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ABSTRACT
Current state-of-the-art supervised deep learning-based seg-
mentation approaches have demonstrated superior perfor-
mance in medical image segmentation tasks. However, such
supervised approaches require fully annotated pixel-level
ground-truth labels, which are labor-intensive and time-
consuming to acquire. Recently, Scribble2Label (S2L)
demonstrated that using only a handful of scribbles with
self-supervised learning can generate accurate segmentation
results without full annotation. However, owing to the rel-
atively small size of scribbles, the model is prone to overfit
and the results may be biased to the selection of scribbles.
In this work, we address this issue by employing a novel
multiscale contrastive regularization term for S2L. The main
idea is to extract features from intermediate layers of the neu-
ral network for contrastive loss so that structures at various
scales can be effectively separated. To verify the efficacy of
our method, we conducted ablation studies on well-known
datasets, such as Data Science Bowl 2018 and MoNuSeg.
The results show that the proposed multiscale contrastive loss
is effective in improving the performance of S2L, which is
comparable to that of the supervised learning segmentation
method.

Index Terms— Contrastive Learning, Weakly Supervised
Learning, Cell Segmentation

1. INTRODUCTION

Cell segmentation [1] is a fundamental and important image
processing method that is necessary in many biomedical im-
age analysis tasks, such as cell counting and cell morphology
analysis. Supervised learning with convolutional neural net-
works (CNNs) has shown superior performance in cell seg-
mentation, but it requires a sufficient number of manually an-
notated pixel-level labels for robust results, which demands
a labor-intensive and time-consuming label generation pro-
cess. In addition, even the labels generated by experts are not
perfect and may contain errors, especially in complex or sub-
tle boundaries, which impairs the performance of supervised
learning-based approaches.
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To alleviate the need for manual annotations, various
weakly supervised segmentation algorithms that do not use
full ground-truth labels have been introduced. Bearman et
al. [2] proposed a weakly supervised segmentation scheme
that learns from point annotations and generic objectness
prior [3], providing the guidelines for separating foreground
and background. More recently, learning from point annota-
tions [4, 5, 6] in the medical image domain showed the poten-
tial of weakly supervised learning, which closes the perfor-
mance gap to fully supervised learning. Another approach is
to use sparse scribbles rather than per-object point annotation.
Lin et al. [7] used a super-pixel-based pseudo-label generated
by scribble annotations. Scribble2Label (S2L) [8] proposed
scribble-based supervised learning with pseudo-labeling on
an unlabeled area. Even though S2L achieved robust results,
it still has a limitation of overfitting scribble annotations,
which may impair the segmentation performance.

The main motivation of this work is to address the limita-
tion of S2L by introducing a new regularization energy, which
stems from the observation of recent advances in contrastive
learning. Recently, self-supervised contrastive learning (Sim-
CLR) [9] has shown notable performance as a significant vari-
ant of self-supervised learning. The main intuition behind
SimCLR is that transformation of similar images should have
similar representations (i.e., latent features of a neural net-
work), while different images should have different represen-
tations in the feature space. Khosla et al. [10] demonstrated
the possibility of the scalability of self-supervised contrastive
learning to supervised contrastive learning in an image clas-
sification task. Supervised contrastive learning aims to push
the anchor far away from samples in different classes, and
conversely, to pull the anchor close to samples in the same
class. However, existing contrastive learning works mostly
focus on image classification. Contrastive learning in image
segmentation is in its early stage, and only a few works have
been attempted on image segmentation [11, 12].

In this study, we propose multiscale contrastive regular-
ization based on pseudo supervision produced by scribble-
supervised learning to improve the performance of cell seg-
mentation. The main contributions of our work are summa-
rized as follows:
1. We introduce a novel adaptation of supervised contrastive
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Fig. 1. An overview of the proposed method. Because our method is based on S2L, we briefly described it [8] with the proposed
method. First, the warm-up stage proceeds scribble-supervised learning and pseudo label generation. Next, while continuing
the same process on main stage, we additionally conducts pseudo-label based learning and multiscale contrastive regularization.
Putting each output from decoder layer γ into projection head fφ, we obtain latent vector zγ . Here, we use scribbles and the
generated pseudo labels to annotate the label of the latent vector. According to the labeling standard ν and the resolution factor
δ, ŷδ is generated. With the assigned labels and latent vectors, we compute contrastive loss.

learning from image classification into a weakly super-
vised pixel-level image segmentation.

2. We introduce a generalized multiscale contrastive regular-
ization applicable to weakly supervised learning by em-
ploying supervised contrastive regularization on various
image resolutions.

3. We demonstrate the efficacy of the proposed method by
extending S2L and performing quantitative and qualitative
analyses on well-known datasets (e.g., Data Science Bowl
2018 and MoNuSeg).

2. METHOD

2.1. S2L Overview

The original S2L [8] consists of two stages: warm-up and
main stages. As described in Fig. 1, in the warm-up stage,
the CNN only learns from a set of scribbled pixels Ω, and pe-
riodically generates pseudo labels through a filtering method
based on the consistency threshold and exponential moving
average (EMA) method. We rewrote the scribble-based su-
pervised binary cross-entropy loss Ls [8] as follow:

Ls(x, s) =
1

|Ω|
∑
i∈Ω

BCE(si, ti) (1)

where x is an input image, t = fθ(x) is a vectorized predic-
tion generated by an arbitrary CNN fθ, and si is a vectorized
scribble label indexed by i ∈ Ω. Second, in the main stage,
they [8] retrain the function fθ with pseudo-labels [8] through
the following main loss:

LS2L(x, s, ŷ) = Ls(x, s) + αLp(x, ŷ) (2)

Lp(x, ŷ) =
1

|Ωp|
∑
i∈Ωp

BCE(ŷi, ti) (3)

where ŷ is a vectorized pseudo-label and Ωp is a set of
pseudo-labels. We introduce the modified main stage in the
next step as depicted in Fig. 1.

2.2. Multiscale Contrastive Regularization

This section introduces multiscale contrastive regularization.
We reformulate the main loss in Eq. 2 to employ multiscale
contrastive regularization that restricts the convergence space
of the arbitrary CNN f . Let fθ(x) be composed of a sequence
of transformations fn−1 ◦ ... ◦ f1 ◦ f0(x). We select a latent
feature vector vγ = fγ ◦ ... ◦ f0(x) such that 0 < γ ≤ n, and
pass through a projection head similar to [9] as fφ(vγ) = zγ .

The projection head fφ : RC×(HW/δ2) → RC
′×(HW/δ2)

con-
sists of combinations of convolutional layers, batch normal-
ization layers, and activation functions. Now, we can define
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Fig. 2. Qualitative comparison between ground-truth, supervised, and our method (with various loss combinations). Top row:
DSB-BF, middle row: DSB-Fluo [13], and bottom row: MoNuSeg [14] datasets. For the input image of DSB-Fluo data, we
increased the image contrast for better visualization. Each ground truth image includes per-instance labels. Some notable
regions are marked with arrows and circles.

pseudo-supervised multi-scale contrastive regularization with
respect to γ and δ as:

Lc(ŷ, v; fφ, γ, δ, τ) =

δ4

W 2H2

∑
i

∑
j

BCE(ŷδi ∧ ŷδj , σ(
zγi
||zγi ||2

·
zγj
||zγj ||2

/τ)) (4)

where σ is a sigmoid function, · denotes the dot product, and
∧ symbol denotes element-wise “or” logical operator. And,

ŷδi =


0, if

1

δ2
||ŷi:i+δ2 ||1 ≤ ν1 or i ∈ Ω−

1, if
1

δ2
||ŷi:i+δ2 ||1 ≥ ν2 or i ∈ Ω+

Ignore, otherwise

(5)

In other words, ŷδ is a down-scaled vector of a pseudo-label
generated by the factor δ ∈ {2i|i ∈ N0} with consistency
threshold values ν1 and ν2 for contrastive regularization at
various resolutions. i ∈ Ω− and i ∈ Ω+ denote the back-
ground and foreground scribble labels, respectively. In super-
vised contrastive learning, the softmax function can control a
single positive sample with an anchor; however, it is an inef-
ficient regularization in the segmentation task because of the
large number of positive pixels. Unlike the supervised con-
trastive regularization study [10], we employ a logistic func-
tion to scale the element-wise probability of pseudo-labels
instead of a softmax function. The logistic function makes
it feasible to handle multiple positive pixels for each sample
x simultaneously. Now, we can utilize supervised contrastive
regularization in the latent space of various resolution features

(i.e., it is extracted features on intermediate layers of encoder-
decoder-like shaped model). Consequently, we can define the
main loss function as a combination of the main loss of S2L
with multiscale contrastive regularization as follows:

Ltotal(x, s, ŷ, v; fφ,γ, δ, τ) = LS2L(x, s, ŷ)

+ λ1Lc(ŷ, v; fφ1
, γ1, δ1, τ1)

+ λ2Lc(ŷ, v; fφ2
, γ2, δ2, τ2) (6)

where α, λ1, and λ2 are weight parameters. Although Eq. 4
can be extended to multiple regularization terms for all pos-
sible δ, we empirically chose two regularization terms with
different scale factors δ1 = 1 and δ2 = 4 in our experiment to
balance between the training efficiency and the performance.

3. EXPERIMENT

3.1. Data

We used three different cell image datasets. The first two sets
of nuclei 2D images were obtained from BBBC038v1 [13]
known as Data Science Bowl (DSB) 2018 data. In the DSB
dataset, we used the Stage 1 training dataset with fully
annotated masks, which were 16 bright-field (DSB-BF)
1000×1000 images and 542 fluorescence (DSB-Fluo) im-
ages of various sizes. We conducted 4-fold cross validation
on these two datasets, so we splits each dataset into 60% for
training set, 20% for the validation set, and 20% for the test
set. The third dataset was MoNuSeg [14], which consisted
of 30 training set and 14 test set 1000×1000 histopathology



Table 1. Quantitative experiment results representing accuracy in the format of mDice / IoU. The first- and second-best results
are highlighted in red and blue, respectively.

Label Method DSB-BF DSB-Fluo MoNuSeg

Scribble

S2L[8] 0.6980 / 0.8108 0.8235 / 0.8419 0.7098 / 0.6586

S2L+R1×1 0.7068 / 0.8153 0.8267 / 0.8565 0.7165 / 0.6715

S2L+R4×4 0.7078 / 0.8292 0.8234 / 0.8505 0.7205 / 0.6603

S2L+R1×1+R4×4 0.7199 / 0.8368 0.8268 / 0.8570 0.7128 / 0.6639

Full Supervised 0.7305 / 0.8665 0.8204 / 0.8790 0.7646 / 0.6867

images. We conducted 5-fold cross validation and made pre-
dictions (inference) on the test set images. To manually draw
scribbles, we referenced fully annotated masks.

3.2. Implementation Details

Our baseline network is U-Net [15] with five layers of de-
coder blocks, using the ResNet-34 [16] backbone for the
experiment. We used constant values of α = 0.5, λ1 = 0.5,
and λ2 = 10. For multiscale contrastive regularization, we
empirically chose the third and last layers of the decoder
(i.e., γ1 and γ2). Let us denote λ1Lc as R1×1 and λ2Lc
as R4×4. Because the loss operates more tolerant to simi-
lar latent vectors for the larger temperature parameter τ on
contrastive loss [17], we set the temperature τ1 = 0.3 and
τ2 = 0.1. For the latent vector label allocation, we set ν1 = 0
and ν2 = 1 to use more reliable pseudo labels. To reduce
the cost of contrastive loss computation, we randomly sam-
pled from each scale per class, setting 6000 as the maximum
pixel number per class in pixel sampling. We used the same
hyper-parameters used in the original S2L for Eq. 2.

3.3. Results

For performance assessment, we compared our results with
those of S2L and a supervised learning method using full an-
notation. Additionally, we conducted an ablation study to de-
scribe the segmentation performance of each regularization
for a single resolution.

For quantitative comparisons, we used the intersection
of union (IoU) to evaluate the overall (semantic) segmenta-
tion accuracy and mean of the Dice-coefficient (mDice) [18]
to measure the per-instance segmentation accuracy (see Ta-
ble 1). In DSB-BF and DSB-Fluo cases, multiscale con-
trastive regularization outperformed S2L and single-scale
contrastive regularization. In the case of DSB-BF, single-
scale contrastive regularization withR4×4 showed the second
highest performance. Because R4×4 has a larger field-of-
view, it has the advantage of separating regions that have sim-
ilar intensity but structurally different. In DSB-Fluo, R1×1

outperformed R4×4 and showed a similar performance as

the combination of R1×1 and R4×4. R1×1 is more effective
in distinguishing subtle intensity differences by comparing
pixels in the highest resolution. For the MoNuSeg data,R4×4

performed best.
Fig. 2 shows the qualitative results with input, ground-

truth, and the proposed method using various experimental
settings. In the case of DSB-BF, S2L falsely predicted the
nonnuclear region as the nucleus (see the arrows in the first
row of Fig. 2) that has a similar intensity as the nucleus.
We believe this is owing to overfitting because scribbles are
drawn inside cells, so the intensity is a dominant factor for the
decision rather than the shape. However, contrastive regular-
ization distinguished the cell region correctly because differ-
ent shapes could be separated by feature similarity across dif-
ferent scales. In the case of DSB-Fluo, our proposed method
detected the cell regions where S2L failed to detect. Note
that our two scale-based regularization method (i.e., combin-
ing R1×1 and R4×4) detected the cell shape and boundary
area that the other approaches failed to predict. In the case
of MoNuSeg, S2L failed to separate cells nearby, which was
improved by employing contrastive regularization.

4. CONCLUSION

In this study, we introduced supervised contrastive learning
with multiscale features in scribble-based weakly supervised
learning for cell segmentation. We demonstrated that two
contrastive regularizers on different scales can achieve supe-
rior performance compared to S2L in DSB-BF and DSB-Fluo
datasets, and a single-scale contrastive regularizer can also
boost the results on the MoNuSeg dataset. We conclude that
the proposed contrastive regularization is effective in avoid-
ing the overfitting issue of scribble-based weakly supervised
learning.

In future works, we plan to extend the current framework
to adaptive contrastive regularization, which can leverage all
the latent features from every resolution. Applying the pro-
posed method to different image modalities, such as natural
images, would be another interesting future research direc-
tion.
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