
Article 

Deep Image Analysis Methods for Microalgae Identi-

fication 

Jeffrey Soar 1*, Oh Shu Lih 2, Loh Hui Wen3, Aletha Ward 4, Ekta Sharma5, Ravinesh C. Deo5, Pra-

bal Datta Barua1, Ru-San Tan6, Eliezer Rinen7 and U Rajendra Acharya5 

1 School of Business, University of Southern Queensland, Springfield 4300, Australia; soar@usq.edu.au; pra-

bal.barua@usq.edu.au  
2 School of Engineering, Ngee Ann Polytechnic, Singapore; shulih@hotmail.com  
3 School of Science and Technology, Singapore University of Social Sciences, Singapore; 

hwloh002@suss.edu.sg  
4 School of Nursing and Midwifery, University of Southern Queensland, Ipswich 4305, Australia; 

Aletha.Ward@usq.edu.au  
5 School of Mathematics, Physics and Computing, University of Southern Queensland, Springfield 4300, 

Australia; ekta.sharma@usq.edu.au; Ravinesh.Deo@usq.edu.au; Rajendra.Acharya@usq.edu.au;  
6 National Heart Centre Singapore, and Duke-NUS Medical School, Singapore; tanrsnhc@gmail.com  
7 AlgaePharm, Goondiwindi 4390 Australia; Eliezer.Rinen@woodsgroup.com.au  

* Correspondence: soar@usq.edu.au; Tel.: +61 7 3470 4831 

Abstract: Plant-based protein sources derived from microalgae offer potential as low-carbon emis-

sion and nutrient-dense sources for human consumption. The current management of microalgae 

cultivation requires manual microscopic examination in order to identify desired and competing 

species, as well as predators. In this study, we trained and tested a transfer learning model modified 

from EfficientNetV2 B3 model on 434 and 161 prospectively acquired images of the preferred Nan-

nochloropsis sp microalgae and competitor Spirulina, respectively, and achieved >98% classification 

for both species on tenfold cross-validation. The model was further enhanced with gradient-

weighted class activation mapping, which allowed visualisation of regions of the input images that 

were relevant to the classification, thereby improving its explainability. In this paper, we demon-

strate that a simple deep transfer learning model can help microalgae farmers to identify and man-

age microalgae species. The application addresses the practical need for robust automated monitor-

ing of microalgae crops. It could enable the widespread adoption of microalgae by more farmers as 

an environment-friendly, drought-proof, and high-productive crop that can be grown on non-arable 

land and use waste water. By leveraging deep transfer learning models, our approach allows farm-

ers to identify microalgae species quickly and accurately with minimal training data. It also provides 

a low-cost and scalable solution to monitor and manage microalgae crops. Moreover, the use of such 

models could help farmers to optimise the cultivation process, improve yield and reduce wastage. 

Keywords: microalgae; artificial intelligence; deep learning; sustainability; 

 

1. Introduction 

Burgeoning popularity and acceptance of plant-based protein consumption have brought us a 

step closer to a more sustainable global food system. Among various sources of plant-based products, 

wild edible seaweeds (or macroalgae) have traditionally been harvested in many cultures [1,2] but 

pressures on natural supplies [3] have instigated industrial-scale marine macroalgae farming [4]; al-

gae farming now supplies most of the market demand. China is the largest producer of edible 

macroalgae farmed on suspended ropes in the ocean; similar technology is used in Indonesia and 

other countries. Macroalgae is an important source of hydrocolloids such as alginate, agar, and car-

rageenan which have been used as thickening and gelling agents in food, pharmaceuticals, and textile 

printing. Macroalgae have also long been used as a fertiliser, the high fibre content acts as a soil 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 May 2023                   doi:10.20944/preprints202305.1323.v1

©  2023 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202305.1323.v1
http://creativecommons.org/licenses/by/4.0/


 

conditioner and the mineral content as a fertiliser. Increasing concerns about the environment as well 

as global warming and peak oil have driven interest in microalgae for biofuel. The potential for algae 

production particularly in developing countries has been recognised including by the Food and Ag-

riculture Organisation of the United Nations [5]. Microalgae farming technology has enabled a shift 

in agricultural operations from the sea onto land over recent decades, offering better control, econo-

mies of scale, and greater ease of harvesting than macroalgae farming. Microalgae are a highly-pro-

ductive and low-greenhouse-gas emission cash crop requiring only modest investment in equipment: 

a microalgae farm does not require arable land and can use waste water [6,7]; microalgae grow fast, 

are continually harvestable [7], and can sequester carbon dioxide [8,9]. Moreover, microalgae are 

highly nutritious with up to 60% protein content [8], rich in vitamins and minerals [10], and are as-

sociated with health benefits [10], which adds to their appeal and value. As a plant-based source of 

omega-3, microalgae are an alternative to unsustainable fish wild-catch which contain omega-3 only 

because of consumption of microalgae in the food-chain. 

 Microalgae farming has commonalities with other crops in that it needs water, nutrients as well 

as light to grow. As with any other crop grown in monoculture, microalgae crops can attract pests 

and diseases. Problems can include attack by predators, invasion by competitive species, toxic by-

products, bacteria, and viruses in the crop as well as in wastewater and harvested products. The 

harvested microalgae need to be dried as soon as possible before rot sets in. Management of the 

growing medium is one of the challenges of land-based microalgae farming. Water stagnation, toxic 

blooms, and slime proliferation are risks associated with poor quality control, which can cause con-

cern among communities and jurisdictions located near microalgae production facilities.  Local gov-

ernment approval of a microalgae farm in Goondiwindi, Queensland, Australia was contingent upon 

on the owners, AlgaePharm, properly managing water run-off, storm water, wastewater, security, 

landscaping, as well as fauna that might be attracted to the farm [11]. Meticulous monitoring of water 

and control of the media culture is critical to optimising the growth of the preferred microalgae spe-

cies, and identifying and controlling competitor species and predators [12]. Manual media monitor-

ing methods are laborious, require a high level of expertise and are prone to human error [13]. At the 

aforementioned AlgaePharm microalgae farm, which uses an open phototropic system to cultivate 

the Nannochloropsis oculate microalgae strain, manual microalgae crop monitoring at each pond 

currently requires one hour per day of skilled personnel trained in the microscopic analysis of micro-

algae species (AlgaePharm management, personal communication).  

Considering the growth of digital automated technologies in applications of agriculture and the 

specific challenges faced by the microalgae farmers in managing their ponds, there is a need for effi-

cient automated models for microalgae species identification. Deep learning-enabled image recogni-

tion, which has been widely applied to agricultural pest identification [14,15], can be harnessed to 

automate the process of microalgae culture species classification, which is a key to building a sustain-

able healthy microalgae ecosystem and for detecting potential invaders and other threats. Wang et 

al., 2022 [16], reviewed IoT technologies that could be adopted for microalgae biorefinery and pre-

sented a model for microalgae environmental management that encompassed automation, sensors, 

lab-on-chip, machine learning, and the Internet of Things. Xu et al., 2022 [17], combined three-dimen-

sional fluorescence with machine learning and deep learning to successfully distinguish microalgae 

that cause paralytic shellfish poisoning from those that do not. However, a fully automated microal-

gae species identification and pond management require more accurately trained models that are yet 

to be implemented.  

The purpose of this study was to develop a model for the systematic detection of microalgae 

species based on microscopic images, which is computationally lightweight and easy to implement 

for monitoring the growth media in microalgae farms using automatic detection models.  

Specifically, this study: (i) acquired 595 images of the Nannochloropsis sp microalgae and com-

petitor Spirulina and developed a transfer learning model, (ii) applied cross-validation to demon-

strate excellent classification accuracy for both species on a tenfold cross-validation approach, and 

(iii) demonstrated the usefulness of the method in microalgae species identification and potential 

pond management applications for algae farming. Digital automation methods are essential to meet 

next-generation agriculture and food technologies needs  [18]. Based on our studies, the proposed 
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automation models can help streamline processes to reduce time and costs, increase accuracy, and 

allow for more data-driven decisions. The proposed automation approaches can also help increase 

efficiency of existing monitoring systems that are largely manual and reduce time spent, leading to a 

more sustainable future for agriculture and food production. The methods developed can give farm-

ers a better approach for managing the algae ponds by automating monitoring and early detection of 

invader species and the other environmental perturbations that might require adjustments to envi-

ronmental variables. 

2. Materials and Methods 

Our study is based on the premise that one of the challenges faced by researchers in this area is 

the limited availability of high-quality labelled image datasets to help identify the microalgae species, 

which constitute a barrier to research into and uptake of microalgae farming. For this study, we have 

prospectively acquired 434 images of healthy Nannochloropsis sp. microalgae, which was the pre-

ferred crop species, and 161 images of Spirulina from the Goondiwindi AlgaePharm growing ponds. 

The images were pre-processed by cropping with a 1:1 aspect ratio, resizing to 300 x 300, and then 

the step of converting the images to a red-green-blue (RGB) scale and normalising the pixels to -1 and 

1.  

Using an important technique of ten-fold cross-validation, the pre-processed images were fed to 

a pre-trained neural network called EfficientNetV2 B3 [19] which then classified them into Nanno-

chloropsis oculate and Spirulina classes based on the pre-processed images. To visualise the most 

informative parts of the pre-processed input images, we also applied gradient-weighted class activa-

tion mapping (Grad-CAM) to the modified EfficientNetV2 B3 transfer learning model (Figure 1). It 

should be noted that EfficientNetV2 B3, like many deep learning models, is a "black box" model in 

which the inner workings of how the model predicts the results are indecipherable by design [20], 

which may prevent its acceptance by application developers. An explainable artificial intelligence 

technique, Grad-CAM is typically applied to the final layer of CNN models to generate a heatmap of 

the relative contributory importance of different regions within the input images to the prediction 

[21], which allows for some degree of interpretation of model predictions. 

 

Figure 1.  Study workflow. 

Table 2. B3 [19], which is a type of convolutional neural network (CNN). While convolutional neural 

network models are widely used for image recognition tasks, EfficientNetV2 B3 takes it up to another 

level with training-aware neural architecture search, which accelerates the learning rate and improves 

parameter effectiveness. In our study, we have modified EfficientNetV2 B3 by freezing the base model 

except for the fully-connected layers, which were removed and replaced by batch normalisation, the 

dropout layer (0.2), and three other trainable fully-connected layers (Table 1). The model was trained 

with the Adam optimiser [22] with a 0.001 learning rate, batch size of 5, and run with 10 epochs. A 
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weighted loss function was also incorporated into the model to mitigate dataset class imbalance dur-

ing training. 

Classification performance was evaluated using standard metrics: accuracy, sensitivity, specific-

ity, and precision. 

 

Table 1. The architecture of modified EfficientNetV2 B3 network used in this study. 

Phase Layer parameter Stride Filter No. No. of layers 

1 Conv 2 24 1 

2 Fused-MBConv1 1 24 2 

3 Fused-MBConv4 2 48 4 

4 Fused-MBConv4 2 64 4 

5 MBConv4 2 128 6 

6 MBConv6 1 160 9 

7 MBConv6 2 256 15 

Modified 8 (Part 1) Batch normalisation - - 1 

Modified 8 (Part 2) Dropout (0.2) - - 1 

Modified 8 (Part 3) Fully-connected layer - - 3 

3. Results 

Based on the results of the classification experiment, the modified EfficientNetV2 B3 model was 

able to correctly identify 98.32% of the dataset (Table 2). As shown in the table below, we have calcu-

lated performance metrics separately for Nannochloropsis and Spirulina samples. Our model is reli-

able since it can independently determine whether a sample is Nannochloropsis or Spirulina, it does 

not classify all samples in a binary fashion as one of the two. After training the model with multiple 

data augmentation techniques, we observed an increase in the accuracy of the model compared to 

the baseline model. This demonstrates that our model is able to identify the differences between Nan-

nochloropsis and Spirulina samples more accurately. Furthermore, the model was able to correctly 

identify 98.32% of the dataset, which further confirms the robustness of our model. 

As can be seen from the confusion matrix, there is a very low rate of misclassification within 

each class, resulting in only five samples being classified incorrectly from each (Figure 2). Based on 

the confusion matrix, the classification can either be binary or non-binary. For example, Nano 429/434 

is correctly classified as Spirulina, while Spirulina 5/434 is incorrectly classified. As illustrated in Fig-

ure 3, the performance graph generated during EfficientNetV2 B3 training also indicates that the 

model did not overfit, which corresponds to the number in brackets. The confusion matrix provides 

a visual representation of the model's performance. It shows the number of true positives, false pos-

itives, false negatives and true negatives, which can then be used to calculate the accuracy, precision, 

recall and other metrics that measure the model's performance. The performance graph also shows 

the model's performance over the course of training, which can be used to detect overfitting. 

 

Table 2. Performance metrics of modified EfficientNetV2 B3 model after 10-fold cross-validation. 

 
Nannochlo-

ropsis sp. 

Spir-

ulina 

Accu-

racy 
98.32% 98.32% 

Sensi-

tivity 
98.85% 96.89% 

Speci-

ficity 
96.89% 98.85% 

Preci-

sion 
98.85% 96.89% 
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Figure 2. Normalised confusion matrix of EfficientNetV2 B3 model after 10-fold cross-validation. 

 

 

Figure 3. Accuracy of EfficientNetV2 B3 model at increasing numbers of training epochs during a ten-

fold cross-validation approach. 

As illustrated in Figure 4, heatmaps created by Grad-CAM were superimposed over pre-pro-

cessed images of Nannochloropsis sp. and Spirulina samples as inputs. On the basis of a visual in-

spection, the regions that were flagged as highly relevant for model classification by Grad-CAM also 

overlap significantly with the microorganisms. It supports the contention that the EfficientNetV2 B3 

model is capable of automatically focusing attention more specifically on relevant areas of an image 

to perform the classification process. This suggests that EfficientNetV2 B3 model has the potential to 

be a reliable classifier for microorganism identification in microscopic images.  
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Figure 4. Grad-CAM generated heatmaps for Nannochloropsis sp. (a) and Spirulina (b). 

Figure 4. shows Grad-CAM generated heatmaps for Nannochloropsis sp. (a) and Spirulina (b). 

The red regions denote regions that were highly relevant for classification; and the blue regions are 

irrelevant. These heatmaps enable us to quantitatively measure the relative importance of each region 

for the classification, with red regions indicating the most important features and blue regions indi-

cating the least important features. By using the heatmaps, it became clear which regions of the im-

ages were most important for the classification and which were not, allowing us to gain a better un-

derstanding of the models used.  

4. Discussion 

We modified an existing deep transfer learning classifier, EfficientNetV2 B3, to perform auto-

mated image-based classification of microalgae species. The application is novel and the proposed 

system is simpler, requires minimal pre-processing, is less computationally demanding and yields 

commensurate accuracy compared with previous works (Table 3). Luo et al., 2021 [23], proposed a 

support vector machine or deep learning model to distinguish one species of individual microalgae 

from another with high accuracy. They also demonstrated the feasibility of the use of a confocal hy-

perspectral microscopic imager in the analysis of the concentration, species, and distribution differ-

ences of microalgae. Specifically, they used the model to identify the species of microalgae in a range 

of different concentrations, including those found in natural environments. The model was able to 

accurately classify the species with a high degree of accuracy, demonstrating the potential of the 

model for use in microalgae research.  

Baladehi et al., 2021 [24], established an approach for rapidly identifying and metabolically pro-

filing single cells, either cultured or uncultured, using pigment spectrum and whole spectrum, which 

could accelerate the mining of microalgae and their products. Mirasbekov et al., 2021 [25], employed 

machine learning to detect and quantify Microcystis colonial morphospecies using the FlowCAM-

based imaging flow device. They demonstrated the proof-of-concept of how machine learning ap-

proaches could be applied to analyse microalgae. The authors used an imaging flow device to capture 

images of the microalgae and then used machine learning algorithms to analyse the images. They 

were able to accurately classify the different morphospecies of Microcystis, showing how machine 

learning can be used as a powerful tool for analysis.  
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Wang et al., 2020 [26], used a label-free method to identify living and dead algae cells based on 

digital holographic microscopy and machine learning. Memmolo et al 2020 [27], used convolutional 

neural network models to classify diatoms on dry slide images to avoid the time-consuming steps of 

water sampling and labelling by skilled marine biologists. The network model was then validated by 

using holographic recordings of live diatoms imaged in water samples. Xu et al., 2020 [28], performed 

hyperspectral imaging of three species of microalgae to verify their absorption characteristics. They 

demonstrated the feasibility of the technology for evaluating the growth state of microalgae through 

their transmission spectra.  

Building on all these studies, we have developed a model that could automatically identify mi-

croalgae ―both the preferred and invader species―with high accuracy, thereby realising the poten-

tial of transfer deep learning for real-world applications. With appropriate and larger training da-

tasets, the work could be extended for the classification of other microalgae classes. For microalgae 

farming, species identification is but the first step. By linking the classification results to a real-time 

intelligent database, deep learning could provide timely decision-support: upon detecting popula-

tions it could advise the farmer of required interventions to produce the desired response in crop 

growth or time to harvest, e.g., water rotation, nutrient supply, water treatment, etc.  

Our results are of practical value considering that in order to gain the most benefit from micro-

algae farming, farmers must have a thorough understanding of the species being grown, and the 

ability to implement the necessary adjustments to produce desired results. Deep learning technology 

can provide real-time decision-support, helping the farmer optimise crop growth and harvest times 

through interventions such as water rotation, nutrient supply, and water treatment. 

The advantages of the proposed method in this study are as follows: 

1. To the best of our knowledge, we are the first group to clas-

sify healthy Nannochloropsis sp. microalgae and Spirulina 

classes with an accuracy of >98%. 

2. The developed model is robust as we have employed a ten-

fold cross-validation strategy. 

3. We have provided explainable AI to visualise the heatmaps 

in the Nannochloropsis sp. and Spirulina classes. 

       In spite of good performance of the proposed model for microalgae identification, one of 

the limitations of our work is that we have developed the model using a small dataset of  434 images 

of healthy Nannochloropsis sp. microalgae, which was the preferred crop species, and 161 images of 

Spirulina.  In the future, we plan to validate our model using more images taken from other ponds. 

Also, we intend to consider more classes of algae images. This means that the model is unable to 

accurately identify microalgae of other species, as it has only been trained on images of Nannochlo-

ropsis and Spirulina. Additionally, since the dataset is relatively small, the model may not be able to 

generalise well to other ponds and environments, and more images from different ponds would be 

needed to improve accuracy.   
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Table 3. Comparison of our model with published literature on automated microalgae detection. 

Study 
Algae Input Model 

(DL/ML) 

Accu-

racy 

Luo et al. 

(2021) 

Microalgae Confocal hyperspectral 

microscopic imaging 

DNN (DL) 98.34% 

Baladehi et 

al. (2021) 

Single-cell Ra-

man 

Pigment spectrum & 

whole spectrum 

Ensemble learn-

ing (ML)  

97% 

Mirasbekov 

et al. (2021) 

Microcystis col-

ony 

FlowCAM imaging VisualSpread-

sheet software 

(ML) 

96-100% 

Wang et al. 

(2020) 

Living and dead 

microalgae cells 

Digital holography am-

plitude & phase infor-

mation   

SVM (ML) 94.8% 

Memmolo et 

al. (2020) 

Diatoms Holographic microscopy 

slides 

Ensemble CNN 

(DL) 

98% 

Xu et al. 

(2020) 

Microalgae Transmission hyperspec-

tral microscopic imaging 

SVM (ML) 94.4% 

This work Microalgae Microscopic imaging EfficientNetV2 

B3 (DL) 

98.32% 

 

In an era of increasing concern about the environment and global warnings as well as peak oil, 

there is potential for greater investment in microalgae for biofuel. , for its high nutritional value and 

its high productivity compared to other agricultural crops. Grown on non-arable land and utilising 

almost any source of water, microalgae farming has the potential internationally as an environmen-

tally friendly source of biofuels, animal/human food, nutraceuticals, cosmetics, and plastics. A key 

threat to microalgae farming is pest attack, damaging a crop overnight (a ‘crash’), and taking a long 

time to recover. Current pest or invader identification methods are largely manual, time-consuming, 

and prone to human error, impacting productivity. Our innovation will make microalgae farming 

accessible to more farmers around the world. Our innovation uses machine learning and image recog-

nition technology to identify pests and invaders quickly and accurately. By automating the pest iden-

tification process, microalgae farmers will be able to act more quickly to protect their crops and re-

duce the risk of crop failure. 

In the past the technology for algae farming was simple, such as harvesting from the sea or 

growing macroalgae on structures that can be pulled out to harvest it. Technology has opened up 

large-scale microalgae monoculture production in controlled environments primarily on land which 

provides economies of scale. It is a potential additional or main crop for many farmers; it could be an 

attractive option for Australia and many countries with abundant sunlight. Whilst building the re-

quired shallow ponds and installing equipment may not be challenging in terms of cost or expertise, 

few farmers are likely to have the expertise to identify and monitor the populations. An AI-based 

system could help farmers with monitoring their microalgae crop to identify the health of the pre-

ferred species and the presence of invaders and respond appropriately in adjusting variables. With 

an AI-based automation system, farmers will be able to monitor the health of the microalgae crop in 

real-time, while also being able to adjust variables in order to create an optimal environment for the 

desired species. Additionally, AI-based systems can also be used to detect any unwanted invaders 

before they become a problem, allowing farmers to take preventative measures to protect their crop.  

The preliminary development of the modified EfficientNetV2 B3 model presented in this paper 

offers potential public benefit by making microalgae farming expertise more available to the farming 

community, improving drought resistance and farm productivity, reducing labour needs, and reduc-

ing pesticide use through early detection of unwanted species. Improving farm resilience benefits 

regions, the economy, and human health through the high nutritional value of microalgae and the 

environment to develop and improve productivity and environmental resilience. 
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5. Conclusions 

In this study, we have demonstrated that a simple deep transfer learning model, denoted as 

modified EfficientNetV2 B3, developed for the classification of microalgae species can be feasible and 

accurate in order to classify microalgae. There is a practical need for robust automated monitoring of 

preferred and invader microalgae populations in industrial microalgae farms to ensure the sustaina-

bility of the farms. Therefore this detection model has been developed in order to satisfy that practical 

need. This model also has the potential to help improve the efficiency and sustainability of industrial 

microalgae farms, thereby helping to ensure their future success.  

For effective management of the culture, it is necessary to identify the culture in a way that pro-

duces a consistent and predictable output. It is anticipated that if the model is successfully imple-

mented, there is the potential to increase the productivity of microalgae farming, as well as to pro-

mote the use of microalgae as a viable alternative source of plant-based protein and other products 

once the model has been successfully implemented.  

By creating a model that is based on the identification of the culture, managers can better under-

stand the unique characteristics of the microalgae, allowing them to make informed decisions about 

how to best utilise the resources available to them. This in turn can lead to more efficient management 

of the microalgae farm, as well as improved outcomes for the products produced.  
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