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ABSTRACT:  Microalgae, known for their high photosynthetic efficiency, offer a 
promising approach for CO₂ sequestration and the production of high-value products such 
as single-cell proteins (SCP). However, low CO₂ solubility in water and strain-specific 
tolerance limit CO2 fixation efficiency. This study aimed to optimize CO₂ fixation and 
SCP production in freshwater Chlorella vulgaris using the Taguchi Orthogonal Array 
method. Key parameters, namely light (5-15 kLx), CO₂ concentration (1–5%), and 
nitrogen content (0–1 g/L), were investigated in a 2-L Schott glass bottle. Process 
validation was performed within the same system, and a comparative assessment was 
subsequently conducted against a 2-L flat-panel photobioreactor (FPPBR) to determine 
any differences in cultivation performance. Results showed that biomass productivity had 
a greater influence on CO₂ fixation (9.05%) and protein yield (45.78%) than CO₂ 
concentration or nitrogen content. Notably, the flat-panel PBR achieved superior growth 
performance (47.67%), highlighting the importance of reactor design. Logistic growth 
modeling fitted with Taguchi-derived growth rates showed a good fit to the data (R² = 0.6–
0.93), supporting the optimization framework. These findings provide valuable insights 
for enhancing microalgae CO₂ capture and SCP production, although further refinement 
of cultivation systems and kinetic models is necessary. 

KEY WORDS: carbon capture, carbon fixation, microalgae cultivation, single-cell 
protein. 

 

1. INTRODUCTION 
Climate change driven by anthropogenic greenhouse gas emissions, particularly carbon 

dioxide (CO₂), poses a growing threat to global ecosystems and food security. With global 
CO₂ emissions reaching over 36 billion tons in 2022 alone, urgent and scalable mitigation 
strategies are needed to reduce atmospheric carbon levels and transition toward more 
sustainable resource systems [1]. 

Among proposed solutions, biological CO₂ fixation using microalgae has emerged as a 
promising approach due to its ability to capture carbon while simultaneously generating 
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high value bioproduct [2]. Through photosynthesis, microalgae convert CO₂ into oxygen 
and organic matter, with reported sequestration rates up to 513 tonnes of CO₂ per hectare 
per year—significantly outperforming terrestrial crops in fixation efficiency and growth 
rates [3]. 

Within this group, Chlorella vulgaris is particularly well-studied for carbon capture 
applications, thanks to its high tolerance to elevated CO₂ concentrations (up to 40%), robust 
growth in varied environments, and ability to accumulate large amounts of protein-rich 
biomass. These traits make C. vulgaris a suitable candidate for integration into circular 
bioeconomy models that require both waste carbon utilization and protein production [4]. 

Beyond CO₂ capture, C. vulgaris also serves as a sustainable source of single-cell protein 
(SCP), a protein-dense biomass derived from microbial or algal sources. SCP production 
offers a resource-efficient alternative to conventional protein systems like soy or fishmeal, 
with C. vulgaris typically containing 40–70% protein by dry weight, along with essential 
amino acids, lipids, and micronutrients [2,5]. Its potential to address global protein demands 
with minimal land and water use has drawn significant interest for use in food, feed, and 
nutraceutical applications. 

However, the efficiency of CO₂ fixation and protein accumulation in C. vulgaris is highly 
sensitive to environmental and operational parameters, including light intensity, 
photoperiod, CO₂ concentration, and nitrogen availability [6]. These factors influence 
cellular metabolism, photosynthetic efficiency, and biochemical composition [6]. For 
instance, while optimal light drives photosynthesis, excessive intensity leads to 
photoinhibition [7]. Nitrogen availability governs protein biosynthesis, and CO₂ levels 
influence carbon assimilation and intracellular pH regulation [8–10]. These interactions are 
illustrated in Fig. 1 and Fig. 2, which summarizes the complex interplay between light, 
carbon, and nitrogen inputs that ultimately determine productivity in microalgal systems. 

Fig. 1.  Schematic representation of interacting cultivation parameters influencing C. 
vulgaris performance.  
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Fig. 2. Schematic overview of microalgae metabolism, illustrating major pathways 
such as the Calvin–Benson cycle, TCA cycle, glycolysis, and the synthesis of lipids 

and proteins.  
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To navigate this complexity, statistical design of experiments (DoE) is essential. The 
Taguchi Orthogonal Array (OA) method offers an efficient, low-cost approach to 
identifying significant process parameters with fewer experimental runs than traditional 
factorial designs [11]. This method has been successfully applied in algal systems to 
optimize lipid, pigment, and nutrient removal performance, but has rarely been used for 
dual-target optimization of CO₂ fixation and protein productivity in C. vulgaris [12–14].  

Following process optimization, validation at scale becomes critical. While glass bottle 
photobioreactors (PBRs) are ideal for controlled laboratory studies, their hydrodynamics 
and light profiles differ substantially from flat-panel PBRs, which offer superior light 
distribution and CO₂ transfer efficiency [15,16]. As shown in prior studies through the 
review of Abdur Razzak [17], scaling up from bottle cultures to flat-panel systems often 
leads to performance changes due to reactor geometry. Thus, comparing growth and protein 
productivity in both systems is essential to assess the scalability and robustness of optimized 
conditions. 

In parallel, kinetic growth modeling is crucial for understanding dynamic culture 
responses under varying environmental conditions [11]. It allows estimation of specific 
growth rates, biomass productivity, and CO₂ utilization efficiency—enabling process 
prediction and scale-up. Among the various models discussed previously [18–21], three 
studies were chosen to perform the kinetic growth fitting and to validate the system's growth 
performance to inform future scale-up strategies. The method selection criteria were based 
on the simplicity of the concept and the availability of all constants required for the research 
[18,22–24]. 

This study aims to fill these gaps by integrating Taguchi optimization and kinetic 
modeling to enhance CO₂ sequestration and SCP production in C.vulgaris. Optimized 
conditions are validated in both Schott bottles and flat-panel PBR systems, with comparative 
evaluation of productivity and growth dynamics to inform scalable bioprocess development. 

 
 
 

2. METHODOLOGY 
2.1.    Microalgae and Culture Conditions 

C.vulgaris provided by the Herbarium laboratory, IIUM, was the microalgae used in this 
study. 3N bold basal media (BBM) from Hasinah et al. (2023)[41] was used as the culture 
medium for this project, with slight modifications to the trace metal solutions used. 

The inoculum culture was grown in a 500 mL Erlenmeyer flask with a working volume 
of 200 mL at a temperature of 27±2 °C under a fluorescent lamp (2.8 kLx: 33.73 μmol 
photons m⁻² s⁻¹) with an illumination: dark period of 16:8 hr for 7 days before being 
transferred to a 2-L photobioreactor. The population density at the start of the experiment 
was set at 20% of the inoculum adjusted with media to 1 L of working volume (Taguchi 
analysis) and to 2 L for the flat panel PBR (comparison study).  
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2.2.1. Photobioreactor Setup 
Two different photobioreactors were used in this study, which were a 2-L Schott bottle and 
a 2-L flat panel PBR. The first one was used for the Taguchi analysis, and the other one was 
used for the comparative study. 
2.2.2. Schott Bottle Photobioreactors. 

The Schott bottle photobioreactors used in this study is a 2-L Schott bottle (a working 
volume of 1 L) with a cover cap containing 3 holes; one hole to insert the gas tube for the 
sparging, one hole for the 30 mL sampling pot, and another one for the release of the exhaust 
gas connected to the CO2 gas sensor (Fig. 3) to monitor the amount of CO2 released from 
the system. The gas supply was provided using a stone sparger at 0.8 vvm.  For the light 
source, three LED strips with adjustable light intensity were attached to black paper and 
positioned around the Schott bottle at a distance of 5 cm to prevent the bottle from heating 
during illumination (Fig. 3). To maintain the volume of the cultivation constant, 30 mL 
media was added daily to the culture after each sampling. 

 

 

Fig. 3. Experimental Setup: (a) Schematic Diagram and (b) Actual Setup 

 

2.2.3. Flat Panel Photobioreactor.  
A glass flat panel photobioreactor with a 2 L working volume (359mm x 247 mm x 30 

mm) was used for comparative purposes. The aeration was supplied at the bottom of the 
reactor using a metal rod at a rate of 0.8 vvm. The illumination was done using LED panel 
placed in one side of the PBR with adjustable light intensity. The sample was collected using 
a 30 mL syringe at the top of the PBR (Fig. 4). 
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Fig. 4. Set up of the 2-L Flat panel PBR   

2.3.   Design of the Analysis of Process Parameters for Maximum CO2 Fixation and 
SCP Production 

An L9 (3⁴) Taguchi Orthogonal Array (OA) design was employed using Design 
Expert v13 to optimize the cultivation parameters influencing the growth of C. 
vulgaris. Four independent variables were considered: CO₂ concentration (1, 3, and 
5%), light intensity (5, 10, and 15 kLx), light period (8, 12, and 16 h), and nitrogen 
concentration (0, 0.05, and 0.1 g/L-N). The L9 array enabled systematic evaluation of 
these parameters at three levels each while reducing the number of experimental trials 
without compromising statistical accuracy. The experimental design matrix is 
presented in Table 1. The collected data were analyzed using a half-normal plot and 
analysis of variance (ANOVA) to determine the most influential factors and validate 
the optimized conditions. 

Table 1: Summary of the Taguchi OA analysis 

Factor Name Units Low Middle High 
1 CO2 concentration % 1 3 5 
2 Light intensity kLx 5 10 15 
3 Light period hr 8 12 16 
4 Nitrogen 

concentration 
g/L 0.00 0.05 0.10 

Responses Growth rate day-1  
Protein productivity g/L/day 

CO2 capture efficiency % 

2.4.    Analysis 
2.4.1. Growth Evaluation. 

The growth evaluation of microalgae cultivation was done based on Ayatullahi et al. 
(2021) and Paladino & Neviani (2024) [15,42], with slight modifications. The cell dry 
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weight (CDW) was determined through the gravimetric method, and the value was 
calculated using Eq. (1). Biomass productivity (Eq. (2)) and specific growth rate (Eq. (3)) 
were calculated based on the CDW value.  

                 𝑋𝑋𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(
g
L

) =  �
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑜𝑜𝑜𝑜 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 − 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑜𝑜𝑜𝑜 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
� (1) 

       𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 �
𝑔𝑔
𝑙𝑙

𝑑𝑑𝑑𝑑𝑑𝑑
� = 𝑋𝑋2−𝑋𝑋1

 𝑡𝑡2− 𝑡𝑡1
                                                                                                  (2)   

X1and X2 were the biomass concentration measured respectively at the beginning t1 and 
the end of the cultivation t2.                                                                                           

                                           μ = �
ln �

𝑋𝑋𝑓𝑓
𝑋𝑋𝑖𝑖

 �

� 𝑡𝑡𝑓𝑓 −  𝑡𝑡𝑖𝑖�
� (3)   

Xf and Xi were measured respectively at the end tf and the beginning of the exponential 
phase ti. 
2.4.2. Carbon Concentration Analysis  

To evaluate the overall carbon sequestration performance of the microalgae, CO2 capture 
(Eq. (4), CO2 bio fixation rate (Eq. (5), and CO2 fixation efficiency (Eq. (6)) were also 
assessed based on the method obtained from Aghalipour et al. (2020) [39].  

CO2 capture (%) = 
Average inlet concentration − Average outlet concentration 

Average inlet concentration 
 x 100 (4) 

 (RCO2) �
g
L

day
� =  𝐶𝐶𝑐𝑐 x Pbiomass x �

𝑀𝑀𝐶𝐶𝐶𝐶2

𝑀𝑀𝐶𝐶
� (5) 

                           𝐸𝐸𝐶𝐶𝐶𝐶2(%) = �
(𝑅𝑅𝐶𝐶𝐶𝐶2 ×  𝑉𝑉) � 𝑔𝑔

𝑑𝑑𝑑𝑑𝑑𝑑�

𝐹𝐹𝐶𝐶𝐶𝐶2 �
𝑔𝑔
𝑑𝑑𝑑𝑑𝑑𝑑�

 � × 100 (6)  

 
Where RCO2 and ECO2 are the CO2 fixation rate (g/L/day) and CO2 fixation efficiency 

(%), respectively. Cc is the carbon content of the microalgae biomass (in %w/w) determined 
using the elemental analyzer, Pbiomass is the average biomass productivity, and MCO2 and MC 
are the respective CO2 and carbon molecular weights (g/mol). V is the working volume (L) 
and 𝐹𝐹𝐶𝐶𝐶𝐶2 is the CO2 gas flow rate inlet (g/day). 
2.4.3. Total Protein Content 

The nitrogen contained in the bioreactor and the total protein content were determined 
by the elemental analyzer (CHNS analyzer). The nitrogen fixation rate and total protein 
content were calculated using Eqs (7) and (8), respectively. 

               Nitrogen fixation rate (%) =  �
�𝑋𝑋𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  ×  𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 �

𝑇𝑇𝑇𝑇
� ×  100%  (7) 
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Where TN (mg/L) is the total nitrogen added to the culture medium (nitrate-N or 
ammonium-N). Xbiomass (mg/L) is the biomass concentration. Nalgae is the nitrogen content of 
biomass. 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (𝑔𝑔/𝑔𝑔) = 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 × 6.25 (8) 

 
Protein content was measured throughout the 14-day cultivation period to monitor its 

variation over time. Specific protein productivity (g/g/day) was calculated at each time point 
by dividing the protein content by the corresponding cultivation time. This method allowed 
for the assessment of protein synthesis rates during different growth phases of C. 
vulgaris.

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 �𝑔𝑔/𝑔𝑔
𝑑𝑑𝑑𝑑𝑑𝑑

� = �𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �𝑔𝑔
𝑔𝑔
�� /𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑑𝑑𝑑𝑑𝑑𝑑) (9) 

2.4.4. Lipid Content  
Lipid determination was done using harvested microalgae that had been freeze-dried and 

stored at -20 °C freezer using the modified Bligh and Dyer method [43]. The equation used 
is as follows:  

Lipid content (%) =  
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡 𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 (𝑔𝑔)
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡 𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 (𝑔𝑔)  x 100 (10) 

2.5. Determination of Kinetic Growth  
Three runs obtained from the optimized solution of the Taguchi analysis were chosen to 

determine the kinetic model. The biomass concentration and microalgae growth were 
determined using Equations (1) and (3), and the data were then fitted nonlinearly using a 
nonlinear regression feature in the Origin 2025 app. Four growth models were used to fit 
the data based on a good fit of R2 > 0.75. These included the basic Logistic model (Eq. (11))  
[22], modified Logistic (Eq. (12)), and Gompertz models (Eq. (13)) from Meng & Kassim 
(2020) [24], and a multi-factor model (Eq. (14)) adapted from Romagnoli et al. (2021) [18]. 
The latter was modified for this study by excluding temperature and phosphate, focusing 
instead on CO₂ concentration, nitrogen content, and light intensity (Eq. (14)). 

𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 ∶ 𝑋𝑋(𝑡𝑡) =
𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

1 + �𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚𝑋𝑋𝑜𝑜
+ 1� × 𝑒𝑒−𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚×𝑡𝑡

          (11) 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝑋𝑋(𝑡𝑡) = 𝑋𝑋0×𝑒𝑒𝐾𝐾𝐾𝐾

1−�𝑋𝑋0𝑋𝑋𝑚𝑚
�×(1−𝑒𝑒𝐾𝐾𝐾𝐾)

                                                   (12)                                    

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚: 𝑋𝑋(𝑡𝑡) = 𝑋𝑋𝑜𝑜 × exp �−𝑒𝑒𝐾𝐾×𝑒𝑒
1
𝑋𝑋𝑜𝑜� × (𝑋𝑋𝑚𝑚 − 𝑡𝑡) + 1        (13) 

𝜇𝜇 = 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 × �
𝑠𝑠𝑁𝑁

𝑘𝑘(𝑠𝑠,𝑁𝑁) + 𝑠𝑠𝑁𝑁
×

𝑠𝑠𝐶𝐶
𝑘𝑘(𝑠𝑠,𝐶𝐶) + 𝑠𝑠𝐶𝐶

×
𝐼𝐼
𝐼𝐼𝑜𝑜

× 𝑒𝑒�1−
𝐼𝐼
𝐼𝐼𝑜𝑜
��                    (14) 

Where 𝑋𝑋0  and 𝑋𝑋𝑚𝑚are the initial and maximum biomass concentration (g/L) respectively; 
K is the specific growth rate (day-1) obtained from the Taguchi OA solution, and t is the 
cultivation time (day). The µmax is the maximum specific growth rate (day -1), SN, and SC are 
the concentrations of nitrogen and CO2 inside the culture media, respectively (g/L). Io is the 
average initial light intensity, Is is the average saturated light intensity (µmol/ (m2.s), while 
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k(s, N) and k(s, C) are constants retrieved from [18] research, in which each having a value of 
0.0023 and 0.0046, respectively. 

3. RESULTS AND DISCUSSION  
3.1.   Influence of Different Variables on Different Responses  

The Taguchi OA design was applied to assess which parameters most significantly affect 
microalgal growth, CO₂ capture, and protein production, with the goal to optimize CO₂ 
uptake without compromising the other two responses. Table 2 shows that the highest 
growth rate (0.469 day⁻¹) occurred in Run 8 (3% CO2,10 kLx, 8 hr,0.1 N-g/L), the maximum 
CO₂ capture (93.19%) in Run 7 (5% CO2,15 kLx, 12 hr, 0.0 g/L-N), and the highest protein 
productivity (0.057 g/g/day) in Run 1 ((3% CO2,15 kLx, 8 hr,0.05 g/L-N). These findings 
suggest that microalgae have strong potential in all three areas; however, the optimal 
conditions for each response differ, indicating they are not directly correlated [6]. Thus, to 
determine the most influential factors for each response, half-normal plots and ANOVA 
were used to distinguish significant factors from random variation, while the equations and 
the one-factor analysis plot quantified their effects. This combined statistical and biological 
approach clarified how CO₂ concentration, light intensity, photoperiod, and nitrogen content 
modulate growth, protein production, and CO₂ fixation, providing a robust strategy to 
optimize microalgae performance for single-cell protein and carbon biofixation 
applications. 

Table 2: Summary of the results obtained from the Taguchi OA design 
 

Factor 
A 

Factor 
B 

Factor 
C 

Factor D Resp. 1 Resp. 2 Resp. 3 Resp. 4 

Run CO2 
conc. 
(%) 

Light 
int. 

(kLx) 

Light 
period 

(hr) 

Nitrogen 
cont.  
(g/L) 

Growth 
rate 

(day -1) 

CO2 
capture 

(%) 

Protein 
prod. 

(g/g/day
) 

Lipid  
cont. 
(%) 

1 3 15 8 0.05 0.189 14.04 0.057 22.00 
2 1 10 12 0.05 0.135 39.68 0.020 20.00 
3 1 15 16 0.10 0.140 20.82 0.018 13.00 
4 1 5 8 0.00 0.097 12.00 0.034 25.00 
5 3 10 16 0.00 0.067 27.41 0.013 15.00 
6 3 5 12 0.10 0.222 15.00 0.046 19.00 
7 5 15 12 0.00 0.095 93.19 0.025 17.91 
8 5 10 8 0.10 0.469 20.47 0.009 4.39 
9 5 5 16 0.05 0.048 87.42 0.004 93.57 

 
3.2. Effect of the Selected Parameters on the Growth Rate  

The effects of CO₂ concentration, light intensity, light period, and nitrogen content on C. 
vulgaris growth were assessed using half-normal plots, ANOVA, and one-factor analysis 
plots. The half-normal plot is a graphical tool used to visually assess the significance of 
factors in a designed experiment. It plots the absolute values of the estimated effects of each 
factor against a cumulative normal probability scale. In this plot, effects that lie close to the 
reference line are generally considered insignificant, as they fall within the range expected 
due to random variation (noise). In contrast, factors that deviate markedly from the line are 
likely to be significant contributors to the response variable. In this study, the half-normal 
plot (Fig. 5) identified nitrogen content (factor D) as the most dominant variable, followed 
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by light period (factor C). Light intensity (factor B) appeared closer to the reference line, 
suggesting a weaker contribution, whereas CO₂ concentration (factor A) was effectively 
inert in influencing growth rate in this model. 

 

Fig. 5. Half-normal plot of significant factors for Response 1: growth rate (day-1) 

These graphical trends were quantitatively supported by ANOVA (Table 3), which 
confirmed nitrogen content (p = 0.0163; F = 60.48) and light period (p = 0.0203; F = 48.30) 
as statistically significant factors at the 5% confidence level. Light intensity (p = 0.0826, 
F=11.11) exhibited a moderately significant effect, and the overall model fit was robust, as 
indicated by a significant F-value (39.96) and a p-value of 0.0246 (p < 0.05), confirming the 
model's validity. The high predicted R² value of 0.8325 indicates a small gap between 
adjusted and predicted R² (less than 0.2), further reinforcing the predictive accuracy and 
reliability of the regression model.  

The equation obtained in terms of coded factors for the growth rate of C. vulgaris (Eq. 
(15)) indicates that moderate light intensity(B), shorter light period(C), and higher nitrogen 
content (D) provide a higher growth rate.   

𝐿𝐿𝐿𝐿𝐿𝐿10(𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ) =
−0.8839 − 0.1109 × 𝐵𝐵[1] + 0.0931 × 𝐵𝐵[2] + 0.1954 × 𝐶𝐶[1] + 0.1954 × 𝐶𝐶[2]

−0.1859 × 𝐷𝐷[1] − 0.0861 × 𝐷𝐷[2] (15)
 

These trends align closely with the one-factor analysis plots (Fig.6) which showed that 
CO2 concentration at all levels (no effect), level 2 of B (Light intensity: 10 kLx), level 1 of 
C (Light period: 8 hr), and level 3 of D (Nitrogen concentration: 0.1 g/L-N), give a higher 
growth rate. 
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Table 3: ANOVA analysis of the growth rate (day-1) 

Source Sum of 
Squares 

df Mean 
Square 

F-
value 

p-
value 

 

Model 0.6894 6 0.1149 39.96 0.0246 significant 

B 0.0639 2 0.0319 11.11 0.0826 
 

C 0.2777 2 0.1389 48.30 0.0203 
 

D 0.3478 2 0.1739 60.48 0.0163 
 

Residual 0.0058 2 0.0029 
   

Cor 
Total 

0.6952 8 
    

Note. R²= 0.9917 Adj –R²= 0.9669, Pred –R²= 0.8325 
 

 
Fig. 6. One-factor analysis graph of the significant variables of growth rate (day-1) 

Interestingly, CO₂ concentration did not significantly affect the specific growth rate 
(μmax) across the tested levels. This aligns with findings by Jose et al. (2016) [25],who 
reported minimal growth differences in C. vulgaris when CO₂ varied between 0.04% and 
5.2%, likely due to the culture pH remaining stable between 6 and 8. In our study, after 30 
minutes of sparging, pH increased gradually (7–9), indicating that CO₂ uptake by cells 
exceeded supply. This is consistent with C. vulgaris’s robust carbon-concentrating 
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mechanism (CCM) that efficiently captures both gaseous CO₂ and dissolved inorganic 
carbon (HCO₃⁻)[26,27] This efficient carbon assimilation likely explains the lack of CO₂ 
effect on growth within the tested range. 

In contrast, nitrogen concentration, light period, and light intensity showed a strong 
interdependent influence on growth. Nitrogen was the most critical factor, essential for 
protein synthesis, chlorophyll production, and cell division, thus directly supporting 
biomass accumulation. However, its positive effect was modulated by light conditions. 
Shorter photoperiods favor higher growth rates, as prolonged illumination can cause 
photoinhibition or oxidative stress that diminishes photosynthetic efficiency. Light intensity 
exhibited a non-linear relationship: moderate intensities (e.g., 10 kLx) enhanced growth, but 
higher levels (15 kLx) likely exceeded the light saturation point of C. vulgaris, causing 
photoinhibition and reduced productivity [7].  

These effects are tightly linked. Under nitrogen-limited conditions, excessive light, 
whether by intensity or duration, accelerates nutrient consumption without a corresponding 
increase in biomass, leading to metabolic stress. This was demonstrated by the highest 
growth rate (0.469 day⁻¹) at moderate light intensity (10 kLx), short photoperiod (8 hours), 
and high nitrogen (0.1 g/L-N) (Run 8, Table 2), while increasing light or photoperiod 
without sufficient nitrogen caused sharp growth declines (0.067 day⁻¹ in Run 5 and 0.048 
day⁻¹ in Run 9; Table 1). Such findings highlight the importance of balancing nutrient supply 
and light exposure, as emphasized in prior studies. 

In summary, C. vulgaris tolerates a wide range of CO₂ levels due to its effective CCM, 
but optimal growth depends on the synergistic balance of nitrogen availability and 
controlled light conditions. Managing moderate light intensity and shorter photoperiods 
alongside sufficient nitrogen supply prevents photoinhibition and nutrient exhaustion, 
maximizing microalgal productivity. These insights are critical for optimizing process 
parameters to ensure efficient growth and resource use. 

3.3.    Effect of the Selected Parameters on the CO2 Capture 
The influence of cultivation conditions on CO₂ capture by C. vulgaris revealed a distinct 

pattern from that observed for growth rate. As shown in the half-normal plot (Fig.7), CO₂ 
concentration (factor A) emerged as the most significant driver of carbon uptake, followed 
by light period (factor C) and nitrogen content (factor D). Light intensity (factor B), while 
essential for photosynthesis, appeared to have minimal direct influence on CO₂ capture 
under the tested conditions.  

These trends were quantitatively supported by ANOVA (Table 4). With a CO₂ 
concentration showing a highly significant effect (F = 42.31; p = 0.0231), Taguchi suggests 
that increasing gas-phase CO₂ enhances the net dissolution into the medium during 
cultivation and the cell’s ability to fix inorganic carbon. The statistical strength of the model 
was confirmed by a high overall F-value (29.71) and a low p-value (< 0.05), indicating that 
the observed effects are unlikely to be due to random variation. The probability of obtaining 
such a high model F-value by chance was only 3.29%, further reinforcing its reliability. 
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Fig. 7. Half-normal plot of the significant factors for Response 2 of CO2 capture (%) 

Table 4: ANOVA analysis of the CO2 capture (%) 

Source Sum of 
Squares 

df Mean 
Square 

F-value p-value 
 

Model 0.8640 6 0.1440 29.71 0.0329 significant 
A-CO2 
concentration 

0.4102 2 0.2051 42.31 0.0231 
 

C-Light period 0.3114 2 0.1557 32.12 0.0302 
 

D-nitrogen 
content 

0.1424 2 0.0712 14.69 0.0637 
 

Residual 0.0097 2 0.0048 
   

Cor Total 0.8737 8 
    

R²= 0.989, Adj –R²= 0.956, Pred –R²= 0.775 
 
The regression equation in coded terms (Eq. (16)) suggests that increased CO₂ 

concentration (A2), a moderate light period (C2), and a higher nitrogen content (D2) favor 
enhanced CO₂ capture. This trend is clearly reflected in the main-effect plot (Fig.8), which 
shows a distinct upward trajectory in CO₂ capture at higher CO₂ concentrations, contrasting 
with its negligible effect on growth rate. Higher CO2 concentration provides higher CO2 
capture under a light period of 12 hr and nitrogen concentration of 0.05g/L-N (Level 2). 
These results highlight how the optimal conditions for CO₂ capture efficiency differ from 
those promoting biomass growth, emphasizing the importance of tailoring operational 
parameters to specific cultivation objectives.  

𝐿𝐿𝐿𝐿𝑔𝑔10(𝐶𝐶𝐶𝐶2 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)
=  +1.44 − 0.1101 × 𝐴𝐴[1] − 0.1884 × 𝐴𝐴[2] − 0.2629 × 𝐶𝐶[1]
+ 0.1391 × 𝐶𝐶[2] + 0.0533 × 𝐷𝐷[1] + 0.1204 × 𝐷𝐷 [2]                              (16) 
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Fig. 8.  One-factor analysis graph of the significant variables of the CO2 capture (%) 

The biological rationale behind these Taguchi trends lies primarily in the CO₂/O₂ 
competition mechanism within the Calvin–Benson cycle. Indeed, the ratio of CO2 to O2 in 
the environment plays a crucial role in determining whether microalgae engage in 
photosynthesis (carboxylation) or photorespiration (oxygenation), as highlighted by[7,28]. 
When CO2 levels are significantly low, the enzyme Rubisco, which is vital for the Calvin 
cycle, tends to favor its oxygenase function; This shift hinders effective CO2 capture. In 
contrast, when CO2 concentrations are high, Rubisco's carboxylase activity is enhanced, 
facilitating CO2 fixation and subsequently leading to the production of carbonic anhydrase 
(CA).  

Longer exposition of the culture to light sources also affects the CO2/O2 mechanism, as 
it increases the release of O2, leading to an inhibition of the Calvin-Benson cycle and the 
release of CO2  [29]. Chunzhuk et al. (2023) [30] highlighted that light intensity highly 
affects the capture by the microalgae. He shows that higher intensity gives better growth 
and CO2 capture. However, it is important to note that the photoperiod was maintained for 
24 hr, and the light intensity was lower than in our study (80-240 µmol/m2/s). Thus, no 
photoinhibition occurred as the light intensity was a limiting source.  

The correlation between nitrogen assimilation and carbon capture lies in their influence 
on microalgae growth, metabolism, and adaptation to environmental changes. When 
nitrogen is abundant, microalgae can multiply and support high rates of photosynthesis. 
However, when nitrogen is limited, algae often undergo metabolic changes such as 
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increased storage of carbohydrates or lipids [31]. For example, under nitrogen limitation, 
the microalgae may prioritize energy production and survival by activating their CCM to 
maximize carbon fixation, even in low CO₂ conditions [32]. This increased concentration of 
CO₂ around Rubisco helps maintain photosynthetic efficiency despite nitrogen limitation. 
This adaptive mechanism explains why higher CO₂ capture (87.42%) was observed at mild 
nitrogen levels (e.g., run 9 with 0.05g L⁻¹ N), which also coincided with elevated lipid 
accumulation (93.57%).  

In summary, the Taguchi trends suggest that the optimal biological conditions for 
maximizing CO₂ capture in freshwater C. vulgaris involve a moderately high CO₂ 
concentration, a 12-hour photoperiod, and low-to-moderate nitrogen availability. These 
conditions collectively enhance Rubisco carboxylation efficiency, maintain photosystem 
stability, and stimulate the carbon-concentrating mechanism, thereby promoting efficient 
CO₂ fixation. The findings confirm that optimizing CO₂/O₂ dynamics and nutrient supply, 
rather than merely increasing light or nitrogen input, is crucial for improving carbon capture 
performance in photobioreactor cultivation of C. vulgaris.  

3.4.  Effect of the Selected Parameters on the Protein Productivity 
The effect of cultivation parameters on C. vulgaris protein productivity was analyzed 

using Taguchi design, incorporating half-normal plots, ANOVA, regression modeling, and 
one-factor-at-a-time response plots. The half-normal plot (Fig. 9) identified the light period 
(C) as the most influential variable, followed by CO₂ concentration (A) and light intensity 
(B). Factors positioned farther from the reference line represent stronger effects on the 
response, indicating that the light regime plays a predominant role in determining protein 
productivity in C. vulgaris. The remaining factor, nitrogen content, was close to the line and 
excluded from the model due to its negligible effect, likely because the nitrogen range tested 
was sufficient to sustain metabolic demand without becoming growth-limiting. 

 
Fig.9. Half-normal plot of the significant factors for Response 3: protein 

productivity (g/g/day) 
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The ANOVA results (Table 5) corroborated these graphical findings, confirming that 
all included factors were statistically significant at the 5% confidence level: CO₂ 
concentration (p = 0.0176, F = 55.86), light intensity (p = 0.0302, F = 32.09), and light 
period (p = 0.0224, F = 43.65). The model exhibited high reliability (R² = 0.993; Adj-R² 
= 0.997; Pred-R² = 0.847), demonstrating an excellent fit between experimental and 
predicted values. This strong agreement indicates that the selected parameters 
sufficiently explain the variability in protein productivity, validating the Taguchi design 
as an efficient optimization approach. 

Table 5: ANOVA analysis of protein productivity (g/g/day) 

Source Sum of 
Squares 

df Mean 
Square 

F-
value 

p-
value 

 

Model 0.0024 6 0.0004 43.87 0.0225 significant 
A 0.0010 2 0.0005 55.86 0.0176 

 

B 0.0006 2 0.0003 32.09 0.0302 
 

C 0.008 2 0.0004 43.65 0.0224 
 

Residual 0.000 2 9.260E-
06 

   

Cor Total 0.0025 8 
    

   
 

The regression equation (Eq. (17)) derived from the model reveals that intermediate CO₂ 
(A2), low-to-moderate light intensity (B1), and shorter light periods (C1–C2) exert positive 
effects on protein productivity. These trends align closely with the one-factor analysis plots 
(Fig.10), which illustrate that protein productivity peaked at the mid-level of CO₂ 
concentration (Level 2), moderate light intensity (Level 1–3), and shorter photoperiods. 
Nitrogen content showed minimal variation across levels, confirming its statistical 
insignificance in this range.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
= +0.0250 − 0.0012 × 𝐴𝐴[1] + 0.0137 × 𝐴𝐴[2] + 0.0027 × 𝐵𝐵[1]
− 0.0110 × 𝐵𝐵[2] + 0.0082 × 𝐶𝐶[1] + 0.0051 × 𝐶𝐶[2]                               [17] 

 
Nitrogen plays a central role in microalgal physiology, as it supports essential processes 

like protein synthesis, cell division, and biomass formation. Typically, increased nitrogen 
availability is associated with higher growth and protein content due to its role in amino acid 
and enzyme production. However, in this study, nitrogen source had a less pronounced 
effect on protein content than expected, contrasting with findings that identify nitrogen as a 
primary driver of protein synthesis [7,13]. 

This discrepancy may be explained by the nitrogen concentration range used, which fell 
within previously identified optimal levels [7,14,15]. Within such a range, changes in 
nitrogen type or amount may have limited impact, as the cells are not under nutrient stress. 
Additionally, in nitrogen-rich environments, microalgae often prioritize rapid cell 
proliferation over protein accumulation, reallocating nitrogen toward structural growth or 

R²= 0.993, Adj –R²= 0.997, Pred –R²= 0.847 
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nucleic acid synthesis rather than protein production. This can lead to a lower protein-to-
biomass ratio, even as total biomass increases [16]. 

 
Fig.10. One-factor analysis graph of the significant variables of protein 

productivity (g/g/day) 
 
Light conditions also influenced protein content, though differently than for growth. 

While excessive light intensity can lead to photoinhibition and lower productivity, moderate 
to high intensities are generally more favorable for protein synthesis, provided that 
photoperiod is properly managed. Past studies have shown that low-intensity light (<2 kLx) 
triggers metabolic pathways favoring amino acid synthesis, while overly intense light (>17 
kLx) suppresses both protein and biomass yields due to oxidative stress [6,7]. In this study, 
the use of high light intensity paired with a shorter light period likely helped mitigate such 
effects, resulting in protein yields (0.05–0.13 g/L) consistent with values reported in the 
literature [5,17]. Overall, C. vulgaris demonstrated robust protein biosynthesis efficiency 
even under sub-optimal growth conditions, confirming its potential for sustainable SCP 
production. 

3.5.Validation of the Model  
To evaluate the predictive power of the Taguchi optimization and assess trade-offs 

between different performance metrics, three experimental conditions (V1, V2, and V3) 
were selected for validation in 2-L borosilicate bottle photobioreactors (PBRs). Each run 
reflected a different optimization strategy: V1 targeted a balanced outcome across growth 
rate, CO₂ capture, and protein productivity; V2 prioritized CO₂ capture efficiency, while V3 
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focused on maximizing protein productivity (Table 6). This selection enabled a comparative 
analysis of single-objective versus multi-objective optimization outcomes, a strategy 
supported in prior microalgal studies [11,13,33] . 

Table 6: Numerical optimization design obtained from the Taguchi OA analysis 

Parameters/ 
Responses  

V1: all 
responses (S.B) 

V2: CO2 
capture (S.B) 

V3: Protein 
Productivity (S.B) 

CO2 concentration 
(%) 

1 5 1 

Light intensity 
(kLx) 

5 15 15 

Light period (hr) 12 12 16 
Nitrogen content 

(g/L) 
0.05 0.05 0.05 

Growth rate (/day) 0.091 0.097 0.122 

CO2 capture (%) 39.55 86.84 38.17 

Protein 
productivity (g/g/day) 

0.032 0.026 0.037 

Desirability 0.828 0.807 0.809 
 S.B = 2-L glass bottle photobioreactor 

 
The experimental results closely matched the predicted values generated by the Taguchi 

model, with deviation percentages ranging between 2% and 10% for all measured responses 
(Table 7). Such variation is well within acceptable limits for biological systems, where 
minor environmental fluctuations and physiological variability are expected [13]. Growth 
rate predictions deviated by 6–8%, while protein productivity demonstrated particularly 
high predictive accuracy, with only a 2% difference in V1. These results reinforce the 
model's reliability in estimating biomass and protein outputs, especially under nitrogen- and 
light-regulated growth conditions. 

Table 7: Summary of predicted and experimental results for model validation 

Variables Experiment Predicted Δ% 

Growth rate (/day) 
V1 0.091 6 
V2 0.097 8 
V3 0.122 7 

CO₂ capture (%) 
V1 39.55 7 
V2 86.84 8 
V3 39.55 21 

Protein productivity (g/g/day) 
V1 0.032 2 
V2 0.026 10 
V3 0.037 4 
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However, greater variability was observed in CO₂ capture, particularly in V3, where the 
experimental capture rate exceeded predictions by 21%. This discrepancy may reflect 
unmodeled influences such as gas-liquid mass transfer efficiency or intracellular carbon 
partitioning, which are known to complicate CO₂ utilization in dense cultures [28]. This 
suggests that while statistical optimization offers strong predictive capacity for intracellular 
metrics like protein content, extracellular parameters such as CO₂ removal may be more 
sensitive to reactor dynamics and aeration regimes. 

Performance comparisons among the three runs further underscore the importance of 
response prioritization in multi-objective bioprocess optimization. V3, for instance, 
produced the highest growth rate (0.113 day⁻¹) and protein productivity (0.035 g/g/day), 
affirming the efficacy of its parameter set for maximizing SCP yield. Conversely, V2, 
although achieving the highest CO₂ capture (79.7%), exhibited lower biomass and protein 
accumulation, reaffirming earlier findings that elevated CO₂ supply can enhance uptake but 
does not guarantee proportional conversion into biomass or metabolites [24,34]. This 
highlights a common trade-off in microalgae-based carbon capture systems: optimizing gas 
removal may not align with maximizing cellular biosynthesis. 

Overall, these findings validate the Taguchi model as a robust framework for multi-
response optimization in microalgal cultivation. More importantly, they emphasize the need 
to tailor optimization strategies based on desired application; whether prioritizing 
environmental remediation through CO₂ sequestration or enhancing protein yields for SCP 
applications. The combined evaluation of growth, capture efficiency, and protein content 
thus provides a comprehensive understanding of how environmental parameters influence 
both cellular metabolism and system-level performance.  

3.6.  CO₂ Utilization Performance and PBR Design 
To evaluate CO₂ utilization strategies, three optimized Schott bottle cultivations (V1–

V3) were compared based on growth, protein productivity, and carbon capture metrics 
(Table 8). Among these, V3, optimized for protein yield, achieved the highest biomass 
productivity (0.029 g/L/day), growth rate (0.113 day⁻¹), and CO₂ fixation efficiency 
(6.61%), suggesting that nutrient-driven metabolism, particularly enhanced nitrogen 
availability, plays a central role in improving both protein synthesis and carbon assimilation 
[8,35]. In contrast, V2 showed the highest CO₂ capture (96.7%) but low fixation efficiency 
(0.80%), highlighting a disconnect between CO₂ uptake and actual metabolic incorporation. 
This decoupling supports previous findings that elevated CO₂ can lower pH and inhibit 
carbonic anhydrase activity, thus limiting fixation despite high dissolved CO₂ [26]. These 
observations emphasize the importance of balancing nutrient and gas inputs, as maximizing 
CO₂ uptake alone does not ensure higher productivity. 

When the same optimized condition (V1) was applied in a flat-panel photobioreactor 
(V4), a notable improvement in all performance metrics was observed. V4 outperformed all 
Schott bottle runs, doubling biomass productivity (0.035 g/L/day) and increasing CO₂ 
fixation efficiency by over 35% compared to the best bottle-based result (V3). These 
improvements can be attributed to enhanced reactor geometry and mass transfer 
characteristics of flat-panel designs. Specifically, these PBRs offer a higher surface-to-
volume ratio, enabling more uniform light distribution, superior gas-liquid contact, and 
better mixing, all of which support sustained photosynthetic activity and reduce limitations 
such as oxygen accumulation or CO₂ stratification [17]. The ability of V4 to simultaneously 



Chemical And Natural Resources Engineering Journal, Vol. 9, No. 2, 2025  Ali Ibrahim Mze et al. 

62 
 

support high biomass production and CO₂ fixation suggests that reactor design plays a 
decisive role in unlocking the full potential of parameter optimization.  

Table 8: Chemical characteristics of the C.vulgaris from the optimized conditions 

No. Run V1  
(max all) 

V2 (CO2 
capture) 

V3 
(Protein) 

V4 (PBR) 
(max all) 

Gas flow conditions 0.8vvm 
1% CO2 for 
30 min daily 

0.8 vvm 
5% CO2 for 
30 min daily 

0.8vvm 
1% CO2 for 
30 min daily 

0.8vvm 
1% CO2 for 
30 min daily 

Maximum optical 
density at 680 nm (A) 

1.567  
(day 12) 

1.379  
(day 12) 

1.299  
(day 13) 

1.709 
(day13) 

Maximum biomass 
productivity, Pmax 

(g/L/day) 

0.018 0.017 0.029 0.035 

Maximum growth 
rate, µmax (dayˉ¹) 

0.086 0.089 0.113 0.127 

Maximum CO2 

capture (%) 
75.179 96.722 81.554 87.974 

Maximum CO2 

fixation rate (g/L/day) 
0.016 0.019 0.031 0.043 

Maximum CO2 
fixation efficiency (%) 

3.316 0.796 6.612 9.049 

 
Despite the relative improvements seen in V4, the absolute growth and CO₂ fixation rates 

remain lower than those reported in other studies using C. vulgaris under continuous CO₂ 
supply or higher light intensities. Literature values often exceed 0.2 day⁻¹ for growth and 
0.1 g/L/day for fixation under more intensive operational regimes [3,24,34,36,37]. This 
variation likely arises from differences in reactor scale, CO₂ dosing strategy, light spectra, 
and strain-specific responses. However, the consistent trends observed across conditions 
confirm the internal validity of the optimization approach used here and suggest that further 
enhancements may be achieved through continuous CO₂ delivery, improved light regimes, 
or adaptive cultivation strategies. 

3.7. Kinetic Growth Study  
To evaluate growth dynamics across the optimized runs (V1–V4), kinetic modeling from 

Origin Pro v25 was performed using the Logistic, Monod, and Gompertz models (Table 9). 
Among these, the Logistic model provided the best fit, with R² values ranging from 0.625 
to 0.931 (Table 9 and Fig. 11), indicating strong alignment with the observed S-shaped 
growth patterns typical under well-optimized conditions. This suggests that cell 
proliferation in these systems was initially exponential but gradually slowed as resource 
limitations approached the culture’s carrying capacity; a dynamic well captured by the 
logistic framework. Such behavior has been widely reported in microalgal cultivation where 
environmental parameters (e.g., light, nitrogen, and CO₂) are sufficiently optimized [20–
22]. However, some studies, such as Meng & Kassim (2020) [24], report better performance 
using the Gompertz model, these discrepancies are likely linked to species-specific 
physiology and media composition [23]. The strong fit observed here underscores that the 
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logistic model is particularly suited to describe C. vulgaris growth under the balanced and 
resource-rich conditions established in the present study. 

Table 9: R2 of the different kinetic models obtained from Origin Pro v25 

Model used Reference for 
growth rate 

R2 (Levenberg Marquardt) 
V1 V2 V3 V4 

Logistic Meng & 
Kassim, (2020) 

0.798 0.813 0.802 0.429 

Azmi et al. 
(2020) 

0.608 0.799 0.8034 0.933 

Taguchi OA 
(our study) 

0.625 0.818 0.802 0.931 

Multiplicative   Romagnoli et 
al., 2021 

no 
fitting  

no 
fitting  

no 
fitting  

no 
fitting  

Gompertz Meng & 
Kassim, (2020) 

no 
fitting 

no 
fitting 

no 
fitting 

no 
fitting 

 
While the logistic model provided the best statistical fit among the tested growth models, 

some limitations became evident when comparing predicted and experimental values (Table 
10). The relatively lower correlation coefficients (e.g., R² = 0.625 for V1) and the 
overestimation of maximum biomass concentrations (Xmax) suggest that the classical logistic 
formulation may oversimplify growth dynamics under multi-factorial influences. Unlike the 
logistic model derived from previous studies [22,24] which relied on fixed growth rate 
constants derived from past data, the present study used growth rates generated from 
Taguchi orthogonal array (OA) analysis; an approach that accounts for interactive effects of 
light, nitrogen, and CO₂ assimilation. This integrated method likely contributed to improved 
model fitting in some runs, particularly V4 (R² = 0.931), but also exposed the logistic 
model’s inherent limitation: its inability to consider substrate-dependent growth or time-
based nutrient depletion. In practice, Xmax values predicted by the model assume biomass 
accumulation continues until full carrying capacity is reached, which may require 
cultivation periods longer than the experimental duration (14 days). This disconnect is 
visible in Fig. 11, where most runs had not yet reached the stationary phase, indicating that 
the model may better reflect potential rather than actual outcomes within the tested 
timeframe. 
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Fig.11. Growth curve of C. vulgaris under various conditions: a) V1: all 

responses (S. B), b) V2: CO2 (S. B), c) V3: Protein (S. B), and d) V4: all responses 
(PBR) 

Table 10: Summary of the kinetic growth curve validation   

 
 

Run 

Parameters predicted by the model Parameters from the experimental 
data 

R2 Xmax 
(g/L) 

Xo 
(g/L) 

µmax (day-

1) 
Xmax(g/L) Xo (g/L) µmax (day-1) 

V1 
(a) 

0.625 0.615 0.259 0.091 0.488 0.300 0.086 

V2 
(b) 

0.818 0.505 0.212 0.091 0.383 0.231 0.089 

V3 
(c) 

0.802 0.513 0.171 0.121 0.418 0.154 0.113 

V4 
(d) 

0.931 1.706 0.144 0.091 0.421 0.141 0.127 
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Further interpretation of chemical data (Table 11) supports this view. Runs with closer 
alignment between predicted and experimental biomass values show better carbon and 
nitrogen assimilation. Particularly, V4, the run conducted in the airlift PBR, which also 
exhibited the best data fit (R² = 0.931), also recorded the highest CO₂ fixation (9.05%) and 
nitrogen efficiency (84.97%). In contrast, runs like V1 and V2, which exhibited larger 
discrepancies, have lower nitrogen fixation efficiencies (46.36% and 50.53%, respectively), 
suggesting that suboptimal substrate uptake limited actual growth. These findings align with 
[20,38] which emphasized the central role of substrate assimilation in shaping growth 
kinetics. While the Taguchi approach effectively isolated major contributing factors, it did 
not include variables such as nutrient saturation or inhibition thresholds, nor did it account 
for temperature variation, despite its known influence on enzymatic activity and growth rate. 
Hence, it can be seen that both nitrogen fixation efficiency and carbon fixation efficiency 
fell below the optimum values reported in previous studies [15,39,40]. The ideal nitrogen 
and carbon fixation efficiencies are expected to be above 90% and 10%, respectively. Taken 
together, these findings highlight both the strengths and limitations of current modeling 
approaches. The logistic model, when coupled with empirically derived growth rates, offers 
a useful approximation of biomass trends but may overestimate growth under non-ideal or 
resource-limited conditions. 

Table 11: Summary of the chemical characteristics of the optimum runs 

No. Run V1 (max 
all) 

V2 (CO2 
capture) 

V3 
(Protein) 

V4 (PBR) 
(max all) 

Gas flow conditions 0.8 vvm 
1% CO2 for 
30 min daily 

0.8 vvm 
5% CO2 for 
30 min daily 

0.8 vvm 
1% CO2 for 
30 min daily 

0.8 vvm 
1% CO2 for 
30 min daily 

Maximum CO2 

capture (%) 
75.179 96.722 81.554 87.974 

Maximum CO2 
fixation efficiency (%) 

3.316 0.796 6.612 9.049 

Maximum carbon 
content (%) 

24.148 28.984 29.146 33.729 

Maximum nitrogen 
content (%) 

4.75 5.59 5.123 7.325 

Maximum Nitrogen 

fixation (%) 
46.36 50.533 57.787 84.97 

Maximum protein 
content (%) 

29.688 34.938 32.019 45.781 

Maximum lipid 
content (%) 

29.969 27.966 5.536 44.279 

 

4. CONCLUSION  
The use of the Taguchi Orthogonal Array successfully optimized the cultivation 

conditions for C. vulgaris, resulting in a maximum CO₂ capture of 93.19% and protein 
productivity of 0.057 g/g/day. All modelled responses were statistically significant 
(p < 0.05), with validation runs showing less than 10% deviation from predicted values, 
confirming the robustness of the optimization approach. Cultivation in a 2 L flat panel 
photobioreactor under optimized conditions further improved biomass concentration and 
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biochemical quality, demonstrating the importance of reactor design in enhancing 
productivity. Kinetic modelling showed that the logistic growth model, fitted using Taguchi-
derived growth rates, best described the growth dynamics (R² = 0.60–0.93), outperforming 
alternative models. Future work should explore continuous cultivation with real-time CO₂ 
control to enhance long-term productivity, as well as strain-level metabolic profiling to gain 
deeper insight into carbon assimilation and protein synthesis mechanisms. Additionally, 
evaluating the optimized process in a scaled-up system using industrial CO₂ sources will 
help assess scalability and operational stability. A techno-economic analysis would further 
support the development of C. vulgaris as a viable platform for sustainable protein 
production and carbon capture. 
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