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                                   Abstract 
 This paper presents a novel approach to microorganism image classifi cation, concentrating on Paramecium and Hydra bacte-

ria. Due to their intricate features and minute variations, these microorganisms—which are crucial to biological research and 

environmental studies—present particular diffi  culties in picture classifi cation. There is a noticeable class imbalance in the 

dataset in this study, which includes 152 photos of Paramecium and 76 images of Hydra. Generative Adversarial Networks 

(GANs) are employed for data augmentation, generating synthetic examples to rebalance the dataset. This method increases 

the quantity of the dataset and adds a variety of examples, which strengthens the model’s capacity for generalization. Trans-

fer learning is explored using Inceptionv3 and ResNet50, along with machine learning techniques such as Adaboost and 

XGBoost. Convolutional Neural Networks extract discriminative features, and GANs enhance classifi cation performance. 

The proposed approach achieves an impressive accuracy and F1-score of 96.49% and 96.77%, respectively, in accurately 

distinguishing between hydra and paramecium bacteria. This research not only demonstrates a high degree of accuracy in 

classifying microorganism images but also contributes signifi cantly to the fi eld by proposing a robust solution to the chal-

lenge of class imbalance. 

   Keywords     Paramecium    ·  Hydra    ·  Generative adversarial networks (GANs)    ·  Transfer learning    ·  Inceptionv3    ·  ResNet50    · 

 Machine learning    ·  XGBoost    ·  Adaboost  

      Introduction 

 Paramecium, a unicellular ciliate (Brette and Brette  2021 ), 

and Hydra, a multicellular organism, are intriguing micro-

organisms that have attracted significant attention in 

biological research. Figure  1  (Azam  2023 )shows sample 

images of hydra and paramecium from the dataset chosen. 

By studying these microorganisms, one can gain insights 

into their unique biological features and their ecological sig-

nifi cance. Furthermore, microorganisms are closely related 

to the nanoworld due to their size and nanoscale interac-

tions, which has inspired advancements in nanotechnology. 

Microorganisms have served as sources of inspiration for the 

development of nanomaterials and nanodevices (Liang et al. 

 2021 ; Rani et al.  2022 ), leveraging their remarkable abilities 

such as self-assembly and energy conversion.         

 The creation and application of a classifi cation model 

for microorganisms, with a specifi c focus on Paramecium 

and Hydra, is of signifi cant relevance in diverse scientifi c 

and practical domains. This model plays a pivotal role 

in enhancing the understanding of various species, vital 

for researchers in the fi elds of ecology and biodiversity. 

Moreover, in microbiology research, such a robust classifi -

cation system accelerates the categorization of organisms, 

thereby aiding in the analysis of microbial behavior and 

advancing our comprehension of microbial ecology. The 
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practical applications of this model are equally substan-

tial, especially in biotechnological industries such as bio-

fuel production and wastewater treatment, where precise 

microbe classifi cation is crucial for process optimization 

and ensuring high-quality outcomes. 

 Comprehending ecosystem dynamics necessitates a 

thorough understanding of microorganism taxonomy and 

classifi cation, as these organisms are integral to ecological 

processes (Cavicchioli et al.  2019 ). Precise identifi cation 

and classifi cation of microorganisms, based on visual char-

acteristics, provide valuable insights into their ecological 

roles and interactions. The advent of recent advancements 

in deep learning and image analysis has paved the way 

for more accurate identifi cation and classifi cation meth-

ods. This research introduces an innovative approach for 

classifying microorganism images, concentrating spe-

cifi cally on the classes of Paramecium and Hydra, utiliz-

ing these advanced techniques to achieve more precise 

categorization. 

 The objective of this study is to - 

     •  Obtain Classifi cation Accuracy Benchmark :    

   Attain a 95% minimum classifi cation accuracy in 

identifying Paramecium and Hydra bacteria, guar-

anteeing that the effi  cacy of the developed method 

satisfi es a predetermined standard.   

     •  Optimize CNNs for Feature Extraction:    

   Utilize Inceptionv3 Convolutional Neural Networks 

(CNNs) to eff ectively extract discriminative patterns 

and visual attributes from photos of microorganisms. 

Aim to increase the accuracy of feature extraction to 

achieve better classifi cation results.   

     •  Evaluate the Performance of the Model:    

   Methodically train and evaluate the AdaBoost, 

XGBoost, ResNet, and Inception models. Use rigorous 

evaluation measures to determine the most accurate 

and dependable method for classifying microorgan-

isms numerically. These metrics include accuracy, 

precision, recall, and F1-score.   

     •  Improve Ecological Understanding Through Categoriza-

tion:    

   By learning more about the taxonomy and classifi ca-

tion of microorganisms, use the developed classifi -

cation model to further ecological understanding. In 

particular, investigate how the model might disclose 

ecological functions and interactions, advancing our 

understanding of the dynamics of microbes in ecosys-

tems.   

 The paper is structured into four sections to facilitate a 

comprehensive understanding of the study: Introduction, 

Literature Review, Methodology, and Conclusion. Intro-

duction: Provides background, motivation, research prob-

lem, and objectives. Literature Review: Reviews relevant 

literature, identifi es gaps, and highlights previous research 

contributions. Methodology: Describes research design, data 

collection methods, and analytical techniques. Conclusion: 

Summarizes key fi ndings, restates objectives, discusses 

implications, and suggests future research directions. 

    Literature review 

 Liang et al. ( 2021 ) examined in a recent study, The clas-

sifi cation of environmental microorganisms (EMs) using 

deep learning models (Liang et al.  2021 ). On the larger 

Environmental Microorganism Dataset (EMDS) and the 

smaller Environmental Microorganism Dataset (EMAD), 

they examined the performance of three well-known con-

volutional neural networks (CNNs): ResNet50, Vgg16, and 

  Fig. 1       Sample of Hydra and 

Paramecium from dataset  
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Inception-v3. The Inception-v3 model has the maximum 

accuracy of 84.9% on EMDS, according to the data. The 

Inception-v3 model was further optimized by the research-

ers utilizing genetic algorithms, leading to an increase in 

accuracy of 90.5%. The performance of the Vgg16 model 

was outperformed by almost 21% by the optimized Incep-

tion-v3 model, which reached an outstanding accuracy of 

92.9%. 

 Rani et al. ( 2022 ) conducted a systematic review titled 

“Machine Learning and Deep Learning Based Computa-

tional Approaches in Automatic Microorganisms Image Rec-

ognition: Methodologies, Challenges, and Developments.” 

The evaluation focused on employing machine learning and 

deep learning approaches for image detection of microor-

ganisms, and it looked at 100 academic publications from 

1995 to 2021. The investigation covered a wide range of 

topics, including picture pre-processing, feature extraction, 

classifi cation strategies, evaluation metrics, methodological 

restrictions, and technological improvements. This review 

gives helpful insights for scholars working on microbe 

image recognition by giving an in-depth analysis of various 

approaches and addressing problems in the fi eld. 

 In their notable work, ‘TOP-GAN: Stain-free cancer 

cell classifi cation using deep learning with a small training 

set’,Rubin et al. ( 2019 ) introduced an innovative deep learn-

ing approach for medical imaging, particularly addressing 

the challenge of limited training data. Their method, TOP-

GAN, ingeniously combines transfer learning with Gen-

erative Adversarial Networks (GANs) to classify cell lines 

from quantitative phase imaging as healthy or cancerous. 

The technique initially utilized sperm cell images from a 

diff erent cell type for training numerous unclassifi ed GANs. 

Subsequently, the network’s fi nal layers were modifi ed, lead-

ing to the creation of automatic classifi ers that could distin-

guish cell types (healthy/primary cancer/metastatic cancer) 

with an impressive accuracy of 90–99%. This exemplifi es 

the potential of TOP-GAN in revolutionizing medical imag-

ing and stain-free imaging fl ow cytometry. 

 Generative Adversarial Networks (GANs), a framework 

that has transformed the area of deep learning, were the sub-

ject of a 2014 study by Goodfellow ( 2014 ). As part of an 

adversarial game to produce realistic synthetic data, GANs 

involve the interaction of a generator network and a discrimi-

nator network. Since its introduction, the GAN framework 

suggested by Goodfellow et al. has sparked developments 

in a number of fi elds, including computer vision, natural 

language processing, and medical imaging. In the context 

of this investigation, the TOP-GAN approach leverages the 

strength of GANs to overcome the diffi  culty of a short train-

ing set and provide precise stain-free cancer cell classifi -

cation. The use of GAN-based methods in the TOP-GAN 

approach demonstrates how GANs can be used to deal with 

data shortages and advance medical picture analysis. 

 Deep Convolutional Generative Adversarial Networks 

(DCGANs) were introduced by Radford ( 2015 ) to the fi eld 

of unsupervised representation learning. An adaptation of 

Generative Adversarial Networks (GANs) created exclu-

sively for picture production tasks is called a DCGAN. It 

was shown by the authors that DCGANs can learn hierarchi-

cal representations of pictures without explicit supervision. 

Numerous applications, such as image synthesis and picture-

to-image translation, have been made possible by this inno-

vation. The study showcased the effi  cacy of DCGANs with 

signifi cant results, achieving 82.8% accuracy in CIFAR-10 

classifi cation and 22.48% error rate in SVHN classifi ca-

tion using GANs as a feature extractor. This innovation has 

enabled numerous applications such as image synthesis and 

picture-to-picture translation. To overcome the diffi  culty of 

a short training set in the categorization of stain-free cancer 

cells, the TOP-GAN strategy in this study makes use of the 

power of DCGANs. With the use of DCGAN-based meth-

ods, TOP-GAN shows the power of unsupervised represen-

tation learning in advancing medical image analysis. 

 Pansharpening, a technique for combining panchromatic 

and multispectral images to produce high-resolution color 

images, was introduced by Ozcelik et al. ( 2021 ). In order 

to direct the colorization of panchromatic images, the sci-

entists presented a CNN-based technique that uses Genera-

tive Adversarial Networks (GANs). The suggested method 

increases the quality of the fused images and enriches the 

spatial and spectral information by utilizing the power of 

GANs. The research done by Ozcelik et al. (2021) shows 

the potential of GANs in rethinking the conventional CNN-

based pansharpening algorithms, resulting in more accurate 

and aesthetically pleasing colorization results. The study 

makes a signifi cant contribution to the fi eld of remote sens-

ing and provides insightful information about using GANs 

for picture fusion tasks in geoscience and remote sensing 

applications. 

 The “Hello World” example was the topic of a study on 

the use of deep learning in medical imaging by Lakhani 

et al. ( 2018 ). The authors’ goal was to present a thorough 

overview of deep learning methods and their possible use 

in tasks involving medical imaging. These included data 

collection, preprocessing, model construction, training, 

and evaluation. Deep learning models have the potential 

to increase the effi  ciency and accuracy of medical imaging 

diagnosis, as evidenced by Lakhani et al. ( 2018 ) demon-

stration of their effi  cacy in tasks like segmentation, object 

recognition, and picture classifi cation. The study is a useful 

tool for academics and professionals who want to use deep 

learning algorithms in medical picture analysis. 

 A study on multiclass image classifi cation using Gen-

erative Adversarial Networks (GANs) and Convolutional 

Neural Networks (CNNs) was carried out by Wieczorek 

et al. ( 2021 ). The study concentrated on classifying photos 
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of holes drilled in laminated chipboard using Generative 

Adversarial Networks (GANs) and Convolutional Neural 

Networks (CNNs) for multiclass image classifi cation. The 

researchers suggested a novel method that involved using 

GANs to create synthetic images and using a combination of 

actual and synthetic data to train a CNN-based classifi er. By 

incorporating synthetic data produced by GANs, this novel 

approach attempted to improve classifi cation performance 

and overcome the constraints caused by a lack of real-world 

data. Among the various models evaluated, the F1 scores 

highlighted the superior performance of Model 5 (F1 Micro: 

0.74, F1 Macro: 0.57) and Model 3 (F1 Micro: 0.73, F1 

Macro: 0.54). The study demonstrated how well this method 

works for correctly identifying photos with several classes. 

For a more comprehensive evaluation, F1 scores were com-

puted for the top-performing models. 

 An innovative method for multi-class text-to-image syn-

thesis utilizing Generative Adversarial Networks (GANs), 

RoBerTa (a language model), and Mask R-CNN (a visual 

object identifi cation model) was presented by Siddharth and 

Aarthi ( 2023 ). The authors’ goal was to produce accurate 

illustrations that corresponded to verbal explanations of 

various classes. The suggested solution involves a two-step 

procedure: fi rst, text synthesis utilizing GANs and Mask 

R-CNN to create visually coherent and class-specifi c images 

based on the textual descriptions, and second, text creation 

using RoBerTa to produce detailed textual descriptions. 

The study showed how well the blended technique produces 

high-quality photos across various classes. 

 The use of Generative Adversarial Networks (GANs) for 

cross-modality medical picture assessment was investigated 

by Fard et al. ( 2022 ). The usage of GANs as an alternative 

to conventional Convolutional Neural Networks (CNNs) 

for creating missing picture modalities in medical imaging 

was examined by the researchers. The suggested approach 

includes teaching a GAN the underlying mapping between 

pairs of images from various modalities. The missing modal-

ities were then generated using the available modalities and 

the trained GAN. The study showed that GANs have the 

ability to estimate missing modalities with accuracy that is 

equivalent to or even superior to CNN-based techniques. 

 For the segmentation of biomedical images, Ronneberger 

et  al. ( 2015 ) presented the U-Net architecture. In their 

research paper titled “U-Net: Convolutional Networks for 

Biomedical Image Segmentation,” which was presented at 

the International Conference on Medical Image Computing 

and Computer-Assisted Intervention, they developed a novel 

network design that was created especially for segmentation 

tasks. It has been demonstrated that the U-Net architecture, 

which consists of a contracting path and an expansive path, 

is effi  cient at accurately segmenting biological images. Since 

then, the fi eld of biomedical image analysis has widely 

accepted their work. 

 Deep neural networks have the potential to classify skin 

cancer at the level of a dermatologist, as shown by Esteva 

( 2017 ). They proposed a deep learning method that distin-

guished diff erent types of skin cancer with great accuracy in 

their article, “Dermatologist-level classifi cation of skin can-

cer with deep neural networks,” published in Nature. Their 

algorithm surpassed dermatologists in terms of classifi cation 

accuracy after being trained on a huge collection of skin 

lesion photos. Using Google’s Inception v3 Convolutional 

Neural Network (CNN), pretrained to 93.33% top-fi ve accu-

racy on the 1000 item classes of the 2014 ImageNet Chal-

lenge, Esteva et al. (2017) accomplished impressive results. 

Because the Inception v3 architecture was trained on a vast 

dataset of 1.28 million images, the researchers were able to 

take advantage of its outstanding performance on a variety 

of visual recognition tasks. The study (Esteva et al.  2017 ) 

showed the promising potential of deep neural networks in 

enhancing diagnostic accuracy and off ering signifi cant assis-

tance in the fi eld of dermatology. 

 The paper “CNN Hyperspectral Image Classifi cation 

Using Training Sample Augmentation with Generative 

Adversarial Networks” by V. -E. Neagoe and P. Diaconescu 

presents a novel approach using GANs for generating vir-

tual training hyperspectral pixels to enhance pixel classi-

fi cation (Neagoe  2020 ). The study demonstrates improved 

performance in pixel classifi cation using DCNNs with GAN 

augmentation compared to without GANs. The approach 

achieves an accuracy of 95.32% versus 92.94% without 

GANs. The use of GAN augmented training pixels not only 

improves accuracy but also reduces the cost of acquiring 

labeled hyperspectral imaging and accelerates the training 

process (Neagoe and Diaconescu  2020 ). 

 The paper “Neurodegenerative Disease Detection using 

Deep Convolutional GANs and CNN” by Deshpande. et al. 

( 2023 ) off ers a unique method for identifying neurodegen-

erative diseases (Deshpande  2023 ). The technique, which 

makes use of Deep Convolutional Adversarial Networks 

(DCGANs), creates artifi cial images in order to overcome 

the problem of inadequate neuroimaging data. The method 

expands the size and diversity of the ADNI dataset, which 

includes information on Alzheimer’s disease (AD), mild 

cognitive impairment (MCI), early mild cognitive impair-

ment (EMCI), and late mild cognitive impairment (LMCI). 

The authors improve traditional deep learning approaches by 

fusing simulated and real images, demonstrating the meth-

odology’s potential to advance the diagnosis of neurodegen-

erative diseases. 

 The paper “Interpreting CNN Predictions using Condi-

tional Generative Adversarial Networks” by Guna ( 2023 ). 

proposes an innovative method: training a conditional Gen-

erative Adversarial Network (GAN). We created a reason-

able representation of CNN architectures by overcoming 

issues with representation and feeding information. The 
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method proved to be eff ective at learning generic aspects, 

regardless of CNN architectures or datasets. Thorough anal-

yses demonstrate that the fi rst and last layers are equally 

signifi cant for interpretation. With deep learning progressing 

at a rapid rate, training a GAN to interpret CNNs has poten-

tial for better interpretations. The code that was utilized is 

accessible to the general public. 

    Research methodology 

 In this research,  a comprehensive research methodology 

comprising multiple phases is presented. The process begins 

with Data Collection, followed by GANs Data Augmentation 

and CNN Feature Extraction. Subsequently, the application 

of Inceptionv3 is explored and conducted Transfer Learn-

ing using Inceptionv3 and Resnet 50. Additionally, Machine 

Learning techniques such as Adaboost and XGBoost are 

employed for classifi cation. The Results & Evaluation, along 

with a comparison of the classifi ers used, are presented. 

Moreover, specifi c metrics for Inceptionv3 are discussed. 

A visual representation of the research methodology can 

be found in Fig.  2 . Each step is elaborated in detail in the 

subsequent section..         

   Data description 

 The original dataset used in this study, consisting of images 

of hydra and Paramecium, was described and prepared for 

training. The images were sourced from the Kaggle dataset 

‘Microorganism Image Classifi cation’ (Azam  2023 ). 

 To address the class imbalance in the dataset, a Genera-

tive Adversarial Network (GAN) model is employed to gen-

erate additional hydra images. Consequently, the original 

hydra images were combined with these generated images as 

inputs for the study. Conversely, all the original paramecium 

images were exclusively used as inputs for the paramecium 

class. This approach aimed to mitigate the impact of class 

imbalance and ensure fair representation during the clas-

sifi cation process. 

 The GANs were trained to produce synthetic images 

of the underrepresented class. Examples of the synthetic 

images created by the GANs are shown in Fig.  3 . The created 

graphics have realistic qualities and successfully depict the 

distinctive visual traits of the corresponding microorganism 

class. This approach improved the dataset’s representation 

of the Paramecium and Hydra bacteria, which eventually 

improved the eff ectiveness of our classifi cation algorithm. 

 The fi nal dataset, which combined original and enhanced 

photos, gave the GAN model a rich and varied training set. 

The fi nal dataset had a total of 281 photos which had 129 

images of hydra and 152 images of paramecium. These pho-

tographs and their enhanced variants served as the founda-

tion for training the GAN model to produce realistic and 

original images. 

    GANs 

 The GANs model consists of two components: a generator 

and a discriminator. The generator takes a 100-dimensional 

noise vector as input and generates a 128 ×  128 RGB image. 

The discriminator then evaluates this image and classifi es it 

as either real or fake. 

  Fig. 2       Research methodology 

followed for the study  

  Fig. 3       Hydra images generated by GANs  
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 The generator side of the GANs model consists of fully 

connected layers with ReLU activation and batch normaliza-

tion. It also includes a fully connected layer with a hyper-

bolic tangent (tanh) activation, followed by a reshape layer 

to achieve the desired dimensions of 128 × 128 ×  3. On the 

other hand, the discriminator side comprises two fully con-

nected layers with ReLU activation, and the fi nal layer is a 

fully connected layer with sigmoid activation for classifying 

between real and fake images. Table  1  outlines the com-

ponents and training details of the GANs model, including 

generator and discriminator architecture, training process, 

optimizer, and the resulting dataset for classifi cation. 

          During each epoch, the GANs training process involves 

training the discriminator separately using real and fake 

images. While doing so, the trainable layers of the discrimi-

nator are frozen to prevent parameter updates. Subsequently, 

the generator. 

 is trained by training the entire GANs model, but with 

the trainable layers in the discriminator still frozen. Figure  4  

shows GANs Model Architecture.         

   Methods 

 In this research, our objective is to conduct a comprehensive 

comparative analysis of ResNet, Inception, XGBoost, and 

AdaBoost models for classifying microorganisms. The study 

aims to assess the performance of these models in accurately 

classifying photos of microorganisms. 

 For the all the classifi cation models, a preprocessing step 

was carried out to guarantee that the size and color channels 

of every image were uniform. Any photos (such as grayscale 

images) that didn’t have three color channels at fi rst were 

converted to RGB format. By doing this, it was possible 

to make sure that everything was in line with the model’s 

architecture. 

   ResNet     ResNet, a deep convolutional neural network archi-

tecture, is well-known for eff ectively addressing the degra-

dation problem in extremely deep networks. In the classi-

fi cation task, a pre-trained ResNet model is utilized as the 

foundation. Table   2  provides ResNet50 details, including 

layers, weight freezing, and the binary classifi cation head 

with its layers.  

    Inception     Another deep convolutional neural network 

design called Inception makes use of inception modules 

to extract features at multiple levels. The core of the clas-

sifi cation challenge was a pre-trained InceptionV3 model, 

with a newly added binary classifi cation head in place of the 

model’s top layers, similar to the ResNet approach. Table  3  

presents InceptionV3 details and added layers used on top of 

pretrained layers in the research. 

 The Inception model developed the ability to diff erenti-

ate between the minute morphological and visual variations 

between Hydra and Paramecium bacteria. High accuracy 

and precision on the test set, which demonstrate the model’s 

robustness and ability to produce accurate predictions on 

unforeseen data, are clear indications of its capacity to gen-

eralize from the training data.  

    XGBoost     The gradient boosting algorithm XGBoost is 

renowned for its potent prediction abilities. Using manu-

ally designed features taken from the microorganism pho-

  Table 1       GANs architecture and training  

  Model component    GANs model  

  Generator input    100-dimensional noise vector  

  Generator output    128 × 128 RGB image  

  Discriminator input    Generated image  

  Discriminator output    Classifi cation (real or fake)  

  Generator layers    Fully connected layers (ReLU activation, batch normalization), Fully connected 

layer (tanh activation), Reshape layer  

  Discriminator layers    Fully connected layers (ReLU activation), Fully connected layer (sigmoid activation)  

  Training process    Epoch-based  

  Discriminator training    Separate training using real and fake images, frozen trainable layers  

  Generator training    Training the entire GANs model, frozen trainable layers in the discriminator  

  Optimizer    Adam  

  Epochs    30,000  

  Generator weights    Saved in h5 fi le for image generation and dataset augmentation  

  Final dataset    Hydra: 129 original images, 53 enhanced images  

  Total images in fi nal dataset    281  

  Class imbalance    Hydra: 129 images  
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tos, a classifi er is trained using XGBoost. The specifi ca-

tions and training of XGBoost classifi er is summarized in 

Table  4 .  

    AdaBoost     AdaBoost is another ensemble technique that 

combines base classifi ers to provide precise predictions. 

The Table   5  summarizes the training AdaBoost classifi er 

used in the study.  

       Results and discussion 

 The Inception technique surpassed the other three methods 

in terms of classifi cation accuracy and precision, accord-

ing to the analysis of the four methods’ performance. With 

its sophisticated architecture and feature extraction skills, 

the Inception model was able to successfully learn dis-

tinguishing characteristics and patterns from the microbe 

photos, resulting in precise categorization. Consequently, 

  Fig. 4       GANs model architecture  

  Table 2       Transfer learning using Resnet 50  

  Model architecture    Resnet50  

  Layers    50  

  Weight initialization    Pre-trained on ImageNet  

  Weight freezing    Yes  

  Classifi cation head    Binary  

  Layers in head    Global average pooling, dense(128 units, 

ReLU), Dropout(rate: 0.5), Dense 

(Sigmoid)  

  Loss function    Binary cross-entropy  

  Optimizer    Adam (learning rate: 0.001)  

  Evaluation metric    Accuracy  

  Data augmentation    ImageDataGenerator (real-time)  

  Pre-processing    Yes  

  Training dataset    Provided  

  Callbacks    Learning rate reduction  

  Validation dataset    Yes  

  Training epochs    50  

  Table 3       Transfer learning with inception  

  Model architecture    InceptionV3  

  Pre-training    Yes  

  Classifi cation Head    Binary  

  Layers in head    Flatten, dense (128 units, ReLU), Batch 

Normalization, Dropout (rate: 0.3), dense 

(Sigmoid)  

  Loss function    Binary Cross-Entropy  

  Optimizer    RMSprop (learning rate: 0.0001)  

  Evaluation metric    Accuracy  

  Data augmentation    ImageDataGenerator (real-time)  

  Pre-processing    Yes  

  Training dataset    Provided  

  Callbacks    Learning rate reduction  

  Validation dataset    Yes  

  Training iterations    50  
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the study has provided a detailed analysis of its perfor-

mance in the following section of this study. 

   Model execution 

 The Inception model successfully classifi ed photos of micro-

organisms with a test accuracy of 96.49%. The majority of 

the microbes in the test set were accurately identifi ed by the 

model, which demonstrated good precision and accuracy. 

    Model performance 

   ROC curve 

 Our study involved the development of a binary classifi ca-

tion model that excels at diff erentiating between the positive 

and negative classifi cations. Figure  5  shows ROC Curve for 

Inception. The excellent area under the curve (AUC) value 

of 0.99 obtained from the Receiver Operating Characteristic 

(ROC) curve analysis demonstrates the model’s exceptional 

discriminatory power. The model’s high true positive rate 

(TPR) and low false positive rate (FPR) over a range of clas-

sifi cation thresholds are refl ected in the high AUC score. The 

results indicate the method’s eff ectiveness in distinguishing 

between classes and its potential for application in scenarios 

requiring precise categorization.         

    Learning curve 

 The learning curve plot showed the accuracy and loss dur-

ing training and validation over the course of 50 epochs, 

revealing the model’s capacity for generalization for the 

inceptionV3. Figure  6  shows Training Curve for Inception. 

The model showed constant progress in both training and 

validation accuracy throughout the training process, as seen 

in the plot, demonstrating successful learning from the data-

set. The validation accuracy came quite near to and closely 

mirrored the training accuracy, indicating that there were no 

signifi cant overfi tting or underfi tting issues with the model. 

The model’s capacity to learn from the data and generalize 

is further supported by the convergence of the training and 

validation loss.         

  Table 4       Machine learning with XGBoost  

  Model algorithm    XGBoost  

  Training approach    Manually 

designed 

features  

  Classifi er    XGBoost  

  Data format    DMatrix  

  Maximum depth    4  

  Learning rate    0.1  

  Objective function    Binary logistic  

  Training rounds    40  

  Training dataset    Provided  

  Test dataset    Provided  

  Table 5       Machine learning with AdaBoost  

  Model algorithm    AdaBoost  

  Base estimator    Decision tree  

  Classifi er    AdaBoostClassifi er  

  Library    scikit-learn  

  Training approach    Manually designed features  

  Learning rate    0.3  

  Number of estimators    30  

  Training dataset    Provided  

  Test dataset    Provided  

  Fig. 5       ROC curve for inception  

  Fig. 6       Learning curve for inception  
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    Confusion matrix 

 Using the true labels and predicted labels from the training 

set, the confusion matrix was computed. Figure  7  shows con-

fusion Matrix for Inception. It off ers a thorough assessment 

of the model's performance for each class (Hydra and Para-

mecium) in terms of true positive, true negative, false posi-

tive, and false negative classifi cations. The classifi cation of 

microbes by the Inception model showed great accuracy and 

few misclassifi cations. Many true positive and true negative 

predictions were made as a result of the majority of Hydra 

and Paramecium bacteria being accurately categorized. The 

low number of incorrect predictions, both hydra and parame-

cium, implies that the model did a good job of diff erentiating 

between the two based on their visual characteristics          

 Inception has an amazing F1 score of 96.77% and the 

greatest accuracy of all the algorithms tested, at 96.49%. The 

complex architecture of the Inception model and its feature 

extraction skills enabled it to successfully learn distinctive 

traits and patterns from the microbe pictures, leading to 

accurate categorization. 

 ResNet50 showed respectable performance with an F1 

score of 67.69% despite achieving a signifi cantly lower accu-

racy of 63.16%. This shows that it has the ability to record 

crucial characteristics relevant to microbe categorization. 

 The AdaBoost algorithm scored an F1 of 80.77% and 

had an accuracy of 81.48%. AdaBoost’s ensemble learn-

ing method, which combines a number of weak classifi -

ers, was successful in correctly classifying the photos of 

microorganisms. 

 XGBoost obtained an F1 score of 76.36% and an accu-

racy of 75.93%. This ensemble learning technique’s useful-

ness for classifying microorganisms was further illustrated 

by the performance of the gradient boosting approach, which 

was competitively displayed. 

 The comparison of the algorithms shown in Table  6  

reveals that the Inception model performs better than the 

other three techniques in accurately classifying the micro-

organisms. However, the inclusion of other strategies 

like ResNet50, AdaBoost, and XGBoost off ers insightful 

information on the advantages and disadvantages of vari-

ous algorithms for this task. These fi ndings highlight the 

importance of choosing an eff ective algorithm based on 

the particular specifi cations and limitations of the clas-

sifi cation task. 

 The current study, which makes use of a Vanilla Gen-

erative Adversarial Network (GAN) to create photos of 

Hydra and Paramecium that are categorized using the 

Inception model, with a notable study from 2020 on 

Hyperspectral photos in the Table  7 . Deep Convolutional 

Neural Networks (DCNN) with Gated Recurrent Units 

(GRU) were used in the 2020 project along with a propri-

etary GAN architecture for classifi cation. Both investiga-

tions used various pixel transformation optimization strat-

egies and methods. Compared to the 2020 Hyperspectral 

Image Paper, which reported an accuracy of 95.32%, this 

study achieved an accuracy of 96.49%. This comparison 

highlights the effi  ciency of the method and the potential 

for integrating GANs with advanced classifi cation models 

like Inception in biological imaging data analysis.  

  Fig. 7       Confusion matrix received on test data  

  Table 6       Machine learning algorithm effi  ciency analysis  

  S.no    Name of algorithm    Accuracy (%)    F1_score (%)  

  2    Resnet50(Adam optimizer)    63.16    67.69  

  3    Inception(RMSprop optimizer)    96.49    96.77  

  4    AdaBoost    81.48    80.77  

  5    XGBoost    75.93    76.36  

  Table 7       Comparison of current study with 2020 hyperspectral image 

paper  

  Research study    Current study    2020 Hyperspectral image 

paper  

  Dataset    Hydra and 

Paramecium 

images  

  Hyperspectral images  

  GAN used    Vanilla GANs    Standard GANs  

  Classifi er used    Inception    DCNN with GRUs  

  Optimizer    RMSprop    Bayesian optimization  

  GAN augmentation    Yes    Yes  

  Accuracy (%)    96.49    95.32  

  F1 score (%)    96.77    Not provided  
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      Conclusion 

 The study’s fi ndings highlight the tremendous potential 

of deep learning algorithms—in particular, the Inception 

model—for accurately classifying microorganisms. By uti-

lizing Inception’s sophisticated neural network topologies 

and feature extraction powers, we have proven to be highly 

accurate at diff erentiating between Hydra and Paramecium 

bacteria based on their unique visual characteristics. 

 Although there have been obstacles to overcome, includ-

ing imbalances in the classes, resource requirements, com-

prehensibility, dataset representativeness, and applicability 

to new species, the outcomes are essential for progressing 

the fi eld of automated microbiological categorization. The 

solid performance of the Inception model demonstrates the 

wider use of deep learning approaches in microbiological 

research, in addition to improving our capacity to distinguish 

between groups of microorganisms. 

 Future research can build on these fi ndings by addressing 

the problems found and looking into ways to make improve-

ments. The main focus should be on resolving dataset rep-

resentation challenges and broadening the model’s scope of 

application to include a wider range of microbial species. 

Furthermore, improving model interpretability and reducing 

resource needs can further improve the viability of using 

these models in various research contexts. 

 In conclusion, this work provides a solid model for the 

classifi cation of microorganisms and also acts as a founda-

tion for further research. The diffi  culties that are faced serve 

as calls to action for additional investigation and improve-

ment, opening new avenues for deep learning applications 

in microbiological research and facilitating improvements 

in automated microbiological classifi cation. 
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