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Abstract
Organoids possess immense potential for unraveling the intricate functions of human tissues and facilitating preclinical dis‐
ease treatment. Their applications span from high-throughput drug screening to the modeling of complex diseases, with some 
even achieving clinical translation. Changes in the overall size, shape, boundary, and other morphological features of organ‐
oids provide a noninvasive method for assessing organoid drug sensitivity. However, the precise segmentation of organoids 
in bright-field microscopy images is made difficult by the complexity of the organoid morphology and interference, including 
overlapping organoids, bubbles, dust particles, and cell fragments. This paper introduces the precision organoid segmentation 
technique (POST), which is a deep-learning algorithm for segmenting challenging organoids under simple bright-field imag‐
ing conditions. Unlike existing methods, POST accurately segments each organoid and eliminates various artifacts encoun‐
tered during organoid culturing and imaging. Furthermore, it is sensitive to and aligns with measurements of organoid activ‐
ity in drug sensitivity experiments. POST is expected to be a valuable tool for drug screening using organoids owing to its 
capability of automatically and rapidly eliminating interfering substances and thereby streamlining the organoid analysis and 
drug screening process.
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1　Introduction

Because of their ability to mimic certain organs in structure 
and physiological function, organoids hold great potential for 
understanding the complex functions of human tissues and 
facilitating preclinical disease treatment [1, 2]. Applications 
range from high-throughput drug screening to complex dis‐
ease modeling, with some even reaching clinical translation. 
Specifically, organoids have been used to simulate complex 
tumor microenvironments to improve understanding of can‐
cer biology [3]. They can also serve as a platform for drug 
discovery by enabling researchers to assess the efficacy and 
toxicity of new therapeutic drugs [4]. However, current meth‐
ods for evaluating organoid drug sensitivity still have several 
limitations. Cell viability assays, such as those based on ad‐
enosine triphosphate (ATP) and cell counting kit-8 (CCK-8), 
are considered the gold standard for assessing organoid drug 
sensitivity [5]. ATP-based assays measure cell metabolism 
by quantifying the ATP level, which reflects the number of 
live cells. They require cell membrane lysis to release ATP, 
which results in cell death and limits the assessment to a 
single time point. Consequently, they cannot evaluate 
changes in cell viability over time, particularly before and af‐
ter drug treatment [6]. Furthermore, organoid systems typi‐
cally comprise diverse cell types with an extracellular matrix, 
secretions, cell-to-cell interactions, and dynamic changes in 
cellular states and the external environment. These complex 
components and variations can further interfere with the pre‐
cise measurement of ATP in organoid cultures [7, 8].

Morphological changes in the size, shape, boundary, and 
topological structure of an organoid are the most intuitive 
and effective indicators of its response to normal or drug-
induced conditions. The morphology reflects the organoid 
phenotype and can be conveniently and quickly observed by 
bright-field microscopy. However, analysis of bright-field 
microscopy images is more difficult than that of confocal-
based fluorescence images because of the limited informa‐
tion provided—unless complex processing techniques such 
as layered scanning and thresholds for filtering the back‐
ground are applied—as well as possible environmental fluc‐
tuations. In recent years, deep learning has become increas‐
ingly important for organoid analysis because it greatly im‐
proves the efficiency and accuracy of drug screening, dis‐
ease modeling, personalized treatment, and clinical diagno‐
sis [9–11]. In particular, the segmentation of organoids in 
bright-field images has become a research hotspot [12]. 
Gritti et al. [13] introduced MOrgAna, which utilizes logis‐
tic regression and a multilayer perceptron for organoid seg‐
mentation. However, their method has difficulty in captur‐
ing spatial information and lacks a strong nonlinear fitting 
capability when dealing with complex morphologies. Pow‐
ell et al. [14] proposed deepOrganoid, which is a cell 
viability model for matrix-embedded organoids based on 

bright-field imaging, but it is only suitable for simple imag‐
ing backgrounds. Matthews et al. [15] introduced OrganoID 
while Wang et al. [16] proposed RDAU-Net; both are based 
on the U-Net architecture, which focuses on pixel-level clas‐
sification. However, these models do not provide organoid 
instance segmentation and perform poorly in organoid 
overlap or occlusion cases. Lefferts et al. [17] developed 
OrgaSegment for instance segmentation and applied it to 
quantify cystic fibrosis transmembrane conductance regula‐
tor (CFTR)-dependent fluid secretion. However, their method 
is based on Mask region-based convolutional neural network 
(R-CNN), which may produce excessive detections when 
handling dense or overlapping targets and result in false 
positives or unclear segmentation. Additionally, OrgaSeg‐
ment is prone to missing smaller organoids and failing to 
capture fine details accurately when applied to segmenting 
complex morphologies or organoids with indistinct boundar‐
ies (Fig. S1 in the supplementary information).

Although various deep-learning algorithms have been ap‐
plied to organoid image analysis [6, 9, 10, 12, 18, 19], there 
is no universal and accurate algorithm to reliably analyze 
bright-field images for organoid-based drug screening ow‐
ing to the complexity of organoid morphologies [12]. The 
emergence of pretrained prompt models for image segmen‐
tation such as the segmentation anything model (SAM) [20] 
is promising, but their application in specialized fields such 
as for cell or organoid segmentation tasks remains limited be‐
cause of inadequate generalization [21, 22]. In this study, we 
developed the precision organoid segmentation technique 
(POST), which is an accurate algorithm for organoid seg‐
mentation of bright-field microscopy images. Unlike existing 
methods, POST not only ensures the precise segmentation of 
each organoid and the accurate extraction of its morphologi‐
cal data but also effectively addresses various challenges as‐
sociated with imaging artifacts and culture conditions in high-
resolution bright-field images. POST allows for both auto‐
matic and semiautomatic segmentation of various organoids 
under bright-field conditions by distinguishing individual or‐
ganoids using different colors (Fig. 1). We applied POST to 
three-dimensional (3D) organoids and demonstrated a high 
correlation between organoid morphological characteristics 
and viability. Thus, it is expected to be an effective and reli‐
able tool for drug prescreening under conventional or simple 
imaging conditions as well as a valuable complement for cell 
viability assessments in more challenging scenarios.

2　Results

2.1　Model design

POST (Fig. 2a) incorporates the zero-shot generalization, 
flexible prompts, and large-scale pretraining of SAM to 
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address the limitations of traditional segmentation models 
and comprises four key components. First, the image en‐
coder leverages a visual transformation (ViT) component to 
encode the input image into a latent feature embedding. Sec‐
ond, the automatic prompt generator generates precise loca‐
tion information for each organoid in the image, which is an 
essential input for downstream segmentation. Third, the 
prompt encoder generates sparse prompt embeddings for 
points or boxes or dense prompt embeddings for masks, de‐
pending on the input type. This flexibility allows POST to 
be applied to different targets. Finally, the mask decoder in‐
tegrates the image and prompt encoder embeddings to out‐
put a multichannel prediction mask. Given the high compu‐
tational load of SAM when applied to organoid segmenta‐
tion, we employed a distilled version with a higher process‐
ing speed called TinySAM for the mask decoder, and fine-
tuned it on organoid and cell datasets to improve the seg‐
mentation accuracy [20, 23].

The automatic prompt generator (Fig. 2b) combines ob‐
ject detection with an algorithm we developed called slice-
assisted inference that offers a generalizable pipeline for de‐
tecting dense and small targets. Various object detection 
models based on anchor boxes can be used as the organoid 
detector, such as you only look once (YOLO) [24]. 

Slice-assisted inference divides the original image into six 
or more smaller tiles with local overlap, which allows the 
organoid detector to focus on local regions. To prevent the 
loss of larger organoids due to the slicing process, global in‐
ference is performed on the entire image. Slice-assisted in‐
ference maintains efficient memory utilization during pro‐
cessing and can effectively meet the needs of high-
resolution image analysis without increasing the size of the 
model. Because the organoid detector detects multiple 
slices and the global image, many overlapping bounding 
boxes are inevitably generated. To address this issue, the au‐
tomatic prompt generator employs non-maximum suppres‐
sion based on distance intersection over union (DIoU-
NMS) as a filter, which is particularly suitable for occluded 
and overlapping organoids [25]. During organoid segmenta‐
tion, bubbles and other impurities in the images can greatly 
affect the detection accuracy. To address this issue, we col‐
lected many organoid images containing bubbles, added 
them to the training set, and trained the organoid detector to 
distinguish between bubbles and organoids. To improve the 
robustness of the organoid recognition performance, mul‐
tiple data augmentation operations (e.g., geometric transfor‐
mation and color transformation) were added to the auto‐
matic prompt generator. If the organoid detector identifies a 

Fig. 1  Segmentation of various organoids in a bright-field image. Different colors indicate individual organoids. (a) Time-lapse segmentation of 
liver cancer organoids at 2× magnification (scale bar: 1 mm). (b) Time-lapse segmentation of colorectal cancer organoids at 2× magnification 
(scale bar: 1 mm). (c) Segmentation of pancreatic cancer organoids in different fields of view at 4× magnification (scale bar: 500 µm). (d) Time-
lapse segmentation of lung cancer organoids at 4× magnification (scale bar: 500 µm). (e) Time-lapse segmentation of gastric cancer organoids 
at 4× magnification (scale bar: 500 µm). (f) Time-lapse segmentation of kidney cancer organoids at 10× magnification (scale bar: 200 µm). 
(g) Time-lapse segmentation of the interaction between two tumor spheres at 10× magnification (scale bar: 200 µm)
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target as a bubble, the result is discarded. Finally, precise or‐
ganoid bounding boxes are extracted and encoded as box or 
point prompts, which are passed to the mask decoder for 
subsequent segmentation.

2.2　Performance comparison

We evaluated the performance of POST by conducting 
comparative experiments on two publicly available cell seg‐
mentation datasets: MoNuSeg [26] and the 2018 Data Sci‐
ence Bowl (DSB) [27]. The MoNuSeg dataset was de‐
signed for nucleus segmentation and comprises 44 digital 
microscopic tissue images, of which 30 are training images 
and 14 are test images. The DSB dataset was designed for 
nucleus detection in diverse images and contains 670 im‐
ages, of which 620 are training and validation images, and 
50 are test images. In addition, we collected an organoid 
segmentation dataset containing 1362 bright-field images 
with approximately 388,000 organoids. The images in this 
dataset were randomly divided into 80% for training, 10% 
for validation, and 10% for testing.

POST was trained and compared with several other 
trained state-of-the-art instance and semantic segmentation 
models, including Stardist [28], Cellpose [29], U-Net [30], 
and SAM [20] (Fig. 3a). For consistency and fairness, we 
adopted the same experimental settings and segmentation 
parameters as those used in Refs. [20, 28–30]. For the test 
images, we compared the model predictions with the 

ground-truth masks at different matching accuracy thresh‐
olds based on the standard cross-linking metric (intersection 
over union (IoU)). The segmentation performance was 
evaluated by using the F1-score [30, 31]. For nucleus seg‐
mentation of the MoNuSeg dataset, Cellpose achieved the 
highest F1-score while POST performed second-best 
(Fig. 3b). For nucleus segmentation of the DSB dataset 
(Fig. 3c), POST performed the best although the differences 
among POST, Cellpose, and Stardist were marginal. In con‐
trast, POST achieved the best overall organoid segmenta‐
tion performance when applied to the third dataset of or‐
ganoid images (Figs. 3d and 3e). Stardist had difficulty in 
segmenting irregularly shaped, occluded, and overlapping 
organoids. Meanwhile, Cellpose utilizes a diameter param‐
eter that cannot cover the sizes of all organoids, which 
makes it easy for this algorithm to misidentify larger or 
smaller organoids. U-Net and SAM did not perform well 
on all three datasets. The poor performance of U-Net was 
attributed to its difficulty with distinguishing individual 
nuclei or organoids, which is a common limitation of se‐
mantic segmentation networks. SAM demonstrated poor 
generalization for both the nucleus and organoid segmenta‐
tion tasks.

2.3　Elimination of imaging challenges

While traditional cell images have stable and single mor‐
phological characteristics, bright-field images of organoids 

Fig. 2  Algorithm architecture and execution flow. (a) Framework of POST for segmenting any organoid in a bright-field image. The image is 
initially input into a frozen and parameterized image encoder to generate image embeddings efficiently. Meanwhile, the image is processed by 
the automatic prompt generator to generate prompt information, which is then processed by the prompt encoder to obtain prompt embeddings. 
Finally, both the image and prompt embeddings are input into the mask decoder to generate the final segmentation result. (b) Architecture of the 
automatic prompt generator. The input image is sliced and scaled, and then input into the organoid detector. The organoid detector merges 
detection boxes and filters impurities to output the center-point coordinates or bounding boxes of detected organoids
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are affected by various factors such as the culture environ‐
ment, imaging conditions, drug effects, and external light‐
ing. Therefore, images obtained under different conditions 
and at different magnifications will have many artifacts, 
such as organoid occlusion and overlap, out-of-focus organ‐
oids, huge morphological differences, bad lighting condi‐
tions, drug effects, dense distribution, sparse distribution, and 

impurity interference that are difficult for traditional image 
processing techniques and current artificial intelligence al‐
gorithms to handle [11]. We applied POST to various diffi‐
cult images and used the average precision metric (AP) to 
evaluate the performance (Fig. 4). POST achieved AP val‐
ues of 0.81 in the case of severe organoid occlusion and 
overlap (Fig. 4a), 0.78 in the case of out-of-focus organoids 

Fig. 3  Segmentation performance of different models (POST, Cellpose, Stardist, U-Net, and SAM) applied to three datasets (MoNuSeg, DSB, 
and organoid images). Intersection over union (IoU) was used to quantify the match between the predicted and actual masks, where 1.0 means a 
perfect pixel match and 0.5 means that the number of correctly matched pixels is the same as the number of missing and false positive pixels. 
The average precision score was calculated by integrating the precision-recall curve and was used to evaluate the segmentation performance.
The F1-score combines precision and recall, and was used to measure the model’s performance at the pixel level. (a) Segmentation images of 
models. (b) Nucleus segmentation performance for the MoNuSeg dataset. (c) Nucleus segmentation performance for the DSB dataset. 
(d, e) Organoid segmentation performance for the bright-field image dataset
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(Fig. 4b), 0.86 in the case of organoids of different sizes 
(Fig. 4c), 0.83 in the case of poor light sources or drug ef‐
fects (Fig. 4d), 0.87 in the case of dense organoids (Fig. 4e), 
and 0.89 in the case of sparse organoids and bubble interfer‐
ence (Fig. 4f). Owing to slice-assisted inference, POST was 
most accurate at identifying organoids of different sizes and 
with dense or sparse distributions. POST overcomes organ‐
oid overlap and occlusion by accurate boundary delineation. 
It corrects out-of-focus artifacts by using robust feature de‐
tection. It accommodates a nonuniform size distribution for 
reliable segmentation of different-sized organoids. It re‐
solves overcrowding through precise location. It counteracts 
light source influence and drug effects by data enhance‐
ment. It handles sparse distribution and impurity interfer‐
ence by utilizing slice-assisted inference and training on a 
large number of noisy samples.

2.4　Drug screening of pancreatic cancer 
organoids

Anticancer and chemotherapeutic drugs work by preventing 
the growth and division of cancer cells. We used POST to 
evaluate the effects of different clinically approved single/
combination doses of chemotherapeutic drugs on the 
growth rate of pancreatic cancer organoids. Pancreatic can‐
cer organoids were thawed and embedded in a 96-well plate 
matrix for 5 d. Five single-dose or combined-dose chemo‐
therapeutic drug regimens were applied: (1) 1 μmol/L gem‐
citabine; (2) 2.7 μmol/L erlotinib; (3) 5 μmol/L regorafenib; 
(4) 1 μmol/L gemcitabine+2.3 μmol/L 5-fluorouracil (5-FU); 
(5) 1 μmol/L gemcitabine+2.7 μmol/L erlotinib (Fig. 5a). 
Images of each well were captured in a z-stack by an opti‐
cal microscope at 4× magnification and a distance of 5 µm 

Fig. 4  Performance of POST against various organoid imaging challenges: (a) organoid overlap and occlusion; (b) out-of-focus organoids; 
(c) nonuniform size distribution; (d) light source and drug effects; (e) overcrowding; (f) sparse distribution and impurity interference
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(Fig. 5b). POST was then applied to automatically identify 
and segment each organoid (Fig. 5c). The segmentation re‐
sults were then compared with the organoid viability re‐
sults (Fig. 5d). The growth rates (Fig. 5e) indicated that 
the Erlotinib group grew better than the control group. 
While the Regorafenib group also grew, it was greatly in‐
hibited compared with the control group. The Gem‐
citabine, Gemcitabine+5-FU, and Gemcitabine+Erlotinib 
groups showed substantial reductions in the organoid 
growth rate, and the organoids even gradually shrank. The 
organoid growth rates of each group were then compared 

with the organoid activity (Fig. 5f) and showed a strong 
correlation. While the organoid viability test could only 
measure the whole well, POST could analyze each organ‐
oid and obtain the drug resistance performance of different 
organoids in the same well. For example, although the Er‐
lotinib group demonstrated higher activity and faster 
growth than the control group, approximately 1/4 of the or‐
ganoids did not show any growth advantages compared 
with the control group. In the Regorafenib group, although 
all organoids were growing, only some organoids showed 
a growth advantage compared with the control group. In 

Fig. 5  Application of POST to the automated analysis of anticancer drugs for their efficacy against pancreatic cancer organoids. (a) Organoid 
culture and treatment schedule. (b) Image acquisition and analysis (scale bar: 500 µm). (c) Segmentation results for the control group and drug-
treated groups (Gemcitabine, Erlotinib, Regorafenib, Gemcitabine+5-FU, and Gemcitabine+Erlotinib) (n=3 for each group) on Days 0, 3, and 
5. (d) Organoid viability test results of the control and drug-treated groups (n=3). (e) Changes in the overall organoid growth of different groups 
over time (i.e., area on Day x−area on Day 0; n=3). (f) Organoid growth rates (i.e., (area on Day x−area on Day 0)/area on Day 0×100%) and 
activities of each group. Each group contained approximately 1500 organoids. In the violin plot, the median is indicated by the center line, and the 
upper and lower quartiles are indicated by dashed lines. Data in (d, e) are expressed as mean±standard deviation. ***p<0.001 and ****p<0.0001
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other groups, most organoids were broken and shrank, and 
only a few were growing. These results showed that POST 
could be used to quantify morphological characteristics of 
each organoid such as the growth rate, which in turn could 
be used to infer the activity levels of organoids in different 
groups.

The organoid growth rate was found to follow a math‐
ematical distribution with a mode interval of 20–30 µm 
(Fig. 6). The efficacy of each drug affected the peak 
value, steepness, and flatness of the distribution. POST 
was applied to quantify the morphological characteristics 
of the organoids including the size distribution. As 

organoids increased in size, they decreased in number. 
The organoid size distribution did not change much after 
the application of a drug. Some organoids grew slowly; 
others began to shrink; most simply stopped growing. 
The higher activity of the Erlotinib group compared with 
the control group was reflected by a larger reduction of 
organoids in the size range of 10–40 µm and the increase 
in the number of organoids with a size of 40–200 µm. 
Compared with the control group, the drugs reduced the 
number of organoids in the size range of 10–40 µm and 
increased the number of organoids in the size range of 
40–50 µm.

Fig. 6  Size distributions of pancreatic cancer organoids in control and drug-treated groups on Days 0 and 5: (a) control; (b) Gemcitabine; (c) Erlotinib; 
(d) Regorafenib; (e) Gemcitabine+5-FU; (f) Gemcitabine+Erlotinib. One thousand organoids were randomly selected from each group for 
analysis (n=3). Data are expressed as mean±standard deviation. Organoids with sizes of 1–100 µm were divided into 10 intervals (10 µm belongs to 
the 1–10 µm group; 20 µm belongs to the 10–20 µm group; similar for the other groups), and organoids with sizes of 100–200 µm and >200 µm 
were each placed into additional stages. For each group, the largest number of organoids was in the 20–30 µm stage (i.e., mode interval)
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2.5　Drug screening of lung cancer organoids

Next, we applied POST to evaluate the effects of anticancer 
drugs on the morphology of lung cancer organoids that 
were thawed and embedded in a 96-well plate matrix for 

7 d. Five chemotherapy drug regimens were applied at con‐
centrations of 2 or 10 µmol/L on Day 0 (Fig. 7a). Images of 
each well were captured by an optical microscope at 10× 
magnification and a distance of 25 µm (Fig. 7b). POST was 
able to accurately identify and segment single/multiple 

Fig. 7  Application of POST to the automated analysis of anticancer drugs for their efficacy against lung cancer organoids. (a) Organoid culture 
and drug treatment schedule. (b) Image acquisition and analysis (scale bar: 200 µm). (c) Segmentation results for the control group and 10 drug-
treated groups (concentrations of 2 and 10 µmol/L, n=3) on Days 0, 3, and 7. (d) Viability results of the control and drug-treated groups (n=3). 
(e) Changes in the overall growth rates of different drug-treated groups over time (i.e., (area on Day x−area on Day 0)/area on Day 0×100%). 
(f) Organoid growth rate and organoid activity of each group (3–5 organoids for each group). Data in (d–f) are expressed as mean±standard 
deviation. ****p<0.0001
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organoids in the control and drug-treated groups (Fig. 7c). 
Corresponding organoid viability experiments were per‐
formed to verify the morphological analysis (Fig. 7d). The 
growth rates of the different groups were compared 
(Fig. 7e). Most organoids in the drug-treated groups were 
able to grow but were inhibited to varying degrees 
compared with organoids in the control group. A low con‐
centration of gefitinib inhibited growth on Day 3, but the 
growth rate was close to that of the control group by Day 7. 
At high concentrations, some drugs caused organoids to 
shrink or even die. The growth rates of each group were then 
compared with the organoid activity (Fig. 7f), which gener‐
ally showed a strong correlation. However, not all growth 
rates were consistent with organoid activity. For example, a 
low concentration of savolitinib resulted in a relatively high 
growth rate, but there were still cases of organoid lysis and 
shrinkage. Organoids treated with a low concentration of da‐
comitinib exhibited a significantly lower growth rate than 
those treated with a high concentration. These differences in 
the response of individual organoids to anticancer drugs re‐
flect the complexity and heterogeneity of cancer. POST 
could identify the heterogeneity of individual organoids in 
their drug tolerance, which is promising for studying the 
specificity of tumors. Because POST can accurately seg‐
ment each organoid, it can be used to analyze the various 
morphological characteristics of the organoids that change 
over time, including the circumference, diameter, round‐
ness, eccentricity, Euler number, aspect ratio, multiscale en‐
tropy, and redundant circumference. Thus, it can be used to 
analyze the morphology of organoids from different angles.

3　Discussion

POST is a generalized model specifically designed for or‐
ganoid segmentation. Compared with other models, it can 
accurately and quickly segment multiple types of organoids 
in a single image without parameter tuning. It has three ma‐
jor innovations:

(1) It combines slice-assisted inference with a main‐
stream object detection model and incorporates filtering and 
classification modules to effectively address various chal‐
lenges in organoid imaging.

(2) It adopts the efficient and lightweight TinySAM and 
is trained on cell and organoid datasets for enhanced gener‐
alization ability.

(3) It can achieve fast and efficient interactive segmenta‐
tion of any organoid and cell, and can be adapted to devices 
with only a central processing unit (CPU).

Segmentation experiments on three datasets demon‐
strated the effectiveness and generalization ability of POST. 
Drug screening experiments confirmed that the model’s re‐
sults were strongly consistent with the results of viability 

tests. While viability tests can only evaluate the effects of a 
drug on the entire well, POST can quantify morphological 
changes in individual organoids within the well, which fa‐
cilitates accurate quantification of the drug’s efficacy on or‐
ganoids of different sizes [32]. Not all organoids in a well 
have a growth rate that is consistent with the viability test 
results. Thus, POST is particularly useful for continuously 
tracking the heterogeneous changes of individual organ‐
oids [33]. Compared to fully automated segmentation algo‐
rithms, POST allows for segmentation guided by manual 
prompts, which offers greater flexibility and effectively 
mitigates issues such as erroneous segmentation or omis‐
sion of organoids [14, 15, 22].

One promising direction for POST is the evaluation of 
external stimuli for various tumor organoids. Mechanical, 
optical, and electrical stimuli can greatly affect the morphol‐
ogy and behavior of cells, such as their proliferation, differ‐
entiation, and survival. Therefore, determining the optimal 
type, intensity, and duration of these stimuli for building 
organoids is critical. Traditional analysis methods are ineffi‐
cient and time-consuming, and cannot handle large-scale 
data. Therefore, POST can provide a more accurate and 
convenient way to identify and quantify these stimuli in or‐
ganoid studies. Another promising direction for POST is 
the coculturing of cells and organoids. Simulating the com‐
plex cellular environment in vivo can help with studying 
cell interactions, such as immune cells killing tumor cells. 
POST can help with accurately segmenting different cell 
types by generating different prompts for cell classes. It can 
help researchers understand biological processes more 
deeply, explore new treatments, and promote the progress 
of biomedical research by analyzing cell and organoid co‐
cultures. Finally, POST can be used for individualized tu‐
mor organoid analysis. Understanding tumor heterogeneity 
is crucial for studying basic cancer biology and developing 
new treatment strategies. Even in the same batch of tumors, 
individual tumors may have different genetic mutations that 
can affect the mechanism of a drug. Individual organoids 
may also have different gene expression patterns, which af‐
fect the accessibility of drug targets and, in turn, drug 
efficacy. POST can facilitate the development of personal‐
ized medicine and the analysis of tumor heterogeneity. 
While we focused on bright-field imaging analysis, we may 
need to incorporate multiscale analysis, including 3D fluores‐
cence imaging, so the applicability of POST to multiple im‐
aging methodologies should be considered in future research.

4　Conclusions

POST is an accurate and robust organoid segmentation 
model that surpasses existing algorithms. It effectively ad‐
dresses the challenges encountered during organoid imaging 
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and cultivation to facilitate the precise extraction of morpho‐
logical features from individual organoids. Notably, it incor‐
porates both automatic and interactive segmentation, with 
the latter serving as a complementary tool to the former. 
This dual approach helps mitigate inaccuracies in automated 
segmentation and reduce potential errors. POST can improve 
the efficiency and quality of drug screening tests using tumor 
organoids and provide a valuable complement to cell viabil‐
ity assays in complex experimental settings. Although the re‐
sults presented here are promising, several issues still re‐
quire further exploration and development. More drug 
screening experiments are needed to improve the robustness 
and reliability of POST. We believe that POST may acceler‐
ate the transition of organoid models from laboratory re‐
search to clinical applications, advance the precision and 
commercialization of organoid technology, and establish it 
as a vital tool for drug development and biomedical research.

5　Materials and methods

5.1　Image acquisition

We used an Avatarget high-content organoid imaging and 
analysis device to collect images for the organoid segmenta‐
tion dataset. In normal bright-field mode, images of organ‐
oids suspended in hydrogel for different days were obtained 
under 2×, 4×, 10×, and 20× magnifications. These images 
included various tumor organoids, including colorectal can‐
cer, pancreatic cancer, lung cancer, gastric cancer, kidney 
cancer, liver cancer, prostate cancer, ovarian cancer, and 
tumor spheres. Some images were converted into high-
throughput images by synthesizing z-stack images using a 
focus-stacking algorithm, which allowed all organoids to be 
imaged. In addition, some organoid images were stitched to 
obtain a larger field of view. The image sizes were either 
2248×2048 or 1360×1024 pixels, and the images were 
saved in JPG format.

5.2　Data annotation

Each image in the organoid segmentation dataset was manu‐
ally annotated by two experienced experts using the 
LabelMe software. The consistency was calculated accord‐
ing to the IoU; if the score was less than 80%, the image 
was further annotated by a third expert. The labels con‐
tained the identities and masks of different organoid in‐
stances. For each organoid instance, we assigned a unique 
numerical identity (ID) (starting from 1) that corresponded 
to the pixel value of the organoid. IDs could not repeat 
within the same label but may appear in multiple labels. In 
the organoid segmentation dataset, bounding boxes were 
automatically generated from the labeled masks by use of 

automated scripts with a small number of bubble images 
added. Each image was labeled and checked for consistency 
by experts using the labelImg software to distinguish organ‐
oids and bubbles into separate categories.

5.3　Image encoder

SAM is a large transformer model trained on the SA-1B da‐
taset, which is a large visual corpus with over 1 billion 
masks on 11 million licensed and privacy-respecting im‐
ages. It was designed and trained to perform zero-shot trans‐
fer to new image distributions and tasks, achieving results 
comparable to those of fully supervised trained models. 
However, despite the versatility and success of SAM in gen‐
eral image segmentation, its application to organoids still has 
certain limitations. First, although SAM includes a complex 
and efficient data engine, it was trained on only a relatively 
small number of biomedical images [34]. Therefore, SAM of‐
ten does not produce the correct results when applied directly 
to segmenting organoids. Second, the huge computational 
costs of SAM have limited its practical application [23].

SAM comprises three sub-networks: an image encoder, 
a hint encoder, and a mask decoder. The image encoder, 
which is based on ViT, is computationally expensive. In‐
spired by MobileSAM [35], we replaced the original im‐
age encoder with the lightweight TinyViT [36], but this 
substitution led to substantial performance degradation. To 
address this, we adopted a knowledge distillation strategy 
to guide the learning of the lightweight image encoder 
across multiple knowledge levels. Specifically, we se‐
lected the intermediate layers of the teacher network to 
guide the student network. The output of the image en‐
coder (i.e., image embedding) was used as the distilled in‐
formation encapsulating the essential features of the input 
image for the prediction process.

For an input image I, the distillation loss for the image 
embedding is defined as

Lembedding=D ( )E imgT , E imgS , (1)

where E imgS  and E imgT  represent the encoders of the student 
and teacher networks, respectively. Because image-level in‐
formation is less directly related to mask prediction, fea‐
tures closer to the final output are more critical for segmen‐
tation tasks. The final output of the teacher network is se‐
lected as the distillation point. The output distillation loss 
Loutput can be defined as

Loutput=L (M dT( )E imgT ( )I , q , M dS ( )E imgS ( )I , q ) , (2)

where M dS and M dT represent the mask decoders of the stu‐
dent and teacher networks, respectively. Here, q denotes the 
query of the mask decoder, which is the concatenation of 
the prompt embedding and output tokens.
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5.4　Fine-tuning

We leveraged the ability of TinySAM to bundle and pro‐
cess multiple cues per image to fine-tune its performance 
when applied to biological images. The SAM family of 
models supports three segmentation modes: automatic seg‐
mentation, cued segmentation using points, and cued seg‐
mentation using bounding boxes. Previous studies on apply‐
ing SAM to image segmentation have shown that the 
bounding box method is the most effective and accurate for 
describing complex structures in biomedical images [21, 22]. 
We fine-tuned TinySAM by combining the bounding box 
cues from multiple ground-truth masks in the same image. 
By incorporating the positional encoding of multiple re‐
gions of interest when generating segmentation masks, we 
effectively addressed the inherent complexity of organoid 
images to alleviate cue ambiguity and improve segmenta‐
tion accuracy. Parameter-efficient fine-tuning (PEFT) is an 
effective refinement method for large models, where a small 
portion of the model parameters are selectively updated to 
improve their generalization ability for a specific task and 
prevent the model from collapsing. Therefore, we froze the 
image encoder of TinySAM to generate image embeddings 
before training to reduce the computational burden [22]. 
We then trained the mask decoder and calculated the loss 
LTotal in each epoch by obtaining the weighted sum of the 
Dice loss and cross-entropy loss, which is a robust approach 
for segmentation tasks [22, 37]. The Dice loss LSoft-Dice is 
calculated as follows:

LSoft-Dice=1− 2∑( )y∙ŷ
 ∑y+∑ŷ , (3)

where y and ŷ are the target and predicted values, respec‐
tively, and are usually binary labels or probability maps. 
The performance was further improved by assigning weights 
to different categories (foreground and background). The 
cross-entropy loss LBCE is calculated as follows:

LBCE=∑c
yc ln ( pc ), (4)

where yc is the true label (one-hot encoding) and pc is the 
predicted class probability. This is a standard classification 
loss function that calculates the difference between the pre‐
dicted probability and the actual label for each pixel. Fi‐
nally, LTotal is obtained by adding LBCE and LSoft-Dice:

LTotal=LBCE+ LSoft-Dice. (5)
5.5　Image slicing

In organoid segmentation, the detection of very small and 
densely distributed organoids is a major challenge. Very 
small organs can be represented by only a few pixels. Mean‐
while, densely distributed organoids are heavily occluded 
and lack sufficient details [38, 39]. To overcome these 

problems, bright-field images can be augmented by the ex‐
traction of patches. Each input image (F1, F2, …) can be 
sliced into overlapping patches (P1, P2, …), where the 
patch dimension, number of slices, and overlap ratio are all 
used as hyperparameters (Fig. S2a in the supplementary in‐
formation). As the patch size decreases, larger organoids 
may not fit into the slices and intersection regions, which 
may impact the detection of large organoids. For slice-
assisted inference (Fig. S2b in the supplementary informa‐
tion), the input image F was sliced into M×N overlapping 
patches (P1, P2, …, PMN). Then, the size of each patch was 
resized while the aspect ratio was maintained. The organoid 
detector then performed global inference on the original im‐
age to detect larger organoids across all patches.

5.6　Organoid detector

POST utilized various object detection models as the organ‐
oid detector. In this study, we selected YOLOv9 as the or‐
ganoid detector owing to its accuracy and speed [24]. Tradi‐
tional deep neural networks suffer from large amounts of in‐
formation loss when performing feature extraction and spa‐
tial transformation layer by layer. YOLOv9 overcomes this 
problem by building on the success of previous YOLO ver‐
sions and introducing innovative technologies such as pro‐
grammable gradient information and general and efficient 
layer aggregation networks. It has excellent accuracy for tar‐
get detection tasks, and its highly optimized network struc‐
ture gives it fast reasoning capabilities. It performs particu‐
larly well in detecting complex scenes and small targets. Be‐
cause YOLOv9 is an anchor-free target detection algorithm, 
it does not require predefined anchor frames. It is not re‐
stricted by the size or aspect ratio of anchor boxes, so it is 
better suited for detecting various organoids that exhibit 
large variations in morphology and size.

5.7　Organoid filtering and sorting

The organoid detector extracts bounded boxes from mul‐
tiple image slices and a global image, which often leads to a 
significant number of overlapping boxes. Traditional non-
maximum suppression (NMS) tends to discard overlapping 
candidate boxes, which increases the missed detection of or‐
ganoids [40]. In contrast, DIoU-NMS considers not only  
IoU but also the distance between the candidate box and the 
center point of the box with the maximum score:

DIoU=IoU− ρ2 (b, bgt )
c2m

 . (6)

Because of the distance penalty, the area where the center 
of the target is far away is not easily merged by error. 
ρ(b, bgt ) is the Euclidean distance between the center points 
of box b and box bgt. Parameter cm is the maximum 
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diagonal length, which makes sure that DIoU has a value 
between 0 and 1. A classifier is then used to determine 
whether the detected target represents an organoid or other 
impurities (e.g., bubble, hydrogel), and only the bounding 
boxes of organoids are retained. Finally, the bounding box 
is encoded to generate a box or point prompt.

5.8　Prompt-guided interactive segmentation

TinySAM is an advanced segmentation algorithm that can 
create segmentation masks using different hints such as 
point, box, and mask prompts. We fine-tuned the model on 
organoid and cell datasets to accelerate its feature extraction 
process so that it can quickly and interactively segment vari‐
ous organoids and cells. We simulated this use case by 
manually placing points or box hints in the target organoid 
area to obtain prediction results. We achieved accurate re‐
sults by testing organoid and cell segmentation in various 
imaging modes (Fig. S3 in the supplementary information).

5.9　Evaluation metrics

We quantified the prediction performance of POST by 
matching each predicted mask to the most similar ground-
truth mask, which was defined by the IoU. The F1-score and 
AP for each image were defined by using true positives (TP, 
i.e., predicted masks having an IoU with the ground-truth 
mask at or above a given threshold), false positives (FP, no 
matching predicted masks), and false negatives (FN, no 
matching ground-truth masks). The above metrics were cal‐
culated as follows:

AP= TP
TP+FP+FN , (7)

Precision= TP
TP+FP , (8)

Recall= TP
TP+FN , (9)

F1-score=2×Precision×Recall
Precision+Recall  . (10)

5.10　Hardware specifications

A computer with the following specifications was used: cen‐
tral processing unit (CPU): Intel Xeon Gold 6348; mother‐
board: Z390 UD; RAM: 32 GB (DDR4, 2666 MHz); hard 
disk: 500 GB 860 EVO SSD; graphics card: 4× NVIDIA 
GeForce RTX 2080 Ti (11 GB); system: Ubuntu 22.04 LTS 
(Jammy Jellyfish).

Supplementary Information  The online version contains supplemen‐
tary material available at https://doi.org/10.1631/bdm.2500119.
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