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AI-powered cell segmentation maintains accurate  
cell boundaries in the presence of bioparticles  
(phagocytosis assay)
The software was optimized to maintain accurate 
segmentation despite impurities, fibers, scratches, and 
biological particles. Figure 4 shows Raw264.7 macrophages 
exposed to 5 µg/mL pHrodo Red E. coli Bioparticles. These 
bioparticles are nonfluorescent at neutral pH but emit red 
fluorescence after internalization. Using cell-by-cell analysis, 
cells were classified by fluorescence: phagocytic cells are 
outlined in magenta, whereas nonphagocytic cells are 
outlined in blue (Figure 4A). Quantitative analysis showed a 
positive correlation between red fluorescence intensity and 
bioparticle concentration (Figure 4B). The percentage of 
phagocytic cells increased within one to three hours and then 
plateaued. At 5 µg/mL, ~ 95% of cells were phagocytic, and 

this fraction decreased with lower bioparticle concentrations 
(Figure 4C). Because segmentation remains stable in the 
presence of particles, fluorescence intensity can be quantified 
per cell across time without manual mask retuning.

AI-powered cell segmentation enables label-free cell 
counting and fluorescence-based cell classification in 
cytotoxicity assays
In Figure 5A, the yellow boundary outlines show that the 
software segments both normally proliferating A549 cells 
and rounded cells consistent with camptothecin-induced 
cell death. Although the current software version does not 
yet provide direct label-free live/dead calls (such as with two 
separate label-free masks), it supports fluorescence-based 
live/dead classification and subpopulation quantification 
using the cell-by-cell analysis feature (Figure 5B).  

Figure 4. Robust AI-powered cell segmentation enables accurate quantification of phagocytic cells. Raw264.7 cells are seeded at a density of 10,000 cells/well 
into a 96-well plate and incubated overnight. Then, pHrodo™ Red E. coli BioParticles were added into the wells at various concentrations (10 µg/mL to 0.63 µg/mL, 
1:2 dilution). (A) Representative images show RAW264.7 cells treated with 5 µg/mL bioparticles after 12 hours. The software accurately segments cells (yellow 
brightfield outline), while fluorescence classification distinguishes phagocytic cells (magenta outline, red fluorescence) from non-phagocytic cells (blue outline, 
no fluorescence). (B) Red total integrated intensity plot. (C) The percentage of phagocytic cells plot.
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This allows users to run a label-free segmentation workflow 
while optionally anchoring viability readouts to fluorescence 
markers, depending on assay needs.

We further evaluated whether AI-based brightfield 
object counts can quantify drug response. In Figures 
5C–E, brightfield object counts decrease with increasing 
camptothecin concentration, matching the trend in viable 
cell numbers measured by Agilent eLenti Red labeled nuclei. 
The RTCA eSight software calculated IC50 values of 3.05 nM 
(brightfield counts) and 2.74 nM (red counts) (Figure 5E). The 
close agreement supports the use of label free counts for 
quantitative drug effect assessment.

AI‑powered cell segmentation enables one‑click analysis 
of diverse drug‑induced cellular morphological changes
With traditional threshold-based workflows, drug-induced 
morphological changes often require extensive image-
processing parameter tuning and sometimes separate 
parameter sets for each treatment condition. The AI-powered 
segmentation workflow avoids this reoptimization: it runs 
with a single click, reduces user-introduced bias, and returns 
objective, accurate results. This is particularly useful in time-
lapse studies, where maintaining consistent segmentation 
across time points is critical for interpreting kinetic response 
profiles.

C. D. E.

A. B.

Figure 5. AI-powered cell segmentation enables quantifying the A549 cell response to camptothecin through cell counting and fluorescence-based live/dead cell 
classification. A549 red cells were seeded and treated with camptothecin (3 µM to 0.46 nM, 1:3 dilutions) after overnight incubation, and eTox green was used 
to selectively stain the nuclei of dead cells. Representative cell images 24 hours after treatment with a yellow brightfield segmentation mask and fluorescence 
classification masks (red = RFP+eTox-, orange = RFP+eTox+, green = RFP-eTox+, cyan = double negative) are shown (A). Cell subsets were classified based on red 
and green fluorescence using the eSight Cell-by-Cell Analysis function, and the percentage of subpopulations change over time (B). (C) Brightfield object count as 
a function of time. (D) Red object count as a function of time. (E) Dose-response curves generated from (C) and (D). 
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Figure 6. AI-powered cell segmentation simplifies compound evaluation in high-throughput 384-well microplates. HT1080 cells are seeded at a density of 
10,000 cells per well into a 384-well plate and incubated overnight. Then compounds were added to the wells at multiple concentrations. (A) Representative 
images were captured 64 hours post-treatment, featuring a yellow brightfield segmentation mask outline. (B) Time courses of brightfield object count display the 
concentration-dependent decrease in cell counts. (C) Dose-response curves generated from (B).

In Figure 6A, the software accurately segments HT1080 cells 
treated with six compounds (staurosporine, camptothecin, 
taxol, vinorelbine, doxorubicin, and MG 132) in a 384-well 
plate. Label-free cell counting reveals dose-dependent 
cytotoxicity for each compound (Figure 6B). Based on cell 
counts, the RTCA eSight software calculated IC50 values 
of 4.92, 7.06, 13.09, 2.25, 4.18, and 21.42 nM, respectively 
(Figure 6C).

Conclusion
The AI-powered cell segmentation feature integrates deep-
learning-based segmentation into the Agilent xCELLigence 
RTCA eSight system workflow to support reproducible, 
label-free analysis of time-lapse imaging datasets. It enables 
robust recognition and precise segmentation across 
heterogeneous cell morphologies, provides reliable cell 
counts, and supports quantitative analysis of proliferation 
and treatment response. In addition, AI-based segmentation 
can be combined with fluorescence classification to quantify 
live/dead subpopulations in toxicity assays and phagocytic 
cells in phagocytosis assays. By reducing manual parameter 
tuning and maintaining consistent segmentation across 
wells and time points, the workflow improves throughput and 
strengthens confidence in kinetic trends. The streamlined AI 
analysis workflow reduces the time required for traditional 
threshold-based analysis by 80%, minimizing user input while 
delivering more reproducible and unbiased results.
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