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 The combination of artificial intelligence (AI) and advanced microscopy is radically changing the 
research in life sciences. Machine learning and deep learning can deliver unparalleled image-

processing tasks, such as automated classification, super-resolution reconstruction, and real-time 

counts of biological structures. This synergy promotes the discovery process in crucial fields like 
drug discovery, systems biology and clinical diagnostics by increasing the speed, accuracy and 

reproducibility of data analysis. This review is a synthesis of the present state of this integration, 

critical analysis of its transformative capacity and ongoing issues. The most important developments 
are mentioned, including the automated phenotyping and predictive modeling, to the AI-enhanced 

super-resolution imaging, and its effect on precision medicine and high-throughput screening. 

Nonetheless, there are still considerable challenges, such as the problem of data standardization, 
model interpretability, and incorporating multimodal imaging data. The future direction of the field 

is described, including the new solutions, which are explainable AI (XAI), federated learning as a 

privacy-preserving collaboration, and integrated bioinformatics pipelines. AI-powered microscopy is 

a paradigm shift, a new way to view and ask questions of microscopic images, bridging microscopic 

visualization to computational intelligence. 

      Copyright © 2026 Hamza Rafeeq et al. is an open-access article distributed under the Creative Commons Attribution License, which permits 

use, distribution, and reproduction in any medium, provided the original work is properly cited. 

1. Introduction 

The combination of artificial intelligence (AI) and state-of-the-art 

microscopy is driving a revolution in biomedical science. For 

  

The analysis of the massive, complicated image data produced by 

microscopy has been a major bottleneck- centuries old-so much so that, 

many years back, the ultimate results of microscopy were the subject of a 

slow, subjective, and time-intensive process. This dynamic is being 

transformed by the advent of machine learning (ML) and deep learning 

(DL).
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(Buckchash et al., 2025). Other methods, including convolutional 

neural networks (CNNs) to detect features and generative adversarial 

networks (GANs) to enhance images, are now automating features 

like segmentation, super-resolved image reconstruction, and 

detecting subtle, phenotypical features that the human eye cannot see. 

This synergy is not only speeding up the existing processes; it is 

redefining our ability to visualize, quantify and comprehend cellular 

architecture, dynamic processes, and molecular interactions at scales, 

ranging up to single cells to whole tissues. Life sciences are 

becoming more and more dependent on this AI-based analytical 

capability to deal with the flood of information generated by the 

contemporary imaging devices. High-throughput screening and 

scalable data processing require AI algorithms to deliver speed, 

accuracy, and contextual awareness. The implications are far-

reaching in a variety of areas: in pathology, it can be used to support 

diagnostic processes in real-time as well as detect disease early on; in 

drug discovery, it can be used to screen phenotypes in a matter of 

days; and in neurology and developmental biology, it can be used to 

map complex systems in detail (Sobti et al., 2022). Most importantly, 

the adaptive and learning-based characteristic of AI enables it to infer 

biological outcomes by imaging data alone, which is now 

transforming personalized medicine and regenerative therapies by 

demonstrating a connection between subtle cellular changes and 

clinical prognoses. Workflow of AI integration with advanced 

Microscopy in Life Sciences are shown in Figure 1. This flow chart 

exemplifies the pathway starting with the state-of-the-art microscopy 

imaging, then progressing to processing and analysis by AI and 

finally finding applications in life sciences including diagnostics and 

drug discovery  (Braet & Taatjes, 2024). 

Although technical performance of AI in image processing has been 

reported extensively, there is a sharp void in the translation of these 

innovations into their application in the wide ecosystem of life 

sciences microscopy. Thus, the main innovation of this review is the 

combined and critical analysis of the operationalization of AI to 

address real-world biological issues on a continuum of advanced 

microscopy modalities such as live-cell, fluorescence, and electron 

microscopy. We leave a mere survey of algorithms to give a detailed 

discussion on the new applications, new technical advances and the 

ongoing issues of data heterogeneity, model interpretability and 

reproducibility. The aim of this review is to summarize the present 

knowledge, emphasize on interdisciplinary novelties, and give visual 

models of built-in AI-microscopy processes as illustrations. In the 

end however, we hope to not only synthesize the present situation in 

the field but to also provide explicit, farsighted directions in which 

AI will further enhance and transform the future of discovery in 

microscopy-based life science studies. 

 

2. Fundamentals of AI and Microscopy 

2.1. Artificial Intelligence in Biosciences 

2.1.1 Machine Learning, Deep Learning, and Neural Networks 

Automated analysis and interpretation of intricate biological data is 

made possible by machine learning (ML), deep learning (DL), and 

neural networks, which are the main drivers of artificial intelligence 

in the biosciences. With the use of statistical methods, computers 

may learn to recognise patterns in data and make judgements 

automatically, a process known as machine learning (Zhu et al., 

2024). Deep learning is a type of ML that is especially well-suited 

for image identification and biological diagnostics since it 

employs multi-layered neural networks to extract high-level 

characteristics from raw input data (Maturana et al., 2022). The 

capacity of convolutional neural networks (CNNs) to identify spatial 

hierarchies has led to their extensive use in microscopy image 

analysis (Botifoll et al., 2022). Genetics and cellular dynamics 

are two examples of time-series biological data that find use for 

recurrent neural networks (RNNs) and long short-term memory 

(LSTM) networks (Herman et al., 2021).  

2.1.2 With little to no human input, these AI models can identify 

complex patterns, categorise cellular morphologies, and forecast 

biological behaviours (Park et al., 2023). With their ever-improving 

algorithms, bioscience researchers are able to conduct more precise, 

efficient, and repeatable experiments, which speeds up the 

discovery process in fields like molecular biology, pathology, 

and pharmacology (Zafar & Rana, 2025). 

2.1.3 Key Algorithms Used in Biological Data Analysis 

A set of robust algorithms developed specifically for the processing 

of biological data is essential for the effective use of AI in the 

biosciences. Examples of classification tasks with Support Vector 

Machines (SVMs) include the case of separating malignant cells and 

non-cancerous cells using imaging data (Liu et al., 2021). When it 

comes to selecting features and classifying omics data with several 

dimensions, the ensemble learning approach known as Random 

Forests shines (Sebastian & Peter, 2022). Convolutional Neural 

Networks (CNNs) are preferred over Autoencoders in terms of 

analysis of spatial features in high-resolution biological imaging, and 

dimensionality and noise reduction in large datasets. K-means and 

hierarchical clustering are commonly used in unsupervised learning 

problems like cell population identification and tissue segmentation. 

(Iqbal et al., 2021).  

Graph Neural Networks (GNNs) are also becoming more popular in 

the field of molecular interaction and biological network 

modelling.The most important algorithm in various bioimage 

analysis i as given in Table 1. These algorithms enhance the 

scalability and efficiency of data analysis and also uncover the 

concealed trends and insights. They ensure that AI will continue to 

test the boundaries of life sciences research by becoming a part of the 

imaging, proteomics, genomics, and proteomics processes (Pandya et 

al., 2021). 

Figure 1: Workflow of AI integration with advanced Microscopy  

in Life Sciences (AI ChatGpt-5.0) 



Table 1: Key AI Algorithms Used in Bio image Analysis 
 

Algorithm Type Key Application in Microscopy Principal Advantages 

Support Vector 
Machine (SVM) 

Machine Learning 
(Supervised) 

Cell phenotype classification, nuclei 
detection 

High accuracy with small, well-defined 
datasets; effective in high-dimensional spaces. 

Random Forest Machine Learning 
(Supervised) 

Tissue segmentation, feature 
importance analysis 

Robust to noise and overfitting; provides 
interpretable feature rankings. 

K-Means Clustering Machine Learning 
(Unsupervised) 

Image segmentation; initial Region of 
Interest (ROI) detection 

Simple implementation; computationally 
efficient for exploratory data analysis. 

Convolutional Neural 

Network (CNN) 

Deep Learning Automated cell/organelle 
classification; complex pattern 
recognition 

Exceptional accuracy; autonomously learns 

relevant features from raw pixel data. 

U-Net Architecture Deep Learning Biomedical image segmentation (e.g., 
cells, tumors, membranes) 

Precise pixel-level segmentation; effective even 
with limited training data. 

Autoencoders Deep Learning Image denoising, compression, and 

super-resolution reconstruction 

Learns efficient data representations; effectively 

removes noise while preserving biological 
structures. 

Recurrent Neural 
Network (RNN/LSTM) 

Deep Learning Analysis of time-lapse data; tracking 
cell migration and division 

Models temporal sequences and long-range 
dependencies in dynamic processes. 

Transformers (ViT) Deep Learning High-resolution whole-slide image 
analysis; interpretability via attention 
maps 

State-of-the-art performance on large-scale 
datasets; captures global contextual 
information. 

2.2. Advances in Microscopy 

2.2.1 Optical, Electron, Fluorescence, and Super-Resolution 

Microscopy 

Numerous new techniques have emerged within modern microscopy, 

allowing for the visualisation of biological structures at a wide range 

of resolutions and sizes. By allowing the examination of cells and 

tissues with very cheap equipment and little sample preparation, 

optical microscopy continues to be a fundamental tool (Ullah et al., 

2023). By labelling biomolecules with fluorophores, fluorescence 

microscopy provides specificity and reveals spatial distribution and 

molecular dynamics. To see subcellular ultrastructures, electron 

microscopy (EM) is necessary, and scanning electron microscopy 

(SEM) (Mehmood et al., 2023) and transmission electron microscopy 

(TEM) (Mehmood et al., 2020) both give nanometer-scale resolution 

(Rial, 2024). To see molecular assemblies at near-molecular 

resolution, super-resolution microscopy methods like STED, PALM, 

and STORM go beyond the diffraction limit of light. Together with 

AI, these advanced methods will enable the accurate extraction of 

features, reduction of noise, and rapid gathering of pictures. Figure 2 

provides a comparison of four common microscopy methods, with 

each having a description of their resolutions, imaging depths, and 

primary uses, between general cell observation and nanoscale 

molecular mapping, showing the unique strengths of each in 

biological studies. AI is enabling microscopy modes such as high-

content screening, automated structure recognition, and better picture 

quality, and opens up new vistas of biological investigation in 

domains such as virology, neurology, and cancer biology. 

(Chengoden et al., 2023). 

 

2.2.2 Live-Cell Imaging and Multimodal Microscopy 

To capture live-cell activities with high spatiotemporal resolution, 

fluorescent biosensors and time-lapse microscopy are crucial. 

Nevertheless, the creation of effective algorithms of strong AI is 

required to properly segment, monitor, and quantify the activities of 

the cells since the data generated is complex. Multimodal microscopy 

offers comprehensive knowledge through the correlation of 

structural, chemical and functional information. Table 2 compares the 

Overview of Microscopy Techniques. It incorporates many imaging 

techniques such phase-contrast, fluorescence, and Raman 

microscopy. With the integration of AI into multimodal systems, 

intelligent data integration is achieved and results in a more 

comprehensive view of the diseases causes and cellular physiology. 

(Lotter et al., 2024).  

To capture live-cell activities with high spatiotemporal resolution, 

fluorescent biosensors and time-lapse microscopy are crucial. 

However, proper segmentation, monitoring, and quantification of 

cellular activities need strong AI algorithms due to the complexity of 

the generating data. Through the correlation of structural, chemical, 

and functional information, multimodal microscopy provides a  

comprehensive understanding.  

 

Comparative Overview of Microscopy Techniques is shown in Table 

2. It incorporates many imaging techniques such phase-contrast, 

fluorescence, and Raman microscopy. By incorporating AI into 

multimodal systems, intelligent data fusion is made possible, leading 

to a more complete picture of disease causes and cellular physiology 

(Allal et al., 2024). These AI-driven systems improve experimental 

throughput and reproducibility while decreasing the likelihood of 

human mistake. Systems biology, cancer research, and 

developmental biology rely heavily on multimodal imaging and live-

cell imaging, both of which are aided by machine learning (Yenduri 

et al., 2023). 

 

 Figure 2: Comparative Features of Modern Microscopy (AI 

ChatGpt-5.0) 



Table 2: Comparative Overview of Microscopy Techniques 
 

Microscopy Type Resolution Contrast Mechanism Live-cell 
Compatibility 

AI Applicability 

Bright-field Optical ~200 nm Absorption of light Yes Used for basic morphology, enhanced 
via image preprocessing 

Phase-Contrast ~200 nm Phase shift of light Yes AI aids in segmentation of transparent 
cells 

Fluorescence ~200 nm Fluorescent labeling Yes Widely used in AI-powered feature 
extraction 

Confocal ~180 nm (lateral) Laser scanning 
fluorescence 

Limited High-resolution 3D image analysis 
with deep learning 

Two-Photon ~300 nm Nonlinear fluorescence 
excitation 

Yes Enables deep tissue imaging; AI for 3D 
reconstruction 

Electron Microscopy 
(EM) 

~0.1–1 nm (TEM); ~1– 
5 nm (SEM) 

Electron scattering No AI used for ultrastructural 
segmentation and classification 

Super-Resolution 
(STORM, PALM) 

~20–50 nm Single-molecule 
fluorescence 

Limited AI improves reconstruction speed and 
precision 

Light-Sheet Microscopy ~300 nm Planar illumination of 
samples 

Yes AI applied in real-time 3D 
visualization and tracking 

 

3. AI-Powered Image Analysis in Microscopy 
3.1. Image Preprocessing and Enhancement 

3.1.1 Denoising, Deblurring, and Resolution Boosting 

Problems like picture noise, blurring, and low resolution arise often in 

advanced microscopy as a result of physical and optical limitations. 

Deep learning and other forms of artificial intelligence (AI) have 

recently arisen as game-changing tools for overcoming these 

constraints in picture improvement (Hu et al., 2023). Denoising 

methods, including CARE (Content-Aware Image Restoration) and 

Noise2Noise, improve picture clarity without necessitating clear 

ground truth data by efficiently removing random noise while 

retaining structural elements (Varghese et al., 2025). Models for 

deblurring employ CNNs to fix defocus or motion blur, making 

dynamic live-cell imagery crisp again. The recovery of high-frequency 

information beyond the diffraction limit is made possible by resolution 

boosting, which is accomplished using super-resolution reconstruction 

methods such as Deep-STORM or ESRGAN (Enhanced Super- 

Resolution Generative Adversarial Networks). Figure 3 demonstrates 

the AI-powered image enhancement pipeline, transforming raw 

microscopic data through progressive stages of denoising, deblurring, 

and resolution-boosting to produce a clear, detailed, and analytically 

superior final image. By allowing precise reconstructions from low- 

light or low-exposure data, these AI-enhanced methods greatly boost 

picture quality, save acquisition time, and minimise phototoxicity. 

Consequently, they enhance the capabilities of traditional microscopy 

and provide more solid evidence for profound biological discoveries 

(Ahmed et al., 2022; Ahmed, 2025; Li et al., 2022). 
 

 
Figure 3: AI-driven image enhancement in Microscope (AI ChatGpt-
5.0) 

 

3.2. Image Segmentation and Feature Extraction 

3.2.1 Cell Tracking, Organelle Classification, Tissue 

Morphometry 

Quantitative microscopy applications such as cell tracking, organelle 

classification, and tissue morphometry are crucial to comprehend 

dynamic and structural aspects in biology, and AI-enhanced image 

analysis has revolutionised such tasks. It is possible to track the 

specific cells through time, which enables the researchers to gain 

additional information concerning their migration, proliferation, and 

differentiation (Schukow et al., 2024). Automating this procedure 

with high accuracy has been achieved by deep learning models, 

particularly CNNs and RNNs, even in datasets that are tightly packed 

or noisy. After relying on manual classification, organelle 

classification can now be done rapidly using pretrained neural 

networks which are able to distinguish between nuclei, lysosomes, 

Golgi bodies, and mitochondria by shape, texture, and fluorescence 

signal (Mahadevkar et al., 2022). Equally, AI-based segmentation and 

classification of tissues, identification of pathological changes, and 

derivation of quantitative features of histological images have 

enhanced tissue morphometry the quantitative analysis of tissue 

structure. These developments offer scalable, reproducible and robust 

image processing protocols that are tailored to complex biological 

systems that are useful in high-throughput screening of phenotypes, 

diagnosis of diseases, and developmental biology research(Habibur et 

al., 2025) 

3.3. Quantitative and Predictive Analysis 

3.3.1 Automating Diagnosis (e.g., Cancer Histopathology) 

Diagnostic pathology is one of the fields in which AI is making a 

tremendous difference. It is enabling it to examine histopathological 

images more precisely, swiftly and reproducibly, which can be of 

great assistance in the diagnosis of cancer (Osman et al., 2024). 

Under a microscope of stained tissue slices, manual assessment of 

such tissue slices has always been a technique that has been 

associated with the dangers of human error that can occur due to 

factors like fatigue and inter- observer variation. Having analysed 

hundreds of photos, artificial intelligence (AI) and convolutional 

neural networks (CNNs) in specific, it is now able to identify and 

label cancerous cells automatically with greater accuracy than 

traditional means (Reddy & Shojaee, 2025). Training on 

morphological features such as nuclear shape, mitotic figures and 

tissue structure, AI systems can identify tumour grade, tumour area, 

and subtype of cancer in cancer histology. They can even be used to 

forecast patient prognosis. These algorithms can also generate 

heatmaps to indicate where danger is to enable the pathologists to 

narrow down to the correct areas. 



is most prevalent (Geng et al., 2023). The integration with digital 

pathology systems enables workflows to be more efficient as it 

enables high-throughput screening in clinical settings and minimizes 

turnaround time. With the increasing number of AI-assisted 

diagnostic tools that are both proven to be working in the real world 

and granted clearances by the FDA, they will find application as 

essential clinical decision-support systems in the near future, 

democratising healthcare by providing the expertise level of 

diagnostic in the resource-limited settings. Some of the application of 

AI in Cell and tissue morphology analysis are shown in Figure 4. 

 

Figure 4: Application of AI in Cell and Tissue Morphology (AI 

ChatGpt-5.0) 

3.3.2 Single-Cell Phenotype Predictions 

Understanding biological variety, particularly in complex systems like 

tumours, embryonic tissues, and immunological settings, relies 

heavily on the capacity to precisely forecast phenotypes at the single- 

cell level (Plathottam et al., 2023). The generated and vast amount of 

data of the single-cell technologies such as high-content imaging, 

single-cell RNA sequencing (scRNA-seq), and CyTOF technologies 

are no longer comparable without the use of artificial intelligence and 

machine learning techniques. The algorithms are used to classify 

cells based on their patterns of gene expression, morphological 

features, and location. Deep neural networks are incorporated in 

these algorithms, 

Table 3:  AI Applications Across Life Science Domains 

support vector machines, and random forests (Plathottam et al., 2023). 

These instruments reveal uncommon, transitional, or undiscovered 

cellular states in addition to differentiating between recognised 

phenotypes (Pal et al., 2023). Examples of AI's usefulness include 

real-time prediction of stem cell differentiation pathways and early 

detection of immunological fatigue in T cells. In addition, AI can 

combine data from several omics studies to link phenotype and 

function, which helps us understand how diseases work and how 

treatments work (Giri et al., 2023). Discovery in fields such as 

developmental biology, cancer, and regenerative medicine are fuelled 

by this predictive capacity, which also improves precision medicine 

by enabling personalised therapies based on cellular behaviour at the 

individual level (Shafi & Parwani, 2023). 

 

4. Applications in Life Science Research 
4.1. Cell Biology and Morphodynamics 

4.1.1 Studying mitosis, apoptosis, and migration 

The study of cell biology, developmental biology, and cancer 

research is centered around the understanding of such important 

biological mechanisms as mitosis, death and migration. This dynamic 

was past too cumbersome and biased to explore such dynamic events 

manually through seeing and interpreting time-lapse microscope data. 

These processes can now be analyzed in living cells with automated, 

high-throughput and extremely precise methods due to the synergy of 

artificial intelligence and enhanced microscopy (Cao et al., 2021). 

Chromatin condensation, spindle formation, and cytokinesis can be 

detected by deep learning models and other AI algorithms, which can 

be used to identify and track cells undergoing mitosis. Fluorescent 

markers and machine learning classifiers can be used to identify 

apoptotic cells through their characteristic morphological features, 

including membrane blebbing, nuclear fragmentation and caspase 

activity (Greenberg et al., 2023). AI can enable scientists to quantify 

the cell migration in wound healing experiments and cancer invasion 

simulations with high precision, such as the speed, directionality, and 

group movements of the migration. By combining these studies with 

picture segmentation methods and time information, researchers can 

now study cellular dynamics under physiological conditions in real 

time (Kfoury et al., 2021). We have made tremendous strides in our 

comprehension of cell fate decisions, disease development, and 

therapeutic intervention responses thanks to AI's ability to objectively 

quantify biological processes, uncover complicated spatiotemporal 

patterns with unprecedented clarity, and record subtle transitions 

(Table 3). 

 

Domain AI-Microscopy Use-Cases Impact 

Cell Biology Mitosis/apoptosis detection, cytoskeleton modeling, cell migration 
tracking 

Enables high-throughput, unbiased cell 
behavior analysis 

Neuroscience Neuron tracing, synapse quantification, brain region segmentation Facilitates connectome mapping and 
functional analysis 

Developmental 
Biology 

Embryo lineage tracing, morphogenetic field mapping Provides temporal-spatial developmental 
insights 

Microbiology & 
Virology 

Bacterial colony segmentation, virus tracking, AMR profiling Supports rapid pathogen identification and 
quantification 

Drug Discovery High-content screening, phenotype-based compound profiling Reduces screening time and enhances lead 
identification 

Toxicology Morphological profiling under toxic stress Automates adverse effect prediction 

Precision Medicine AI-assisted histopathology, patient-specific image biomarkers, 

              tumor classification  

Supports personalized therapeutic strategies 

4.2. Neuroscience 

4.2.1 Neuron tracing and synapse quantification 

To map neural circuits and comprehend brain connection at the 

cellular and  network levels, neurone  tracing and synapse 

quantification are crucial. The intricate and branching structure of the 

nervous system makes traditional approaches to tracking neurones in 

microscope pictures tedious and error-prone (Nagaraj et al., 2023). 

Neurone segmentation and tracing have been greatly enhanced in 



automation and accuracy with the use of artificial intelligence, 

especially deep learning models like U-Net and 3D convolutional 

neural networks. These algorithms are able to recreate dendritic and 

axonal structures using volumetric information obtained by electron 

microscopy, confocal imaging, or two-photon microscopy (Schrier et 

al., 2023). By identifying the fluorescence patterns linked to synaptic 

proteins (such as synapsin and PSD-95), AI techniques are also good 

at synapse recognition and quantification, which allows them to 

identify synaptic interactions in large picture datasets (Aziz et al., 

2024). Health and disease models, including neurodegeneration and 

autism, can be used to study changes in synaptic density, plasticity, 

and connection. Neurone mapping enabled by AI provides high- 

resolution, repeatable, and scalable insights into the neural system's 

architecture and function, which speeds up neuroscience research 

(Zhang et al., 2023). 

4.3. Developmental Biology 

A study of embryonic development and lineage tracing is crucial in 

solving the mystery of how complex multicellular organisms are 

formed out of a fertilised egg. They are often used to track cell 

migration, division, and fate choices in the context of a particular 

experiment over time using time-lapse microscopy and 3D (three 

dimensional) datasets of imaging (Kim et al., 2022). Manual 

annotation, which is labour-intensive, error-prone, and scale-limited, 

was formerly the norm for this work. By automating high-resolution 

examination of cell dynamics in developing embryos, lineage tracing 

has been revolutionised through the merging of Artificial Intelligence 

(AI) with improved microscopy (Mozaffar et al., 2022). The use of 

convolutional neural networks (CNNs) and recurrent neural networks 

(RNNs) and other deep learning techniques allows for the 

segmentation, tracking, and identification of individual cells across 

various phases of development. These models are capable of 

accurately recording cell divisions, geographical placements, and 

differentiation processes, and they can process terabytes of 3D pictures 

to construct lineage trees (Ocana et al., 2025). 

Using C. elegans, zebrafish, and mice as model animals, researchers 

have used AI-assisted lineage tracing to learn more about the processes 

and patterns of gene expression that govern the genesis of various 

tissues and organs. Live imaging of whole embryos with minimum 

phototoxicity is now possible because to the combination of artificial 

intelligence with fluorescence and light-sheet microscopy(Mohanan, 

2025). A real-time observation of morphogenesis over extended 

periods of time is now possible. To further understand the impact of 

both genetic and environmental variables on development, AI can also 

predict cell destiny decisions by combining lineage information with 

molecular markers (Cui et al., 2025). Artificial intelligence (AI) scales 

and automates lineage tracing, allowing developmental biologists to 

go beyond descriptive findings and into prediction models of 

organismal genesis, regeneration, and pathways of congenital diseases 

(Zhao et al., 2025). 

4.4. Microbiology and Virology 

Antimicrobial resistance (AMR) is a rising worldwide health 

problem, and artificial intelligence (AI) is quickly changing our 

capacity to detect, track, and research these viruses and bacteria. The 

shape, movement and interaction of microbes with host cells can be 

examined with much detail due to the mountain of data generated by 

current microscopy technologies such as live-cell imaging and 

fluorescent microscopy (Mohseni & Ghorbani, 2024). 

By combining AI with various imaging modalities, single-cell 

microbial behaviour may be analysed in real-time using high- 

throughput methods. Even in mixed populations, convolutional neural 

networks (CNNs) and other deep learning models can distinguish 

between viruses and bacteria by analysing minor morphological and 

staining variations. Artificial intelligence can also monitor their 

movement patterns in live-cell imaging, differentiating between 

infectious, inactive, or dormant stages(YEŞİLYURT, 2024). 

To avoid tedious manual counting, virologists are turning to AI- 

driven image analysis to track viral entrance, replication, and egress in 

host cells (Comas-Garcia, 2024; Luo et al., 2024). This allows for the 

measurement of infection rates and viral burden. Because they provide 

scalable and objective measures of viral infectivity, these instruments 

are vital in the screening of antiviral drugs and in the creation of 

vaccines (Zhao et al.) . 

The detection of antimicrobial resistance is among the numerous 

significant applications of AI-microscopy integration. Morphological 

alterations, including filamentation, lysis and altered growth 

dynamics of drug-exposed bacteria, can be rapidly predicted using 

artificial intelligence to determine their phenotype of antibiotic 

sensitivity or resistance (Ray et al., 2025). When machine learning 

models that are trained on annotated microscopy datasets find 

resistant pathogens quicker than traditional culture-based methods, 

time to clinical decision-making is radically shortened. Moreover, we 

can optimise antibiotic treatment regimens by using AI with 

microfluidics and time-lapse microscopy to monitor bacterial 

responses to multiple drugs at the same time. Complex microbial 

communities include soil and human gut microbiota; AI can also be 

used in metagenomic microscopy, which can be used to identify 

resistant species (Oon et al., 2023). 

Epidemiological monitoring, infection management, and the 

worldwide fight against antimicrobial resistance rely heavily on these 

capacities (Markandan et al., 2024). To summarise, cutting-edge 

microscopy and artificial intelligence have paved the way for new 

possibilities in infectious disease research and microbiology, such as 

tailored antibiotic treatment, real-time pathogen surveillance, and 

microbial diagnostics (Sandbrink, 2023). 

4.5. Drug Discovery and Toxicology 

The use of advanced microscopy and Artificial Intelligence (AI) have 

accelerated the drug discovery and toxicology process by a 

significant margin in such domains as chemical profiling and high-

content screening (HCS) (Koteluk et al., 2021). For the purpose of 

assessing the impact of hundreds of chemical compounds on cellular 

structures, organelles, and molecular pathways, HCS is an effective 

imaging-based approach that merges automated microscopy with 

multiparametric data analysis (Ari Yuka et al., 2023). Screening 

times, accuracy, and sensitivity are all greatly improved with the help 

of artificial intelligence (AI) and machine learning (ML) algorithms 

when applied to this setting. These algorithms are capable of 

automatically identifying the relevant phenotypic properties of large 

data sets of images such as nuclear shape, mitochondrial integrity, 

cytoskeletal changes and organelle distributions (Taha et al., 2022). 

It has been demonstrated that deep learning models, including 

convolutional neural networks (CNNs), can accurately detect minute 

morphological alterations caused by potential drugs, which might be 

an indication of their toxicity or therapeutic effectiveness (Hussain, 

Rehman, et al., 2022). These models are used to reveal the action 

mode of compounds even in the absence of prior molecular 

knowledge because the effects of human bias are removed and these 

models allow objective phenotypic grouping. Cell-type specific 

toxicity predictions, where AI can be used to predict the toxicity of 

numerous cell types, are one of the key features of personalized 

medicine (Rafeeq, Afsheen, et al., 2023). 

Artificial intelligence (AI)-enhanced picture analysis in toxicological 

evaluations identifies apoptosis, DNA damage, early cellular stress 

indicators, and ROS generation, which serve as precursors to cell death 



(Rafeeq, Hussain, et al., 2022). The kinetics of drug action and off- 

target effects can be better understood with the use of time-lapse 

microscopy in conjunction with AI models, which enable real-time 

dynamic tracking of drug-induced effects(Ghani et al., 2019). 

To further enhance compound profiling, AI enables the integration of 

imaging data with other omics layers like as transcriptomics, 

proteomics, and metabolomics. This multi-modal strategy improves 

the prioritisation of medication candidates and aids in the 

identification of synergistic drug combinations or negative drug 

interactions (L. Wang et al., 2022). Optimising lead compounds is 

made easier with the use of AI, which also deconvolutes complicated 

phenotypes induced by polypharmacological agents. Screening huge 

chemical libraries at low cost and reusing FDA-approved medications 

are both made possible by the scalability of AI-driven HCS systems. 

Toxicology data from the past may be used to train AI models that can 

aid in predicting toxicology frameworks; this helps to lessen the need 

for animal testing and improve safety evaluations (Bashiruddin et al., 

2024). 

4.6. Precision Medicine 

The goal of precision medicine is to personalise healthcare by 

analysing a patient's unique genetic makeup in addition to their 

environmental and lifestyle variables. This method relies heavily on 

precise biomarker, tissue morphology, and cellular behavior-based 

patient stratification and diagnosis (Hussain, Rafeeq, Asif, et al., 2021; 

Saeed et al., 2023). A game-changer in this field, the combination of 

AI with state-of-the-art microscopy and imaging diagnostics has 

provided potent resources for the development and tracking of 

individualised treatment plans (Hussain, Rafeeq, Qasim, et al., 2021). 

Digital pathology, fluorescent microscopy, super-resolution imaging, 

live-cell imaging, and other advanced microscopy methods produce 

complex biological pictures that may be analysed by AI-driven 

imaging diagnostics (Alexandrov, 2020). These models have the 

ability to identify and measure microenvironmental signals, chromatin 

patterns, nuclear atypia, and membrane abnormalities that are often 

invisible to the naked eye. Accurate identification of disease 

subgroups, phases of development, and indications of therapy 

response is made possible with the use of such high-dimensional 

insights (Jamshidi et al., 2020). 

An example is takecology. Histopathology analysis AI has been 

demonstrated to be useful in molecular subtyping breast, lung and 

prostate cancer, predicting hormone receptor status, and estimating 

the population of immune cells that infiltrate tumours (J. Xu et al., 

2023). Oncologists use these findings to determine which chemo, 

immuno, or targeted treatments are best for their patients. Moreover, 

AI has the ability to improve prognostic models by combining 

image-based characteristics with genetic or proteomic data. This 

improves risk assessments and treatment decisions.  

When applied to high-resolution photographs of brain tissue, AI 

models can identify amyloid plaques and Lewy bodies, two 

pathological alterations that manifest before any clinical symptoms 

appear in neurodegenerative disorders like Alzheimer's and 

Parkinson's. This opens the door to early intervention options that are 

customised to each person's vulnerability and illness stage (Watkins, 

2022). Imaging of smooth muscle cells and endothelial cells analysed 

by artificial intelligence might foretell changes in atherosclerosis and 

vascular remodelling in cardiovascular medicine, allowing for the 

individualised prescription of statins or surgical procedures. 

Crucially, tests that use AI also enhance therapy monitoring. Real-time 

visualisation of drug (Petrosino, 2018) response at the single-cell level 

is now possible because to a combination of time-lapse and live-cell 

imaging with AI algorithms. Thanks to this dynamic profile, 

physicians can quickly determine which patients are responding to 

therapy and which are not, allowing them to tailor their care and 

minimise the risk of side effects from ineffective or harmful 

drugs(Sadanov et al., 2025). 

Another important use case is in the diagnosis and treatment of 

uncommon and diverse illnesses, which are made more difficult by a 

lack of patient data (Tugizimana et al., 2020). With the use of learning 

from common imaging and clinical traits, AI can generalise across 

limited datasets. This means that it can provide diagnostic aid and 

personalised therapy suggestions, even for rare disease groups. In 

addition, by connecting portable imaging devices to AI tools in the 

cloud, AI can provide point-of-care precision diagnoses (Rafeeq et al., 

2024). Particularly helpful in areas with limited resources, this ensures 

that everyone has fair access to individualised healthcare. 

5. Challenges and Limitations 

5.1. Data Quality and Annotation Bottlenecks 

The enormous promise of merging AI with high-tech microscopy in 

the biological sciences is mostly unfulfilled due to the fact that data 

quality and annotation constraints are major obstacles to broad 

implementation (Rafeeq et al., 2024). Due to differences in imaging 

modalities, sample preparation, staining procedures, resolution 

settings, and equipment calibration, datasets produced by microscopy 

are intrinsically complicated and varied. Artificial intelligence (AI) 

models' performance and generalisability might be severely 

compromised by inconsistencies caused by this unpredictability 

(Rafeeq, Qamar, Nguyen, et al., 2022). 

A major obstacle is the dearth of well annotated datasets of high 

quality. In order for deep learning algorithms, such as convolutional 

neural networks (CNNs), and supervised machine learning to learn 

useful features and provide reliable predictions, massive amounts of 

labelled photos are necessary (Afsheen et al., 2022). On the other hand, 

you'll need domain-specific knowledge and a lot of manual labour to 

properly categorise biological photos. Annotating biological images 

requires the tedious and error-prone process of precisely outlining 

features like nuclei, organelles, or tissue borders, in contrast to general 

image recognition tasks (Nazir et al., 2025). 

Moreover, publicly available life science benchmark datasets are not 

diverse, and are generally highly specific and focused on a specific 

cell type or experimental condition, and do not reflect the real world. 

This impedes the training of the model as well as its transferability to 

other applications. Worse still, there are no universally endorsed 

techniques of annotating or obtaining images, and as a result, it is 

impossible to compare the findings of various studies or transfer 

models between various organisations. (Hussain, Rafeeq, et al., 

2022). Major Challenges in AI-Microscopy Integration and Their 

Emergingare show in Table 4. 

To overcome these challenges, it is important to work collectively to 

deliver open-access, annotated datasets that address a wide range of 

biological systems and imaging situations. Moreover, one can reduce 

the use of manually labeled data by encouraging methods such as the 

use of generative adversarial networks (GANs), synthetic data 

generation, active learning and semi-supervised learning (Chan et 

al., 2023). Some challenges are also summarized in Figure 5. 

Unlocking the full potential of AI in microscopy-driven life sciences 

research will remain obstructed until these obstacles are solved, which 

are related to data quality and annotation. 



Table 4: Major Challenges in AI-Microscopy Integration and Their Emerging 
 

Challenge Description Emerging Solution Remarks 

Data Annotation Bottleneck Scarcity of high-quality labeled datasets Few-shot learning, self- 
supervised learning 

Reduces dependency on large 
annotated datasets 

Model Interpretability 
(Black-box nature) 

Difficulty in understanding AI decision- 
making processes 

Explainable AI (XAI), 
attention mechanisms 

Enhances trust, especially for 
clinical applications 

Hardware & Computational 

Limitations 

Need for GPUs, high memory for 3D 

and real-time data 

Edge computing, cloud-based 

processing 

Makes AI workflows more 

scalable and accessible 
Integration Across 
Platforms 

Lack of interoperability between 
software/hardware systems 

Open-source toolkits, API 
standardization 

Promotes reproducibility and 
workflow efficiency 

Ethical & Regulatory 

Barriers 

Issues with data privacy, bias, and 

validation for clinical use 

Federated learning, privacy- 

preserving models 

Ensures ethical compliance and 

data protection 
Limited Generalizability of 

Models 

Models trained on specific datasets 

perform poorly on new data 

Domain adaptation, transfer 

learning 

Increases robustness and 

applicability across settings 

5.2. Model Interpretability and Validation 

One of the primary reasons to be concerned about the 

implementation of AI in life science processes, especially 

microscopy, is the obscure nature of some AI models. Just a few 

examples of the impressive outcomes of deep learning models, in 

particular CNNs and transformer architectures, are image 

segmentation, classification, and phenotypic characterization (Coclet 

et al., 2024). However, these models are sometimes difficult to 

comprehend by academics and physicians when making judgements 

or predictions due to their opaqueness. This lack of interpretability is 

a major impediment to trust, regulatory approval and clinical 

acceptance in sensitive areas such as as diagnostics, medication 

development, and disease modelling. Users ought to understand the 

exact features or portions of an image that made an AI system to 

classify a tissue picture as cancerous. Researchers might not be 

willing to rely on AI results to provide essential information, and 

doctors might not be willing to rely on results that are hard to 

comprehend (Bernasconi et al., 2022). 

In addition, biological systems are very dynamic and intricate, making 

erroneous predictions quite dangerous. Due diligence in validating AI 

models across various datasets, imaging platforms, and biological 

circumstances must be adhered to. The generalisability, repeatability, 

and robustness of models should be checked, and their performance 

should be compared to both human experts' opinions and 

predetermined standards (Marcos-Zambrano et al., 2021). 

 

 
Figure 5: Some challenges of AI and their emerging solutions (AI 

ChatGpt-5.0) 

A number of new methods are being used to make models easier to 

understand by drawing emphasis to the parts of images that matter the 

most to the model's decision-making process. These include attention 

maps, saliency maps, class activation maps (CAMs), and SHAP 

(SHapley Additive exPlanations) (Hasselgren & Oprea, 2024). To 

further close the gap between model performance and interpretability, 

explainable AI (XAI) frameworks are also being developed . 

The development of trust and the assurance of dependable 

deployment in the life sciences depend on the improvement of AI 

model validation and transparency. Scepticism and regulatory 

obstacles may limit artificial intelligence's transformational potential 

in microscopy and beyond if it cannot be understood. 

5.3. Hardware and Computational Constraints 

A major obstacle to wider deployment of AI is the high hardware and 

computing resource requirements for integrating AI with sophisticated 

microscopy in the biological sciences. Big, high-resolution 

microscopy datasets, especially those including 3D pictures, time- 

lapse sequences, and real-time imaging streams, are notoriously 

difficult to analyse due to the enormous amounts of memory and 

computing power needed (Sakaguchi et al., 2024). 

The volumetric data generated by 3D imaging techniques such as 

confocal, light-sheet and electron tomography, may be gigabytes to 

terabytes in size. To process deep learning models on this data, 

especially on activities such as tracking objects, denoising or 

segmentation, the state-of-the-art GPUs with abundant memory are 

needed. More so, despite the parallelism and streamlined structures, it 

can take days or weeks to train complex neural networks using such 

data (Vilne et al., 2019). 

The need for quick and low-latency inference is paramount in real- 

time applications like surgical diagnostics and live-cell imaging. 

Accurate predictions from AI models need to be delivered in 

milliseconds to seconds at the latest (Vilne et al., 2019). As a result, 

the design of the system must be robust, with features such as rapid 

I/O systems, high-bandwidth memory, low-latency data pipelines, and 

powerful GPUs (Mirzaei et al., 2021). 

These limitations may limit access in particular in cases with limited 

resources, such as smaller research laboratories or clinical Centres in 

underdeveloped regions. There are environmental and financial 

considerations with high-performance computer infrastructures due 

to their energy usage and upkeep (Al-Amran et al., 2023). 

Reducing the effects of these challenges can be done by model 

compression, quantisation and edge-optimized, lightweight neural 

networks. Cloud-based AI or federated learning models may be 

interesting options to provide solutions that can be remotely 

processed without overloading the local infrastructure (Maina et al., 

2024). Concerns about data privacy and transmission speeds persist, 

though. 

Overcoming hardware and computational limitations is crucial for 

making AI-powered microscopy accessible to more people and 

realising its full promise in a wide range of life science applications. 



5.4. Integration and Standardization Issues 

Although significant strides have been made in the integration of AI 

in microscopy-based life sciences, one of the most significant 

challenges that remains an issue is the absence of interoperability and 

standardisation between systems, imaging methods and data formats. 

Examples of the large number of microscopy methods employed in 

the life sciences include, but are not limited to: fluorescence, 

electron, super-resolution and live-cell microscopy  (Wattam et al.). 

Each of these methods has its own unique set of requirements for 

hardware setup, file formats, picture resolutions, and metadata 

standards. The difficulty in deploying AI models and generalising 

analytical procedures across diverse laboratories and institutions is 

exacerbated by this variability(Bianconi et al., 2023). 

In reality, a lot of AI models are trained on one-of-a-kind datasets and 

imaging systems, which might not work with data from other sources. 

Models may not perform well when used in a different environment 

than their initial training context because to differences in sample 

preparation procedures, magnification levels, and channel settings 

(Afonso & Afonso, 2023). In addition, data exchange and 

interoperability are hindered since imaging software and microscope 

makers frequently employ proprietary formats and closed-source 

technologies. This means that in both clinical and translational 

settings, issues with AI solutions' scalability and repeatability are of 

paramount importance (Sharma et al., 2022). 

An further complication is the absence of standardised pipelines for 

preprocessing, annotation, training models, and interpreting results. 

Researchers frequently construct unique procedures that are difficult 

to modify or reuse, leading to isolated innovation in silos (Vemulavada 

et al., 2024). Fragmentation hinders creation of strong, community- 

validated AI technologies and slows down overall progress (Fallah et 

al., 2024). 

Open standards in bioimage informatics have been promoted by 

worldwide collaborations and consortia in response to these problems. 

Efforts are being made to advance interchangeable data formats and 

metadata standards through initiatives like the Open Microscopy 

Environment (OME), Bio-Formats, and the Image Data Resource 

(IDR). Data usefulness for AI applications may be enhanced by 

standardising annotation criteria and adopting frameworks like the 

FAIR principles (Sprindzuk et al., 2021). In addition, containerised 

tools and cross-platform AI development environments are starting to 

appear as viable options for guaranteeing deployment flexibility and 

reproducibility (e.g., Docker, Singularity). Additionally, cloud-based 

systems provide integrated settings for imaging data, computing 

resources, and ML models to communicate with one another. 

5.5. Ethical and Regulatory Considerations 

There are several ethical and regulatory concerns that need resolving 

in order to guarantee the proper deployment of artificial intelligence 

(AI) as it continues to transform the field of life sciences based on 

microscopy. Privacy of data, repeatability of AI-driven outcomes, and 

adherence to clinical approval procedures are among the most 

important considerations (Van Den Bossche et al., 2025). 

The use of AI algorithms on patient-generated biomedical imaging 

data is highly questionable in terms of data privacy. High-resolution 

images obtained using methods such as in vivo fluorescence 

microscopy or histopathology are often comprised of biological or 

otherwise identifiable information (Huang et al., 2023). Data 

protection legislation such as the General Data Protection Regulation 

(GDPR) in Europe and the Health Insurance Portability and 

Accountability Act (HIPAA) in the US create major issues around the 

storing, processing, and sharing of such data. Strict access 

restrictions, anonymisation of data, and secure data management are 

necessary to avoid breaches and 

abuse (Bolduc et al., 2021). Additionally, end-to-end encryption and 

compliance monitoring are required due to the increased reliance on 

cloud-based AI processing, which adds new levels of vulnerability. 

An further moral need is reproducibility. Because of the lack of 

openness and the use of private datasets to train AI models, it is 

difficult for other researchers to verify or reproduce results in the life 

sciences (Vamathevan et al., 2019). Because of this, people may place 

too much faith in AI results without properly evaluating them. 

Transparent documentation of model designs and training parameters, 

Open-access datasets, and common benchmarking tools are vital for 

ensuring repeatability. The provision of interpretable decision-making 

processes is another way in which initiatives advocating explainable 

AI (XAI) help to repeatability (Behl et al., 2021). 

One of the biggest regulatory obstacles is getting clinical approvals. 

Before AI-driven microscopy tools can be used to diagnose or plan 

therapy, harsh scrutiny by health authorities such as the FDA (US) or 

EMA (Europe) is required. Besides accuracy and efficiency, the tests 

also verify the ability of the models to perform in other populations 

and imaging environments (Kang et al., 2023). To get the green light, 

you need to prove that it works for other people, record your testing 

and training procedures, and conduct thorough clinical validation 

(Kumawat et al., 2023). 

Other ethical elements of AI implementation are ensuring justice and 

preventing algorithmic bias. Training datasets that are not accurate 

can exacerbate healthcare inequalities, including the absence of 

representation of a particular group. 

6. Emerging Trends and Future Perspectives 
6.1. Self-supervised and Few-shot Learning Models 

Data processing and interpretation have been greatly enhanced by the 

rapid incorporation of artificial intelligence in biological sciences 

based on microscopy. A single challenge, however, has not 

disappeared: deep learning models need large data volumes, lots of 

annotations. Strong model training with little labelled data is now 

possible with the help of self-supervised and few-shot learning 

paradigms, which are a response to this problem (Bommanapally et 

al., 2024). 

Self-supervised learning (SSL) eliminates the need to manually 

annotate data when the data attribute is replaced by surrogate tasks 

that the model can solve, based on the data attributes inherent in the 

data. As an example, microscope images can be used to train models 

that predict inpainting, picture rotations, spatial correlations or 

missing parts. After learning generalised feature representations with 

large amounts of unlabelled data with these pretext tasks, the model 

can be fine-tuned to specific downstream tasks, such as 

segmentation, classification, or anomaly detection. Because of the 

use of the SSL, the process of data labelling is significantly 

simplified at a reduced cost without being inaccurate (Chen et al., 

2024). 

Few-shot learning (FSL), on the other hand, tries to induce models to 

generalise on the limited annotated instances. In rare cell types or 

imaging modalities, or in the diagnoses of rare diseases, this can be 

very useful. The fast support learning algorithms (FSL) such as 

prototype networks, meta-learning networks, and matching networks 

can perform well on new classes with less training data, since they 

are based on the previously learned information of previous tasks or 

domains. To this end, quick adaptability to novel biological 

conditions or imaging variations can be obtained in microscopy 

without needing significant retraining (Liu et al., 2022). 



The use of SSL and FSL together is becoming more common in live- 

cell imaging, the categorisation of unusual phenotypes, and the 

investigation of tissue morphology. These methods enhance model 

efficiency and broaden the use of AI in contexts with limited access to 

annotated data, including developing research areas or low-resource 

laboratories (Yu et al., 2021). 

Problems with generalisability, model stability, and pretext task 

selection persist despite their promise. With the use of domain-specific 

information, future advances should provide hybrid models that can 

combine SSL and FSL frameworks without a hitch (Alam & 

Chowdhury, 2020). 

6.2. Multimodal and Cross-platform Imaging 

Integrating data from many imaging techniques and platforms to 

offer a holistic view of biological structures and processes, 

multimodal and cross-platform imaging is a revolutionary step 

forward in the life sciences. Using a combination of multiple imaging 

modalities, researchers can study biological processes at varying time 

and space scales. Such methods are optical microscopy, EM, 

fluorescence imaging, MRI, and MSI. This integrated approach 

offers a more comprehensive view of complex systems than either of 

the modalities could alone due to better resolution, contrast, and 

contextual interpretation (Alam & Chowdhury, 2020). 

One example is the simultaneous revelation of molecular dynamics 

and ultrastructural context achieved by combining super-resolution 

fluorescence microscopy with electron microscopy. Similarly, 

researchers may see morphological changes and cellular metabolism 

simultaneously with label-free Raman spectroscopy and live-cell 

imaging (Ferreira & Carneiro, 2025). When studying molecular 

function and structural organisation is crucial, as it is in cancer 

biology, developmental biology, neurology, and infectious disease 

research, these multimodal approaches really shine. 

Importantly, AI plays a role in this field. Problems like spatial 

misregistration, contrast variations, and different resolutions are no 

match for the alignment, fusion, and analysis capabilities of deep 

learning algorithms applied to multimodal datasets. In addition to 

facilitating automated annotation, segmentation, and pattern 

recognition, AI helps in detecting traits across platforms that are 

physiologically relevant (J. Wang et al., 2022). Data synchronisation 

between various hardware platforms, imaging software, and data 

formats is an additional challenge of cross-platform imaging. 

Discordances may arise due to differences in sample handling, 

magnification, and sensor properties. This is why researchers are 

working on standardisation tools driven by AI to help with things like 

normalising inputs and extracting similar characteristics from different 

types of data (Ashraf et al., 2024). Still, getting to complete 

interoperability and consistent data interpretation isn't easy, even with 

these improvements. In order to make platform integration easier, 

effort is now ongoing to provide open-source frameworks and 

common data standards. Some community-driven initiatives that are 

working to fill these gaps include the BioImage Model Zoo and the 

OME-NGFF (Shahab et al., 2025). 

6.3. Real-time AI for In Vivo Microscopy 

The advent of real-time artificial intelligence for in vivo microscopy 

has opened up new possibilities in biomedical imaging, allowing for 

the rapid and accurate observation of biological processes as they 

occur in live creatures (ZAMEER et al., 2024). Real time AI In-vivo 

are shown in Figure 6. In order to keep up with the ever-changing 

cellular or subcellular processes, traditional in vivo imaging methods 

like two-photon, confocal, and light-sheet microscopy produce 

enormous data streams that necessitate quick processing. Addressing 

these needs, real-time artificial intelligence (AI) is integrated into 

imaging systems to enable decision-making, interpretation, and 

analysis of images in real-time (Ligeti et al., 2024). 

 

Figure 6: Real Time AI for In-Vivo microscopy (AI ChatGpt-5.0) 

Already AI algorithms, especially the deep learning-based ones, can 

perform denoising, segmentation, cell tracking, and feature 

extraction. On one hand, recurrent neural networks (RNNs) can 

monitor changing behaviours like cell migration or calcium 

signalling; on the other hand, convolutional neural networks (CNNs) 

and models based on transformers may rapidly divide up tissues or 

cells (G. Xu et al., 2023). By providing feedback on experimental 

manipulations like laser ablation or optogenetic stimulation, this 

real-time analysis improves visualisation and creates a feedback loop 

(Rasheed et al., 2020). 

The ability to detect neuronal firing patterns and synaptic activity 

fast is essential in studying the brain and behaviour, and 

neuroimaging is one of the most significant applications of real-time 

AI in microscopy of the brain in vivo. Likewise, artificial intelligence 

based intravital microscopy can be used to assist cancer researchers 

identify tumour cell invasion, angiogenesis, and medication 

responses in real time, which can be translated into more specific 

interventions (Wang et al., 2023). 

Two applications of real-time AI to developmental biology are 

embryonic morphogenetic movements and cell lineage tracking. In 

clinical scenarios such as endoscopic or intravital microscopy in 

surgery, AI enhances the accuracy of diagnoses of cancerous cells or 

tracks samples in real-time by highlighting them (Förstner et al., 

2023). 

On the other hand, there are a lot of technological hurdles to 

overcome when putting real-time AI into action, such as managing 

heat, data flow restrictions, and high GPU demands. In addition, to 

ensure an effective feedback and visualisation, delay between picture 

collection and inference should be minimal. To some extent these 

barriers have been broken by the recent advances in edge computing 

and specialised hardware accelerators such as Tensor Processing 

Units (Lund et al., 2024). 

6.4. Cloud-based Platforms for Collaborative Annotation 

In the age of huge biomedical data, cloud-based systems for 

collaborative annotation are becoming an essential component of the 

infrastructure for integrating artificial intelligence with sophisticated 

microscopy (Ritsch et al., 2024). To train AI models for tasks like 

segmentation, classification, object recognition, and feature 

quantification, precise annotation is becoming more important as 



microscopy methods produce terabytes of complicated image data. 

The problem is that manual annotation takes a lot of time, requires a 

lot of labour, and isn't always consistent amongst users and institutions 

(Rambaut et al., 2016). By allowing teams located in different 

locations to access, annotate, and organise microscopy results in real- 

time, cloud systems provide a collaborative and scalable solution. 

 

Annotation tools, version control, and AI-assisted recommendations 

to speed up labelling are common features of these platforms. A few 

examples are the Computer Vision Annotation Tool (CVAT), 

Labelbox, Fiji/ImageJ with cloud extensions, and more specialised 

systems such as QuPath, Apeer, and OMERO. A few of these systems 

are compatible with AI pipelines and can handle high-resolution, 

multi-dimensional datasets. This means that you can train and validate 

models instantly on the platform (Rafeeq, Hussain, et al., 2023; Wood 

et al., 2021). Domain experts (such as histopathologists, 

neuroscientists, and cell biologists) may offer nuanced annotations to 

increase model accuracy and generalisability using cloud-based 

annotation, which is a huge advantage. Annotation standards may be 

achieved by the use of standardised protocols, measurements for inter- 

rater dependability, and features that establish agreement on these 

platforms (Rafeeq et al., 2021). 

Cloud computing also allows for continuous learning, which means 

that models may be incrementally retrained to improve performance, 

particularly in image categories that are under-represented or 

infrequent, as the amount of annotated data increases (Rafeeq, Qamar, 

Munir, et al., 2022). Even smaller laboratories without state-of-the-art 

local equipment may join large-scale collaborative AI projects because 

to the connection with cloud-based computing resources like Google 

Cloud, Amazon Web Services (AWS), and Microsoft Azure. When 

dealing with sensitive information like clinical imaging data, there are 

additional concerns about data privacy, secure sharing methods, and 

regulatory compliance that arise with cloud-based platforms, 

notwithstanding their benefits (Qamar et al., 2020). To tackle these 

issues, solutions such as encrypted data pipelines and federated 

learning are in the works. To summarise, microscopy data labelling 

and sharing is being transformed by cloud-based annotation tools, 

which are also facilitating international cooperation and speeding up 

the creation of reliable, broadly applicable AI models in the life 

sciences. 

6.5. Open-source Toolkits and AI Repositories 

In order to make advanced AI capabilities available to more people, 

especially in the biological sciences and microscopy, open-source 

toolkits and AI libraries are crucial. Segmentation, classification, 

object tracking, and denoising of microscope images are just a few of 

the AI activities that developers, researchers, and doctors may use 

these platforms to implement, tweak, and enhance. Rapid innovation, 

repeatability, and transparency in scientific procedures are ensured by 

the collaborative nature of open-source ecosystems. 

I. DeepImageJ 

Integrating pre-trained deep learning models directly into microscopy 

operations is made possible with Deep ImageJ, an intuitive plugin for 

ImageJ/Fiji. Segmentation and restoration models may be exported 

from TensorFlow and PyTorch using this tool. 

https://deepimagej.github.io/deepimagej/ 

II. Cellpose 

Cellpose is a generalist, deep learning-based segmentation tool for 

cells and nuclei, offering robust performance across multiple cell types 

and imaging modalities. https://www.cellpose.org/ 

III. Stardist 

Stardist is specialized for object detection using star-convex shape 

modeling. It excels in detecting nuclei and organelles in microscopy 

images. https://github.com/stardist/stardist 

IV. Ilastik 

A machine learning-based tool offering easy interactive workflows for 

segmentation, classification, and object tracking, especially useful for 

non-programmers https://www.ilastik.org/ 

V. BioImage Model Zoo 

An open repository for pre-trained deep learning models that can be 

used across multiple platforms (e.g., DeepImageJ, ilastik, 

ZeroCostDL4Mic). https://bioimage.io/ 

VI. Zero Cost DL4 Mic 

A Google Colab-based platform that provides free access to deep 

learning workflows for denoising, segmentation, and restoration— 

ideal for labs with limited computational resources. 

https://github.com/HenriquesLab/ZeroCostDL4Mic 

VII. Napari 

An interactive, Python-based image viewer designed for large, 

multidimensional images. It supports plugins for real-time AI model 

inference and annotation. https://napari.org/ 

7. Conclusion 

Integrated artificial intelligence (AI) and advanced microscopy have 

ushered in a new and revolutionary era in the field of life sciences. 

Researchers may now investigate biological systems with hitherto 

unseen precision and depth thanks to the integration of high- 

resolution, dynamic imaging modalities with the computational 

prowess of machine learning techniques. AI-assisted microscopy has 

expanded the scope of detectable and quantifiable, as well as 

comprehensible, data in foundational and translational studies in 

diverse domains, such as cell segmentation, organelle tracking, 

cancer histology, and embryo development. New trends have 

significantly increased the quality and pace of imaging whilst 

minimizing the effects of bias and mistake of human interference. 

They are AI-based denoising, super-resolution reconstruction, and in 

vivo analysis in real-time. With the use of democratised AI tools like 

Cellpose, ZeroCostDL4Mic, and DeepImageJ, even tiny laboratories 

may do deep phenotyping and high-content screening with very little 

computing resources. Artificial intelligence has also led to new fields 

of precision medicine, including the creation of patient-specific 

imaging biomarkers and more advanced diagnostic tools, which can 

be used to facilitate a personalized treatment strategy. It also plays a 

role in monitoring infections and antibiotic resistance contributing to 

the preparedness of the public health system and microbiological 

forensics.Despite these advances, there are still obstacles that must be 

overcome before artificial intelligence (AI) can reach its full 

potential in microscopy. Problems with data variability, inadequate 

annotations, and opaque models make it hard to scale and reproduce 

results. Particularly in contexts with limited resources, real-time, 

high- dimensional investigations are still hindered by computational 

and hardware limitations. Also, it's still not easy to integrate AI tools 

with different imaging systems and protocols; in fact, it usually 

requires a lot of customisation and knowledge. These obstacles 

highlight the need of maintaining funding for standardised, user-

friendly solutions that are also interoperable. 

https://www.cellpose.org/
https://github.com/stardist/stardist
https://www.ilastik.org/
https://bioimage.io/
https://github.com/HenriquesLab/ZeroCostDL4Mic
https://napari.org/


Collaboration across disciplines is crucial going ahead, not only 

advantageous. Computer scientists, engineers and physicians need to 
work together to produce algorithms, that are technically sound, 

therapeutically and biologically meaningful. The convergence of 

these areas will stimulate developments in algorithmic tools, 
annotation platforms and visualisation platforms. Training initiatives 

and collaborative research projects need to encouragement 

interdisciplinary fluency to enable early-career researchers to 
perceive AI as an analytical partner in discovery, instead of a black 

box. The launch of open data projects is also crucial. Faster and more 

diverse evaluation, training, and testing models in a broad spectrum 
of imaging environments and biological conditions through shared 

repositories, federated databases, and crowdsourced annotation 
platforms. More advanced infrastructures are also needed in the 

discipline to ensure real-time collaboration, metadata harmonisation, 

and privacy-compliant sharing, particularly when sensitive clinical 
data are involved, Bioimage Model Zoo, OMERO, and Napari are 

the best places to start. 

Last but not least, all phases of AI deployment should be guided by 

ethical concerns. Adherence to the rules, reusable pipelines and open 

model development should be emphasized particularly when AI is 
introduced into the disease-detecting procedures. The protection of 

patient information, minimization of bias, and explainable AI should 

be integral components of any biomedical AI system. To ensure AI 
systems are ethical and technically competent, we need to establish 

mechanisms for algorithmic accountability and third-party audits. 

Artificial intelligence and advanced microscopy represent a new 
technology in the sphere of biology and medicine. This synergy can 

be directly translated to clinical practice by improving visualization, 

automating analysis, and speeding up discovery. Artificial 
intelligence technology is also infiltrating the diagnostic setting in the 

real world and is also being used to diagnose diseases earlier, make 

more accurate prognostic assessments and tailor treatment plans in 
multiple diagnostic domains including oncology and pathology. The 

transition will not only change our perception of life on a 

fundamental level but also how we diagnose and treat disease in the 

clinical practice. Such potential, however, must be realized through a 

long-term, collaborative effort towards resilient, intelligible, and 

ethically deployed AI systems. 

In conclusion, microscopy-based artificial intelligence (AI) is about 
to revolutionise modern medicine and biology. It claims to simplify 

the complexity of the cellular and molecular compositions of life by 

improving visualisation, speeding up the discovery process and 
making it automable. Nevertheless, it takes a worldwide effort that is 

collaborative, ethical and driven by an uncommon desire to conduct 

open research to transform idea to reality. In the future, it would 
become a combination of smart programmes and new technology, 

and this would not only revolutionise our. understanding of life, but 

also our capacity to find it, diagnose and heal it. 
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