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Abstract. During microcapillary flow, red blood cells (RBCs) show a
broad variability in shapes. Although widely studied from a physics point
of view, there is no globally accepted reference for classes of RBCs in this
condition. Previously, to classify them, different supervised learning (SL)
models have been developed. Conversely, we proposed a novel approach,
based on the semi-supervised learning (SSL) paradigm, to mostly rely
on RBCs’ intrinsic properties while minimizing any dependence on the
labels. We developed a solid model, leveraging Cellpose-SAM (CPSAM)
combined with two neural networks (NNs) for contour extraction and a
variational autoencoder (VAE) as clusterer. To remain consistent with
the SSL paradigm, we tailored our VAE taking inspiration from the Vari-
ational Deep Embedding (VaDE) approach. With the proposed method,
we obtained 3 different groups of cells that express significant differences
among them, achieving an accuracy of 94% on the labeled validation set.
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1 Introduction and Background

The deformability of human RBCs is fundamental for them to carry out their
functions, as during their entire lifespan they are exposed to flows inside the
microvascular networks, where vessel diameters are similar to their size. During
flow they express a broad variability in shapes due to the complex interaction
between the RBC itself and the channel, depending on both intrinsic cell proper-
ties and external conditions [11]. Studying RBCs during flow is an essential way
to diagnose several hematologic diseases, and although several studies have been
carried out both experimentally and numerically [10], there is no general artifi-
cial intelligence (AI) tool to analyse them. In this study, we focus on the shape
analysis of RBCs in microfluidic flow, and we aim to develop an SSL approach
in order to minimize the influence of any human bias arising from cell labeling, a
time-consuming and error-prone process. Nonetheless, several studies have been
carried out in this sense, with a classical supervised learning (SL) approach. In
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Fig. 1. Different cases of RBC morphologies during microcapillary flow - axes in µm.
From left to right: ball, croissant, slipper and a cell cluster.

[4], the authors developed a tolerant SL model to classify cells in the two most
known and accepted RBC categories: slipper-shaped cells and croissant-shaped
ones [9]. This constitutes an important step forward for studying shapes accord-
ing to intrinsic RBC properties, but the human bias is still present. Since we
are solely interested in RBCs’ intrinsic properties, our model primarily relies on
cell shapes, limiting the use of labels. Therefore, we developed a mixture of SL
models (CPSAM-NNs) to extract the cell contour, and a SSL model (VaDE) to
cluster them, accounting for a single residual supervised loss contribution. As
this is a novel approach, in our study we considered, for the training phase of
this clustering head, a dataset containing healthy-shaped RBCs (Fig. 1).

2 Material and Methods

2.1 Model Architecture

Overall Pipeline
We can decompose our model into three different parts: 1) Cellpose-SAM: a
fine-tuned version of this foundation model [8], which is devoted to extracting
two pieces of information pixel-wise: the probability of belonging to a cell and
the flow towards the cell center; 2) Filter-Ranker Neural Networks: the aim
of these two NNs, which operate jointly, is to recognize, among different contours
elaborated from CPSAM outputs, the right one; 3) VaDE: this is the head of the
model, and its role is to correctly cluster RBCs, in the form of feature vectors of
their contours, into meaningful groups. The general inference workflow is shown
in Fig. 2. As our clustering method represents a novelty in the field of RBCs in
flow, we will focus our attention on an in-depth description of it, while providing
a more concise description of the aforementioned extraction method.

Contouring method The CPSAM [8] is the latest model from the Cellpose
family to be released, and leverages, as a backbone, the Segment Anything Model
(SAM) [6]. Thanks to its robustness, CPSAM is considered a foundation model
in cell segmentation, able to perform well also in a zero-shot scenario. Unfor-
tunately, our case study is different from any case on which CPSAM has been
trained. For this reason, we implemented a fine-tuning pipeline for CPSAM, to
let the model adapt to our particular domain, where noise and focus instability
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Fig. 2. Diagram of the model architecture. The inference proceeds as follows: 1) The
input image is processed by the fine-tuned CPSAM and different contours are found
- 2) Two NNs choose the best contour and a 22-dimensional contour vector is built -
3) The vector is fed into the VaDE-style encoder to be projected into the latent space
(3D) - 4) The latent vector is passed to the GMM to assign the corresponding cluster.

make this task harder. The dataset we used for this fine-tuning process is com-
posed of 259 different RBCs, taken under different focus conditions, along with
the corresponding masks. Thanks to this process, our CPSAM version performs
as well as the original version on the test set used in [8]. Due to the computational
cost of a full inference of CPSAM, we consider, for our task, only its encoder,
discarding the segmentation head. Thus, we take advantage of the intermediate
output from CPSAM (i.e., the probability and the flow maps). We developed
our segmentation head in two parallel processes, each using one of the CPSAM
outputs. From the probability map, we implemented a GPU-powered k-means
[7] to group pixels according to their probability; different contours are then
considered as borders between different groups. From the flow map, we evaluate
the divergence; thanks to the unique information it contains, we implemented a
watershed algorithm [1] on it, obtaining a number of masks equal to the actual
number of objects in the images. Once these two steps are performed, we dis-
card any multiple-cell case and compute, along each contour, a set of features
on the real cell images. To choose the right contour cell-wise, we use two simple
NNs that work sequentially. The first one (i.e., filter network) is trained with
a classical binary cross-entropy loss, while the second (i.e., ranker network) is
trained to minimize a margin ranking loss. The former network has the role of
discarding any contour that is unlikely to be the right one and passing to the
ranker network only valid contours. The ranker then produces a proper ranking
across the contours for each cell, and the best-ranked contour is selected. More
details on their architectures are provided in Section S1 of the Supplementary
Material.

VaDE To efficiently cluster cells into groups using an SSL approach, we de-
signed, as the head of our model, a VAE architecture inspired by the VaDE
approach [3]. The key strength of the standard VaDE lies in keeping the cluster-
ing totally unsupervised, while grouping instances only based on their intrinsic
features. It leverages the representation power of VAEs [5], and manipulates
the latent space to better adhere to the case considered. This manipulation
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is achieved through the introduction of another prior in place of the standard
Gaussian of VAEs, defined by a tailored Gaussian Mixture Model (GMM) [2].
To show the general training workflow of a VaDE algorithm, we can divide it
into two distinct phases:

1. The model is trained with a traditional loss composed of:

LVAE = −Eqϕ(z|x) [log pθ(x|z)] +DKL

(︁
qϕ(z|x) ∥ p(z)

)︁
(1)

where the first term is the usual reconstruction error (implemented as mean
square error (MSE)) and the second is the Kullback-Leibler (KL) regulariza-
tion term considering a normal distribution p(z) = N (0, I). From now on,
we will refer to this step as the pre-training step.

2. The raw latent space from pre-training is then refined with a further step,
called fine-tuning step, with a modified version of Equation 1. In this second
phase, the prior consists of multiple Gaussians evaluated with a GMM: p(z) =∑︁K

k=1 πk N (z;µk, Σk)

While the two training steps are present in the same way in our model, the most
relevant difference lies in the composite loss we defined for our task, which is
very challenging due to the input considered. From each cell, indeed, we extract
a 22-dimensional vector containing relevant features about its contour; a descrip-
tion of these features is provided in Section S2 of the Supplementary Material.
We chose this feature set to ensure consistency across different image conditions
(e.g., a different objective that results in a different magnification of the cell).
This choice ensures a generalizable model that only classifies cells based on size-
and orientation-invariant properties. Starting from this input, we defined a fully
connected architecture for our model (Table 1), with a mirrored structure be-
tween encoder and decoder. We chose a 3-dimensional latent space for 2 reasons:
firstly, because we observed that the input features contain strong correlations
among them, allowing the useful information to be efficiently reduced to 3 di-
mensions; secondly, it lets us keep track, in an immediate visual way, of each
dimension during the training. Despite the first motivation remaining the most
important one, checking the dimensions constitutes an effective way to keep
track of cluster evolution, since our main focus was to establish a meaningful
and general latent space into which cells can be projected. As already men-
tioned, beyond the model structure, the main difference lies in the complex loss
we defined, to improve cluster quality and make the network separate different
cell instances more effectively. Our loss is composed of 5 different components,
defined as follows:

Ltotal = Lrec + β(t) · LVaDE
KL + λ(t)Lsil + γ(t)Lfisher + ψ(t)Ltriplet (2)

Each component of Ltotal is thus defined as follows, where rik is the GMM
responsibility of sample i w.r.t. cluster k, µi and σ2

i are the encoder posterior
mean and variance for the ith sample, ck is kth cluster centroid, B is the training
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batch size:
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with
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with
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with
d(x, y) = ∥x− y∥22 , m = 0.3 · 1

K(K − 1)

∑︂
k ̸=j

∥ck − cj∥22

Analysing each component separately, we used a variant of the usual Lrec, con-
sidering both magnitude (MSE) and direction (cosine) differences (Equation 3)
as we wanted to preserve the feature structure as much as possible, expect-
ing a high correlation among them. We then considered the VaDE loss (Equa-
tion 4) with a minor change as we did not consider the KL-entropy term from
[3] to enhance training stability. In addition, we also adopted 2 cluster-based
losses (Equation 5, 6) to obtain well-separated cell groups. The last contribution
(Equation 7) is a variant of the classical triplet loss [12] and is meant to address
the most challenging cell cases in order to assign them to the cluster with the
highest similarity. This last term is the only supervised component of our en-
tire VaDE model, as it uses real labels from the dataset. Indeed, our particular
version of the triplet loss considers GMM responsibilities as confidence scores
(instead of ground-truth labels) and, to address the shortage of training data,
falls back on the GMM centroids if no hard true label is found in the specific
batch. Furthermore, the margin m shown in Equation 7 is evaluated according
to the clusters’ distribution in the latent space after the pre-training. Despite re-
ducing the adaptability to the evolving latent space, this ensures a more stable
training. To control the contribution of each described loss during training, we
additionally defined time-dependent hyperparameters (Equation 2).
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2.2 Dataset

We considered cell images obtained from experiments with particular microflu-
idic conditions: (1) straight channels without any constrictions; (2) micro-capillary
size comparable with cell sizes; (3) flow velocities in the physiological range. All
these images were acquired in-house with Erysense, through private experiments.
We used, for the training and evaluation of our VaDE clustering model, 2 datasets
restricted to healthy donors, from which 3 cell groups were hypothesized (Fig. 1)
and subsequently confirmed via unsupervised selection (Section 3.1). The first
dataset is a labeled set of 1449 cells - referred to as labeled, evenly divided among
the 3 classes. Since it aggregates cells from different donors, whose identity has
not been retained during acquisition, it is not possible to guarantee donor-wise
independence during train/validation splits. The second dataset - referred to
as test, composed of 3119 cells, was used solely for visual inspection, and it is
a totally raw dataset, without any labels. We used this dataset to assess our
model’s reproducibility and robustness under substantially different focus and
noise conditions compared to the labeled one. Therefore, it does not constitute
an independent quantitative test set.

3 Results

3.1 VaDE training

To train our VaDE, we used the labeled dataset, dividing it into the training set
(75% of images) and the validation set (25% of images). Training hyperparam-
eters for both training stages are summarized in Table 2. In both phases, we
used a cyclic β-annealing to ensure the model can iteratively explore different
reconstructions while mitigating posterior collapse through latent space regular-
ization; to also avoid dimension-wise collapse to the prior (and thus meaningless
dimensions) we introduced, in this pre-training, the so-called freebits parameter,
which requires each dimension to contribute at least this value to the LKL. In
fine-tuning, we designed a linear ramp schedule for both cluster-based losses (λ,
γ) and the triplet loss (ψ), introducing them gradually to let the model adapt
to the new GMM prior. First, λ and γ were introduced together, to refine the
raw cluster boundaries, followed by ψ, to address challenging cases. Particularly,
our hard-case triplet loss defines anchors, positive, and negative examples (ai,
pi and ni in Equation 7) according to the GMM, but considering real labels.
Specifically, anchors are selected by low GMM confidence to assign them to a
cluster (p < 0.75), while pi and ni are instances with p > 0.9. The GMM was
fitted on the pre-training latent space, with diagonal covariance (for consistency
with the mean-field KL approximation (Equation 4)). To select the number of
sub-populations K = 3 with an unsupervised approach, we considered the min-
imization of the Bayesian Information Criterion (BIC) [13].
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Table 1. VaDE architecture. Arrow:
linear layer; BN: batch normaliza-
tion.

Stage VaDE
Encoder 1 22→16, BN, ReLU
Encoder 2 16→8, BN, ReLU

Latent µ, log σ2: 8→3

Sampling z ∼ N (µ, σ2)

Decoder 1 3→8, BN, ReLU
Decoder 2 8→16, BN, ReLU
Output 16→22

Table 2. Training hyperparameters for
pre-training and fine-tuning.

Parameters Pre-tr. Fine-t.
Optimizer Adam Adam
lrate 1e-3 1e-3
wdecay 4e-4 5e-4
Epochs 500 400
Patience 35 90
β cycle [ep] 33 80

βmax 0.05 0.45
freebits 0.05 –

λ, γ ramp [ep] – 60→100

λmax, γmax – 5, 0.5
ψ ramp [ep] – 100→140

ψmax – 0.1

3.2 Clustering performance

To demonstrate the improvement achieved by our model compared with a clas-
sical VAE, we present classification results on the validation set as confusion
matrices and visual representation of the evolution of dimensions before and
after fine-tuning. As we can notice from the first confusion matrix (Fig. 3a),
the model after the pre-training already leads to a good accuracy across all the
classes, showing a particularly high number of misclassifications among croissant
and ball cells. As this can be expected, we can nevertheless see from the dimen-
sional comparison (Fig. 4a-b) that during this first phase the model successfully
reduces dimensions to the 3D latent space, producing a highly meaningful la-
tent space, in which we can already notice a distinction between different groups
of cells. The large overlap and the concentration in just a portion of space are
a consequence of the simplistic Gaussian prior. This is exactly where the fine-
tuning acts, with the GMM-tailored prior; it is indeed clearly visible that there
is a significant improvement in both the confusion matrix (Fig. 3b) and the di-
mensional comparison (Fig. 4c-d). Observing the evolution of the latent space, it
is clear that this second stage refines the latent space to achieve a better cluster
separation, strongly driven by both the new prior and the cluster-based losses.
Thanks to the triplet loss, we observe a substantial improvement in the overall
accuracy (Table 4), resulting in a reduced overlap between croissant and ball pre-
dictions. It is clear that this emphasis on cluster separation inevitably increases
the reconstruction error (and thus the total loss, as it is the main component).
However, this is justified by the model’s improved ability to distinguish among
the broad range of cell shapes, as shown in Fig. 4e-f, where a similar latent or-
ganization is reproduced on the test set. Although the clustering quality metrics
show a slight degradation on the test, with the silhouette score decreasing from
0.91 to 0.88 and the Davies—Bouldin index increasing from 0.12 to 0.21, the
changes remain limited and indicate good generalization of the latent structure.
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ba

Fig. 3. Comparison of confusion matrices. a) After pre-training ; b) After fine-tuning.

Furthermore, the model consistently projects test instances into the same latent
regions corresponding to the training clusters, preserving the cell characteristics
within each cluster.

4 Discussion and Conclusion

We proposed a novel approach to classify RBCs in flow, keeping the model train-
ing as free as possible from biases due to human labeling. As our model is largely
unsupervised, except for the triplet loss contribution, it achieves notably high ac-
curacy in grouping cells based only on their shape. Examining the classification
metrics for the final model (Table 3), we observe strong performance, with high
F1-scores for all classes. Taking into account only the 2 currently accepted classes
(i.e., slippers and croissants), the results improve further, with no misclassifica-
tion between them (Fig. 3b). To contextualize these results, we compared our
model against a simple GMM applied to the scaled 22D input vectors (with K
fixed to 3 for a fair comparison). This approach reaches an overall accuracy of
65%, struggling especially to distinguish between slippers and croissants - as
expected, given the need to re-organize the feature space into a more suitable
latent representation. We also compared our model to an external supervised
baseline: the model developed in [4]. It achieves, as our model does, no misclas-

cba d e f

Fig. 4. Latent space dimensions during the two-stage training procedure. a-b) Labeled
dataset after pre-training (ground-truth labels); c-d) Labeled dataset after fine-tuning
(ground-truth labels); e-f) Test dataset after fine-tuning (model predictions).
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Table 3. Per-cluster classification
report for final model on validation
set.

Metric Balls Croissants Slippers
Precision 0.89 0.95 0.98
Recall 0.92 0.94 0.96

F1-score 0.91 0.94 0.97

Table 4. Overall accuracy on validation
set obtained by progressively adding the
proposed loss components.

Metric Accuracy
VAE loss 0.85
VaDE loss 0.88

VaDE + cluster losses 0.90
Full loss 0.94

sification between slippers and croissants, but shows more errors between others
and croissants. This results in an overall accuracy of 87%, while our model in-
creases this value by 7%. Despite not sharing the exact same classes (others in
[4] shares several characteristics with our balls), this comparison suggests that
our model better handles challenging cases. The clear improvement in terms of
overall accuracy over the classical VAE and VaDE approaches (Table 4) justifies
the introduction of such a complex loss, despite the difficulty in balancing its
components. This is the direction of our future research; we believe, especially
for the triplet loss, that the small size of the datasets limits its full potential.
We aim to further develop this SSL approach and introduce more features, to
identify additional classes characterized by distinct cell properties.

Disclosure of Interests. Andrea Caputo is employed by Cysmic, the company that
provides the Erysense, the device which generates the images, where Stephan Quint
serves as Chief Executive Officer and Lars Kaestner is a shareholder.
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