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ABSTRACT

In recent years, technological advances in microscopy have
made available large amounts of data to biomedical re-
searchers in the form of images. By learning from such
large datasets, deep learning-based methods have success-
fully addressed previously inaccessible bioimage analysis
tasks. However, most available solutions target a particular
subset of problems, forcing users to be familiarized with dif-
ferent applications to complete their data analysis. On top
of that, other issues, such as reproducibility, lack of docu-
mentation, or access to the code, arise. For these reasons,
we introduce BiaPy, an open-source ready-to-use all-in-one
library that provides deep-learning workflows for a large
variety of bioimage analysis tasks, including 2D and 3D
semantic and instance segmentation, object detection, super-
resolution, denoising, self-supervised learning, and classifi-
cation. All code and documentation are publicly available at
https://github.com/danifranco/BiaPy.

Index Terms— Bioimage analysis, deep learning, image
segmentation, object detection, denoising, super-resolution.

1. INTRODUCTION

Over the last decade, the complexity and amount of biomedi-
cal datasets, especially in the form of images, have consider-
ably increased [1]. Consequently, new technologies, includ-
ing novel deep learning (DL) methods, have been developed
to analyze and process them automatically. Despite the suc-
cess of DL methods in many computer vision tasks [2], in-
cluding biomedical applications [3], they often require high-
level and up-to-date skills in programming, hindering their
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usage by researchers without that specific background [4].
The continuous and fast DL evolution, and the wide variety
of bioimage analysis applications, compel the user to acquire
knowledge in very different and changing frameworks, which
becomes cumbersome.

Several open-source efforts have been developed to bridge
the gap between computer science and bioimage analysis re-
search. Fiji [5] was a milestone in that sense, introducing
a large variety of image processing tools, including machine
learning methods, to perform quantitative image analysis of
biological microscopy data. Extending its usage to DL was
the purpose of deepImagelJ [6], which was introduced to plug
in pre-trained DL models into Fiji. ZeroCostDL4Mic [7] fol-
lowed the same direction, providing well-documented Jupyter
notebooks using DL to tackle problems such as semantic seg-
mentation, object detection, denoising, super-resolution, and
image-to-image translation. ImJoy [8] also simplifies access
to this technology through a web interface with plenty of DL
solutions. Web-browser based approaches remove the barrier
of software installation at the price of reducing flexibility.

As mentioned above, many of the available DL-based
tools are task-specific. For instance, Cellpose [9], CellPro-
filer [10], Hastik [11], PlantSeg [12] or ZeroCostDL4Mic [7]
are commonly used for semantic and instance segmentation.
Classification and object detection workflows can also be built
in Tlastik [11], CellProfiler [10] and ZeroCostDL4Mic [7].
Remarkably, the core of all these approaches is frequently a
convolutional neural network (CNN). Nevertheless, Dosovit-
skiy et al. [13] recently showed the first use case of natural
language processing transformers applied to computer vision.
From there, new transformer-based architectures have been
presented, outperforming the CNN-based state of the art in
biomedical applications. This is the case of TransUNet [14],
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PROBLEM:
TYPE: SEMANTIC SEG
NDIM: 2D
DATA:
PATCH_SIZE: (256, 256, 1)
TRAIN:
PATH: /TRAIN_PATH
MASK_PATH: /TRAIN_MASK_PATH

VAL:
SPLIT_TRAIN: 0.1
TEST:
PATH: /TEST_PATH
AUGMENTOR:

ENABLE: True
RANDOM_ROT: True
MODEL :
ARCHITECTURE: unet
TRAIN:
OPTIMIZER: SGD
LR: 1.E-3
BATCH_SIZE: 6
EPOCHS: 360
TEST:
POST_PROCESSING:
Z_FILTERING: True

Fig. 1. Example of a BiaPy configuration file to perform state-
of-the-art semantic segmentation on 2D data (example taken
from [19]).

nnFormer [15] or UNETR [16] to name a few. Currently,
transformers are leading bioimaging competitions such as
Beyond the Cranial Vault (BTCV) [17] or the Medical Seg-
mentation Decathlon (MSD) [18].

Following these recent advances in the field and to sim-
plify access to them, we introduce BiaPy, an open-source
Python library for building bioimage analysis pipelines, also
called workflows. More specifically, our contributions are:

* A unified framework with ready-to-use implementa-
tions of the most demanded types of bioimage analysis
pipelines for 2D/3D multi-channel images.

* A wide range of data augmentation techniques, includ-
ing new specific methods for 2D and 3D biological mi-
croscopy image data.

* Many state-of-the-art DL. models can be interchangeably
used in all pipelines, ranging from popular CNNs to the
most recent transformers.

2. METHOD

BiaPy is an open-source library implemented using Python
and TensorFlow. All BiaPy pipelines comprise three main
steps: data pre-processing, DL model training or inference,
and data post-processing (see Fig. 2). Given BiaPy’s DL-base
core, a machine with a graphics processing unit (GPU) is rec-
ommended for fast training and execution.

BiaPy can be installed by simply downloading the source
code and creating its corresponding Python or Conda en-

BiaPy workflow
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Fig. 2. General scheme of a BiaPy pipeline/workflow. Dash-
lined elements are optional.

vironment as described in the online documentation. Once
installed, all that is needed to apply a BiaPy workflow is to
edit a text file based on YACS . No coding is required. This
configuration file includes information about the hardware to
use (i.e., the number of CPUs/GPUs), the downstream task
(among those described in Section 2.1), the model name,
optional hyperparameters, the optimizer, and the paths to
load/store data from/into. An example of a full segmentation
pipeline is shown in Fig. 1, summing 25 text lines. Moreover,
BiaPy has several ready-to-use templates for different types
of workflows that can be easily adapted to their particular
applications and data.

Finally, BiaPy offers online tutorials, example notebooks,
and detailed documentation ? to guide both users and devel-
opers that want to contribute 3.

2.1. Supported tasks

The main idea behind BiaPy is to present a unified frame-
work that includes all the possible components of a bioimage
analysis workflow. A comparison with other popular biomed-
ical software analysis tools is shown in Table 2.1. A com-
plete overview of the tasks provided by BiaPy is depicted in
Fig. 3. More specifically, BiaPy offers the following types of
pipelines in its current version:

Semantic segmentation, that associates a label to every pixel
of the input image. BiaPy includes semantic segmentation
pipelines for 2D/3D images using a wide range of mod-
els [20], from state-of-the-art CNNs to modern transformers.
Instance segmentation, where the goal is to detect, segment,
and classify the individual objects of interest in the input im-
age. BiaPy uses a bottom-up approach to instance segmenta-
tion in 2D and 3D by learning the binary masks, contours, and
(optionally) the distance map of the objects of interest [21].
Next, those representations are combined to create seeds for a
marker-controlled watershed transform to output the individ-
ual instances.

'https://github.com/rbgirshick/yacs

2https://biapy.readthedocs.io/en/latest/

3https://biapy.readthedocs.io/en/latest/
contribute/general.html
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Fig. 3. Overview of the bioimage analysis workflows pro-
vided by BiaPy. The red and blue arrows represent pre-
processing and post-processing steps, respectively. Blue
squares represent zoomed patches of each image.

Object detection, that aims to localize objects in the input
image, not requiring a pixel-level class. Common strategies
produce bounding boxes containing the objects or individual
points at their center of mass [22]. BiaPy adopts the later
strategy to detect multi-class objects in 2D and 3D multi-
channel images.

Denoising, that removes the noise from the input image. Our
library includes Noise2Void [23] using any of the U-Net ver-
sions provided. The main advantage of Noise2Void is neither
relying on noise image pairs nor clean target images since fre-
quently clean images are simply unavailable.
Super-resolution, that aims at reconstructing high-resolution
(HR) images from low-resolution (LR) ones. BiaPy offers
pipelines to perform super-resolve LR 2D and 3D images by
a factor of x2, x3, and x4.

Self-supervised learning (SSL), where the idea is to pretrain
the backbone model by solving a so-called pretext task with-

S./L

Method  Class. Seg Det. Den. SR SSL Trans. All

Cellpose [9] v v X X X X X v
CellProfiler [10] v v v X X X X 4
Tlastik [11] v v X X X X X 4

PlantSeg [12] X v X X X X X v
ZeroCostDL4Mic [7] v v v v v X X X
BiaPy (ours) v v v v v v v v

Table 1. Differences between proposed toolbox (BiaPy) to
address the gap between computer science knowledge and
bioimage field and the SOTA platforms. Columns, from left to
right, classification, semantic/instance segmentation, detec-
tion, denoising, super-resolution, self-supervised, transform-
ers, and all-in-one.

out labels. This way, the model learns a representation that
can be later transferred to solve a downstream task in a la-
beled (but smaller) dataset.

Image classification, where full input images are labeled as
belonging to a predefined set of classes. For completeness,
BiaPy offers some popular image classification pipelines.

2.2. Input data

BiaPy is compatible with a wide range of image modalities.
To name a few, it has already been proven useful for elec-
tron microscopy [19] and light microscopy [24], isotropic and
anisotropic data. To this date, it can handle 2D/3D grayscale,
RGB and multi-channel images.

2.3. Data augmentation

BiaPy integrates multiple data augmentation methods com-
mon to image classification tasks and adapts them to 3D
and multi-channel microscopy images of variable resolution:
cutout [25], cutblur [26], cutmix [27], cutnoise (similar to
cutblur but adding noise) and gridMask [28], among others.
Additionally, new data augmentation methods are provided,
mimicking distortions produced during microscope image
acquisition, such as misaligned or missing sections (i.e., z-
slices). Moreover, BiaPy uses the imgaug library 4, which
allows the inclusion of custom augmentations. Examples of
data augmentations are depicted in Fig. 4.

2.4. Pre-processing

Before the training or inference stage, BiaPy prepares the in-
put data, usually by creating 2D/3D image patches and nor-
malizing the pixel/voxel intensities. Furthermore, some work-
flows require adapting the input data into a representation that
can be fed to the backbone network. This is the case of the
instance segmentation pipelines, where the label images are
transformed into binary masks, contours, and distance maps,
and also the object detection pipelines, where the point detec-
tion lists are transformed into point mask images.

4https://github.com/aleju/imgaug
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Fig. 4. Examples of data augmentation methods implemented in BiaPy. All methods accept 2D and 3D multi-channel images

and take pixel/voxel resolution into consideration.

2.5. Post-processing

Most frequently, the output of the DL models needs to be
post-processed to achieve the desired results. The post-
processing methods implemented in BiaPy include simple
binarization (for semantic segmentation), z-filtering® (for
3D data), marker-controlled watershed and Voronoi tessel-
lation [24] (for instance segmentation), and close point sup-
pression (for object detection), among others.

3. CONCLUSION

In this manuscript, we present BiaPy, a ready-to-use, all-in-
one library for bioimage analysis using deep learning. BiaPy
contains workflows defined by templates that serve to solve
a wide variety of bioimaging analysis problems. Moreover,
our library provides microscopy-specific data augmentation
methods to help improve the performance of the implemented
pipelines. This library attempts to address the gap between
the computer science and bioimage analysis needs not cov-
ered by state-of-the-art Python-based DL toolboxes.
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