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Fig. 1: I llust rat ion of the spherical CNN framework proposed for AD diagnosis based

on cort ical morphomet ric data. The basic operat ion blocks are denoted as arrows and

listed under the network st ructure.

orthogonal group’). Hence, specially-designed convolut ion operat ions are refor-

mulated on S2 and SO(3). Due to space limitat ion and the experimental focus

of this paper, more theoret ical underpinnings can be found in [7, 8].

Elements in the SO(3) space are represented in the Euler ZYZ format as:

Z (↵)Y (β)Z (γ) (1)

where Z (·) denotes rotat ion around the Z axis, Y (·) denotes rotat ion around

the Y axis, ↵ 2 [0, 2⇡ ], β 2 [0, ⇡ ], γ 2 [0, 2⇡ ] are the rotat ion angles respect ively.

The elements are passed as 3D matrices in the computat ion.

Elements in the S2 space can be represented in a similar way and are passed

as 2D matrices in the computat ion:

Z (↵)Y (β)Z (0) (2)

The network architecture is similar to regular CNN, with spherical convo-

lut ional blocks being layered hierarchically. The main parameters include the

bandwidth b, which is similar to the spat ial dimension in regular CNN, and the

number of channels c at each convolut ion block.

In this work, we use a simple yet general network st ructure with three convo-

lut ional layers interleaved with 3D batch normalizat ion (BN) and rect ifier linear

unit (ReLU) layers. The network structure is illust rated in Fig. 1. The number of

channels doubles and the spat ial dimensions reduce by two across layers. Specifi-

cally, we denote the S2 convolut ion with bandwidth band channel c as S2Conv(b,

c), and the SO(3) convolut ion with bandwidth b and channel c as SO3Conv(b,

c). The fully convolut ional part of the network is sequenced as: S2Conv(32, 32)

- BN - ReLU - SO3Conv(16, 64) - BN - ReLU - SO3Conv(8, 128) - BN - ReLU.

The three dimensions ↵, β, γ of the feature maps at each layer are all 2b.
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which the left half consisted of the sagittal projection whereas the right half included 

the frontal projection (Figure 2 a). 

                          
(a) (b)                                                             

Figure 1: Reference generation: (a) A digitally reconstructed spine; (b) Back projections of vertebrae 

body on sagittal and frontal view images. 

 

Mask R-CNN 

 

 
Figure 2: Inputs and outputs of Mask R-CNN: (a) Input image; (b) Input image with masks and 

bounding boxes. (c) Output prediction bounding boxes, masks and class scores.  

 

Mask R-CNN is a two-stage detector that localizes vertebrae firstly by predicting 

bounding box containing objects, followed by segmentation and identification at the 

same time in the second stage. We used Mask R-CNN [13] based on the implemen-

tation by Matterport Inc. [14] released under an MIT License to identify and seg-

ment C7, T1-L4 (16 vertebrae), L5 from sagittal view, and C7, T1, T2-L4 (15 ver-

tebrae), L5 from frontal view. In total, 36 vertebrae classified into 7 classes were to 

be detected and segmented from an individual concatenated image (Figure 2 b). The 

data was split for 5-fold cross-validation without overlap for training and testing. 

Augmentation techniques included randomized rotations and contrast normalization 

to generalize unseen data. 

Fig. 2: Deep learning pipeline using either ResNet or VGG.

and full optimization.

VGG-11: Here, nf = 25,088 and nF = 75,264-D features,

and weuse three fully-connected dense layers. Wetested two

initialization and training strategies for the⇠9M weights: (1)

VGG11 TL = TL and full optimization, (2) VGG11 = full

optimization with random weight initialization.

Batch construction: To build a mini-batch B of size nb, we

sampled, with replacement, nb subjects among our training

set, randomly drawing a triplet of MIPs for each subject, and

then applying augmentation. At training, we used 20 batches

of size nb=32. For validation and testing, we sampled for

each subject 32 different triplets (out of ⇠120 combinatorial

options for⇠10 CESMI videos per subject).

Cross-validation: We ran a 5-fold cross-validation, training

viaBayesian optimization for hyperparameter on 3 folds, val-

idation on one fold and test on the remaining fold.

3. EXPERIMENTAL RESULTS

We report results using an Adam optimizer for VGG11 and

SGD optimizer for ResNet34, which returned thebest perfor-

mance. The learning rates were set to 5 106 for VGG11, and

3.5 105 for ResNet34.

3.1. Classification performance

We report in Table 1 test results for classifying (32⇥97=)

3,104 MIPs from the 97 subjects, using cross-validation.

AUC values are all above 0.89 while other performance

metrics vary significantly between networks. We see that

ResN et34 either with or without TL return the best perfor-

mance except for Recall, which is slighlty better in VGG11.

Using TL generates a tradeoff between Recall and Precision,

leading to stable F1-score values across architectures.

Table1: Test per formance for theCNN classifiers: healthy vsdis-

ease.

Network Acc F1-score Precision Recall AUC

ResN et34 T L 88.2 ± 1.6 65.5 ± 10.0 77.8 ± 12.5 61.5 ± 17.0 91.4

ResN et34 84.7 ± 5.9 68.6 ± 7.8 59.2 ± 8.9 83.5 ± 12.2 92.2

ResN et34 T L 2l 86.1 ± 3.1 60.7 ± 9.2 71.5 ± 13.0 57.2 ± 16.0 89.7

V GG11 T L 86.9 ± 3.3 66.0 ± 7.8 72.4 ± 16.0 66.8 ± 15.8 91.6

V GG11 80.4 ± 6.4 64.1 ± 6. 52.0 ± 8.6 86.6 ± 12.4 89.4

3.2. Influence of MIP selection

Effect of Order ing MIPs: We inspected results when the 3

MIPs are selected randomly versus according to their high-

est || ||2 norm values (i.e. more vessels being seen), but no

significant improvement was noticed.

Effect of 1 vs 3 MIPs: We tested our trained networks us-

ing only oneMIP(replicated in the triplet) via2 experiments:

(1) one MIP during validation and testing phases; (2) One

MIP during all phases. Compared to Table 1, results for (1)

returned a systematic decrease in performance for all met-

rics, by [2%-5% , 3%-9% 7%-14% 0%-10%]. Experiment

(2) generated fluctuations of 2%-6% for all metrics compared

to (1) and never reached theperformanceof Table1. This loss

in performance is illustrated for one network architecuture in

Fig. 3(a). It is interesting to note that when training with only

1 MIP per subject, ResNet and VGG architectures tended to

perform more similarly than when using 3 MIPs.

(a) (b)

Fig. 3: (a) Validation accuracy using 3 vs. 1 MIP per subject for

ResN et34 T L . (b) Histograms of accuracy per subject and per net-

work. ”MAX” = ” oracle” selector of the best network per subject.

3.3. Accuracy per subject

Our framework labels 32 MIPs per subject. Each MIP is

assigned a score between 0 and 1. We plot in Fig. 3(b) the

distribution of ”accuracy per subject” for the five different

networks. We also add the distribution of an ”oracle” se-

lecting the network with maximal accuracy per subject. For

i = 0.25, 0.75, 075, 1, we denote by Si the set of subjects

with i − 0.25 < Accuracy i (i.e. the bins in Fig. 3(b)).

Set sizes and physiological measures are reported in Table
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Particle tracking

Angelini. ISBI’23

Phenotyping

Live animal: Hydra Vulgaris
Micro-groove cell imaging

Deep Learning in Biological Imaging
In SKT, the track velocity at time t is estimated from the previ-

ous measured track position. This estimation is correct only when
motions are slow with respect to the frame rate.

2.6. Update from optical flow

To improve robustness to fast and unexpected motions, we use opti-
cal flow to measure the velocities of particles. Let Φ t , t + 1(z) 2 R2

be the optical flow at pixel position z, from frame t to frame t + 1.
The information provided by dense optical flow is based on pixel
intensity and is often regularised globally in the image, whereas de-
tections are quite local. Thus, optical flow provides useful, comple-
mentary information that can be integrated in the SKT framework.

To update the state’s velocity at time t , we use the optical flow
between frames t and t + 1. The advantage of this approach is that
it is robust to sudden changes which happen from frame t to t + 1.
It is therefore easier to correctly determine where the particle will
be in frame t + 1. Furthermore, optical flow is usually regularized,
ensuring coherent velocities between spatially close particles.

Unlike [11], we designed aKalman Filter with two update steps
(Figure 1). First we update the filters with the positional measure-
ments, then we update the filters with the velocity measurements.
Thanks to this 2-steps procedure, the posterior position can be used,
rather than the prior/measured one, to extract the velocity from the
optical flow map. Moreover, this facilitates the update of veloci-
ties for all tracks, even non-linked ones, reducing uncertainty and
improving the motion estimation when particles are undetected. In
other words, theoptical flow allowsus to follow particles even when
they are difficult to detect. As uncertainty is reduced for non-linked
tracks, wearemorerobust to falsepositiveassociation and can there-
fore increase Ngap. We call KOFT--, the method that updates posi-
tion and velocity in a single update as in [11]. We call KOFT the
method with two update steps, and KOFT++ themethod which uses
Ngap = 5.
Optical flow. Computing the optical flow Φ t , t + 1 between frame t
and t + 1 is done with Farneback method [14]. We have compared
Farneback with TVL1 [15, 16] and RAFT [17] (deep learning based)
on true video of Hydra Vulgaris neurons [18] and found that it was
faster and more accurate in this case. We emphasize that KOFT can
be used with any performing optical flow method. We pre-process
the frames by downscaling with a factor 4, and by applying a Gaus-
sian smoothing (σ = 5 pixels). This isdone to speed up the compu-
tations, improve noise robustness and also to extract global, mean-
ingful motions.
Velocity Measurement Model. For each track i (linked or non-
linked), we measure velocities from the optical flow map z

i ,vel
t =

Φ t , t + 1 (H posx̂ i,SKT
t ). The uncertainty on velocity measurements is

fixed to σvel = 2. The velocity measurement model is:

H
vel

=

✓
0 1 0 0
0 0 0 1

◆

, R
vel

= σ
2
vel I 2 (8)

Thestate x̂ i,SKT
t isupdated with velocitiesaccording to equations

4 and 5, where H , R and zi
t are substituted by H vel , R vel and z

i ,vel
t .

3. SIMULATOR

Annotated data is unavailable and the labeling task is labour inten-
sive and prone to human errors and biases [19, 20]. Therefore, we
evaluate tracking performances on simulated data.

Most existing simulators for particle tracking [19, 8, 7, 9, 20]
usually assume simple motion models (eg. independent particles
with Brownian or partially directed motion) with simple particles
and backgrounds (Gaussian profile with Gaussian or Poisson noise

Fig. 2. Spring-based simulation (a) A complete simulated frame,
with points of mass and springs. (b) Motion induced by random
forces and springs constraints.

independent background). These are not representative of the com-
plex motions targeted by our method. Therefore, we have designed
our own simulator which wepresent here. Its goal is to produce rep-
resentativeand challenging tracking ground truths for particlesmov-
ing on a highly deformable background, typically cells on freely-
behaving animals. First, we propose to add a global background
noise to the particles that moves with the particles. This represents
the animal’s body or underlying tissue. Second, we add complex
global and elastic random motion to particles.

3.1. Par ticles and noise

Each particle ismodeled with a2-dimensional Gaussian profile. The
covariance of the Gaussian profile is random, and evolves in time.
The position of each particle is drawn from a uniform distribution
inside the body mask, with a minimum distance between particles.
The particles’ shapes are 1 to 3 pixels wide. The particles’ signal is
linearly mixed with a background signal. The background is mod-
elled with a mixture of Gaussian profiles, with larger widths. Thus,
the background structures are larger than those of particles, rang-
ing from 20 to 60 pixels wide. An additional Poisson Shot Noise is
added to the process to represent the acquisition noise.

3.2. Motion

At each time-step, we update the position of both background and
particles using the same global motion. We propose two plausible
global elastic motion models:
Optical flow motion. We extract the optical flow of consecutive
frames of a real video (in this work, we use a fluorescence video of
Hydra Vulgaris neurons from [18]). These motions are then applied
to update the positions of both particles and background.
Spr ings motion. We model the animal body or tissue with n points
of equal mass strung with springs (See figure 2). We apply random
forces to the system and solve the n-body damped harmonic oscilla-
tor equations. Let (p i 2 R2)1 i n be the n points of mass of our
system, for each p i we define its dampening coefficient λ i 2 R+ .
For each pair (p i , p j ), a spring is created with a stiffness ki j 2 R+

and a equilibrium length l i j 2 R+ . We set ki j = 0 (no spring) for
all pairs but the 8 closest neighbors. This system follows:

p̈ i = f i (t) − λ i ṗ i −
X

j

ki j (||p i − p j ||2 − l i j )
p i − p j

||p i − p j ||
2

(9)

Figure 23: Samples of each cluster

2.2 FashionMNIST

Figure 24: clustering in latent dim = 16 Figure 25: True labels
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Figure 23: Samples of each cluster

2.2 FashionMNIST

Figure 24: clustering in latent dim = 16 Figure 25: True labels
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1.2 Wild type vs BRAF mutant

In the test dataset , the number of cells Wild = 548 ,and the number of Mutat ion cells = 528.

1.2.1 4 classes

Figure 7: clustering into 4 classes Figure 8: Wild type (0) and Mutat ion (1)

Label number of cells % occurrences of wild cells % occurrences of mutat ion cells

0 401 66.08% 33.92%

1 374 41.71% 58.29%

2 166 70.48% 29.52%

3 135 7.41% 92.59%

Figure 9: Samples of each cluster
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➔MRI -> CT: infer complementary modality

= limit radiation + time 

FOCUS: AI Generative Modeling to infer non-acquired

medical image modality

CT CTA

PhD thesis - IMT F&R 
Kevin Giraldo Paniagua.

Sup: E. Angelini +, 
(+ PH Conze et V. Jaouen)

All using open-access data + 

unpaired training

Specificities of our AdaNGF method: 

▪ Edge-Aware GAN with « smart » enhancement of fine anatomical

structures from source to target imaging modality. . 

▪ Fully unsupervised:  Easier to setup [but more challenging to train]

➔MRI -> MRI: infer T2 from T1 sequence 

= Save cost + time

➔CT -> CTA: infer contrast agent in blood vessels

= limit patient’s risks + costs
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▪ No hallucinations ? 

▪ Clinical benefits ? 
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FOCUS: AI Generative Modeling to infer Super-Resolved

biological images

➔ Harmonise “Screening 

conditions” (user + 

batch effect)

➔ Need for translation to 

lower image quality => 

portable device

Fig. 1. Qualitativecomparison of restoration methods microscopy images. Representative results for deblurring (top, deformed

nuclei) and denoising (bottom, zebrafish embryo) with magnified regions from yellow boxes. For deblurring, LFL recovers

more faithful nuclei edge and subcellular textures compared to baselines (LR: low-resolution input, Spatial Only, FFL, FSL,

HR: high-resolution ground truth), which introduce faulty detailsand artifacts. For denoising, differencesaresubtle. LFL shows

slight improvements in intensity transitions (yellow triangle), producing smoother change between dark and bright regions.

ground–background imbalance. LFL can be easily integrated

into GAN-based frameworks without architectural changes.

Experiments show strong structural and perceptual gains for

deblurring, and notable improvements in pixel fidelity for

denoising, demonstrating itseffectiveness and practicality for

bioimage restoration and related reconstruction tasks.
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Nuclei segmentation

Deep Learning in 

Histopathology

Fig. 1: Overall pipeline of Sim-Click (left) and Click-Ref (right) modules. For simplicity, skip connections havebeen omitted. Theclick-ref architecture in red

isdetailed in Fig. 2

Fig. 2: Click-ref architecture for |⌦P | = 256⇥256. Theinsert in thebottom

right details the action of the + p operator with notations taken from Eq. 2.

2. Intensities of RGB channels (dR GB ): sum of the com-

plement to one of the intersections of normalized histograms

over each color channel measured via the min operator.

3. Texture features (dT E X T ): We use the 2D wavelet scat-

tering transform [12] on H&E channelsseparately. Thistrans-

form usestwo hyperparameters J and L that control thenum-

ber of scales and rotations respectively. The scattering trans-

form outputs a tensor of size (1 + LJ +
L 2 J (J − 1)

2
, H

2J , W
2J )

for an input image of size H ⇥W . The scattering trans-

form hasstability propertieswith respect to geometrical trans-

forms, and invarianceproperties with respect to translation up

to 2J . Wedefine the texture distance between two patches as

the sum of the per-channel L 2 distances between scattering

coefficients.

4. Baseline segmentation quality (dseg): Let nbase and ngt

be the numbers of nuclei detected by the baseline (base) and

ground-truth (gt) segmentations in a given patch. Our seg-

mentation quality distance exploits the following patch seg-

mentation features:

1. ngt

2. ∆ = ngt − nbase.

3. Overlap area of segmented nuclei in base and gt.

4. Pixel-level Precision and Recall

5. Nuclei size statistics: [average, max, min]

These features are extracted for all training patches and nor-

malized with the population-level mean and variance. For a

pair of patches, the distance dSE G is then computed as the

L 2 norm of the normalized individual differences in the five

features.

2.3. Patch similar ity metr ic

Our final distance dP S between pairs of patches (Pi , Pj ) is

defined as the weighted sum of the individual distance com-

ponents, as:

dP S (Pi , Pj ) = λH E ⇥dH E (Pi , Pj )+

λR GB ⇥dR GB (Pi , Pj ) + λT E X T ⇥dT E X T (Pi , Pj ) +

λSE G ⇥dSE G (Pi , Pj )

At training time, let Pq be a query (anchor) patch for which

we want to correct a base segmentation, knowing gt. We

first select the Np patches that minimize dP S (Pq, ·) and

compute dM = maxi = 1,..,N p
(dP S (Pq, Pi )) and dm =

mini = 1,..,N p
(dP S (Pq, Pi )). We then transform the values

of dP S as d⇤P S (Pq, ·) = Fs(N (dP S (Pq, ·))) with N the

linear normalisation operator using dM and dm and Fs a

Fig. 3: Sim-Click: % of ” twin” synthetic patchs amoung top neighbours for

a query patch.

training on Stardist baseline segmentation correction. We

found an average value of 0.67 and p-value of 2.4⇥10− 3 on

the test set.

Fig. 4: Sim-Click: Top similar patches retrieved on 2 test query patches (top

left). All similar patches are from thesame WSI than the query.

3.3. Click-Ref: Segmentation improvement

Segmentation improvement isevaluated in termsof nuclei de-

tection (Precision, Recall, F1) and pixel-level segmentation

quality with the aggregated Jaccard index (AJI), the DICE

index and the Panoptic score [15]. Results are reported in

Table 1 for the three baseline methods with clicks initiated

from the ground-truth segmentation (ideal scenario). All

metrics are improved, here in a range from 2.6% to 32.9%.

As desired, the poorer the baseline segmentation quality, the

greater the level of segmentation improvement. We illustrate

in Fig. 5 the quality of segmentation corrections generated

by our proposed automated segmentation correction on three

test patches with significant baseline segmentation errors.

4. DISCUSSION & CONCLUSION

In this paper we proposed a solution for correcting a baseline

segmentation of nuclei on histopathology H&E WSI images

based on few clicks indicative of locations of false positives

and negatives. We reported improvements of up to 25% for

Recall in nuclei detection and 32% in Dice for nuclei con-

tours. Future work will explore the tuning of the p parameter

Table 1: Click-Ref: Test segmentation improvement metrics measured at

nuclei detection level (Precision, Recall, F1) and countour-level (AJI, DICE,

Panoptic score(PS)) with training performed using Stardist baselinesegmen-

tation.

Hovernet/Click-

ref

Mask-

RCNN/Click-ref

Stardist/Click-

ref

Precision (%) 81.2/88.0 (+6.8) 69.1/81.1 (+12.0) 85.6/92.1 (+6.5)

Recall (%) 84.2/88.6 (+4.4) 56.8/82.1 (+25.3) 81.6/84.6 (+3.0)

F1 (%) 82.4/88.2 (+5.8) 61/81.3 (+20.3) 83.2/86.9 (+3.7)

AJI (%) 69.5/72.1 (+2.6) 38.2/63.2 (+25.0) 63.3/66.7 (+3.4)

DICE (%) 73.4/78 (+4.6) 36.7/69.6 (+32.9) 63.7/66.9 (+3.2)

PS (%) 63.9/68.4 (+4.5) 44.5/60.0 (+15.5) 63.9/67.2 (+3.3)

Fig. 5: Click-Ref: Examples of segmentation refinementson three test query

patches with multiple baseline segmentation errors of types FP and FN. Ad-

ditions and removalsof nuclei are highlighted in white squares.

with respect to thea priori confidence onehas in thebaseline

segmentation.

We have also validated the learning of a metric to pair

patches that are ”similar” in terms of appearance and seg-

mentation errors. This will be further explored to implement

a smart clicking paradigm - optimising the tradeoff between

manual interventions and gained segmentation refinement.
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We split the sub-dataset into n=110 WSIs training, n=24

validation, and n=24 test WSIs.

2.2. Creation of ground-truth scr ibbles

For tumoral scr ibbles: We propose a method to artificially

create random and realistic scribbles from the ground-truth

masks. We sample the contours of each tumoral area into

nc = 15 nodes equally spaced.

We compute the Voronoı̈ Diagram followed by the corre-

sponding Delaunay triangulation of the inside shape and ex-

tract the longest triangle path within the shape. We randomly

sample points in each triangle belonging to the longest path

and interpolate to generate the scribble (See Figure 2).

For each WSI, we generate scribbles on the top 10%

largest tumoral areas with aminimum of 1 and amaximum of

10. On average the number of ground-truth tumoral scribbles

generated per WSI is 6.7.

For non-tumoral scr ibbles: we extract the tissue region

from the background using a simple Otsu thresholding fol-

lowed by aclosing operation to fill theholes. Wethen subtract

all the annotated tumoral regions from the tissue mask. We

replicate the Delaunay triangulation process described above

on the largest connected tissue components per WSI.

For all the WSI of our scribble dataset, we extracted a

total of 203776 overlapping patches of size 512⇥ 512 pix-

els at magnification scale⇥40 along the generated scribbles

(SeeFigure 1). Thiscorresponds to an average of 868 healthy

patches and 434 tumor patches per WSI. Weassigned thecor-

responding label (1 for tumor and 0 for healthy) to each patch

to constitute our baseline training, validation, and test scribble

dataset.

(a) Scribble of a

metastatic region.

(b) Scribble of a non-tumoral region

Fig. 1. Patch extraction along scribbles created for the 2

classes: tumoral and non-tumoral tissues.

Fig. 2. Scribble creation process.

2.3. Classifier : Rough initial segmentation

We used VGG16 [11] as the backbone architecture for our

binary patch classifier and used dropout regularization with

a probability of 0.2. We started with weights pre-trained on

ImageNet [12] that we fine-tuned for 10 epochs on our train

scribble dataset. We used Adam [13] optimizer and an initial

learning rate of l r = 10− 3. For augmentations, we use flips,

90◦ rotations, and small translations.

We optimized the threshold used on the output probabil-

ity map (heatmap) to maximize the F 1 score on the scribble

validation dataset. This led to t t h r esh = 0.33 for an overlap

value ov = 50%.

3. INCREMENTAL SEGMENTATION

CORRECTIONS

3.1. Naı̈ve implementation

Our iterative correction process is illustrated in Figure 3. We

use an SVM classifier on latent features of our VGG16 [11]

to enable interactive corrections.

1. SVM Initialization: ” true-positive (TP)” and ”true-

negative (TN)” patches are extracted as the patches with

the highest and lowest scores respectively above and below

t t h r esh . Per WSI, we extract a maximum of 1,000 patches

for each class to have a fast initialization step and avoid class

imbalance.

2. SVM Correction: Additional input scribbles are provided

by the user over regions of the heatmap considered misclas-

sified. False-positives (FP) and false-negatives (FN) patches

are extracted from the corrective scribbles. In our approach,

we automatically generate scribbles on FP or FN areas and

only 10 FP and 10 FN patches per WSI to minimize the ex-

pected size of the correction scribble. We refit the SVM for

nepoch and update all WSI patches with the SVM predictions

except thepatches from thescribbles that arehard coded. This

process can be iterated npass passes.

The hyperparameter nepoch controls the balance between

the need for corrections without fully forgetting the initial

segmentation. We, therefore, defined its optimal value n⇤epoch

as the one returning the highest mean F1 score over the vali-

dation set after npass correction passes.Fig. 3. Incremental segmentation correction process.

3.2. Uncertainty-based implementation

It is desirable to adjust per WSI the level of SVM retraining

(controlled by a fixed value of nepoch in 3.1) with the initial

quality of the rough segmentation.

To infer the quality of a given VGG16 [11] prediction

without relying on a ground-truth annotation, we use the no-

tion of uncertainty from Monte-Carlo dropout introduced in

[14] that have already shown good results in [15, 16]. More

specifically in histology, few papers havealready explored its

effectiveness and reliability [17, 18, 19].

First, we run nM C predictions for each patch using

Monte-Carlo dropout on VGG16 [11] trained weights. Our

observations showed that large uncertainty values are mainly

located in tumor areas. Thus, in order to have a WSI-level

uncertainty measure that is independent of the size of the

tumor we introduce the following uncertainties:

HWSI =
1

|T |

X

P 2 T

H (X P )

σWSI =
1

|T |

X

P 2 T

σ(X P )

(1)

with P apatch in theWSI, X P thevector of nM C predictions

on P , T = { P 2 WSI, E [X P ] > t t h r esh }

To evaluate the sensitivity of these WSI-level uncer-

tainty measures to infer the overall segmentation quality, we

checked their relation with the WSI-level F1 scores of the

VGG16 labels on the test and validation subsets.

From Figure 4 we can see that the two uncertainty mea-

sureshavealinear relation with theF1 scoresand correlations

above0.8. They arethereforeboth good unsupervised proxies

of the segmentation quality, with HWSI having a higher cor-

relation. We therefore propose to set aWSI-specific value of

nepoch based on HWSI using awindow centered on n⇤epoch :

nWSI
epoch = 2⇥H ⇤

WSI ⇥n⇤epoch (2)

Fig. 4. WSI-level uncertainty measures versus F1 scores of

the VGG16 compared with the ground truth calculated on all

the WSI patches.

where H ⇤
WSI is the normalised value of HWSI in [0, 1] using

the max and min from Figure 4.

4. RESULTS

For the näıve approach, we tested the following values of

nepoch 2 { 1, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100} .

For npass = 1, thebest F1 value on thevalidation set was

found with n⇤epoch = 20 and for npass = 2, 3, 4 with n⇤epoch =

30.

Here, we detail results on the test set for npass = 4 cor-

rection passes with n⇤epoch = 30.

For the uncertainty-based approach, we set nM C = 20.

For each test WSI (n=24) weran thewholecorrection process

10 times using randomly chosen correction scribbles. This

leads to 10 segmentations per WSI per correction pass.

Wereport in Table1 for each performance metric itsover-

all averagevalueover the10⇥24 segmentations and theaver-

ageof itsstandard deviation per WSI across the10 correction

runs.

Results using the uncertainty-based corrections are re-

ported in Table 2. We observe better performance with the
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Dense SSL f or Segment at ion

Figure 2: Pixel embedding similarity maps. Each large image is a query image in which

we select a query pixel (highlighted in red). To its right are two images, with

the pixel closest (in embedding space) to the query pixel highlighted in red. The

similarity maps (cosine similarity between pixel embeddings) are shown below.

P ix2R ep-v2. The computat ional complexity of cont rast ing posit ive and negat ive pairs

of pixels forces to sample N random coordinates for the InfoNCE cont rast ive loss. Alterna-

t ively, we propose to replace this cont rast ive loss with a loss based on Barlow Twins (Zbon-

tar et al., 2021): we call this variant Pix2Rep-v2. I t minimizes the Barlow Twins loss de-

fined from the cross-correlat ion mat rix C 2 Rd⇥d between twin pixel embeddings (φ · z)(x)

and z0(x) 2 Rd, aggregated over all pixel coordinates x and the whole minibatch. Although

it aggregates informat ion from the full pixel representat ion maps (rather than samples),

Pix2Rep-v2 has a reduced computat ional footprint compared to Pix2Rep’s cont rast ive loss.

D ownst r eam segment at ion. For a given segmentat ion task, we init ialize the encoder-

decoder f with the pret rained weights (discarding the project ion head g), and add a task-

specific, learnablesegmentat ion head (1⇥1 conv + softmax, project ing pixel representat ions

to class probabilit ies). We leave f frozen, t raining only the segmentat ion head (a.k.a. linear

probing), or allow f to be fine-tuned from the supervised data (a.k.a. fine-tuning).

4. Exper iment s

We demonstrate the self-supervised pret raining on a downst ream task of cardiac MRI seg-

mentat ion, comparing favorably against a fully-supervised baseline and exist ing approaches.

D at a. The ACDC dataset (Bernard et al., 2018) consists of 3D short -axis cardiac cine

MR images of 150 subjects, including expert annotat ions at End-Systole and End-Diastole

for the left vent ricle, right ventricle and myocardium. It is split into a t raining-validat ion

set (100 images) and a test set (50 images). Slices are intensity-normalized using min-max

normalizat ion (using the 1st and 99th percent iles), cropped and resized to 128⇥128.
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