is not valid in this case. In the winter and spring seasons, the fluctuation in air 

temperature was less compared to the fall season as shown in Figure 21. The comparison 

between the results of the model and experiment for the summer season is not included in 

Figure.21 but the expectation of diversity between experiment and model results would be 

close to the fall season since the fluctuation of air temperature was almost similar for these 

two seasons (see Figure 8). The actual makeup water temperature that impacted ORP 

temperature was hotter and colder than the air temperature in the fall season, for this reason, 

previous results (Figure 21) happened. The regression plot for the thermal validation part 

of the model is shown in Figure.22 illustrates the degree of accuracy of the thermal part of 

the model, R2= 0.996. The average error of the thermal part of the model for ORP was  

−0.346±2.12 ℃. The same thermal model used in this study was implemented to estimate 

the temperature of ORP used to cultivate D. intermedius at Georgia Tech (Jun-Jul), N. 

oceanica at Georgia Tech (Mar-Jun), and C. vulgaris at Arizona Center for Algal 

Technology and Innovation (Jan-Feb) and the average error for the thermal model was 

−1.02±2.13 ℃ (Greene et al., 2021b). The average error range of the thermal model used 

in this study was lower than that of the one reported in the literature (Greene et al. work). 
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Figure 22: Comparison between temperature results from the thermal part of the model 

and experimental data of temperature for ORP from a local facility   

 

Figure 23: Regression of comparison between temperature results from the thermal part 

of the model and experimental data of temperature for ORP from a local facility   
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4.4.2. Biological part of the model validation   

 

The strain type of Spirulina (Arthrospira maxima) was cultivated in ORP in Inner 

Mongolia, China, and the cultivation was outdoor(Zhu et al., 2020). This experimental 

work of Spirulina cultivation in China reported data that was used to run and validate the 

biological part of the model implemented in this study. These data are biomass 

concentration readings of microalgae, harvested time, period of running an experiment, 

dimensions of ORP used, GHI readings for the weather during the period of the running 

experiment, and temperature measurements of ORP during microalgae cultivation. Figure 

23 illustrates the performance evaluation of the biological part of the model by comparing 

the experimental work data collected from Spirulina cultivation in China, Zhu et al. work, 

with model results for the same microalgae (Spirulina). The microalgae were cultivated for 

eight days and harvested every four days, so the model was set to harvest based on the 

number of days (every four days), not the concentration of microalgae (as done in the 

previous discussion). The regression plot for Zhu et al. experimental work and model 

results of biomass concentration is illustrated in Figure.24 shows the efficiency of the 

biological part of the model. The value of R2 was 0.998, so the model was well fitting the 

experimental results of Spirulina cultivation in China for eight days. The average error of 

comparing the model results with Zhu et al. experimental results is 3.95 % with a standard 

deviation 𝑜𝑓 ± 3.04. The same model was used to estimate the biomass concentration of 

C. vulgaris that was cultivated in ORP located at Arizona Center for Algal Technology and 

Innovation; the average error of comparison between the model and experimental results 

was 5.29% with a standard deviation of ±6.7% (Greene et al., 2021b). The cultivation of 

Spirulina in commercial scale ORP (300 m2) was monitored for one year located in central 

Europe (Kurpan et al., 2024). The model used in this research was implemented based on 

the given conditions of Spirulina cultivation in Kurpan et al. work. Figures 25 and 26 show 

the comparison between the results of the model and Kurpan et al. experiment work and 

regression for this comparison, respectively.  
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Figure 24: Comparison between biomass concentration results of the model and 

experimental data of biomass concentration from experimental work in Inner Mongolia, 

China 

 

Figure 25: Regression of comparison between biomass concentration results of the model 

and experimental data of biomass concentration from experimental work in Inner 

Mongolia, China 
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Figure 26: Comparison between biomass concentration results of the model and 

experimental data of biomass concentration from experimental work in Italy 

 

Figure 27: Regression of Comparison between biomass concentration results of the 

model and experimental data of biomass concentration from experimental work in Italy 



94 

 

4.5. Impact of ORP depth and harvesting concentration on the biomass 

productivity  

 

The model was run based on three different sizes of ORP (20, 25, and 30 m3), each size 

had the same surface area but different depth (z) (0.2,0.25, and 0.3 m) at fixed harvesting 

concentration (600g/m3) to study the impact of ORP depth on the biomass productivity. 

The impact of ORP depth on productivity was only studied for three months (June, July, 

and August). The biomass production per unit volume decreased as the depth of ORP 

increased from 0.2 to 0.3 m. The biomass production per unit volume (kg/m3) decreased 

by 23 and 34.8% when the depth of ORP increased from 0.2 to 0.25 and 0.3m, respectively. 

As the harvestings number increases the production of biomass increases, so the number 

of harvestings for 0.2, 0.25, and 0.3m of ORP depth was 35, 27, and 23 times, respectively 

(see Figure 31). The governing equation of biomass growth rate (equation 3-22) can 

explain the previous result. The two main parameters in equation 3-22 that are influenced 

by the depth of ORP at fixed surface area are culture light efficiency (𝜑𝐿) and the ratio of 

surface area to volume of ORP (𝐴𝑠𝑢𝑟𝑓𝑎𝑐𝑒/𝑉). In this section, the surface area is fixed, and 

depth is changed, so as the depth decreases the ratio between  𝐴𝑠𝑢𝑟𝑓𝑎𝑐𝑒  and 𝑉 increases, 

finally the biomass growth rate (productivity) increases. As the depth of ORP increases, 

the culture light efficiency decreases, therefore the biomass growth rate reduces.  

The productivity of biomass was tested at two different cases of harvesting concentrations, 

600 and 1100g/m3, in interval between June and August. The average productivity for both 

cases was the same. Also, the biomass production per unit volume was similar, 11 and 

10.86 kg/m3 for 600 and 1100g/m3 of harvesting concentration, respectively. In contrast, 

the harvesting number for 600g/m3 was 27 whereas it was 12 for 1100g/m3 (see Figure 32). 

From these results, harvesting concentration does not impact biomass productivity but 

influences the harvesting number, and harvesting number can impact the operation cost for 

large-scale cultivation, as a result, total cost increases as the harvesting number increases.   
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Figure 28: Comparison of the productivity based on the depth of ORP at 600g/m3; (a) 0.2, 

(b) 0.25 and (c) 0.3 m 
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Figure 29: Comparison of productivity based on two harvesting concentrations of 25 m3 

ORP volume; (a) at 600 g/m3 and (b) at 1100 g/m3  

(a) 

(d) 
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CHAPTER 5: Conclusion 

 

The model develops to predict the ORP temperature, evaporation rate and microalgae 

growth predicted the variables with good accuracy. The average error of the thermal part 

with actual and predicted value was −0.346±2.12 ℃  and −63.64±130.81 g/m3 by using 

experimental results from the local facility of 10 m3 ORP volume. The reason for the 

relatively high average error in the biological part of the model was that the harvesting 

cycle was not consentient. In general, the performance of the model in predicting 

temperature and biomass concentration for the ORP was in acceptable range with relatively 

low input parameters (strain characteristics and ORP dimensions). The application of this 

model using the data based on potential strains and locations can provide an initial 

assessment of the optimal location to grow microalgae in Saudi Arabia with high 

productivity. Moreover, the ability of the model to simulate the growth rate of algae by 

using historical weather data allows us to predict the biomass growth rate for coming years 

of similar weather conditions. However, the current model does not include some of the 

environmental conditions, such as rainfall, that may influence the pH of the cultivation 

medium and medium contamination. To treat these limitations in the current model, new 

functions that include the impact of these weather events can be introduced to simulate the 

realistic growth rate of microalgae under the impact of these weather conditions. The 

prediction of dark respiration can be modified by simulating dark respiration as a function 

of the growth phase of algae. By using this model to predict the evaporation rate, places 

with low evaporation rates can be avoided since a low evaporation rate leads to a rise in 

ORP temperature and the growth rate of microalgae is impacted negatively by the high 

temperature of the cultivation medium. The second advantage of evaporation rate 

prediction is to optimize the cost of a big-scale cultivation system as its affect the salinity 

of medium and need additional make-up water to maintain the optimal salinity. Therefore, 

building large ORP systems in areas with weather conditions that enhance evaporation 

rates leads to high costs regarding water loss from the ORP system. The cost estimation for 

large-scale cultivation plants can be reduced by optimizing the input of the model (location, 

strain kind, and ORP parameters). The outputs of the model, such as productivity, pond 
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temperature (if cooling or heating is needed), evaporation rate (water loss), wastewater 

treatment, energy consumption, amount of nutrients consumed, harvesting cycles, cleaning 

periods, and dimensions of ORP are used as inputs on economic analysis for commercial 

production. 
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