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Abstract

As pathology workflows shift toward digitization, deep
learning is increasingly being used for tasks such as nuclei
segmentation. Photon Absorption Remote Sensing (PARS)
is a label-free imaging technique that provides nuclear and
extranuclear contrast. PARS images can be used to gener-
ate virtual H&E (VHE) images that emulate conventional
H&E staining. Although many nuclei segmentation al-
gorithms exist for conventional histology, none have yet
been applied to PARS. We evaluated three state-of-the-art
deep learning models for nuclei segmentation: StarDist,
Cellpose, and DeepCMorph. We demonstrated that pre-
trained models show consistent interpretation across H&E
and VHE, with a mean percent error of 1.54% in nuclear
count. We also trained models directly on PARS for the first
time. The best model produced masks that preserved cell
morphology, with errors of only -3.96% in nuclear count, -
0.29% in intercellular distance, and 1.53% in nuclear area.
These results show PARS as an effective technique for auto-
mated nuclear analysis in label-free histopathology.

1. Introduction

Nuclei segmentation is a key task in digital pathology, al-
lowing the extraction of features such as nuclear size, shape,
and density from histological images. These features sup-
port tumour grading and identification of malignant charac-
teristics in tissue [1]. Hematoxylin and eosin (H&E) stain-
ing is the gold standard for contrast, with hematoxylin stain-
ing nuclei dark blue-purple and eosin staining the cytoplasm
and extracellular matrix pink [2–4]. However, staining is
resource-intensive and prone to variability, motivating in-
terest in label-free imaging methods that preserve tissue in-
tegrity [5].

Photon Absorption Remote Sensing (PARS) is a label-

free modality which employs ultraviolet excitation to si-
multaneously capture the non-radiative thermal and radia-
tive autofluorescence response of tissue [6]. In PARS imag-
ing, nuclear contrast is provided primarily from the non-
radiative relaxation of DNA, comparable to the contrast
achieved through hematoxylin staining [7]. Conversely, ra-
diative contrast highlights extranuclear structures, similar to
the contrast provided by eosin staining [8]. Tweel et al. de-
veloped a virtual staining workflow to generate H&E-like
images from PARS images [7]. Clinical concordance has
been shown between PARS virtual H&E (VHE) and gold
standard H&E in breast needle biopsies; this was further
supported with nuclear statistics [6, 9].

Several deep learning nuclei segmentation models have
been proposed, including StarDist [10–12], Cellpose [13,
14], and DeepCMorph [15]. All three use the U-Net ar-
chitecture, but differ in how they generate nuclei masks.
StarDist predicts star-convex polygons for each nucleus and
resolves overlaps with non-maximal suppression [10]. Cell-
pose outputs a vector flow field that is converted into in-
stance masks using a watershed approach [13]. DeepC-
Morph uses a segmentation module with an EfficientNet-B7
encoder that produces semantic probability maps. It also
has a separate cell type classification module [15].

In this study, we selected three models widely used for
nuclei segmentation in traditional histology: StarDist [10],
Cellpose [13, 14], and DeepCMorph [15]. We trained and
evaluated the models on H&E, VHE, and PARS to com-
pare segmentation performance across the modalities. Pre-
trained models achieved comparable performance on H&E
and VHE images, with a mean percent error of 1.54% in
nuclear count, suggesting that deep learning models inter-
pret the two modalities similarly. Additionally, the first
nuclei segmentation models for PARS images were devel-
oped. The best model achieved mean per-tile errors of only
-3.96% in nuclear count, -0.29% in intercellular distance,
and 1.53% in nuclear area.



2. Methods
2.1. Data Acquisition
Two whole slide images of kidney tissue were used in
this study. For each slide, three representations from the
same tissue region were acquired: an H&E-stained image, a
label-free PARS microscopy image, and a VHE image gen-
erated from PARS data. PARS images were captured fol-
lowing the procedure outlined in [8], and VHE images were
produced according to [16].

2.2. Data Preprocessing
Precisely paired images are required for training supervised
segmentation models. Weakly registered H&E, PARS, and
VHE whole-slide images were divided into 2,540 tiles of
536x536 pixels, with a 12-pixel overlap on all sides. The
overlap ensured proper registration near tile edges and was
removed afterward with a 512x512 centre crop. Each H&E
tile underwent two separate registrations: one to its corre-
sponding VHE tile, producing a VHE-registered reference,
and another to its corresponding PARS tile, producing a
PARS-registered reference. Registering the H&E tiles to
each modality preserves the native structure of the VHE and
PARS data, allowing trained models to perform more accu-
rately on real, unaltered images.

For fine registration, three-channel (RGB) H&E and
VHE tiles were converted to grayscale by averaging across
RGB channels. PARS tiles, consisting of the non-radiative
and radiative channels, were converted to two-dimensional
grayscale tiles using a weighted average of 0.2 for the ra-
diative channel and 0.8 for the non-radiative channel. This
weighting emphasizes the higher nuclear contrast in the
non-radiative channel for fine registration, while enabling
the algorithm to register coarser features from the radiative
channel.

The registration used the Mattes Mutual Information
metric with regular step gradient descent. Multi-resolution
registration was applied across two levels. First, at the
coarse level, each tile was downsampled by a factor of two
and smoothed, and a linear interpolator was used to apply
an affine transformation for initial alignment. Then, at the
fine level, the RGB channels of each H&E tile were individ-
ually resampled and warped to their corresponding targets
using a B-spline transformation. The channels were recom-
bined to produce a registered H&E tile, which was cropped
to 512x512 to remove border artifacts.

2.3. Experiments
Exp 1: Pretrained Model Evaluation on VHE. Pre-
trained nuclei segmentation models, StarDist’s 2D Versatile
H&E [10], Cellpose’s cyto3 [14], and DeepCMorph’s
Pan Cancer 32 classes acc 827 segmentation module [15]
were applied directly to VHE tiles and their registered

H&E counterparts without fine-tuning or retraining. For
each model, performance on VHE images was compared
directly to the model’s performance on registered H&E im-
ages. This assesses each model’s robustness to differences
between H&E and VHE images.

Exp 2: Model Training on VHE and PARS. The models
were trained from scratch on VHE and PARS tiles using
identical 80%-10%-10% splits for training, validation, and
testing. The tiles were treated as independent samples.

Pseudo-ground truth masks were generated from fine-
registered H&E tiles with StarDist’s 2D Versatile H&E al-
gorithm using a threshold of 0.3. This model was selected
for its training on large and diverse H&E datasets [12], its
use in prior VHE and PARS studies [6], and because val-
idation on a subset of H&E tiles showed it outperformed
Cellpose and DeepCMorph.

After training, model thresholds were optimized on a
validation set. The L-BFGS-B algorithm [17] was used to
optimize the Dice score (Eq. (1)). Dice was an evaluation
metric used in the DeepCMorph paper [15] and is suitable
for evaluating semantic segmentation outputs. The search
bounds were: StarDist (p ∈ [0.1, 0.9], n ∈ [0.3, 0.5]),
Cellpose (p ∈ [−2.5, 3], f ∈ [0, 2]), and DeepCMorph
(p ∈ [0.05, 0.9]), where p is the probability threshold for
all models, n the non-maximum suppression threshold for
StarDist, and f the flow threshold for Cellpose.

Dice =
2 · TP

2 · TP + FP + FN
(1)

where TP, FP, and FN denote true positives, false positives,
and false negatives, respectively.

2.4. Evaluation Metric
A test set of n = 254 tiles, which were not used dur-
ing training, was employed for evaluation. Segmentation
performance was quantified using average precision (APτ ,
Eq. (3)) at different intersection over union (IoU, Eq. (2))
thresholds. This is a common metric for evaluating instance
segmentation [10, 13]. IoU measures the overlap between a
predicted nucleus mask, Ipred, and the ground truth nucleus
mask, Igt. For a given threshold τ , a predicted nucleus is
considered a true positive (TPτ ) if its IoU with a ground
truth nucleus exceeds τ . Unmatched predicted nuclei are
false positives (FPτ ), and unmatched ground truth nuclei
are false negatives (FNτ ).

IoU =
Ipred ∩ Igt

Ipred ∪ Igt
(2)

APτ =
TPτ

TPτ + FPτ + FNτ
(3)

Additionally, cell-based metrics, including nuclear
count, mean intercellular distance (ICD), and mean nuclear



area, were extracted from the predicted segmentation masks
and compared to ground truth masks.

3. Results
Validating Fine-Registration. Differences between the
fine-registered and original H&E images were assessed to
ensure the fine-registration did not significantly distort key
metrics. StarDist’s default pretrained model [10] was used
to segment nuclei from the original H&E tiles, the VHE-
registered H&E tiles, and the PARS-registered H&E tiles.
Table 1 displays paired confidence intervals (CIs) compar-
ing nuclear count, mean intercellular distance (ICD), and
mean nuclear area across regions.

Table 1. Per-tile mean differences and 95% CIs for cell metrics
between original, VHE-registered, and PARS-registered H&E.

Metric VHE-Registered PARS-Registered

Nuclear Count 0.33 (-0.03, 0.69) 0.26 (-0.11, 0.62)

Mean ICD (µm) -0.03 (-0.10, 0.04) -0.03 (-0.10, 0.04)

Mean Area (µm2) -0.08 (-0.12, -0.05) -0.09 (-0.13, -0.06)

For both VHE-registered and PARS-registered H&E
images, differences in mean cell count and ICD relative
to the original H&E were minimal. The 95% confidence
intervals for the paired differences include zero, indicating
insufficient evidence of a statistically significant difference.
Mean nuclear area showed a small but statistically signifi-
cant negative bias (< 0.1 µm2); given that area scales with
the square of radius, this bias is negligible compared to
the typical nuclear size. These results suggest that the fine
registration preserved image fidelity, supporting the use of
the VHE-registered and PARS-registered H&E images as
ground truth references in subsequent analyses.

Exp 1: Pretrained models on VHE. Table 2 summarizes
per-tile percent errors and 95% confidence intervals for
nuclear count, mean ICD, and mean nuclear area, compar-
ing each pretrained model’s predictions on VHE versus
registered H&E. Absolute nuclear counts differed between
models, but each model showed consistency between its
prediction on H&E and its prediction on VHE. In terms of
nuclear count, Cellpose showed no significant difference
between H&E and VHE, but StarDist and DeepCMorph
did. Despite this, the percent errors were small, at 1.54%,
-0.30%, and -3.44% for StarDist, Cellpose, and DeepC-
Morph, respectively. For ICD, none of the models showed
a statistically significant difference on VHE compared to
H&E. Mean nuclear area showed statistically significant
differences for all models, but percent errors remained
small.

Table 2. Per-tile percent errors and 95% CIs for cell metrics from
each pretrained model on VHE versus registered H&E.

Metric StarDist Cellpose DeepCMorph

Nuclear Count 1.54 (0.42, 2.66) -0.30 (-1.48, 0.88) -3.44 (-4.42, -2.46)

Mean ICD 0.28 (-0.04, 0.60) 0.06 (-0.23, 0.34) -0.18 (-0.56, 0.20)

Mean Area -0.96 (-1.49, -0.43) -2.18 (-2.83, -1.52) 1.33 (0.16, 2.50)

Exp 2: VHE- and PARS-trained models. Fig. 1 presents
an example of a segmentation output from the models
trained on VHE and PARS images. In the PARS images,
even when nuclei were correctly identified, the boundaries
between the ground truth and prediction showed wider dis-
crepancies compared to VHE images.

The pseudo-ground truth masks occasionally contain er-
rors, such as omitting faint or overlapping nuclei or in-
correctly labelling non-nuclear regions. Using StarDist-
generated masks also introduces a bias toward StarDist-
style segmentations. Future work could explore probabilis-
tic or consensus-based ground truth that integrates predic-
tions from multiple models, rather than relying on a single
model’s binary prediction. Extensions of this work could
also explore weak supervision, sparse annotations, or self-
training methods that do not require precise pixel-level la-
bels.

Figure 1. Segmentation masks for VHE- and PARS-trained mod-
els: a) StarDist, b) Cellpose, and c) DeepCMorph. Columns 3 and
5 show errors and agreement (green = false negative, blue = false
positive, purple = true positive; more purple indicates better agree-
ment between predictions and ground truth)

For the VHE-trained models, relative to the pseudo-
ground truth, StarDist underestimated nuclear count by
2.92%, while Cellpose and DeepCMorph slightly overes-
timated by 2.53% and 0.67%, respectively. PARS-trained
models all underestimated nuclear count, with DeepC-



Morph showing the largest bias (-9.83%), followed by Cell-
pose (-8.78%) and StarDist (-3.96%). For ICD, StarDist
showed no significant difference compared to the ground
truth on VHE, whereas the differences for Cellpose and
DeepCMorph were statistically significant. On PARS, only
Cellpose showed no significant difference. Mean area bias
varied by model and imaging modality. Since nuclear area
scales with the square of the radius, even small segmen-
tation errors can cause amplified differences in mean area.
VHE-trained models each showed only small differences,
all within ±1 µm2. PARS-trained models generally over-
estimated nuclear area compared to VHE-trained models,
with the exception of StarDist, which achieved the small-
est bias across all models. Challenges in nuclei detection
and area estimation were more pronounced in PARS-trained
models, especially with DeepCMorph and Cellpose.

Table 3. Per-tile mean % errors and 95% CIs for cell metrics from
VHE-trained models versus pseudo-ground truth.

Metric StarDist Cellpose DeepCMorph

Nuclear Count -2.92 (-3.62, -2.22) 2.53 (1.76, 3.30) 0.67 (-1.12, 2.45)

Mean ICD 0.15 (-0.07, 0.38) 0.60 (0.36, 0.83) 3.36 (2.85, 3.88)

Mean Area 4.07 (3.48, 4.67) -1.87 (-2.53, -1.22) 2.52 (1.00, 4.04)

Table 4. Per-tile mean % errors and 95% CIs for cell metrics from
PARS-trained models versus pseudo-ground truth.

Metric StarDist Cellpose DeepCMorph

Nuclear Count -3.96 (-4.82, -3.10) -8.78 (-9.63, -7.94) -9.83 (-11.68, -7.97)

Mean ICD -0.29 (-0.53, -0.04) 0.10 (-0.17, 0.37) 3.61 (3.02, 4.20)

Mean Area 1.53 (0.93, 2.14) 9.08 (8.36, 9.79) 15.25 (13.56, 16.94)

Fig. 2 shows the average precision (AP) for the pre-
trained, VHE-trained, and PARS-trained models. Our
VHE- and PARS-trained models were optimized by Dice
score rather than AP. Hence, these models are expected to
underperform in the current evaluation when compared to
literature-reported values for StarDist and Cellpose models,
which were optimized by AP across IoU thresholds.

VHE-trained models achieved segmentation perfor-
mance similar to that of pretrained models applied to VHE.
Cellpose showed the largest improvement from its pre-
trained performance after VHE training, learning to better
match the StarDist-generated pseudo-ground truth. After
training, AP curves for StarDist and Cellpose are very close,
indicating that any bias introduced by using StarDist masks
is small and can be reduced with training. In general, tissue-
and domain-specific training may have also improved the
models’ ability to adapt to the structural and contrast char-
acteristics of VHE.

The PARS-trained models had slightly lower curves

Figure 2. Average Precision for a) Pretrained models applied to
VHE, b) VHE-Trained models applied to VHE, c) PARS-trained
models applied to PARS. All predictions are compared to pseudo-
ground truth masks.

compared to the VHE-trained models. These discrepan-
cies could partly stem from registration inaccuracies dur-
ing preprocessing, as initial misalignment appeared to be
more pronounced in PARS images than in VHE images.
DeepCMorph consistently showed the lowest curve since
its semantic output required connected-component label-
ing to produce instance segmentations. Ultimately, the best
PARS-trained model, StarDist, achieved an average preci-
sion comparable to its pretrained and VHE-trained coun-
terpart. Its curve in Figure 2 looks similar to the results
reported for StarDist on fluorescent cell images in [13].
Expanding the training dataset and optimizing thresholds
based on Average Precision rather than Dice could further
enhance segmentation performance.

Since VHE is derived from PARS via a CycleGAN, we
know that meaningful nuclear features exist in PARS im-
ages [16]. Future work could explore alternative architec-
tures, such as transformers, or leverage feature representa-
tions learned by the virtual staining model to improve PARS
segmentation.

4. Conclusion
This study compares StarDist, Cellpose, and DeepCMorph
on VHE and PARS images using average precision and cell-
level metrics. Experiment 1 suggests that pretrained mod-
els perform similarly on VHE and H&E images, confirm-
ing VHE as a reliable, label-free substitute for conventional
H&E. Experiment 2 showed that while VHE-trained models
performed slightly better, PARS-trained models achieved
competitive results. This demonstrates that direct segmen-
tation on PARS is a viable strategy, especially when data is
insufficient for training virtual staining models.

Overall, virtual staining enables accurate, label-free nu-
clear analysis with existing tools, while direct PARS pro-
vides comparable nuclear information with less computa-
tional overhead for training. These results demonstrate the
potential of label-free PARS imaging for accurate nuclear
analysis in digital pathology.
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