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ABSTRACT

Analysis of hematopoietic cells in bone marrow images is a
newly emerging field in computer vision. Deep neural net-
works provide promising approaches for detection and clas-
sification tasks in this field. However, labelling a sufficiently
large amount of images by medical experts is infeasible in
practice. This can be resolved by semi-supervised methods
that use image reconstruction as a way to incorporate images
without labelled cells. However, this inevitably leads to an
inclusion of surrounding cells into the learned representation.
We propose and analyze several techniques for reducing their
influence and show that this improves classification results of
unsupervisedly learned cell representations.

Index Terms— Representation Learning, Cell Classifica-
tion, Noise Reduction

1. INTRODUCTION

The analysis of bone marrow samples is particularly im-
portant for the diagnosis of hematopoietic diseases such as
leukemia. In contrast to peripheral blood, bone marrow shows
cells of the entire hematopoiesis including immature forms of
most cell types. For diagnosis, trained hematologist need to
analyze bone marrow microscopy images by identifying and
counting the different cell types and maturity stages. This
is tedious work, which could be made more efficient and
objective by automating these steps.

As shown in [1], blood cells can be detected with high
accuracy while the classification [2] performs worse particu-
larly for cell types with low number of labelled images. Over-
coming this issue is particularly challenging due to the large
number of classes and an inherent class-imbalance. Other re-
searchers work with a reduced number of classes by summa-
rizing similar cell types [3, 4], which is insufficient for a reli-
able diagnosis of many hematopoietic diseases.

Due to a high detection accuracy [1], patches with a cell
in the center can be easily extracted. These, however, are un-
labeled with respect to the classification task as the cell type is

unknown. Because of the significant manual effort and medi-
cal expertise required for annotations, the amount of labelled
cell images is limited.

Many semi-supervised approaches apply self-supervised
learning techniques or use side-objectives such as image
reconstruction to incorporate images without labels. Auto-
encoders, which comprise encoder-decoder structures for
image reconstruction, can be used to learn a meaningful rep-
resentation based on images alone. Particularly residual net-
works [5] have been proven to be effective candidates [6, 7, 8]
for the encoder network. A representation can either be di-
rectly the learned latent space feature vector or a sample
of a learned stochastic distribution as with variational auto-
encoders [9]. This representation can be used as the input for
a classifier, e.g. a shallow fully connected neural network.
However, the density of blood cells in bone marrow images
results in many cells surrounding the centered cell. For a
successful image reconstruction, these need to be part of the
representation in the auto-encoder’s latent space even though
they are irrelevant for classification of the cell in the center.
Ideally, the representation should ignore those surrounding
cells.

Existing approaches solve this problem mainly through
unsupervised segmentation as pre-processing. Despite promis-
ing results [10, 11], these methods highly depend on the
complexity of the data.

In this paper we therefore introduce and evaluate three
methods to reduce the influence of the area around the cells
on the representation. Firstly, we add Gaussian noise to the
outer regions of the image. Secondly, we use loss masking
to weight the reconstruction loss of pixels in the image cen-
ter. Thirdly, we use smaller, randomly cropped patches with
higher focus on the center. We show that these methods re-
sult in a representation that is better suited for classification
purposes.

Contributions We propose and evaluate several tech-
niques for suppressing the influence of surrounding cells in
unsupervised representation learning for the classification of
hematological cells. We find that by suppressing the influence
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of surrounding cells, the descriptiveness of learned embed-
dings increases, resulting in better classification results.

2. IMAGE DATA

In this work, we analyze samples from human bone marrow
with Pappenheim staining. Each sample is digitized using a
whole slide scanner with 63×magnification an automated im-
mersion oiling. From each whole slide image, useful regions
are extracted and annotated by medical experts.

For the unsupervised representation learning, we use
patches centered around individual cells. The positions are
automatically determined by a detection network and manu-
ally reviewed, which is very efficient and requires no medical
expertise. While it can be argued that methods using this
dataset should be called ”supervised” due to the known po-
sitions of cells, we argue that the data is unsupervised with
respect to representation learning and classification tasks.
Furthermore, this data can be acquired more easily without
medical experts and to a large extent automatically. The ex-
periments in this paper are performed with 11 522 samples of
cells and cell-like artifacts centered in 256× 256 px2 patches
unless stated otherwise. Cell sizes vary between 8µm and
25µm (92–287 px) in diameter [12], cell-like artifacts can be
smaller or larger.

For the evaluation of learned representations, we employ
6 085 unseen patches with known cell type. These include
polychromatic, orthochromatic and basophilic erythrob-
lasts, lymphocytes, eosinophilic cells and five neutrophilic
cells in different maturity stages (promyelocyte, myelocyte,
metamyelocyte as well as band and segmented granulocyte).
Examples for two cells are shown in Figure 1.

3. METHODS

As the difference in size varies greatly between cell types,
the size of a cell in a given image cannot be easily deter-
mined without knowing the cell type. Consequently, we have
to either use probabilistic methods, accept a loss in informa-
tion from the actual cell or risk an influence of surrounding
cells. Our approaches follow three different strategies: adding
Gaussian noise to the image (Section 3.1), masking the loss
(Section 3.2) and using smaller patches (Section 3.3). All
methods assume that the cell is roughly centered such that the
probability of a pixel showing the given cell decreases with
its distance from the center.

3.1. Gaussian Noise

Applying noise in the outer regions of the image makes the
network focus on the inner pixels: as there is no consistent
gradient in the outer regions, the network is not able to recon-
struct these regions. Therefore, they are less likely to become
a significant part of the representation.

As the actual size of the cell is unknown, we apply Gaus-
sian noise which increases in variance with increasing dis-
tance from the center:

I(x, y) = I(x, y) + n(x, y) (1)

n(x, y) ∼ N

(
0, σ2 ·min

(
1,
d(x, y)

rmax

)2
)

(2)

with d(x, y) =
√
(x− xc)2 + (y − yc)2 the distance of point

(x, y) from the center (xc, yc) and rmax = 128 as half the
patch size. Figure 1 shows examples for different values of σ.

3.2. Loss Masking

To increase the focus on pixels close to the center, loss
masking can be applied. Instead of treating each pixel
equally when aggregating pixel-wise loss values, they can be
weighted based on the distances from the center by element-
wise multiplication. For a pixel-wise loss function L(x, y)
that is usually aggregated by computing the mean to obtain
the final loss, this equates to

Lmasked(x, y) = L(x, y) ·max

0, 1−

√
d(x, y)

rmax

 . (3)

We propose three different ways of determining the un-
known radius rmax.

• fixed: rmax = rfix is set to a pre-defined value.

• sampled: rmax ∼ N (µr, σ
2
r) is sampled from a Gaus-

sian distribution.

• learned: rmax is determined by a small sub-network
which is trained simultaneously to find an optimal ra-
dius.

The sub-network for learning rmax consists of two fully
connected layers, which convert the representation into two
scalars. These represent µlearned and σlearned of a Gaussian dis-
tribution, a sample of which is used as rmax. As there is a
trivial local optimum for µlearned = σlearned = 0, we further in-
troduce an additional term to the loss function that penalizes
small rmax. Figure 1 shows the loss masking gradient overlaid
onto the original image.

3.3. Smaller Patches

The usage of a smaller patch size has the advantage of re-
moving surrounding cells, possibly surpassing the disadvan-
tage of removing parts of the cell. To this end, we apply
random crop data augmentation. For each image, a random
angle α ∈ [0, 2π) is chosen from a uniform distribution and
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a radius roffset is sampled from a folded Gaussian distribution
|N (0, σ2

offset)|. α and roffset determine how far the cropped
patch is shifted from the center. Due to the Gaussian distribu-
tion, this random crop includes patches with decreasing prob-
ability for increasing distance to the center. In this way, the
effect of the cell in the center on the representation increases
without completely excluding information from other parts of
the image.

3.4. Experimental Setup

In all cases, a variational auto-encoder with a ResNet-18 en-
coder is used to find a Gaussian distribution of dimension 256.
A sample of this Gaussian distribution z ∈ R256 correspond-
ing to an input image is interpreted as its representation. A
shallow decoder network with four layers of transposed con-
volution with bilinear upsampling and ReLU activation be-
tween each layer, followed by a Sigmoid activation function
is used to reconstruct an image from the encoded represen-
tation. We use the L1-distance L(I1, I2) = |I1 − I2|1 be-
tween reconstructed and original image in combination with
the variational lower bound as the loss function.

The following parameters are used for the experiments:
Gaussian Noise: σ ∈ [50, 100, 200]
Loss Masking (fixed): rfix ∈ [50, 90, 126]
Loss Masking (sampled): µr ∈ [50, 90, 126], σr = 20
Loss Masking (learned): penalty for small radii (yes/no)
Smaller Patches (small): size 882 px2, σoffset ∈ [0, 5, 15]
Smaller Patches (medium): size 1722 px2, σoffset ∈ [0, 5, 15]

Firstly, we evaluate each method with respect to the re-
construction SSIM loss on unseen test-data in five-fold cross-
validation. Secondly, we evaluate the best and the worst per-
forming networks from this cross-validation per method in
terms of descriptiveness for classification. To this end, we ob-
tain the representations of the labelled cells in the classifica-
tion dataset from these networks. These are used in five-fold
cross-validation to train and evaluate a shallow classifier with
three fully connected layers and ReLU activation functions.

For classification, we further compare with two base-
lines: (1) representations from an identical network without
any surrounding cell suppression method (VAE-256), and (2)
four times larger representations from a simple residual auto-
encoder with a ResNet-18 encoder (RAE-1024). We found in
preliminary experiments that residual auto-encoders perform
better than variational auto-encoders for larger latent space
sizes.

4. RESULTS

Figure 2 shows the mean L1-distance between original and
reconstruction within the cell contour. The reconstruction
quality for smaller patches leads to the lowest L1-distance.
For Loss Masking, it decreases with decreasing maximum ra-
dius. The L1-distance for the learned radius and for a small

r = 50 r = 90 r = 126 r = 50 r = 90 r = 126

σ = 50 σ = 100 σ = 200 σ = 50 σ = 100 σ = 200

d

b

c

a

e

with penalty no penalty with penalty no penalty

f

Fig. 1. Visualization for two different input images (left and
right block). a) Loss Mask overlaid over image. b) Recon-
struction using Loss Masking with fixed radius. c) Recon-
struction using Loss Masking with sampled radius. d) Gaus-
sian noise overlaid over image. e) Reconstruction using Gaus-
sian Noise method. f) Reconstruction using Loss Masking
with learnt radius.

fixed radius is higher than for other methods. Figure 1 shows
reconstruction results for Loss Masking and Gaussian Noise
methods.

In Figure 3, the classification results based on the repre-
sentations of each method are shown. Using smaller patches
or Gaussian noise does not improve the results in comparison
to the same network without any of these methods (VAE-256).
Loss Masking with sampled or fixed maximum radii leads to
higher F1-scores, in most cases surpassing a network with
a four times longer representation (RAE-1024). The highest
F1-score of 0.63 is obtained by Loss Masking with a radius
sampled around µ = 50.

5. DISCUSSION

The results show that Loss Masking yields better represen-
tations with respect to the classification task: the F1-Score
increase of 0.2 in comparison to a network without surround-
ing cell suppression, is a considerable improvement. While
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Fig. 2. L1-scores of the reconstruction results for each
method within the manually annotated cell contour (higher
is better).

the choice of the maximum radius rmax does not have a large
influence, slightly better results were obtained with rmax ∼
N (50, 202). Decreasing the patch size does not lead to a
comparable improvement. This could be caused by necessary
changes to the network architecture to enable smaller input
images.

The intuitively more meaningful approach of letting the
network learn the radius itself does not lead to useful results.
Further analysis shows that the network without a penalty for
small radii often chooses very small radii resulting in non-
meaningful representation. If preventing small radii with a
penalty, the network optimizes towards local minima of un-
realistically large radii, leading to similar problems. More
research is needed to find an improved unsupervised learning
method for more suitable radius estimation.

We expect that these methods can also be successfully
applied to other datasets with centered circular objects. How-
ever, it should be considered that the optimal radius rmax
highly depends on the input data and has to be determined by
hyper-parameter optimization.

A possible downside of these methods is that they work
best for objects of approximately similar sizes. For datasets
with a larger variance in object size, these methods might not
be applicable. Additionally, these methods can only be ap-
plied for datasets with centralized objects. The position of
the objects needs to be known, i.e. a robust object detection
is required.

This paper focuses on unsupervised representation learn-
ing. These methods could also result in improvements for
semi-supervised classification. We expect that a more rele-
vant inner representation, which focuses on the cells while
ignoring the surrounding pixels, is beneficial in these cases as
well. Further research is needed to evaluate the effectiveness
of these methods for semi-supervised approaches. Addition-
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F1-Score

Fig. 3. F1-Scores of classification result using each of the
method (higher is better). For each method, the two mod-
els with highest (upper, brighter bar) and the lowest (lower
bar) reconstruction are used to generate the features used by a
shallow classification network. As baselines, a residual auto-
encoder (RAE) with a large latent space (size 1024) and a
variational auto-encoder with a small latent space (size 256)
are shown.

ally, different kinds of gradients for the loss masking (i.e.,
non-linear pixel weighting) and a larger number of different
maximum radii should be considered in future research.

6. CONCLUSION

In this paper, we propose three different methods to reduce
the influence of surrounding areas on the image representa-
tion. They focus on prior knowledge, particularly the position
of the cell within sample images and the range of possible
cell sizes. We show that masking the L1-loss with linearly
decreasing weights from the middle to a chosen maximum ra-
dius leads to considerably better representations with respect
to a classification task. This considerable improvement can-
not be reached with smaller patch sizes or Gaussian noise. A
maximum radius sampled stochastically for each batch from
a Gaussian distribution with a small mean µr = 50 px yields
the best results. Although we focused on learning a represen-
tation without any class labels, the methods are applicable to
semi-supervised methods with similar architectures as well.
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7. COMPLIANCE WITH ETHICAL STANDARDS

This work is a purely retrospective, pseudonymized analysis
of bone marrow samples under the Helsinki Declaration of
1975/2000 with written informed consent of all patients.
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Dorit Merhof, “Circular anchors for the detection of
hematopoietic cells using retinanet,” 2020.
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