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Supplementary Note 1. Tutorials for GUI and API usage of DeBCR 32 

We designed the DeBCR framework to support researchers in the light microscopy in applying 33 

our deep learning model for image restoration. Although not required, the basic “black-box” 34 

understanding of deep learning concepts – such as training data structure (e.g., input/ground 35 

truth, training/validation) and key parameters (e.g., batch size) – would be advantageous. 36 

The graphical plugin Napari-DeBCR (referred to as GUI) provides an intuitive visual interface, 37 

while the Python library DeBCR (referred to as API) offers a flexible scripting interface, hopefully 38 

accessible to the various users regardless of their programming backgrounds. By providing these 39 

protocols, we aim to make DeBCR broadly accessible to the scientific imaging community. 40 

Procedure 1: Pipeline setup 41 

TIMING ~30-50 min, for all procedure steps 42 

Critical. This protocol describes how to install and load the DeBCR packages. It also provides 43 

critical information on the suggested environment configuration for the GPU versions during the 44 

deployments. 45 

Critical. The following installation protocols are only for the Linux OS users. All the installation 46 

steps are performed in the Linux command line. 47 

Source CUDA and cuDNN (to use GPU versions of the tools) 48 

TIMING 5 min 49 

Critical. This part of the protocol assumes that CUDA is already installed. To check if the 50 

correct or any CUDA version is also already sourced, try to directly run Step 3. If the output 51 

is empty or CUDA version is not correct, start from Step 1, otherwise proceed with the 52 

next protocol parts. 53 

1. Set the environmental variable CUDA_HOME to the location of the required CUDA Toolkit 54 

version: 55 

export CUDA_HOME=/path/to/your/cuda-11.X 56 

2. Append paths of the CUDA executables and CUDA libraries to the environmental 57 

variables PATH and LD_LIBRARY_PATH : 58 

export PATH=${CUDA_HOME}/bin:$PATH 59 

export LD_LIBRARY_PATH=${CUDA_HOME}/lib64:$LD_LIBRARY_PATH 60 

3. To confirm that correct CUDA version is available, check the version of the NVIDIA 61 

CUDA Compiler (NVCC): 62 

nvcc ––version 63 

 An excerpt of the expected output example for CUDA-11.7: 64 

...Cuda compilation tools, release 11.7, V11.7.64 65 

Build cuda_11.7.r11.7/compiler.31294372_0 66 
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4. Make sure that the cuDNN library is present and sourced. 67 

a. Check it at its standard location, i.e. at the CUDA Toolkit libraries location: 68 

ls ${CUDA_HOME}/lib64/libcudnn*.so* 69 

b. Alternatively, if cuDNN is located at the custom location, add it to the environmental 70 

variable LD_LIBRARY_PATH: 71 

 export 72 

LD_LIBRARY_PATH=/path/to/files/libcudnn*.so*:$LD_LIBRARY_PATH 73 

Critical. If your cuDNN library was placed at the custom location, but you have 74 

permissions to modify contents of the CUDA Toolkit folder, it is advised to simply 75 

copy the cuDNN library files libcudnn*.so* directly to the CUDA libraries 76 

location ${CUDA_HOME}/lib64. 77 

Critical. The cuDNN library files can be obtained from the official page of NVIDIA 78 

(https://developer.nvidia.com/rdp/cudnn-archive). 79 

Install DeBCR tool: (API) DeBCR or (GUI) napari-DeBCR 80 

TIMING 20-40 min (depending on the available internet speed) 81 

Critical. For any updates on the installation procedure check the GitHub webpage of the 82 

respective DeBCR tool - DeBCR (https://github.com/DeBCR/DeBCR) or Napari-DeBCR 83 

(https://github.com/DeBCR/napari-DeBCR). 84 

Critical. For a clean and manageable installation of the DeBCR tools we recommend, 85 

although do not require, using one of the managers for the Python package environments, 86 

for example micromamba (https://mamba.readthedocs.io) or conda-forge (https://conda-87 

forge.org). 88 

1. (optional) Create a new package environment with Python 3.9 and name of your choice 89 

(in example: DeBCR) using the installed package manager (in example: micromamba): 90 

micromamba env create -n DeBCR python=3.9 91 

and activate it 92 

micromamba activate DeBCR 93 

2. (GUI) Install Napari viewer as graphical interface platform for Napari-DeBCR: 94 

pip install napari[all] 95 

3. Obtain the source code of the respective DeBCR tool from its repository to the desired 96 

location: 97 

(API) git clone https://github.com/DeBCR/DeBCR 98 

 (GUI) git clone https://github.com/DeBCR/napari-DeBCR 99 

Critical. To clone the source code from the GitHub as above, the command-line version 100 

of the git tool is required. Alternatively, the code can be downloaded directly from the 101 

https://developer.nvidia.com/rdp/cudnn-archive
https://github.com/DeBCR/DeBCR
https://github.com/DeBCR/napari-debcr
https://mamba.readthedocs.io/en/latest/
https://conda-forge.org/
https://conda-forge.org/
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respective GitHub page (The green button “<> Code” > “Download ZIP”) and unzipped to 102 

the desired location. 103 

Enter the respective source code folder: 104 

(API) cd ./DeBCR 105 

(GUI) cd ./napari-DeBCR 106 

4. Install one of the tool versions according to the available hardware on your machine: 107 

a. (recommended) GPU version 108 

pip install -e .[tf-gpu] 109 

b. CPU version 110 

  pip install -e .[tf-cpu] 111 

5. (API) Install Jupyter Notebook or JupyterLab (used in all further examples) as interactive 112 

coding platform for DeBCR: 113 

pip install jupyterlab 114 

Critical. Before proceeding with tools usage, it is recommended to check if your GPU device is 115 

recognised by the TensorFlow, a deep learning framework used to develop the DeBCR core 116 

model. For that check the information below in Supplementary Box 1. 117 

Supplementary Box 1: Test and troubleshoot GPU device visibility by TensorFlow 

First of all, check the currently visible by TensorFlow GPU device(s): 

python -c "import tensorflow as tf; 

print(tf.config.list_physical_devices('GPU'))" 

For a single visible GPU device the output should be 

[PhysicalDevice(name='/physical_device:GPU:0', device_type='GPU')] 

If the output list of the visible GPU devices is empty, make sure that: 

● GPU device is available and compatible CUDA Driver is installed, check by: nvidia-smi 

The output should contain the driver version and a table listing available GPU devices. 

● CUDA Toolkit, compatible to the GPU device and CUDA Driver, is installed and complies with 

the DeBCR-supported deep learning backend version (check the DeBCR GitHub for updates) 

● CUDA Toolkit and cuDNN libraries are sourced 

● active environment, if any is used, contains the tensorflow-gpu package, check by: 

pip list | grep tensorflow 

 118 

 119 

 120 
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Load DeBCR tool: (API) DeBCR or (GUI) napari-DeBCR 121 

TIMING 5 min 122 

Critical. If you intend to use the GPU versions of the tools, CUDA Toolkit and cuDNN 123 

library should be both sourced (see the above section Source CUDA and cuDNN) and 124 

the GPU device should be visible to the TensorFlow library (see Supplementary Box 1 in 125 

Procedure 1: Pipeline setup). 126 

1. (optional) If you use package manager, load the dedicated package environment if not 127 

done before, for example by: 128 

micromamba activate DeBCR 129 

Critical. Typically for most popular package managers, the title of the currently active 130 

environment (if any) is shown in the brackets at the command line beginning, e.g.: 131 

(DeBCR) username@PCname:~/path$ 132 

2. Load the base interactive platform from the command line 133 

(GUI) Load the Napari (a new Napari window will open): 134 

napari 135 

(API) Load the JupyterLab (use provided in the output HTTP address to open the platform 136 

in any web-browser): 137 

jupyterlab 138 

3. Load the DeBCR tool on the base platform 139 

(GUI) In Napari, open Napari-DeBCR plugin (see main text, Fig.2a): 140 

[Go to] > Plugins > DeBCR (DeBCR) 141 

(API) In JupyterLab, 142 

3.1. Start an interactive notebook: 143 

a. Open the existing one by navigating in the left-side “files and folders” panel 144 

and double clicking on the notebook file (‘.ipynb’) of interest; 145 

b. Create a new one by clicking on the Python sign in the ‘Launcher’ tab (front 146 

tab opening upon JupyterLab launch); 147 

Critical. Procedures 2-4 have the dedicated notebooks to follow along, mentioned 148 

in each protocol respectively and provided with the source code (see Code 149 

Availability). 150 

3.2. Import API library by: 151 

  import DeBCR 152 

Critical. In JupyterLab, the code is split into so-called code cells. To execute the code cell 153 

of interest, select it by simply clicking on it and hit the keyboard combination ‘Ctrl+Enter’ 154 

to execute the code or ‘Shift+Enter’ to execute the code and proceed to the following cell. 155 
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For more usage advice on JupyterLab consult the official documentation 156 

(https://jupyterlab.readthedocs.io/en/latest/). 157 

Critical. To check the available modules of the DeBCR API, type 'DeBCR.' and click on 158 

the ‘Shift’ button, invoking a drop-down menu listing all implemented modules. To further 159 

check the module of interest for available API functions, type 'DeBCR.<module>.' (e.g. 160 

'DeBCR.data.') and click on the ‘Shift’ button, invoking a drop-down menu listing all 161 

available functions for the module. Finally, to check the input parameters and 162 

documentation for the particular API function, execute 163 

'?DeBCR.<module>.<function>' (e.g. '?DeBCR.data.load'). 164 

Critical. The troubleshooting advice for some steps of this protocol can be found in 165 

Supplementary Table S1. 166 

Supplementary Table S1. The troubleshooting table for computational environment 167 

configuration and DeBCR installation. 168 

Problem Possible reasons Solution 

The available GPU is 

not visible during the 

test import of 

TensorFlow. 

The CUDA Toolkit is 

not available or 

activated. 

Check that both the CUDA Driver and CUDA Toolkit are installed, 

and the CUDA Toolkit is sourced (see Supplementary Box 1 and 

“Source CUDA and cuDNN” in “Procedure 1: Pipeline setup”). 

The cuDNN library was 

not found at the 

standard location (i.e. 

in the CUDA folder). 

Check that the cuDNN library is available at the CUDA Toolkit 

location, in the libraries folder ‘lib64/’ or the custom cuDNN 

path is sourced (see Supplementary Box 1 and “Source CUDA 

and cuDNN” in “Procedure 1: Pipeline setup”). 

The base platform 

(Napari or Jupyter) or 

the DeBCR tool 

(DeBCR or napari-

DeBCR) does not 

load. 

If you use a package 

manager, the wrong 

environment might be 

loaded or none at all. 

Check that the required environment is activated, for example by:   

micromamba env list 

The name of the active environment is usually marked with the 

star sign ‘*’ in the output table. 

If the case, activate the required one, for example by: 

micromamba activate DeBCR 

Possibly, the target 

base platform or 

DeBCR tool to be 

loaded is not installed 

yet. 

Check whether the base platform or the DeBCR tool is installed:   

pip list | grep <package> 

where <package> is napari, jupyter, DeBCR, or 

napari-DeBCR. 

If there is no output, carefully repeat the installation steps from 

the subsection “Install DeBCR tool” in “Procedure 1: Pipeline 

setup”. 

  169 

https://jupyterlab.readthedocs.io/en/latest/
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Procedure 2: Data pre-processing 170 

TIMING ~10-15 min, for all procedure steps 171 

Critical. This pre-processing protocol consists of the raw data normalization followed by patch 172 

cropping (see Supplementary Fig. S1a) as well as describes how to load the input data and save 173 

the output data. This protocol starts with the light microscopy raw data, provided as TIFF, PNG, 174 

or JP(E)G file. The raw data examples can be found in the provided sample data (see Data 175 

Availability Statement). The protocol results in the pre-processed data, saved as an NPZ file. 176 

Critical. This procedure is suitable to pre-process data for both the prediction procedure and the 177 

model training procedure. However, for the training both the raw input data and the ground truth 178 

data are required to be available and pre-processed as described, including the train/validation 179 

subsets split for the model training in the DeBCR framework. Such pre-processed training data, 180 

already split to train/validation subsets, can be found in our samples (see Data Availability 181 

Statement). 182 

 183 

Supplementary Figure S1. The raw data pre-processing using DeBCR. a. The pre-184 

processing procedure for the raw data in DeBCR; b. The “Transform data” tab view of the DeBCR 185 

GUI with annotated sections. 186 

Critical. This procedure is performed on CPUs only and therefore does not depend on GPU 187 

availability. To follow the procedure, you need the computational environment to be properly set 188 

(the correct package environment is activated, if any is used) and the base platform for the 189 

intended DeBCR tool is loaded (i.e. JupyterLab for API or Napari for GUI). The respective 190 

instructions can be found above in the Procedure 1: pipeline setup. The notebook version for the 191 

API part of this procedure is available at 'DeBCR/notebooks/DeBCR_preproc.ipynb'. 192 

I. Load raw data 193 

TIMING 2 min 194 

Critical. The respective example raw data for this step can be found at 195 

'<DATASET>/data_raw/*.tif' in the deposited dataset folders (Data Availability 196 

Statement). 197 

(GUI) In Napari, 198 

a. Use the context menu: 199 

i. Open raw data file using the context menu 200 
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[Go to] > File > Open File(s)... | Open Files as Stack… 201 

ii. Navigate in the filesystem to select the raw data input file and click “Open” 202 

b. Use ‘drag-and-drop’ approach: 203 

Input file from your file manager directly to the Napari window. 204 

Critical. As Napari allows for various data types (images, annotations, labels, etc.), any 205 

data is treated as a so-called data layer. The titles for the loaded data are displayed on 206 

the left-side Napari panel called a layer list (see main text, Fig. 2a). The visibility of the 207 

data layer can be changed by toggling the “eye” sign located near the respective layer title 208 

in the list. However, due to overlay of the all visible data, some layers become “hidden” 209 

behind the top one. To see such a layer, either disable the visibility of all layers above it, 210 

or simply move it using drag-and-drop to the top of the layer list. 211 

(API) In JupyterLab, 212 

1. Set the file path to the raw input data: 213 

data_filepath = '/path/to/raw_data.tif' 214 

2. Load data at the chosen input file path using the dedicated API: 215 

data_raw = DeBCR.data.load(data_filepath) 216 

This will load your data to variable data_raw and store it as a Numpy array. 217 

Critical. The Numpy array is the commonly used type for multi-dimensional data 218 

(images/volumes) in scientific imaging data analysis. For more information on 219 

Numpy arrays refer to the official documentation (https://numpy.org/doc/stable/). 220 

3. (optional) Check the raw data shape and min/max data values: 221 

data_raw.shape, data_raw.min(), data_raw.max() 222 

4. (optional) Visualize several raw data slices using the dedicated API: 223 

DeBCR.data.show([data_raw], slices=[50,70,90], cmap='gray', 224 

transpose=True) 225 

Critical. By default, the slices of the same data array are plotted in a column with 226 

various data array(s) placed along the rows. To change that, the flag ‘transpose’ 227 

can be set to True (default: False), arranging the slices in a row instead. 228 

Critical. The ‘cmap’ parameter regulates the color-coding (palette) of the output 229 

image. The most commonly used color palettes are the standard gray-scale palette 230 

(‘gray’) and the readability-optimized colorblind-friendly Viridis palette (‘viridis’). 231 

The core code of this API is based on the matplotlib library 232 

(https://matplotlib.org/stable/) with all available color palettes described in the 233 

documentation (https://matplotlib.org/stable/users/explain/colors/colormaps.html). 234 

II. Normalize raw data 235 

TIMING 3-5 min 236 

https://numpy.org/doc/stable/
https://matplotlib.org/stable/
https://matplotlib.org/stable/users/explain/colors/colormaps.html
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Critical. DeBCR performs the data range clipping by percentiles as a default for 237 

normalization procedure. When applied on the full-sized data (i.e. before cropping), this 238 

method allows for a uniform scaling of the data features across patches, as opposed to 239 

normalizing already cropped patches (see Supplementary Fig. S2). 240 

 241 

Supplementary Figure S2. The restored stitched image quality for various 242 

normalization strategies. In all compared normalization approaches, the original data range 243 
was clipped and rescaled to the [0; 1] range. The clipping boundaries were defined either by the 244 
data min/max values, or by the data lower/upper percentiles (in particular, 0.1 and 99.9), applied 245 
to either the full-sized data (i.e. before patching) as a whole or to the cropped data, individually 246 
per each patch. To demonstrate the normalization effect on the restored output irregarding of 247 
patching/stitching strategies, the image patches were cropped without an overlap and, 248 
respectively, stitched without blending. 249 

(GUI) In Napari, 250 

1. Select the layer title of the raw input data to be normalized: “Input”, a drop-down 251 

menu (Supplementary Fig. S1b, section 1); 252 

2. Type the output data layer title: “Output”, a text edit field (Supplementary Fig. S1b, 253 

section 2); 254 

3. Set the normalization parameters such as lower (‘pmin’) and upper (‘pmax’) 255 

percentiles to clip the data: “Settings”, numerical input fields (Supplementary Fig. 256 

S1b, section 3); 257 

4. Click to execute:  “Normalize”, a button (Supplementary Fig. S1b, section 4). 258 

(API) In JupyterLab, 259 

1. Normalize loaded raw data using the dedicated API: 260 

data_norm = DeBCR.data.normalize(data_raw, by_perc=True, 261 

pmin=0.1, pmax=99.9) 262 

Critical. The ‘by_perc’ is a boolean flag to normalize data by clipping it either 263 

based on lower (‘pmin’, >0) and upper (‘pmax’, <100) percentiles (‘by_perc’=False, 264 
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default) or minimum (‘vmin’) and maximum (‘vmax’) values (‘by_perc’=True), 265 

explicitly set or calculated based on data otherwise. 266 

2. (optional) Check that min/max values for the normalized data are in [0; 1] range: 267 

data_norm.min(), data_norm.max() 268 

3. (optional) Visualize several normalized data slices using the dedicated API: 269 

DeBCR.data.show([data_norm], slices=[50,70,90], cmap='gray', 270 

transpose=True) 271 

III. Crop normalized patches 272 

TIMING 3-5 min 273 

Critical. Note that the cropped patches are sized the same along X and Y axes to ensure 274 

proper down-scaling employed by the deep learning model in DeBCR. 275 

(GUI) In Napari, 276 

1. Select the layer title of the normalized data to be cropped into patches: “Input”, a 277 

drop-down menu (Supplementary Fig. S1b, section 1); 278 

2. Type the output data layer title: “Output”, a text edit field (Supplementary Fig. S1b, 279 

section 2); 280 

3. Set parameters to crop data such as patch size and patch overlap:  “Settings”, 281 

numerical input fields (Supplementary Fig. S1b, section 3); 282 

4. Click to execute: “Crop”, a button (Supplementary Fig. S1b, section 4). 283 

Critical. The cropped data will appear with the given title in the data layers list on 284 

the left-side panel in the Napari window (see main text, Fig. 2a). The number of 285 

the created patches in total as well as along X and Y axes will be output in the 286 

plugin log window (see main text, Fig. 2a). These values should be noted, as they 287 

will be necessary to assemble the full-size data after the model prediction. 288 

 (API) In JupyterLab, 289 

1. Crop the patches from the normalized data using the dedicated API: 290 

data_ptch = DeBCR.data.crop(data_norm, patch_size=128, 291 

overlap=(0.5, 0.5)) 292 

Critical. To control the crop procedure outcome, set parameter values for image(s) 293 

size to crop (‘patch_size’) and overlap between them (‘overlap’, a pair of values in 294 

[0;1] range). 295 

2. (optional) Check the patched data shape: 296 

data_ptch.shape 297 

3. (optional) Visualize several example patches using the dedicated API: 298 

DeBCR.data.show([data_ptch], slices=[-1,-1,-1,-1], 299 

cmap='gray', transpose=True) 300 
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Critical. Note four ‘-1’ values in the ‘slices’ list to request four random slices for 301 

visualization. The ‘slices’ list can also contain both types of the slice requests 302 

mixed: the particular ones (positive integer number) and the random ones (‘-1’). 303 

4. Get the number of the cropped patches via the used above dedicated API, setting 304 

the ‘dry_run’ flag to True (default: False): 305 

patch_cnt, patch_num = DeBCR.data.crop(data_norm, 306 

patch_size=128, overlap=(0.5, 0.5), dry_run=True) 307 

There the variable patch_cnt will contain the total number of the created patches 308 

and patch_num - a pair of integers for the number of patches along X and Y axes, 309 

respectively. 310 

Critical. The obtained counts of the created patches should be noted, as they will 311 

be necessary to assemble the full-size data after the prediction procedure. 312 

IV. Save pre-processed data 313 

TIMING 2 min 314 

Critical. This step will save your data as the NPY object - a file format to store a NumPy 315 

array, or as a NPZ object - a zipped dictionary-like object, which can consist of multiple 316 

Numpy arrays. Our sample data for these protocols are provided in NPZ format as well. 317 

(GUI) In Napari, 318 

1. Click on the title of the pre-processed data layer in the layers list on the left-side 319 

panel in the Napari window; 320 

2. [Go to] > File > Save selected layers… 321 

3. In the opened window “Save selected layers”, choose the location to save the pre-322 

processed data and edit the output file name. Adjust the value in the “Files of Type” 323 

drop-down menu to the “DeBCR (*.npz)”. Click “Save”. 324 

(API) In JupyterLab,  325 

1. Set the output file path for the pre-processed data (use ‘.npy’ file extension): 326 

data_prep_filepath = '/path/to/prep_data.npy' 327 

2. Write the pre-processed data at the chosen file path: 328 

DeBCR.data.write(data_prep_filepath, data=data_ptch) 329 

  330 
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Procedure 3: Model training 331 

TIMING ~35-60 min, for all procedure steps; depends on available hardware and training 332 

parameters  333 

Critical. This protocol describes how to train the restoration model in the DeBCR framework 334 

(Supplementary Fig. S3a). It requires pre-processed training data, including low-quality input 335 

images and high-quality ground truth references. The data must be split into 336 

training/validation/test sets and saved in NPZ format. We provide the example datasets as teasers 337 

for users to understand the procedures (see Datasets in Methods, main text). The protocol guides 338 

users through initializing a new model or loading an existing one. After training, the model is saved 339 

as a set of files in a specified location. These files can be used to resume training or for direct 340 

image restoration. 341 

 342 

Supplementary Figure S3. The deblurring model training using DeBCR. a. The model 343 

training scheme in DeBCR; b. The “Train model” tab view of the DeBCR GUI with annotated 344 

sections. 345 

Critical. The execution time for this procedure depends heavily on GPU availability. Users must 346 

ensure that the computational environment is properly configured: CUDA must be sourced, the 347 

GPU must be visible to TensorFlow, and the correct package environment must be activated if 348 

applicable. In addition, the base platform for the chosen DeBCR tool must be loaded (JupyterLab 349 

for the API or Napari for the GUI). The respective instructions can be found above in the 350 

Procedure 1: Pipeline setup. The notebook version for the API part of this procedure is available 351 

at ’DeBCR/notebooks/DeBCR_train.ipynb’. 352 

I. Load training data  353 

TIMING 2 min 354 

Critical. The respective example training and validation data for this step can be found at 355 

'<DATASET>/data/<DATASET>_[val,train].npz' in the deposited dataset folders 356 

(see Datasets in Materials). 357 

(GUI) In Napari, 358 
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a. Use the context menu: 359 

i. Open raw data file using the context menu 360 

[Go to] > File > Open File(s)... | Open Files as Stack… 361 

ii. Navigate in the filesystem to select the raw data input file and click “Open” 362 

b. Use ‘drag-and-drop’ approach: 363 

Input file from your file manager directly to the Napari window. 364 

(API) In JupyterLab, 365 

1. Set the file paths to the training and the validation data: 366 

train_data_filepath = '/path/to/data/train.npz' 367 

val_data_filepath = '/path/to/data/val.npz' 368 

2. Load the training and the validation data at the chosen file paths using the 369 

dedicated API: 370 

data_train = DeBCR.data.load(train_data_filepath) 371 

data_val = DeBCR.data.load(val_data_filepath) 372 

3. (optional) If NPZ files were loaded, check the loaded data contents: 373 

data_train.files, data_val.files 374 

Critical. The NPZ is a multi-array file format, which stores the dictionary-like object 375 

of the dataset names (keys) and the respective Numpy arrays (values). 376 

Critical. The example training and validation data are provided as NPZ files of the 377 

low-quality input data (key: “low”) and the high-quality ground truth (key: “gt”). 378 

4. (optional) Visualize several training data slices using the dedicated API: 379 

DeBCR.data.show( 380 

    data = [data_train["low"], data_train["gt"]], 381 

    slices = [-1, -1, -1], 382 

    titles = ['train: input', 'train: ground truth'], 383 

    transpose = True 384 

) 385 

To visualize the validation data, use the respective data variable data_val 386 

instead of data_train and adjust the data subtitles in the titles list. 387 

II. Setup model to train 388 

TIMING 3 min 389 

(GUI) In Napari, 390 
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1. Adjust deblurring model input size in “Model to train” (Supplementary Fig. S3b, 391 

section 2a): 392 

use numerical field “model input size”; 393 

Critical. The model input size must match the XY size of the training data. 394 

2. Set deblurring model to train in “Model to train” (Supplementary Fig. S3b, section 395 

2a): 396 

a. To start from a new untrained model: 397 

Enable check-box “initialize new model”; 398 

b. To continue with an existing trained model: 399 

b1. Disable check-box “initialize new model”; 400 

b2. Set the directory path to the trained model weights (“weights folder”) 401 

by clicking on the “Choose” button or type it directly in the text edit 402 

field; 403 

b3. Select the trained model state (checkpoint) to load in the drop-down 404 

menu “weights file”; 405 

Critical. The model is loaded from the checkpoint file (‘ckpt-*’), 406 

located in the trained model weights folder. Such files are produced 407 

during training to capture the intermediate model states. 408 

3. Load selected deblurring model to train in “Model to train” (Supplementary Fig. 409 

S3b, section 2b): 410 

click on the “(Re)load model” button; 411 

 (API) In JupyterLab, 412 

4. Initialize the model to train using the dedicated API: 413 

a. To start from a new untrained model: 414 

start_model = DeBCR.model.init(input_size=128) 415 

b. To continue with an existing trained model: 416 

start_model = 417 

DeBCR.model.init(weights_path='/path/to/weights', 418 

input_size=128) 419 

  Critical. The model input size must match the XY size of the training data. 420 

5. (optional) Check the loaded model information: 421 

start_model.summary() 422 

III. Setup parameters and run training 423 

TIMING 30-55min, depends on training configuration and available hardware 424 
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(GUI) In Napari, 425 

1. Select layer titles for various input data for training and validation: 426 

● low-resolution input data: “Training/Validation input”, drop-down menus 427 

(Supplementary Fig. S3b, section 1a); 428 

● high-resolution ground truth: “Training/Validation target”, drop-down menus 429 

(Supplementary Fig. S3b, section 1b);  430 

2. Adjust the training parameter values as required: “Settings”, numerical input fields 431 

(Supplementary Fig. S3b, section 3a); 432 

3. Type or set the trained model output path: “Settings”, text edit field and “Choose” 433 

button (Supplementary Fig. S3b, section 3b); 434 

4. (optional) Manage configuration (Supplementary Fig. S3b, section 3c): 435 

● reset parameter defaults: “Settings”, “Reset Defaults” button; 436 

● load configuration from the YAML file: “Settings”, “Load From File” button; 437 

● save configuration to the YAML file: “Settings”, “Save To File” button. 438 

5. Click on the action button “Run training” to start the process (Supplementary Fig. 439 

S3b, section 4). 440 

The intermediate training progress messages will be printed in the command line. 441 

(API) In JupyterLab, 442 

1. Load configuration using the dedicated API: 443 

a. To load default training configuration: 444 

config = DeBCR.config.load() 445 

b. To load training configuration from the file: 446 

config_path = '/path/to/config.yaml' 447 

config = DeBCR.config.load(config_path) 448 

Critical. The configuration variable config is a key-value dictionary. 449 

2. (optional) Print loaded training configuration by executing: 450 

config 451 

3. Adjust the training parameter values in configuration, for example: 452 

config['batch_size'] = 16 453 

4. (optional) Save training parameters to the file using the dedicated API: 454 

config_path = '/path/to/config.yaml' 455 

DeBCR.config.save(config_path) 456 

5. Start the model training using the dedicated API: 457 
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DeBCR_model = DeBCR.model.train(data_train, data_val, 458 

config, start_model) 459 

The intermediate training progress messages will be printed in the JupyterLab, as 460 

the output of this code cell. 461 

Critical. The training process stops after completing the user-defined number of training steps or 462 

earlier, based on the model performance on the validation data. If the validation loss does not 463 

improve within additionally defined by user number of steps (“patience”), training will automatically 464 

terminate, indicating model convergence. This is called the “early stop” strategy. 465 

Critical. The typical errors for some steps of this protocol can be found in Supplementary Table 466 

S2 and some troubleshooting advice - in Supplementary Table S3. 467 

Supplementary Table S2. Typical errors during model training/prediction in 468 

(Napari-)DeBCR. 469 

Error message (example) Description 

ResourceExhaustedError: 

Exception encountered when calling layer 'conv2d_47'. 

OOM 

when allocating a tensor with shape[...] and type … 

on …/device:GPU:0 

The GPU memory is too small to execute model 

operation (train/predict) on the requested input data: 

> error type is “Out of Memory”  

> appeared when creating a certain data object 

> on a certain device, here – a GPU with ID=0 

ValueError: 

Input 0 of layer "model_5" is incompatible with the layer. 

expected shape=(None, 64, 64, 1), 

found shape=(None, 128, 128, 1) 

The shape of the input data does not correspond to the 

actual input layer shape of the loaded model: 

> requested model input size is 64 pix;  

> actual model input size is 128 pix  

  470 



 

17 

Supplementary Table S3. The troubleshooting table for GPU-enabled model 471 

training and model prediction using DeBCR. 472 

Problem Possible reasons Solution 

The training / 

prediction is too slow 

(compared to info in 

Supplementary Tables 

S5-S7). 

The GPU device is 

not utilized. 

Check that the GPU device is used during training, for example by 

executing in the command line: nvidia-smi and monitoring if 

the GPU memory is used by the respective Python process. If that 

is the case, proceed with information in Supplementary Box 1. 

ResourceExhausted-

Error, or Out of 

Memory (OOM) error 

(see Supplementary 

Table S2). 

The batch size is too 

large. 

Decrease the batch size to reduce the memory consumption in a 

single training / prediction step. 

The input patched 

data size is too large. 

Repeat pre-processing for the used training / test data to re-crop 

the smaller-size patches to decrease the memory consumption. 

ValueError: 

incompatible input 

layer shapes (see 

Supplementary Table 

S2). 

The input training / 

testing data XY shape 

does not correspond 

to the loaded model 

input size. 

Adjust the input size for the loaded model to match the actual 

training / prediction data XY size. When loading existing models, 

the currently set model input size should match the one used for 

the training. Alternatively, repeat data pre-processing to re-crop 

the patches of the required XY size. 

Procedure 4: Model prediction and post-processing 473 

TIMING 15-30 min, for all procedure steps; depending on the available hardware, prediction 474 

parameters and input data amount 475 

Critical. This protocol describes the application of the trained model using the DeBCR framework. 476 

The deblurred data prediction is followed by the post-processing to obtain the full-size predicted 477 

data (see Supplementary Fig. S4a). This protocol requires pre-processed low-quality input data 478 

to restore, provided in NPZ file format. Such data examples can be found in the provided sample 479 

data (see main text, Data Availability Statement). 480 
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 481 

Supplementary Figure S4. The trained model usage and post-processing using 482 

DeBCR. a. The trained model application in DeBCR; b. The “Use model” tab view of the DeBCR 483 

GUI with annotated sections; c. The “Transform data” tab view of the DeBCR GUI with annotated 484 

sections. 485 

Critical. The execution time of this procedure moderately depends on the GPU availability. To 486 

follow the procedure, you need the computational environment to be properly set (the CUDA is 487 

sourced; the GPU device is visible to the TensorFlow; the correct package environment is 488 

activated, if any is used) and the base platform for the intended DeBCR tool is loaded (i.e. 489 

JupyterLab for API or Napari for GUI). The respective instructions can be found above in the 490 

Procedure 1: Pipeline setup. The notebook version for the API part of this procedure is available 491 

at ’DeBCR/notebooks/DeBCR_predict.ipynb’. 492 

I. Load testing data  493 

TIMING 2 min 494 

Critical. The respective example testing data for this step can be found at 495 

'<DATASET>/data/<DATASET>_test.npz' in the deposited dataset folders (see 496 

Datasets in Materials). 497 

(GUI) In Napari, 498 

a. Use the context menu: 499 

i. Open raw data file using the context menu 500 

[Go to] > File > Open File(s)... | Open Files as Stack… 501 

ii. Navigate in the filesystem to select the raw data input file and click “Open” 502 

b. Use ‘drag-and-drop’ approach: 503 
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Input file from your file manager directly to the Napari window. 504 

(API) In JupyterLab, 505 

1. Set the file path to the testing input data: 506 

data_filepath = '/path/to/data/train.npz' 507 

2. Load the testing input data at the chosen file path using the dedicated API: 508 

data = DeBCR.data.load(data_filepath) 509 

3. (optional) If NPZ file was loaded, check the loaded data contents: 510 

data.files 511 

Critical. The example testing data is provided as multi-array NPZ files, each 512 

consisting of the low-quality input data (key: “low”) and the high-quality ground truth 513 

(key: “gt”). 514 

4. (optional) Visualize several testing data slices using the dedicated API: 515 

DeBCR.data.show( 516 

    data = [data["low"], data["gt"]], 517 

    slices = [-1, -1, -1], 518 

    titles = ['test: input', 'test: ground truth'], 519 

    transpose = True 520 

) 521 

II. Load trained model 522 

TIMING 3 min 523 

Critical. The used model input size must match the XY size of the data used to train the 524 

model as well as the testing input data. 525 

(GUI) In Napari, 526 

1. Adjust the input size of the trained model in “Trained model” (Supplementary Fig. 527 

S4b, section 2): 528 

use numerical field “model input size”; 529 

2. Set or type the directory path to the trained model weights: “Trained model”, the 530 

text edit field “weights folder” or the “Choose” button (Supplementary Fig. S4b, 531 

section 2); 532 

3. Select the trained model state (checkpoint) to load: “Trained model”, the drop-533 

down menu “weights file” (Supplementary Fig. S4b, section 2); 534 

4. Load selected deblurring model to use: “Trained model”, “(Re)load model” button 535 

(Supplementary Fig. S4b, section 2); 536 

 537 
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(API) In JupyterLab, 538 

1. Load the trained model using the dedicated API: 539 

DeBCR_model = 540 

DeBCR.model.init(weights_path='/path/to/weights', 541 

input_size=128) 542 

2. (optional) Check the loaded trained model information: 543 

DeBCR_model.summary() 544 

III. Setup parameters and run prediction 545 

TIMING 5-20 min, depending on the available hardware, prediction parameters and 546 

input data amount 547 

(GUI) In Napari, 548 

1. Select layer title of the testing input data to restore: “Input”, drop-down menu 549 

(Supplementary Fig. S4b, section 1); 550 

2. Adjust the prediction parameter values as required: “Settings”, numerical input 551 

fields (Supplementary Fig. S4b, section 3); 552 

3. Type the output data layer title: “Output”, a text edit field (Supplementary Fig. S4b, 553 

section 4); 554 

4. Click on the button “Run prediction” to start the process (Supplementary Fig. S4b, 555 

section 5). 556 

The prediction progress will be printed in the command line. 557 

 (API) In JupyterLab, 558 

Start the prediction using the loaded trained model using the dedicated API: 559 

data_pred = DeBCR.model.predict(eval_model=DeBCR_model, 560 

input_data=data[‘low’], batch_size=32) 561 

The prediction progress will be printed in the JupyterLab, as the output of this code 562 

cell. 563 

IV. Post-process predicted data 564 

TIMING 3 min 565 

Critical. For this step of the procedure, the parameters used to patch the input data during 566 

pre-processing must be known. 567 

(GUI) In Napari, 568 

1. Select layer title of the patched predicted data to stitch: “Input”, drop-down menu 569 

(Supplementary Fig. S4c, section 1); 570 

2. Type the output data layer title: “Output”, a text edit field (Supplementary Fig. S4c, 571 

section 2); 572 
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3. Set parameters to stitch data such as patch overlap and patch count along X and 573 

Y: “Settings”, numerical input fields (Supplementary Fig. S4c, section 3); 574 

Critical. To correctly stitch predicted patches back to the full-size image, the patch 575 

overlap and patch count along X and Y should match the information obtained at 576 

the cropping step of the pre-processing procedure.  577 

4. Enable the cosine blending for seamless stitching: “Settings”, check-box “use 578 

cosine blending for stitching” (Supplementary Fig. S4c, section 3); 579 

5. Click to execute: “Stitch”, a button (Supplementary Fig. S4c, section 4). 580 

 (API) In JupyterLab, 581 

1. Stitch the patches from the predicted data using the dedicated API: 582 

data_asmbl = DeBCR.data.stitch(data_pred, patch_num=(15,15), 583 

overlap=(0.5, 0.5)) 584 

Critical. To correctly stitch predicted patches back to the full-size image, the patch 585 

overlap (overlap) and patch count (patch_num) along X and Y should match 586 

the information obtained at the cropping step of the pre-processing procedure. 587 

2. (optional) Check the assembled data shape: 588 

data_asmbl.shape 589 

3. (optional) Visualize several example slices using the dedicated API: 590 

DeBCR.data.show([data_asmbl], slices=[-1,-1,-1], 591 

cmap='gray', transpose=True) 592 

Critical. DeBCR performs the patch extraction with an overlap (50% by default) for the 593 

cropping procedure during pre-processing. Combining this approach with the cosine 594 

(Hann window) blending (weighting) of the predicted patches being stitched allows for the 595 

most seamless stitching of the full-sized data (see Supplementary Fig. S5). 596 



 

22 

 597 

Supplementary Figure S5. The restored stitched image quality for various crop and 598 

stitch strategies. In all compared approaches, the original data of (1024, 1024) in XY was: 1) 599 

normalized by percentiles (0.01 and 99.9); 2) cropped to patches of (128, 128) in XY with various 600 

overlaps between patches (25%, 50%, 75%) as well as without any overlap; 3) restored using a 601 

trained DeBCR core model; 4) stitched back to the full-size image with blending (combining) the 602 

overlapping patch areas using different approaches. The patch overlap increases the chance of 603 

better signal restoration due to the wider signal context sampling, while the patch blending helps 604 

to mitigate the patch border effects. Two blending approaches of patch overlaps are presented: 605 

linear blending, or simple averaging, and cosine blending, or weighted averaging using a Hann 606 

window. The DeBCR defaults are patch overlap of 50% to crop, a cosine blending to stitch. 607 

 608 
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V. Save post-processed data 609 

TIMING 2 min 610 

(GUI) In Napari, 611 

1. Click on the title of the post-processed data layer in the layers list on the left-side 612 

panel in the Napari window; 613 

2. [Go to] > File > Save selected layers… 614 

3. In the opened window “Save selected layers”, choose the location to save this 615 

dataset and edit the output file name. Adjust the value in the “Files of Type” drop-616 

down menu and add the requested file extension. Click “Save”. 617 

(API) In JupyterLab,  618 

1. Set the output file path with the desired file extension for the pre-processed data: 619 

data_pred_filepath = '/path/to/save/pred.tiff' 620 

2. Write the pre-processed data at the chosen file path: 621 

DeBCR.data.write(data_pred_filepath, data=data_asmbl) 622 

Critical. The typical errors and troubleshooting advice can be found in Supplementary Tables 623 

S2-S4. 624 

Supplementary Table S4. The troubleshooting table for the post-processing stage 625 

of DeBCR. 626 

Problem Possible reasons Solution 

The stitching result is 

not satisfying. 

The data processing 

parameters are 

suboptimal for a good-

quality stitching. 

Enable blending for better stitching on the patch edges. 

Increase patch overlap size (by 10-15%) to account better for 

various amounts of signal in patches. Note that this will increase 

the prediction time and the memory to store patched data due to 

the bigger amount of the created patches. 

The input data XY size 

is too small for the 

trained model to grasp 

the signal context. 

Repeat “Procedure 2: Data pre-processing” for the used training 

data to re-crop the larger patches and re-train the smaller-input 

model. Note that this will lead to the increased memory 

consumption by the model during the training / prediction. To 

compensate, decrease the batch size a bit (note: too small values 

could slow down the training and even cause instability).  

The stitching result is 

not correct. 

The parameters of the 

patch stitching do not 

correspond to the 

patch cropping. 

Check that patch overlap for stitching and cropping is the same. 

Make sure that the amount of patches along XY used for stitching 

corresponds to the combination of the patch size, patch overlap 

and full size of the uncropped data used during cropping. 

The XY amount of patches is printed after the cropping in the log 

window in GUI. In API you can get this value considering the 

cropping parameters by: 

debcr.data.crop(...,dry_run=True) 
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Supplementary Tables 627 

Supplementary Table S5. Resource usage during test data pre-/post-processing 628 

in DeBCR. 629 

Step Hardware specs Input size 

→ Output size 

Overlap 

→ Patch cnt. 

Run time* Memory used** 

Normalize AMD EPYC 9634 

@ 2.25 GHz 

(95, 1024, 1024) 

→ (95, 1024, 1024) 

– 1.16 s ± 12 ms 1.21 GB ± 86 MB 

Intel(R) Core(TM) i7-

10700 @ 2.90GHz 

(95, 1024, 1024) 

→ (95, 1024, 1024) 

– 1.68 s ± 89 ms 1.34 GB ± 87 MB 

Crop AMD EPYC 9634 

@ 2.25 GHz 

(95, 1024, 1024) 

→ (9500, 128, 128) 

(0.25, 0.25) 

→ (10, 10) 

0.19 s ± 12 ms 0.74 GB ± 190 MB 

(95, 1024, 1024) 

→ (21375, 128, 128) 

(0.50, 0.50) 

→ (15, 15) 

0.36 s ± 7 ms 2.25 GB ± 142 MB 

(95, 1024, 1024) 

→ (79895, 128, 128) 

(0.75, 0.75) 

→ (29, 29) 

1.25 s ± 10 ms 9.34 GB ± 192 MB 

Intel(R) Core(TM) i7-

10700 @ 2.90GHz 

(95, 1024, 1024) 

→ (9500, 128, 128) 

(0.25, 0.25) 

→ (10, 10) 

0.51 s ± 30 ms 1.06 GB ± 67 MB 

(95, 1024, 1024) 

→ (21375, 128, 128) 

(0.50, 0.50) 

→ (15, 15) 

1.08 s ± 80 ms 2.53 GB ± 79 MB 

(95, 1024, 1024) 

→ (79895, 128, 128) 

(0.75, 0.75) 

→ (29, 29) 

3.55 s ± 302 ms 9.66 GB ± 89 MB 

Stitch AMD EPYC 9634 

@ 2.25 GHz 

(9500, 128, 128) 

→ (95, 1024, 1024) 

(0.25, 0.25) 

→ (10, 10) 

0.42 s ± 17 ms 0.32 GB ± 23 MB 

(21375, 128, 128) 

→ (95, 1024, 1024) 

(0.50, 0.50) 

→ (15, 15) 

0.91 s ± 26 ms 0.35 GB ± 12 MB 

(79895, 128, 128) 

→ (95, 1024, 1024) 

(0.75, 0.75) 

→ (29, 29) 

2.95 s ± 44 ms 0.37 GB ± 5 MB 

Intel(R) Core(TM) i7-

10700 @ 2.90GHz 

(9500, 128, 128) 

→ (95, 1024, 1024) 

(0.25, 0.25) 

→ (10, 10) 

1.17 s ± 62 ms 0.34 GB ± 13 MB 

(21375, 128, 128) 

→ (95, 1024, 1024) 

(0.50, 0.50) 

→ (15, 15) 

2.04 s ± 6 ms 0.36 GB ± 6 MB 
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Step Hardware specs Input size 

→ Output size 

Overlap 

→ Patch cnt. 

Run time* Memory used** 

(79895, 128, 128) 

→ (95, 1024, 1024) 

(0.75, 0.75) 

→ (29, 29) 

6.00 s ± 246 ms 0.37 GB ± 2 MB 

*The total run time per process is reported as the mean ± st.dev. for 5 runs, measured using the Python Standard 630 
Library package timeit (https://docs.python.org/3/library/timeit.html). 631 

**The peak increment memory (RAM) per process is reported as the mean ± st.dev. for 5 runs, measured using 632 
memory_profiler package (https://pypi.org/project/memory-profiler/).  633 

https://docs.python.org/3/library/timeit.html
https://pypi.org/project/memory-profiler/
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Supplementary Table S6. Resource usage during test model training in DeBCR. 634 

Hardware: 

type, count 

Hardware: 

model, specs 

Batch size 

(→ batches) 

Run time 

(~ full run time)** 

Memory used*** 

84x CPU AMD EPYC 9634 

@ 2.25 GHz 
32 (→ 668) 47m 42s  

(~ 6h 21m 36s) 

~10 GB RAM 

8x CPU Intel(R) Core(TM) i7-10700 

@ 2.90GHz 
32 (→ 668) 1h 21m 37s  

(~ 10h 52m 56s) 

~10 GB RAM 

1x GPU NVIDIA Tesla A40, 

45 GB VRAM 
8 (→ 2672) 

 

16 (→ 1336) 

 

32 (→ 668) 

4m 5s  

(~ 32m 40s) 

4m 21s  

(~ 34m 48s) 

6m 12s  

(~ 49m 36s) 

14.7 GB VRAM 

 

12.6 GB VRAM 

 

16.7 GB VRAM 

1x GPU NVIDIA Tesla T4, 

15 GB VRAM 
32 (→ 668) 5m 35s 

(~ 44m 40s) 

13.8 GB VRAM 

1x GPU NVIDIA Tesla V100, 

32 GB VRAM 
32 (→ 668) 5m 48s 

(~ 46m 24s) 

16.5 GB VRAM  

1x GPU NVIDIA GeForce GTX 1660 SUPER, 

6 GB VRAM 
8 (→ 535)***** 5m 0s  

(~ 40m 0s) 

4.0 GB VRAM 

*The training data size was (2211, 128, 128) with the respective model input size of (128,128). 635 

**The run time per process was measured manually for 250 out of 2000 training steps, needed for full training on the 636 
tested data. The full training run time was thus estimated for 2000 training steps based on these measurements. 637 

***The utilized memory per process is reported as: 1) VRAM – for allocated GPU memory, measured by nvidia-smi, the 638 
standard monitoring GPU util from the CUDA Toolkit; 2) RAM – for occupied by Jupyter kernel memory, measured by 639 
jupyter-resource-usage extension for JupyterLab (https://github.com/jupyter-server/jupyter-resource-usage). 640 

****Batch size > 8 failed due to OOM. 641 

  642 

https://github.com/jupyter-server/jupyter-resource-usage
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Supplementary Table S7. Resource usage during test model prediction in DeBCR. 643 

Hardware: 

type, count 

Hardware: 

model, specs 

Batch size 

(→ batches) 

Run time** Memory used*** 

84x CPU AMD EPYC 9634 

@ 2.25 GHz 
32 (→ 668) 38m 24s ~9 GB RAM 

8x CPU Intel(R) Core(TM) i7-10700 

@ 2.90GHz 
32 (→ 668) 21m 13s ~9 GB RAM 

1x GPU NVIDIA Tesla A40, 

45 GB VRAM 
8 (→ 2672) 

16 (→ 1336) 

32 (→ 668) 

1m 9s 

0m 58s 

0m 55s 

8.6 GB VRAM 

12.6 GB VRAM 

16.6 GB VRAM 

1x GPU NVIDIA Tesla T4, 

15 GB VRAM 
32 (→ 668) 3m 25s 10.3 GB VRAM 

1x GPU NVIDIA Tesla V100, 

32 GB VRAM 
32 (→ 668) 1m 24s 16.5 GB VRAM  

1x GPU NVIDIA GeForce GTX 1660 SUPER, 

6 GB VRAM 
8 (→ 535)**** 0m 33s 

(full: 2m 45s) 

3.9 GB VRAM 

*The test data size was (21375, 128, 128) with the respective model input size of (128,128). 644 

**The run time per process was measured using the Python Standard Library package timeit (prediction; 645 
https://docs.python.org/3/library/timeit.html). 646 

***The utilized memory per process is reported as: 1) VRAM – for allocated GPU memory, measured by nvidia-smi, 647 
the standard monitoring GPU util from CUDA Toolkit; 2) RAM – for occupied peak Jupyter kernel memory, measured 648 
by jupyter-resource-usage extension for JupyterLab (https://github.com/jupyter-server/jupyter-resource-usage). 649 

****The input data of size (4275, 128, 128), the1/5th subset of the original input data, was used with the batch size of 650 
8, the 4x-reduced batch size, to avoid OOM due to limited GPU memory. 651 

Supplementary Table S8. The inference runtime and trainable parameters count for 652 

the evaluated image restoration models, compared to DeBCR. 653 

Model DeBCR   CARE DnCNN N2N Uni- 
FMIR 

U-Net RCAN MPR- 
Net 

DDPM TA- 
GAN  

ESR- 
GAN 

Trainable 
parameters, mln 

0.237 0.333 0.556 1.227 1.565 7.780 15.334 20.127 23.998 30.782 49.841 

Runtime per 
image, s 

0.0023 0.0039 0.0056 0.0068 0.0042 0.0241 0.0281 0.0173 1.0968 0.0067 0.0147 

*As the number of parameters (in millions) increases (left-to-right), the runtime (in seconds) also generally increases. 654 
Notably, DDPM demonstrates the longest runtime due to relying on the computationally expensive diffusion process.  655 

https://docs.python.org/3/library/timeit.html
https://github.com/jupyter-server/jupyter-resource-usage
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Supplementary Note 2. Denoising of the confocal fluorescence LM 656 

data: more examples 657 

Here we provide more examples of denoising using DeBCR on the confocal fluorescence data of 658 

the flatworm S.mediterranea at the various noise levels C1-C3 (Supplementary Fig. S6). Despite 659 

the gradual increase of the noise level from the higher- (C1) to the lower-exposure (C2 and C3) 660 

data, DeBCR manages to keep recovering the signal with the high structural fidelity to the highest-661 

exposure GT data. Notably, for the noise-only input, DeBCR produces unstructured output, 662 

corresponding to the also unstructured GT (Supplementary Fig. S6, C3, second column). 663 

 664 

Supplementary Figure S6. Denoising of confocal fluorescence LM data of the 665 

flatworm S. mediterranea using DeBCR. The column labels C1-C3 correspond to the input 666 

data acquired at various illumination levels (C1 - medium, C2 - weak, C3 - extremely weak), while 667 

all the respective GT data was obtained by longer exposure time and higher laser intensity than 668 

used in all other conditions, as reported in the original dataset publication1. 669 

To additionally assess the denoising performance of DeBCR, we also used another dataset2 from 670 

CARE3 work imaging the Tribolium castaneum embryos sample. Although confocal light 671 

microscopy enables 3D imaging, the acquired volumetric data has worse axial resolution (along 672 

Z, or optical sectioning axis) compared to the lateral (along XY, or imaging scan axis), making the 673 

isotropic denoising of such data more complicated. Despite the extremely low SNR level (C3 674 

condition) of the input data, DeBCR correctly restored true sample features with increased SNR 675 

along axial and lateral directions (Supplementary Fig. S7a). The zoomed-in ROIs demonstrate in 676 

detail the performance of the compared SOTA models (Supplementary Fig. S7b). N2N approach 677 

exhibits a very limited ability to restore the corrupted input signals. The generative models DDPM 678 

and ESRGAN introduce texture-like artifacts, as reflected by their PSNR↑/SSIM↑ values, inferior 679 

to other models (Supplementary Fig. S7c). DnCNN, U-Net, CARE, and RCAN introduced the non-680 

existent features, while MPRNet lost some of the true signals observed in GT. In this regard, 681 

DeBCR stands out for more accurately restoring GT sample features with less artifacts being 682 

introduced, while achieving the best performance by restoration metrics with PSNR↑/SSIM↑ of 683 

20.24 dB/0.62 (Supplementary Fig. S7c). This demonstrates the reliability of DeBCR in denoising 684 

anisotropic low-SNR 3D LM data. Thus, DeBCR enables increasing the confocal images signal, 685 
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while keeping a shorter acquisition time and lower photodamage, which is advantageous for live-686 

cell imaging. 687 

 688 

Supplementary Figure S7. Denoising of a confocal fluorescence LM data of the T. 689 

castaneum embryos. a. The low-SNR input data, its reconstruction by DeBCR and GT for 690 

comparison in lateral (XY) and axial (XZ) planes. b. The ROI reconstruction of DeBCR compared 691 

to other models’ outputs in XY. c. Metrics evaluation in PSNR↑/SSIM↑ for the compared 692 

restoration models. 693 

  694 
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Supplementary Note 3. Image enhancement of the total internal 695 

reflection microscopy data paired with various single-molecule 696 

localisation microscopy data 697 

We additionally assessed image restoration performance of DeBCR on the single-molecule 698 

localization microscopy4–7 (SMLM) data serving as the super-resolution GT, paired with the 699 

respective Total Internal Reflection Microscopy8 (TIRF) data as the low-resolution input, publicly 700 

available as the DL-SMLM9,10 dataset. We have used a part of DL-SMLM consisting of images of 701 

the fluorescently labelled outer mitochondrial membrane (OMM) acquired with Stochastic Optical 702 

Reconstruction Microscopy4 (STORM) and inner mitochondrial membrane (IMM) acquired with 703 

DNA points accumulation for imaging in nanoscale topography7,11 (DNA-PAINT), both paired with 704 

the respective TIRF data. For IMM data imaged with DNA-PAINT, while DeBCR and CARE failed 705 

to reconstruct the high-frequency details of the SMLM modality, both improved the input TIRF 706 

images by enhancing the foreground–background separation and increased the overall structural 707 

clarity (Supplementary Fig. S8a). However, DeBCR better preserved structural features both for 708 

high- and low-count signal areas, compared to CARE (Supplementary Fig. S8a). For OMM data 709 

acquired with STORM, although CARE managed to deblur data to some extent, finer structural 710 

details appeared to be distorted or lost (Supplementary Fig. S8b). On the same data, despite not 711 

reaching a single-molecule level of details, DeBCR achieved much sharper reconstructions with 712 

clearer object boundaries (Supplementary Fig. S8b). 713 

 714 

Supplementary Figure S8. Image enhancement performance on TIRF data paired 715 

with super-resolution SMLM data using DeBCR and CARE. a. Comparison on IMM 716 

sample data acquired with TIRF and DNA-PAINT (D.P.). b. Comparison with OMM sample data 717 

acquired with TIRF and STORM. The green arrows indicate improved structural details, sharper 718 

edges and enhanced foreground-background separation. 719 

https://www.zotero.org/google-docs/?jeQX9P
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The quantitative evaluation with various metrics (Supplementary Table S9), including PSNR, 720 

SSIM and RMSE, further demonstrates that DeBCR-based restoration improves structural fidelity 721 

of the input TIRF images relative to both ground truth SR modalities, DNA-PAINT and STORM. 722 

Supplementary Table S9. Evaluation metrics for TIRF input, DeBCR and CARE 723 

restorations. 724 

Dataset, 
Imaging modality 

IMM, DNA-PAINT OMM, STORM 

Evaluated data \ Metrics PSNR SSIM RMSE PSNR SSIM RMSE 

DeBCR prediction 14.56  0.38  0.21 15.92  0.44  0.17 

CARE prediction 13.95 0.47 0.27 12.33 0.47 0.37 

TIRF input 11.19 0.17 0.30 11.76 0.15 0.28 

Finally, we also assessed the spectral signal improvement by FRC evaluation (see Eq. (9) in 725 

Methods) of DeBCR- and CARE-enhanced data, compared to input, against super-resolution GT 726 

for both datasets (Supplementary Fig. S9). While CARE underperforms the input data, DeBCR 727 

demonstrates spectral improvements, although very minor. The spectral gain peak with DeBCR 728 

is higher and broader for the TIRF/STORM data, compared to the TIRF/DNA-PAINT data. 729 

 730 
Supplementary Figure S9. Spectral performance of DeBCR and CARE on 731 

TIRF/SMLM data. FRC curves for DeBCR and CARE restorations, compared to input data, 732 

evaluated against GT for two super-resolution GT imaging modalities: a. DNA-PAINT (IMM 733 

dataset, input: TIRF, n=3844 images); b. STORM (OMM dataset, input: TIRF, n=2883 images). 734 

Each FRC is the average across the respective full test set (mean: bold solid line, standard 735 

deviation: pale band). Additionally, the restoration-to-input difference FRC is plotted in each case 736 

to demonstrate the spectral band of improvement by DeBCR (mean: pale dashed line, standard 737 

deviation: pale band). 738 

Evaluation of DeBCR and CARE for denoising and resolution enhancement on the images 739 

rendered from SMLM localisation data shows that the SMLM-level of resolution cannot be 740 
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restored by neither of these CNNs (see Discussion). Nevertheless, we show that DeBCR not only 741 

manages to deblur TIRF data sharper than CARE, but also preserves more and finer structural 742 

details of the super-resolution SMLM data.  743 
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Supplementary Methods 744 

 745 

Supplementary Figure S10. The original and residual BCR decomposition units. a.  746 

The original BCR unit from BCR-Net12: “LC2D” indicates the local 2D convolution layer, “Conv2D” 747 

is the standard 2D convolution layer. This approximation requires the target imaging model to be 748 

linear. b. The residual BCR unit from m-rBCR13. Incorporating the residual structure leads to more 749 

robust solutions for more complex inverse problems in imaging. c. The visual performance of 750 

image restoration by the original (Vanilla) and residual (Residual) BCR units on the widefield-like 751 

input data, simulated as reported13 from the original ImageNet14 data, which served as a ground 752 

truth (GT). The original BCR unit leads to “ripple” artifacts in the reconstructed outputs, whereas 753 

the residual BCR unit stabilizes the learning process giving the “clean” outputs. 754 

  755 
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 756 

Supplementary Figure S11. Architecture overview of the DeBCR core model. a. The 757 

single-stage restoration element of the DeBCR core model: “Conv2D” (light blue box) represents 758 

the forward imaging operator, mainly consisting of standard 2D convolutional layers; “Residual 759 

Conv2D” (light green box) represents the rest of pseudo-inverse solution, including the proposed 760 

residual BCR decomposition unit, composed of residual 2D convolutional layers. b. The multi-761 

stage architecture of the DeBCR core model, combining multiple single-scale restoration 762 

elements (as in a) for a multi-resolution information inference. The 𝐾𝑛
𝑇 and 𝐵𝑛 are DNN blocks 763 

representing convolution operator 𝐾 and pseudo-differential operator 𝐵 of the pseudo-inverse 764 

solution 𝐾−1 in 𝑛-th downsampling resolution. The 𝐹𝑢𝑠𝑖𝑜𝑛𝑛 is the fusion operator, integrating 765 

feature maps from various scales.  766 
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Microscopy imaging models 767 

The imaging process in fluorescence microscopy can be described by the simplified microscopy 768 

imaging model15 below. The sample signal 𝑜(𝑥, 𝑦) passes through the optical lens system and 769 

contributes to the recorded image 𝑖(𝑥, 𝑦). The real optical lens system is imperfect, causing the 770 

blurring of the original signal 𝑜(𝑥, 𝑦), which is described as the convolution process 𝑖(𝑥, 𝑦) =771 

𝐾(𝑥, 𝑦; 𝜃)  ∗  𝑜(𝑥, 𝑦). Here the kernel function 𝐾(𝑥, 𝑦; 𝜃) spatially models these imperfections under 772 

given conditions 𝜃 and is called the Point Spread Function (PSF). 773 

Due to variations in imaging hardware and modalities, the PSF 𝐾(𝑥, 𝑦; 𝜃) adopts diverse 774 

parametric forms16, also changing under the various imaging conditions, described by parameters 775 

set 𝜃. In widefield microscopy, it can be modeled as 𝐾WF(𝑥, 𝑦; 𝜃)  =  |ℎλem
(𝑥, 𝑦)|

2
, taking into 776 

account only emission amplitude distribution ℎλem
(𝑥, 𝑦). In confocal microscopy PSF takes a 777 

distinct form as 𝐾conf(𝑥, 𝑦; 𝜃)  = |ℎλex
(𝑥, 𝑦)|

2
 ∗  (|ℎλem

(𝑥, 𝑦)|
2

∗ 𝑝(𝑥, 𝑦)), additionally considering 778 

excitation amplitude ℎλex
(𝑥, 𝑦) and the confocal-microscopy-specific pupil function 𝑝(𝑥, 𝑦), 779 

reflecting hardware differences attributed to the presence of a pinhole. 780 

Furthermore, in the SR technique STED, the respective PSF results from further incorporation of 781 

the nonlinear depletion probability distribution, compared to the confocal PSF. The formed 782 

“donut”-shaped depletion distribution in STED leads to the “shrinking” of the confocal PSF, so that 783 

the effective PSF of STED can be modeled17 as  𝐾STED(𝑥, 𝑦; 𝜃)  = 𝐾conf(𝑥, 𝑦; 𝜃)  ∗784 

 𝜂STED(𝑥, 𝑦; 𝜃STED), where 𝜂STED is the so-called STED depletion factor, reflecting the spatial 785 

distribution of the survival probability of fluorophores upon suppressing them with the STED 786 

depletion beam with parameters 𝜃STED. 787 

Also, in another SR technique SIM, the object of interest 𝑜(𝑥, 𝑦) is imaged following the certain 788 

illumination pattern 𝑖SIM(𝑥, 𝑦), while the PSF has the same diffraction-limited form as in the 789 

widefield microscopy, resulting in the image formation model as 𝑖(𝑥, 𝑦) = 𝐾WF(𝑥, 𝑦; 𝜃)  ∗790 

 (𝑖SIM(𝑥, 𝑦) ⋅ 𝑜(𝑥, 𝑦)). The further computationally reconstructed SIM image combines multiple 791 

frequency-shifted copies of the signal, each convolved with the widefield PSF. Thus, SIM 792 

effectively extends the cut-off frequency compared to the widefield approach, which can thus be 793 

approximated18 by the respective coordinate transformation 𝐾SIM(𝑥, 𝑦; 𝜃) = 𝐾WF(𝑥̂, 𝑦̂; 𝜃) to satisfy 794 

the more general imaging model 𝑖(𝑥, 𝑦) = 𝐾SIM(𝑥, 𝑦; 𝜃)  ∗  𝑜(𝑥, 𝑦). 795 

Additionally, the limitations of the imaging process models and the hardware precision introduce 796 

noise 𝜀 into detected signal 𝑖(𝑥, 𝑦), modeled here as an additive term. Therefore, the resulting 797 

microscopy image formation model can be formulated using the following equation: 798 

𝑖(𝑥, 𝑦) = 𝐾(𝑥, 𝑦; 𝜃)  ∗  𝑜(𝑥, 𝑦) + 𝜀 (S1) 

Image restoration tasks 799 

Restoring of the signal 𝑜(𝑥, 𝑦) from the acquired image 𝑖(𝑥, 𝑦) holds the key to reveal the samples’ 800 

high-resolution structural information. To achieve that, the following image restoration tasks can 801 

be formulated: 1) denoising task – to remove the noise item 𝜀 for obtaining “clean” version of the 802 

detected signal 𝑖(𝑥, 𝑦); 2) deconvolution task – to reverse the blur effect of the convolution with 803 

PSF function 𝐾(𝑥, 𝑦; 𝜃). 804 

https://www.zotero.org/google-docs/?c38MUO
https://www.zotero.org/google-docs/?qoeyVR
https://www.zotero.org/google-docs/?pssurd
https://www.zotero.org/google-docs/?qIUwEa


 

36 

The deconvolution task is thus formulated as an inverse problem19 of finding the mapping 𝑖(𝑥, 𝑦) →805 

 𝑜(𝑥, 𝑦). This mapping should comply with the noise-free image formation model 𝑖(𝑥, 𝑦) =806 

𝐾𝜃{ 𝑜(𝑥, 𝑦) }, where 𝐾𝜃{ ∙ } is the convolution operator, simulating the PSF effect under conditions 807 

𝜃. The traditional deconvolution methods20,21 solve this problem by applying direct inversion of 808 

PSF to the measured signal 𝐾𝜃
−1{ 𝑖(𝑥, 𝑦) }. Thus, these methods rely on the known parametric 809 

form of the PSF 𝐾(𝑥, 𝑦; 𝜃) and its corresponding parameters 𝜃, considered to be pre-defined from 810 

the configuration of the imaging experiment (e.g. emission/excitation wavelength, magnification, 811 

aberrations, lens and detector quality). However, these parameters might not precisely match the 812 

acquired experimental data. Therefore, to address this issue the estimation of the PSF 813 

parameters from the given input data is performed, known as blind deconvolution22 approach. 814 

In practice, however, both the effect of PSF 𝐾(𝑥, 𝑦; 𝜃) and the measurement noise 𝜀 would 815 

significantly influence the measured signal 𝑖(𝑥, 𝑦). This implies the joint image restoration task of 816 

denoising and deconvolution, which is also an inverse problem of finding mapping 𝑖(𝑥, 𝑦) →817 

 𝑜(𝑥, 𝑦) complying with noise-accounted image formation model in Eq. (S1); in the operator form: 818 

𝑖(𝑥, 𝑦) = 𝐾𝜃{ 𝑜(𝑥, 𝑦) }  +  𝜀 (S2) 

Direct solution by inversion 819 

The direct solution of the deconvolution and denoising task from Eq. (S2) is thus formulated as 820 

below: 821 

𝑜(𝑥, 𝑦) = 𝐾𝜃
−1{ 𝑖(𝑥, 𝑦) − 𝜀 } (S3) 

Considering the need to estimate the PSF 𝐾(𝑥, 𝑦; 𝜃) with the presence of unknown noise 𝜀 and 822 

any additional unaccounted by the imaging model factors, such direct inversion as in Eq. (S3) 823 

might well lead to the non-unique solution 𝑜(𝑥, 𝑦). Moreover, the convolution operator inversion 824 

𝐾𝜃
−1 may tend to amplify noise, where the PSF has low values, making the solution 𝑜(𝑥, 𝑦) highly 825 

sensitive to the measurement noise and, thus, non-stable. Both non-uniqueness and non-stability 826 

of the deconvolution and denoising task make it an ill-posed inverse problem23. In practical terms, 827 

the direct inversion may produce noise-amplified solutions with artifacts and even non-realistic 828 

pseudo-signal patterns in the restored image. 829 

Problem-driven solution by optimization 830 

Assuming normally distributed noise 𝜀 allows to re-formulate the denoising and deconvolution 831 

task as the respective optimization problem 𝑚𝑖𝑛 |𝐾{𝑜̂} − 𝑖|2, where 𝑜̂ is the approximation of 𝑜 to 832 

be found. Next, to overcome the noise-induced instability of the optimization solution, the 833 

regularization term 𝜙(𝑜̂)24 can be added to the optimization problem, as shown below: 834 

𝑜 ≈ argmin
𝑜̂

{ ||𝐾{𝑜̂} − 𝑖||
2

2
+ 𝜙(𝑜̂) } (S4) 

The traditional regularization strategies include the sparsity regularizer25, such as 𝜙(𝑜̂) = 𝜆‖𝑜̂‖1 835 

from compressed sensing or 𝜙(𝑜̂) = 𝜆‖𝛹(𝑜)̂‖
1
 with 𝛹 being a sparse data representation (e.g. 836 

Fourier or Wavelet transform), and the variation regularizer26, 𝜙(𝑜̂) = 𝜆‖𝑜̂‖2
2 – the Tikhonov 837 
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regularization. The resulting regularized solution of the optimization problem in Eq. (S4) would 838 

be: 839 

𝑜 ≈ (𝐾𝑇𝐾 +  𝜆𝐼)−1𝐾𝑇𝑖 (S5) 

where 𝜆 is the regularization parameter and 𝐼 is an identity matrix. The convolution operator 840 

inverse 𝐾−1 is thus approximated by the pseudo-inverse form 841 

𝐾−1 ≈ (𝐾𝑇𝐾 +  𝜆𝐼)−1𝐾𝑇 (S6) 

including the convolution operator 𝐾𝑇 and the pseudo-differential operator 𝐵 = (𝐾𝑇𝐾 +  𝜆𝐼)−1. 842 

If the form and parameters of convolution operator 𝐾 are known, the Eq. (S5) would yield the 843 

restored solution 𝑜̂, robust to noisy conditions.  844 

Data-driven solutions by deep learning 845 

In most of the practical scenarios for the experimental fluorescence microscopy data processing, 846 

the convolution operator 𝐾 cannot be precisely modeled to be directly inverted. At the same time, 847 

the iterative methods of implementing the solution from Eq. (S5) for the optimization problem in 848 

Eq. (S4) are slow. Finally, such approaches might still produce artifacts due to the case-specific 849 

unaccounted physical factors in the hard-defined parametric form of convolution operator 𝐾. 850 

As an alternative direction, the deep neural networks (DNNs) suggest an efficient data-driven 851 

solution, independent of modeling the underdefined or even unknown convolution operator 𝐾. In 852 

particular, DNN provide opportunity to solve the more general problem in Eq. (S7) by directly 853 

learning the mapping 𝑖(𝑥, 𝑦) →  𝑜(𝑥, 𝑦) from the paired data (ground truth and input): 854 

𝑜 ≈ 𝑎𝑟𝑔𝑚𝑖𝑛 { || 𝑜̂ − 𝑜GT||
2

2
+ 𝜙(𝑜̂) } (S7) 

where 𝑜̂  = 𝑓(𝑖;  𝜂) with a DNN 𝑓: 𝑖 → 𝑜 and its parameters 𝜂 to be learned, 𝑜GT is high-855 

signal/resolution ground truth. In this fashion, various DNN architectures were proposed (see 856 

examples in main text, Introduction), effectively approximating the operator 𝐾−1 with a DNN. 857 

However, the available DNN solutions do not consider the known approximation of 𝐾−1 from Eq. 858 

(S6), which is meanwhile based on the imaging model from Eq. (S1), central to the considered 859 

problem. 860 

  861 
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