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Quantitative studies of plant growth and environmental re-
sponses increasingly rely on time-series imaging, yet auto-
mated segmentation remains challenging due to continuous
growth, large non-rigid morphological change, and frequent
self-occlusion. Traditional image-processing pipelines and task-
specific deep learning models often require extensive annotated
datasets and retraining, limiting portability across species, de-
velopmental stages, and imaging conditions. Here we present
SAP (Segment Any Plant), a plant-focused framework that
leverages the pretrained Segment Anything Model 2 (SAM2)
to enable few-shot, training-free segmentation of plant time-
series imagery. SAP integrates interactive prompting, auto-
mated temporal mask propagation, and centerline extraction
within a web-based interface, allowing users to move from raw
images to quantitative descriptors of organ shape and dynamics
without programming expertise. Across multiple systems, in-
cluding Arabidopsis thaliana rosette development, root growth,
sunflower gravitropism, and confocal root microscopy, SAP
achieves high segmentation accuracy (mean IoU 0.890.93) and
sub-pixel centerline precision from single-frame prompting. By
reducing the need for task-specific retraining, SAP provides a
transferable framework for reproducible time-series phenotyp-
ing across diverse experimental contexts.
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Introduction

Time-resolved imaging has become central to quantitative
plant biology, enabling measurement of growth, develop-
ment, and environmental responses across laboratory and
field settings. Because plant form is inherently dynamic,
its quantitative characterization increasingly depends on long
time-series imaging across spatial scales, from cells to whole
organs. Unlike many other biological systems, plants con-
tinuously grow and undergo large, non-rigid morphological
changes. This intrinsic plasticity, often accompanied by self-
occlusion, branching, and topological change, presents a fun-
damental challenge for automated image analysis. Segmen-
tation and tracking pipelines that perform well for static or
shape-constrained systems frequently degrade when applied
to extended plant time series, limiting their robustness and
generality.

Early phenotyping approaches relied on rule-based image

processing, including thresholding, morphological opera-
tions, and geometric feature extraction. Tools such as
PlantCV (1) and specialized root and shoot pipelines (2-5)
provide efficient and interpretable solutions but are sensitive
to background complexity, illumination variability, and organ
overlap. Deep learning methods have improved segmenta-
tion accuracy across roots, leaves, shoots, and meristems (6—
10), yet typically require large annotated datasets and task-
specific training. In practice, each new species, imaging
modality, or developmental context often necessitates retrain-
ing, creating a recurring bottleneck between image acqui-
sition and quantitative analysis. As imaging throughput in-
creases, the limiting factor in plant phenotyping is no longer
data collection, but the scalability and adaptability of seg-
mentation workflows.

Recent advances in machine learning have introduced foun-
dation models: large-scale vision systems trained on diverse
datasets that learn transferable visual representations. Rather
than optimizing a model for a single predefined task, foun-
dation models enable prompt-based adaptation with mini-
mal supervision. In computer vision, the Segment Any-
thing Model 2 (SAM?2) enables few-shot, interactive seg-
mentation in images and videos without task-specific retrain-
ing (11). This shift from bespoke supervised models to
general-purpose visual priors represents a conceptual change
in how segmentation problems can be approached. Despite
their promise, foundation models have seen limited applica-
tion in plant phenotyping (12). Plants pose a stringent test
case: they exhibit continuous growth, large deformations,
organ emergence, and self-occlusion across extended time-
series experiments. Whether foundation models can accom-
modate these features without retraining remains largely un-
explored. If successful, such an approach would reduce an-
notation burdens, increase methodological portability across
species, and accelerate quantitative analysis in new experi-
mental systems.

Here, we introduce SAP (Segment Any Plant), a plant-
focused framework that leverages SAM2 to enable rapid,
few-shot segmentation and analysis of plant time-series im-
agery. Rather than developing a task-specific model, we
demonstrate that a general-purpose foundation model can be
transformed into a robust plant segmentation and tracking
pipeline through minimal interactive prompting and temporal
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propagation. SAP integrates a web-based interface with auto-
mated mask propagation and centerline extraction, allowing
researchers to move from raw images to quantitative descrip-
tors of organ growth and morphodynamics without program-
ming expertise.

We validate SAP across diverse systems, including Ara-
bidopsis thaliana rosette development, root growth, sun-
flower gravitropism, and confocal root microscopy. Across
biological scales, SAP maintains high segmentation accu-
racy from single-frame prompting while preserving tempo-
ral stability across extended sequences. Beyond performance
benchmarking, we show that segmentation and centerline ex-
traction enable quantitative analyses of growth rates, curva-
ture dynamics, and organ-level morphodynamics.

By aligning foundation-model segmentation with the specific
challenges of plant growth, SAP provides a scalable frame-
work for time-series phenotyping. More broadly, it illustrates
how interactive foundation models may serve as a new com-
putational infrastructure for plant science, lowering technical
barriers and expanding the range of experimentally accessi-
ble questions in development and environmental response.

Methods

Computational Requirements. The computational re-
quirements for running SAP are primarily determined by the
underlying SAM?2 model. For inference, GPU memory re-
quirements range from 8GB VRAM for the smaller model
variants (tiny and small) processing standard resolution im-
agery, to 12-24GB for the larger models or higher resolution
inputs. While SAM?2 was originally trained on 256 NVIDIA
A100 GPUs with 80GB memory each (11), inference on
modern consumer-grade GPUs (such as RTX 4060 or higher)
is feasible for typical plant phenotyping applications. Real-
time processing performance varies with hardware: the large
model achieves approximately 30 frames per second on an
A100 GPU, while smaller variants can process around 47
frames per second on the same hardware. This scalability
allows researchers to select model-hardware configurations
appropriate to their computational budget and throughput re-
quirements.

Datasets Descriptions.

High-Throughput phenotyping of Arabidopsis thaliana
rosette growth. The dataset (9) consists of high-throughput
plant phenotyping image data acquired from Arabidopsis
thaliana plant trays. The images used for validation were
taken once a day for 9 consecutive days, each of one of
64 plants, and were hand-tagged. The dataset thus includes
576 ground-truth hand-tagged masks. We joined the whole
dataset into a single video file, essentially showing the growth
of multiple plants over time, and tagged one frame. SAP then
segmented the plant in the tagged frame, and the mask was
propagated through the entire video sequence (Supplemen-
tary Video S2).

Sunflower gravitropism dataset. This dataset is based on un-
published experiments we ran for testing gravitropism in sun-
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flower (Helianthus annuus) plants. The images used for val-
idation are images of 3 defoliated sunflowers, taken every 15
minutes for 32 hours, and were hand-tagged. The dataset thus
includes 384 ground-truth hand-tagged masks. Again we cre-
ated a video and tagged the first frame (one point prompt for
each sunflower), and SAP performed segmentation and cen-
terline extraction (Supplementary Video S3).

Arabidopsis root growth dataset. This dataset is based on un-
published experiments we ran for testing growth and memory
in Arabidopsis plants. The plants were grown in petri dishes
in the dark and photos were taken with a dim green light. Im-
ages were taken every 9 minutes for 30 hours, creating 200
images altogether (Supplementary Video S4).

Confocal microscopy of Arabidopsis root cells. To evaluate
SAP on sub-cellular microscopy data, we used confocal z-
stack imagery of Arabidopsis thaliana roots from the dataset
of Strauss et al. (2022). The Propidium Iodide (PI) channel
of root 3 was used, providing bright cell-wall fluorescence
across a 512 x 512 px field of view with an xy pixel size of
0.198 pm and z spacing of 0.15 ym. A 51-slice substack (z =
586—636, spanning 7.65 um of tissue depth) was selected to
cover the z-span of a cell, as well as cells that disappear as
we move through the z-axis. Ground-truth cell segmentation
was obtained from a MorphoGraphX ITK-watershed label
volume distributed with the dataset. Three individual cells
(GT labels 882, 1139, and 1197) were selected for quantita-
tive comparison (Supplementary Video S5).

Quantitative Performance Metrics. Segmentation accu-
racy was assessed using the Intersection over Union (IoU)
metric, which is commonly used to measure the performance
of object category segmentation methods(13). The IoU is cal-
culated for each image pair as:

|ANB| TP
|AUB| TP+FP+FN

IoU =

where A represents the predicted segmentation mask, B de-
notes the ground truth annotation, and TP, FP, and FN cor-
respond to true positive, false positive, and false negative
pixel classifications, respectively. IoU= 1 reflects perfect
overlap between prediction and ground truth, while IoU=
0 indicates no overlap; the metric penalizes both missed
regions (under-segmentation) and spurious regions (over-
segmentation), making it a stringent measure of boundary ac-
curacy.

Descriptive statistics were computed across all samples, in-
cluding mean IoU (IoU), standard deviation (¢), and confi-
dence intervals.

To evaluate model consistency throughout time, Pearson cor-
relation analysis was performed between temporal progres-
sion and segmentation performance. The correlation coeffi-
cient was computed as:

= >oiq (t; —t)(IoU; —ToU)
\/EL (ti — 5)2\/2?:1 (IoU; —ToU)2
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Fig. 1. Overview of the SAP workflow. Top left: flowchart of the processing pipeline. Top right and below: corresponding screenshots from the SAP interface. (1) Initial
Segmentation: the user provides point prompts on the plant of interest to generate segmentation masks on selected frames. (2) Temporal Propagation: masks are
automatically propagated across the full image sequence. (3) Manual Corrections: if propagation quality is insufficient, the user refines masks with additional prompts and
re-propagates. (4) Scale Calibration: a known reference length is used to convert pixel measurements to real-world units. (5) Centerline Extraction: a centerline or skeleton
is extracted from the segmentation masks for morphological analysis. See Methods for a full description of each step. A video demonstration of this workflow is provided in
Supplementary Video S1.
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where t; represents discrete time points. A low correlation
means [oU values are stable over time: performance does not
drift as plants move, bend, or change morphology.

Results

Software Implementation. SAP is a web application built
on top of Meta’s open-source SAM2 interactive demo (11).
It follows a client—server architecture with three main com-
ponents: a browser-based frontend for user interaction and
visualization, an inference backend that hosts the SAM2
model and handles segmentation and mask propagation, and
a video processing backend responsible for frame extraction
and plant-specific analyses such as centerline and skeleton
extraction.

Users interact with the application through a point-and-click
interface in the browser. Segmentation masks are computed
on the server, streamed back to the client, and displayed
as overlays on the video frames in real time. The video
processing backend uses standard scientific Python libraries
(OpenCYV, scikit-image, SciPy) for morphological operations
and centerline computation.

SAP supports four SAM2.1 model variants (tiny, small,
base_plus, and large) paired with three resolution presets
(1024, 1536, or 2048 px), allowing users to balance pro-
cessing speed and segmentation quality for their available
hardware. Inference runs on CUDA-enabled GPUs, with
fallback support for Apple Silicon and CPU. The applica-
tion is deployed via Docker and is available as an open-
source repository (https://github.com/merozlab/
plant-segmentation—app).

Prompting and Segmentation Workflow. In this section,
we provide a step-by-step description of the segmentation
workflow implemented in the SAP interface, which is also
illustrated in Fig. 1. The workflow guides the user from ini-
tial data preparation through segmentation, temporal propa-
gation, manual corrections, and result extraction.

Preprocessing: Data Upload and Cropping. The user begins
by uploading a video file or a sequence of images. Option-
ally, the video can be cropped to focus on a region of interest,
which is particularly useful for large datasets or sequences
containing multiple plants. Cropping also helps accommo-
date SAM2’s maximum resolution limits (see Discussion for
details).

Step 1: Initial Segmentation. Initial frames are selected for
segmentation, where the user provides point prompts on the
plant of interest. SAP generates a segmentation mask for
these frames. The interface supports multiple plants within
a frame, with the maximum number configurable depending
on available computational resources.

Step 2: Temporal Propagation. The initial masks serve as a
seed for the rest of the frames. Using SAM2s mask propaga-
tion, the segmentation is automatically transferred across the
sequence, enabling tracking of morphological changes and
positional shifts over time. Propagation can run forwards and
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Table 1. loU and temporal correlation statistics for SAP vs. ground-truth masks.
r = Pearson(t, IoU) is the temporal correlation coefficient, computed per object;
|r| =& 0 indicates stable segmentation across frames. Frames where both SAP
and GT masks are absent (cell outside the optical section) are excluded from all
confocal statistics.

Metric Arabidopsis Sunflower Confocal
growth grav. root
Sample size N 576 384 121
Objects tracked 64 48 3
Mean IoU 0.886+0.042 0.9274+0.016 0.75£0.19
Mean r 0.444+0.35 0.19+£0.10 -

backwards from an annotated frame, ensuring full coverage
even when plants emerge or change significantly.

Step 3: Manual Corrections. For frames where automatic
propagation is insufficient, users can refine the mask with ad-
ditional positive or negative prompts. This iterative process
maximizes accuracy on challenging frames while minimizing
manual effort on well-segmented ones. Segmentation masks
are overlaid on the original frames for quick quality verifica-
tion.

Step 4: Scale Calibration. Once segmentation is complete,
the user defines a length scale by selecting a known reference
distance within the video. This enables conversion from pixel
measurements to real-world units.

Step 5: Centerline Extraction. Finally, the interface allows
extraction of a centerline or skeleton from the segmentation
mask. This is particularly useful for analyzing elongated
structures such as stems or roots. Centerlines are immedi-
ately visualized in the interface for quality assessment and
are also available for export. Details of the extraction method
are provided in Appendix A.

Mask Validation. To validate the automated segmentation
performance of SAP, we compared predicted masks against
annotated ground truth masks across three sequential datasets
(Table 1). The first two datasets required only a single initial
frame annotation for SAP, from which masks were automati-
cally propagated through the temporal sequence.

For the Arabidopsis rosette dataset, the automated method
achieved a mean IoU of 0.88 £ 0.042 across all 576 frames.
The sunflower gravitropism dataset showed higher segmen-
tation accuracy, with a mean IoU of 0.927 4+ 0.016 across
384 frames. These IoU values demonstrate strong overlap
between predicted and ground truth masks, indicating ro-
bust segmentation performance across both datasets. The
confocal root dataset yielded per-cell mean IoU values of
0.80940.018 (n =51),0.65+0.29 (n =36), and 0.77£0.16
(n = 34), with the reduced sample sizes for Cells 2 and 3 re-
flecting slices where the optical section exits the tissue and
both SAP and GT masks vanish (Fig. 2D).

Temporal stability was assessed using Pearson correlation
coefficients between IoU values and frame time. The sun-
flower gravitropism dataset exhibited low temporal correla-
tion (mean r = 0.19 +0.10), indicating that segmentation ac-
curacy remained stable despite continuous changes in plant
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Fig. 2. Validation of SAP segmentation against manual ground truth. Top row: Arabidopsis thaliana rosette growth. (A) Overlay of SAP masks and ground truth for a
sample leaf pot at days 1 and 9 (green: overlap, yellow: ground truth only, blue: SAP only; mean loU = 0.87). (B) Leaf area tracked by SAP and ground truth over 9 days of
growth, showing strong agreement. Bottom row: confocal Arabidopsis root cells. (C) Overlay of SAP masks and ground truth for three cells (Strauss 2022) at representative
z-slices through a 51-slice subvolume. (D) Cross-sectional area tracked by SAP and ground truth for each cell across z-slices. In both datasets, SAP accurately captures
object boundaries and faithfully tracks changes in area over time (leaf growth) and space (root z-stack).

orientation during the gravitropic response. The Arabidopsis
growth dataset showed moderate temporal correlation (mean
r =0.44+£0.35), likely reflecting systematic changes in seg-
mentation accuracy as plants underwent substantial morpho-
logical development over the nine-day period, including leaf
emergence and expansion. For the confocal root cells, the
correlation between SAP and GT cross-sectional areas were
low (—0.17,p = 0.22) for the cell that existed throughout
all frames, yet very negative for (—0.66,p = 1.4 x 1075;
—0.74,p = 5.9 x 10~7) for cells that disappeared during
the z-stack, indicating that SAP did not accurately capture
the disappearance of cells as they exit the optical section
(Fig. 2D).

These validation metrics demonstrate that SAP achieves high
segmentation accuracy across diverse plant imaging scenar-
ios with minimal user input, maintaining consistent per-
formance throughout temporal sequences despite significant
morphological and positional changes.

Centerline Extraction Validation. To validate centerline
extraction, we compared automated centerlines against
ground truth on 128 frames from the gravitropism dataset
(Table 2). Ground truth centerlines were generated by man-
ually tagging start and end points, then applying the same
contour-averaging algorithm used in the automated method.
For each frame, point-wise Euclidean distances were com-
puted between corresponding points on the automated and
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Table 2. Centerline extraction accuracy. Point-wise Euclidean distances and
endpoint localization errors between SAP-extracted and manually annotated ground
truth centerlines across 128 frames from the sunflower gravitropism dataset. Both
centerlines were interpolated to 256 equidistant points before comparison. Values
are reported as mean —+ standard deviation.

Metric Value
Sample Size N =128 frames
Mean Distance Error (pixels) 1.06 +0.78
RMSE (pixels) 1.23+0.88
Mean Endpoint Error (pixels) 23+1.0

ground truth centerlines (both interpolated to 256 points).
The automated method achieved a mean distance error of
1.06 £0.78 pixels (RMSE: 1.23 + 0.88 pixels), representing
less than 0.1% of the typical stem length in the dataset. End-
point localization error averaged 2.3 £ 1.0 pixels. These re-
sults confirm sub-pixel centerline accuracy suitable for quan-
titative analysis of organ shape and tropism dynamics.

Qualitative Time-Series Segmentation Results. Having
quantified SAPs segmentation performance in the previous
section, we now proceed to evaluate its capabilities on three
time-series plant datasets. These examples highlight different
aspects of the segmentation and centerline extraction work-
flow. The sunflower gravitropism dataset consists of three
plants in the same frame (only one shown in Fig. 2), and
demonstrates SAP successfully tracking multiple objects si-
multaneously. In addition, the Arabidopsis growth dataset
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Fig. 3. Quantitative analyses of plant organ dynamics with SAP. Top row: Arabidopsis thaliana root growth. (A) Representative frames showing SAP segmentation
masks and centerlines at an early and late time point. (B) Extracted root centerlines over ~30 h, colored from yellow (early) to purple (late), illustrating downward elongation.
(C) Root length versus time fitted by a linear model (R? = 0.99), with elongation rate 1.76 x 10~3mmmin~!. Bottom row: Helianthus annuus (sunflower) gravitropism.
(D) Representative frames showing SAP segmentation masks and centerlines at an early and late time point. (E) Extracted stem centerlines during gravitropism over ~42h,
showing horizontal growth at early times (yellow) followed by upward bending (green-blue). (F) Stem angle 6 versus arc length with a saturated exponential fit (R> = 0.99),
capturing the transition from Of to 90 over ~0.12m with characteristic length L. = 0.022m.

Table 3. Comparison of plant segmentation approaches. SAP is compared with classical thresholding-based methods (KymoRod) and supervised deep learning models
(U-Net/DeepLabV3+) across training requirements, user input, occlusion handling, and key limitations.

Feature SAP KymoRod (5) U-Net / DeepLabV3+ (e.g.,
(8, 14))
Training No training (uses SAM2 No training (automatic or Extensive task-specific
Requirements foundation model) manual thresholding) training data required
User Input Minimal — annotate initial Threshold tuning; may require ~ Task- and plant-specific
frame only manual organ separation in annotations
Imagel
Approach Foundation model; versatile Thresholding-based contour Deep learning with

across diverse plants and
organs

detection

task-specific models

Occlusion Handling

Handles occlusions

Cannot handle occlusions

Depends on model and
training data

Lighting
Conditions

Works in various conditions

Requires controlled conditions
and high contrast

Standard lighting preferred

Key Limitations

Max resolution 2048px;
requires initial annotation

Requires Matlab; sensitive to
background and contrast

Resource-intensive; requires
technical expertise; limited
portability across species
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Table 4. Comparison of centerline and skeleton extraction methods. SAP’s contour-averaging approach is compared with existing methods for extracting organ midlines,
including Voronoi skeletonization (KymoRod), marching cross-sections (Interekt), trained skeleton prediction (SLEAP), contour curvature analysis, and morphological thinning.
Columns compare required input, algorithmic approach, endpoint accuracy, and key limitations.

Feature SAP KymoRod (5) Interekt (3) SLEAP (4) Yamamoto & Morphological
Haga (15) Thinning
(e.g., (16))
Input Required Segmentation  Thresholded Raw image &  Raw image Organ contour ~ Segmentation
mask contour base point & manually mask
seperated
edges
Method Find tips and Voronoi skele- Marching Trained Curvature Mathematical
connect via tonization of cross-section;  skeleton analysis along  thinning
contour contour midpoint of prediction contour algorithms
averaging intensity
edges
Tip/Endpoint Accurate at May deviate at Depends on Varies with Not specified Deviates
Accuracy tips via tips (skeleton  edge detection training data toward
contour branches) quality corners at tips
averaging
Key Requires Requires Manual input ~ High user Requires May not reach
Limitations segmentation Matlab; needs  per frame; no  input for manual edge edges
mask as input  high contrast occlusion training; less separation; accurately;
and surface handling flexible than limited to points toward
texture for mask-based simple corners
PIV geometries

illustrates SAPs ability to cope with substantial morphologi-
cal changes over a 9-day period, including the emergence of
new leaves and changes in plant structure. Figure 3 shows ex-
amples of quantitative analyses that centerline extraction en-
ables: fitting growth models to rosette area (using masks) and
root elongation (using centerlines) (17), and extracting infor-
mation on tropisms, in this case using the AC model (18).

The results show that SAP can effectively segment plants
in time series imagery with minimal user input. The seg-
mentation masks generated were accurate and robust, even
in the presence of occlusions and significant morphological
changes over time.

To further demonstrate SAP’s versatility at the cellular scale,
we applied it to a confocal time-lapse of a vertically growing
Arabidopsis root (19). By tagging a few cells in a single con-
focal slice, SAP propagated the segmentation across subse-
quent frames, tracking individual cells as the root elongated.
Although no ground truth was available for this dataset, the
resulting masks visually follow cell boundaries throughout
the sequence, suggesting that SAP can be extended to cell-
level tracking in live confocal microscopy (Supplementary
Video S6). Representative frames from all supplementary
video datasets are shown in Fig. 4.

‘We note that thoughtful prompting creates better results and
saves time during the segmentation process. For example, in
the sunflower gravitropism dataset, we prompted SAP with a
point on each plant in the first frame, and it was able to seg-
ment all three plants in the subsequent frames without further
user input. In the growth experiment, segmentation worked
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much better when prompting SAP with a point on a fully
grown plant, as SAP will propagate backwards and achieves
higher accuracy for the earlier frames.

Discussion

SAP makes the capabilities of SAM2 accessible to plant sci-
entists through an interactive interface that requires no cod-
ing expertise and integrates mask propagation with center-
line extraction. Our results show that foundation models can
be adapted into practical tools for plant phenotyping, accom-
modating growth-driven deformation and temporal dynam-
ics without task-specific retraining. By coupling pretrained
visual representations with plant-focused geometric analy-
sis, SAP provides a flexible framework for time-series image
analysis across diverse experimental systems.

Supervised deep-learning approaches have achieved high
segmentation accuracy in many plant imaging contexts, often
reporting mloU values above 0.8 on in-domain datasets (8,
14). However, these methods typically require extensive an-
notated training data and model customization. In contrast,
SAP achieves IoU values of 0.89 for Arabidopsis and 0.93 for
sunflower (Table 1) using single-frame prompting and tempo-
ral propagation (Table 3). While comparable in performance,
the principal advantage lies in portability: segmentation can
be deployed across species, organs, and imaging modalities
without retraining. This reduction in annotation burden is
particularly relevant for exploratory experiments, small-scale
studies, or systems where annotated datasets are limited.
Classical threshold-based methods such as KymoRod (5)
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avoid supervised training but are sensitive to contrast con-
ditions and struggle with occlusion. Foundation-model seg-
mentation offers an alternative strategy that combines large-
scale visual priors with minimal user guidance. In the time-
series datasets examined here, propagation from a single an-
notated frame maintained stable performance despite sub-
stantial morphological change. Such temporal consistency is
essential for morphodynamic studies, where small segmen-
tation drifts can accumulate over long sequences and bias
downstream quantitative measurements.

Beyond segmentation, SAP incorporates a contour-averaging
centerline extraction algorithm tailored to elongated plant or-
gans. Traditional thinning-based skeletonization (16) may
deviate toward corners at organ tips, and alternative ap-
proaches such as Voronoi skeletonization (5) or intensity-
based marching cross-sections (3) depend on high contrast or
per-frame manual input. By separating mask generation from
geometric analysis, SAP adopts a modular strategy in which
robust segmentation is followed by deterministic contour-
based centerline construction. This approach yields sub-pixel
centerline accuracy (Table 2) and enables integration of ex-
ported centerlines with downstream kinematic, biomechani-
cal, or growth modeling analyses (Table 4).

SAPs adaptive resolution presets further support use across
heterogeneous imaging contexts, from confocal microscopy
to whole-plant phenotyping platforms. Although initial
prompting is required, the few-shot workflow substantially
reduces manual effort relative to frame-by-frame annotation.
Fully automated deployment, for example in high-throughput
or field-based imaging, may benefit from integration with au-
tomated object detection in future implementations.

As with any segmentation method, performance depends on
image quality and experimental context. Extremely low-
contrast images or highly complex canopies may reduce seg-
mentation fidelity, and continued evaluation across additional
plant architectures and environmental conditions will further
define the operational range of the method. Importantly, the
modular design of SAP, in which foundation-model segmen-
tation is coupled to plant-specific geometric analysis, allows
adaptation and refinement as new use cases emerge. Rather
than replacing domain-specific expertise, foundation mod-
els provide a flexible computational basis upon which plant-
focused analytical tools can be constructed, combining gen-
eral visual representations with biologically informed post-
processing.

In summary, SAP demonstrates that foundation-model seg-
mentation can support robust analysis of plant growth and
morphodynamics across biological scales. By combining
general-purpose visual representations with plant-specific ge-
ometric postprocessing, SAP provides a scalable and adapt-
able approach to time-series phenotyping that lowers tech-
nical barriers while preserving quantitative rigor. As imag-
ing experiments increasingly span extended developmen-
tal timescales and diverse species, methods that reduce the
need for task-specific retraining will facilitate more rapid
integration of image acquisition with quantitative analysis.
SAP therefore offers a practical framework for applying
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foundation-model segmentation to plant research, enabling
reproducible and transferable workflows across experimental
systems.
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Supplementary Information:
Segment Any Plant (SAP)

Alex Abbey, Yasmine Meroz

Supplementary Note A: Centerline Extraction
Algorithm

The centerline extraction algorithm takes a binary segmenta-
tion mask of an elongated structure (e.g. a stem or root) and
returns an ordered sequence of points along its medial axis.
The method proceeds in five stages.

1. Adaptive parameter estimation.  Given the largest exter-
nal contour of the mask, its points are redistributed uniformly
by arc-length and analyzed with PCA. The minor principal
axis is intersected with the mask boundary to estimate the
structure’s width w. The length is estimated as ¢ = (P —
2w)/2, where P is the contour perimeter. Two parameters
are then derived: the edge fraction f = (w+¢/2)/(2w+2¢),
which controls how much of the contour near each tip is used
for endpoint localization, and the number of output centerline
points n = [¢]. Both parameters can also be set manually.

2. Endpoint detection via skeletonization. The binary
mask is thinned to a one-pixel-wide skeleton (16). Skeleton
pixels with exactly one 8-connected neighbor are identified
as endpoints. When more than two endpoints exist, the pair
with the greatest Euclidean separation is selected. If fewer
than two endpoints are found, the two most distant skeleton
pixels are used instead.

3. Tip localization. For each skeleton endpoint, a neigh-
borhood of contour points is extracted. The neighborhood
size equals f times the total number of contour points, cen-
tered on the contour point nearest to the skeleton endpoint.
A minimum-area rectangle is fitted to each neighborhood via
PCA. A line connecting the midpoints of the rectangle’s two
shorter sides (i.e. aligned with the structure’s width at the tip)
is extended and intersected with the contour. The intersection
closest to the skeleton endpoint is taken as the tip point—the
point on the contour that marks the true end of the structure.

4. Contour splitting and averaging. The two tip points di-
vide the contour into two open curves, corresponding to the
two long edges of the elongated structure. Each curve is re-
sampled to n uniformly spaced points by arc-length interpo-
lation. The second curve is reversed so that corresponding
points on the two edges face each other. The centerline is
computed as the pointwise mean of the two resampled edge
curves:

[CORPNC)
=S i N
2
where egl) and ez(?) are corresponding points on the first and

second edge curves, respectively.

5. Validation and redistribution. When the structure has
concave edges, the pointwise average of opposing contour
points can fall outside the mask. Any such centerline point
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is discarded. The surviving points are then redistributed
uniformly by arc-length interpolation to restore a regularly
spaced n-point centerline. The output is ordered so that the
first point has the smaller z-coordinate.

By averaging opposite contour edges rather than relying
solely on morphological thinning, this approach produces a
centerline that is equidistant from both long boundaries of
the structure, even at the tips where classical skeletonization
methods tend to deviate toward corners.

Supplementary Videos

Supplementary Video S1. Video demonstration of the SAP
workflow, corresponding to Fig. 1.

Supplementary Video S2. SAP segmentation of Arabidop-
sis thaliana rosette growth over 9 days (9).

Supplementary Video S3. SAP segmentation and centerline
extraction of sunflower (Helianthus annuus) gravitropism.
Supplementary Video S4. SAP segmentation and centerline
extraction of Arabidopsis thaliana root growth.
Supplementary Video S5. SAP segmentation of individual
Arabidopsis root cells in confocal z-stack imagery (20).
Supplementary Video S6. Cell-level segmentation of a
growing Arabidopsis root in confocal time-lapse imagery
(19), demonstrating SAP’s ability to track individual cells
across frames.
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Fig. 4. Representative frames from SAP-segmented supplementary videos. (A) Top-down view of an Arabidopsis thaliana rosette in a soil pot; SAP masks (blue)
delineate the leaf area from a single-frame prompt, propagated across a 9-day growth series (Video S2). (B) Confocal z-slice of an Arabidopsis root stained with Propidium
lodide; three individual cells are segmented (yellow, blue, teal) and tracked through a 51-slice subvolume (Video S5). (C) Three defoliated sunflower (Helianthus annuus)
stems at the onset of a gravitropism experiment; SAP masks and extracted centerlines track stem reorientation over 32 hours (Video S3). (D) Arabidopsis seedlings growing
on a vertical plate under dim green light; SAP segmentation masks and centerlines (colored by plant) enable root elongation analysis over 30 hours (Video S4). (E) Confocal
time-lapse of a growing Arabidopsis root tip with cell-level SAP segmentation, demonstrating sub-cellular tracking across successive time points (Video S6). All datasets were

segmented from minimal initial prompting without task-specific training.
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