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Overview

MMOCR is an open source toolkit based on PyTorch [https://pytorch.org/] and MMDetection [https://github.com/open-mmlab/mmdetection], supporting numerous OCR-related models, including text detection, text recognition, and key information extraction. In addition, it supports widely-used academic datasets and provides many useful tools, assisting users in exploring various aspects of models and datasets and implementing high-quality algorithms. Generally, it has the following features.


	One-stop, Multi-model: MMOCR supports various OCR-related tasks and implements the latest models for text detection, recognition, and key information extraction.


	Modular Design: MMOCR’s modular design allows users to define and reuse modules in the model on demand.


	Various Useful Tools: MMOCR provides a number of analysis tools, including visualizers, validation scripts, evaluators, etc., to help users troubleshoot, finetune or compare models.


	Powered by OpenMMLab [https://openmmlab.com/]: Like other algorithm libraries in OpenMMLab family, MMOCR follows OpenMMLab’s rigorous development guidelines and interface conventions, significantly reducing the learning cost of users familiar with other projects in OpenMMLab family. In addition, benefiting from the unified interfaces among OpenMMLab, you can easily call the models implemented in other OpenMMLab projects (e.g. MMDetection) in MMOCR, facilitating cross-domain research and real-world applications.




Together with the release of OpenMMLab 2.0, MMOCR now also comes to its 1.0.0 version, which has made significant BC-breaking changes, resulting in less code redundancy, higher code efficiency and an overall more systematic and consistent design.

Considering that there are some backward incompatible changes in this version compared to 0.x, we have prepared a detailed migration guide. It lists all the changes made in the new version and the steps required to migrate. We hope this guide can help users familiar with the old framework to complete the upgrade as quickly as possible. Though this may take some time, we believe that the new features brought by MMOCR and the OpenMMLab ecosystem will make it all worthwhile. 😊

Next, please read the section according to your actual needs.


	We recommend that beginners go through Quick Run to get familiar with MMOCR and master the usage of MMOCR by reading the examples in User Guides.


	Intermediate and advanced developers are suggested to learn the background, conventions, and recommended implementations of each component from Basic Concepts.


	Read our FAQ to find answers to frequently asked questions.


	If you can’t find the answers you need in the documentation, feel free to raise an issue [https://github.com/open-mmlab/mmocr/issues].


	Everyone is welcome to be a contributor! Read the contribution guide to learn how to contribute to MMOCR!








            

          

      

      

    

  

    
      
          
            
  
Installation


Prerequisites


	Linux | Windows | macOS


	Python 3.7


	PyTorch 1.6 or higher


	torchvision 0.7.0


	CUDA 10.1


	NCCL 2


	GCC 5.4.0 or higher







Environment Setup


Note

If you are experienced with PyTorch and have already installed it, just skip this part and jump to the next section. Otherwise, you can follow these steps for the preparation.



Step 0. Download and install Miniconda from the official website [https://docs.conda.io/en/latest/miniconda.html].

Step 1. Create a conda environment and activate it.

conda create --name openmmlab python=3.8 -y
conda activate openmmlab





Step 2. Install PyTorch following official instructions [https://pytorch.org/get-started/locally/], e.g.





GPU Platform








conda install pytorch torchvision -c pytorch










CPU Platform








conda install pytorch torchvision cpuonly -c pytorch












Installation Steps

We recommend that users follow our best practices to install MMOCR. However, the whole process is highly customizable. See Customize Installation section for more information.


Best Practices

Step 0. Install  MMEngine [https://github.com/open-mmlab/mmengine], MMCV [https://github.com/open-mmlab/mmcv] and MMDetection [https://github.com/open-mmlab/mmdetection] using MIM [https://github.com/open-mmlab/mim].

pip install -U openmim
mim install mmengine
mim install mmcv
mim install mmdet





Step 1. Install MMOCR.

If you wish to run and develop MMOCR directly, install it from source (recommended).

If you use MMOCR as a dependency or third-party package, install it via MIM.





Install from Source






git clone https://github.com/open-mmlab/mmocr.git
cd mmocr
pip install -v -e .
# "-v" increases pip's verbosity.
# "-e" means installing the project in editable mode,
# That is, any local modifications on the code will take effect immediately.












Install via MIM






mim install mmocr











Step 2. (Optional) If you wish to use any transform involving albumentations (For example, Albu in ABINet’s pipeline), or any dependency for building documentation or running unit tests, please install the dependency using the following command:





Install from Source






# install albu
pip install -r requirements/albu.txt
# install the dependencies for building documentation and running unit tests
pip install -r requirements.txt












Install via MIM






pip install albumentations>=1.1.0 --no-binary qudida,albumentations












Note

We recommend checking the environment after installing albumentations to
ensure that opencv-python and opencv-python-headless are not installed together, otherwise it might cause unexpected issues. If that’s unfortunately the case, please uninstall opencv-python-headless to make sure MMOCR’s visualization utilities can work.

Refer
to albumentations’s official documentation [https://albumentations.ai/docs/getting_started/installation/#note-on-opencv-dependencies] for more details.






Verify the installation

You may verify the installation via this inference demo.





Python






Run the following code in a Python interpreter:

>>> from mmocr.apis import MMOCRInferencer
>>> ocr = MMOCRInferencer(det='DBNet', rec='CRNN')
>>> ocr('demo/demo_text_ocr.jpg', show=True, print_result=True)












Shell






If you installed MMOCR from source, you can run the following in MMOCR’s root directory:

python tools/infer.py demo/demo_text_ocr.jpg --det DBNet --rec CRNN --show --print-result











You should be able to see a pop-up image and the inference result printed out in the console upon successful verification.


    




# Inference result
{'predictions': [{'rec_texts': ['cbanks', 'docecea', 'grouf', 'pwate', 'chobnsonsg', 'soxee', 'oeioh', 'c', 'sones', 'lbrandec', 'sretalg', '11', 'to8', 'round', 'sale', 'year',
'ally', 'sie', 'sall'], 'rec_scores': [...], 'det_polygons': [...], 'det_scores':
[...]}]}






Note

If you are running MMOCR on a server without GUI or via SSH tunnel with X11 forwarding disabled, you may not see the pop-up window.








Customize Installation


CUDA versions

When installing PyTorch, you need to specify the version of CUDA. If you are not clear on which to choose, follow our recommendations:


	For Ampere-based NVIDIA GPUs, such as GeForce 30 series and NVIDIA A100, CUDA 11 is a must.


	For older NVIDIA GPUs, CUDA 11 is backward compatible, but CUDA 10.2 offers better compatibility and is more lightweight.




Please make sure the GPU driver satisfies the minimum version requirements. See this table [https://docs.nvidia.com/cuda/cuda-toolkit-release-notes/index.html#cuda-major-component-versions__table-cuda-toolkit-driver-versions] for more information.


Note

Installing CUDA runtime libraries is enough if you follow our best practices, because no CUDA code will be compiled locally. However if you hope to compile MMCV from source or develop other CUDA operators, you need to install the complete CUDA toolkit from NVIDIA’s website [https://developer.nvidia.com/cuda-downloads], and its version should match the CUDA version of PyTorch. i.e., the specified version of cudatoolkit in conda install command.






Install MMCV without MIM

MMCV contains C++ and CUDA extensions, thus depending on PyTorch in a complex way. MIM solves such dependencies automatically and makes the installation easier. However, it is not a must.

To install MMCV with pip instead of MIM, please follow MMCV installation guides [https://mmcv.readthedocs.io/en/latest/get_started/installation.html]. This requires manually specifying a find-url based on PyTorch version and its CUDA version.

For example, the following command install mmcv-full built for PyTorch 1.10.x and CUDA 11.3.

pip install `mmcv>=2.0.0rc1`  -f https://download.openmmlab.com/mmcv/dist/cu113/torch1.10/index.html








Install on CPU-only platforms

MMOCR can be built for CPU-only environment. In CPU mode you can train (requires MMCV version >= 1.4.4), test or inference a model.

However, some functionalities are gone in this mode:


	Deformable Convolution


	Modulated Deformable Convolution


	ROI pooling


	SyncBatchNorm




If you try to train/test/inference a model containing above ops, an error will be raised.
The following table lists affected algorithms.




	Operator
	Model





	Deformable Convolution/Modulated Deformable Convolution
	DBNet (r50dcnv2), DBNet++ (r50dcnv2), FCENet (r50dcnv2)



	SyncBatchNorm
	PANet, PSENet








Using MMOCR with Docker

We provide a Dockerfile [https://github.com/open-mmlab/mmocr/blob/master/docker/Dockerfile] to build an image.

# build an image with PyTorch 1.6, CUDA 10.1
docker build -t mmocr docker/





Run it with

docker run --gpus all --shm-size=8g -it -v {DATA_DIR}:/mmocr/data mmocr










Dependency on MMEngine, MMCV & MMDetection

MMOCR has different version requirements on MMEngine, MMCV and MMDetection at each release to guarantee the implementation correctness. Please refer to the table below and ensure the package versions fit the requirement.




	MMOCR
	MMEngine
	MMCV
	MMDetection





	dev-1.x
	0.7.1 \<= mmengine \< 1.1.0
	2.0.0rc4 \<= mmcv \< 2.1.0
	3.0.0rc5 \<= mmdet \< 3.2.0



	1.0.1
	0.7.1 \<= mmengine \< 1.1.0
	2.0.0rc4 \<= mmcv \< 2.1.0
	3.0.0rc5 \<= mmdet \< 3.2.0



	1.0.0
	0.7.1 \<= mmengine \< 1.0.0
	2.0.0rc4 \<= mmcv \< 2.1.0
	3.0.0rc5 \<= mmdet \< 3.1.0



	1.0.0rc6
	0.6.0 \<= mmengine \< 1.0.0
	2.0.0rc4 \<= mmcv \< 2.1.0
	3.0.0rc5 \<= mmdet \< 3.1.0



	1.0.0rc[4-5]
	0.1.0 \<= mmengine \< 1.0.0
	2.0.0rc1 \<= mmcv \< 2.1.0
	3.0.0rc0 \<= mmdet \< 3.1.0



	1.0.0rc[0-3]
	0.0.0 \<= mmengine \< 0.2.0
	2.0.0rc1 \<= mmcv \< 2.1.0
	3.0.0rc0 \<= mmdet \< 3.1.0










            

          

      

      

    

  

    
      
          
            
  
Quick Run

This chapter will take you through the basic functions of MMOCR. And we assume you installed MMOCR from source. You may check out the tutorial notebook [https://colab.research.google.com/github/open-mmlab/mmocr/blob/dev-1.x/demo/tutorial.ipynb] for how to perform inference, training and testing interactively.


Inference

Run the following in MMOCR’s root directory:

python tools/infer.py demo/demo_text_ocr.jpg --det DBNet --rec CRNN --show --print-result





You should be able to see a pop-up image and the inference result printed out in the console.


    




# Inference result
{'predictions': [{'rec_texts': ['cbanks', 'docecea', 'grouf', 'pwate', 'chobnsonsg', 'soxee', 'oeioh', 'c', 'sones', 'lbrandec', 'sretalg', '11', 'to8', 'round', 'sale', 'year',
'ally', 'sie', 'sall'], 'rec_scores': [...], 'det_polygons': [...], 'det_scores':
[...]}]}






Note

If you are running MMOCR on a server without GUI or via SSH tunnel with X11 forwarding disabled, you may not see the pop-up window.



A detailed description of MMOCR’s inference interface can be found here

In addition to using our well-provided pre-trained models, you can also train models on your own datasets. In the next section, we will take you through the basic functions of MMOCR by training DBNet on the mini ICDAR 2015 [https://rrc.cvc.uab.es/?ch=4&com=downloads] dataset as an example.




Prepare a Dataset

Since the variety of OCR dataset formats are not conducive to either switching or joint training of multiple datasets, MMOCR proposes a uniform data format, and provides dataset preparer for commonly used OCR datasets. Usually, to use those datasets in MMOCR, you just need to follow the steps to get them ready for use.


Note

But here, efficiency means everything.



Here, we have prepared a lite version of ICDAR 2015 dataset for demonstration purposes. Download our pre-prepared zip [https://download.openmmlab.com/mmocr/data/icdar2015/mini_icdar2015.tar.gz] and extract it to the data/ directory under mmocr to get our prepared image and annotation file.

wget https://download.openmmlab.com/mmocr/data/icdar2015/mini_icdar2015.tar.gz
mkdir -p data/
tar xzvf mini_icdar2015.tar.gz -C data/








Modify the Config

Once the dataset is prepared, we will then specify the location of the training set and the training parameters by modifying the config file.

In this example, we will train a DBNet using resnet18 as its backbone. Since MMOCR already has a config file for the full ICDAR 2015 dataset (configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py), we just need to make some modifications on top of it.

We first need to modify the path to the dataset. In this config, most of the key config files are imported in _base_, such as the database configuration from configs/textdet/_base_/datasets/icdar2015.py. Open that file and replace the path pointed to by icdar2015_textdet_data_root in the first line with:

icdar2015_textdet_data_root = 'data/mini_icdar2015'





Also, because of the reduced dataset size, we have to reduce the number of training epochs to 400 accordingly, shorten the validation interval as well as the weight storage interval to 10 rounds, and drop the learning rate decay strategy. The following lines of configuration can be directly put into configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py to take effect.

# Save checkpoints every 10 epochs, and only keep the latest checkpoint
default_hooks = dict(
    checkpoint=dict(
        type='CheckpointHook',
        interval=10,
        max_keep_ckpts=1,
    ))
# Set the maximum number of epochs to 400, and validate the model every 10 epochs
train_cfg = dict(type='EpochBasedTrainLoop', max_epochs=400, val_interval=10)
# Fix learning rate as a constant
param_scheduler = [
    dict(type='ConstantLR', factor=1.0),
]





Here, we have rewritten the corresponding parameters in the base configuration directly through the inheritance (MMEngine: Config [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/config.html]) mechanism of the config. The original fields are distributed in configs/textdet/_base_/schedules/schedule_sgd_1200e.py and configs/textdet/_base_/default_runtime.py.


Note

For a more detailed description of config, please refer to here.






Browse the Dataset

Before we start the training, we can also visualize the image processed by training-time data transforms. It’s quite simple: pass the config file we need to visualize into the browse_dataset.py script.

python tools/analysis_tools/browse_dataset.py configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py





The transformed images and annotations will be displayed one by one in a pop-up window.


    


Note

For details on the parameters and usage of this script, please refer to here.




Tip

In addition to satisfying our curiosity, visualization can also help us check the parts that may affect the model’s performance before training, such as problems in configs, datasets and data transforms.






Training

Start the training by running the following command:

python tools/train.py configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py





Depending on the system environment, MMOCR will automatically use the best device for training. If a GPU is available, a single GPU training will be started by default. When you start to see the output of the losses, you have successfully started the training.

2022/08/22 18:42:22 - mmengine - INFO - Epoch(train) [1][5/7]  lr: 7.0000e-03  memory: 7730  data_time: 0.4496  loss_prob: 14.6061  loss_thr: 2.2904  loss_db: 0.9879  loss: 17.8843  time: 1.8666
2022/08/22 18:42:24 - mmengine - INFO - Exp name: dbnet_resnet18_fpnc_1200e_icdar2015
2022/08/22 18:42:28 - mmengine - INFO - Epoch(train) [2][5/7]  lr: 7.0000e-03  memory: 6695  data_time: 0.2052  loss_prob: 6.7840  loss_thr: 1.4114  loss_db: 0.9855  loss: 9.1809  time: 0.7506
2022/08/22 18:42:29 - mmengine - INFO - Exp name: dbnet_resnet18_fpnc_1200e_icdar2015
2022/08/22 18:42:33 - mmengine - INFO - Epoch(train) [3][5/7]  lr: 7.0000e-03  memory: 6690  data_time: 0.2101  loss_prob: 3.0700  loss_thr: 1.1800  loss_db: 0.9967  loss: 5.2468  time: 0.6244
2022/08/22 18:42:33 - mmengine - INFO - Exp name: dbnet_resnet18_fpnc_1200e_icdar2015





Without extra configurations, model weights will be saved to work_dirs/dbnet_resnet18_fpnc_1200e_icdar2015/, while the logs will be stored in work_dirs/dbnet_resnet18_fpnc_1200e_icdar2015/TIMESTAMP/. Next, we just need to wait with some patience for training to finish.


Note

For advanced usage of training, such as CPU training, multi-GPU training, and cluster training, please refer to Training and Testing.






Testing

After 400 epochs, we observe that DBNet performs best in the last epoch, with hmean reaching 60.86 (You may see a different result):

08/22 19:24:52 - mmengine - INFO - Epoch(val) [400][100/100]  icdar/precision: 0.7285  icdar/recall: 0.5226  icdar/hmean: 0.6086






Note

It may not have been trained to be optimal, but it is sufficient for a demo.



However, this value only reflects the performance of DBNet on the mini ICDAR 2015 dataset. For a comprehensive evaluation, we also need to see how it performs on out-of-distribution datasets. For example, tests/data/det_toy_dataset is a very small real dataset that we can use to verify the actual performance of DBNet.

Before testing, we also need to make some changes to the location of the dataset. Open configs/textdet/_base_/datasets/icdar2015.py and change data_root of icdar2015_textdet_test to tests/data/det_toy_dataset:

# ...
icdar2015_textdet_test = dict(
    type='OCRDataset',
    data_root='tests/data/det_toy_dataset',
    #  ...
    )





Start testing:

python tools/test.py configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py work_dirs/dbnet_resnet18_fpnc_1200e_icdar2015/epoch_400.pth





And get the outputs like:

08/21 21:45:59 - mmengine - INFO - Epoch(test) [5/10]    memory: 8562
08/21 21:45:59 - mmengine - INFO - Epoch(test) [10/10]    eta: 0:00:00  time: 0.4893  data_time: 0.0191  memory: 283
08/21 21:45:59 - mmengine - INFO - Evaluating hmean-iou...
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.30, recall: 0.6190, precision: 0.4815, hmean: 0.5417
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.40, recall: 0.6190, precision: 0.5909, hmean: 0.6047
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.50, recall: 0.6190, precision: 0.6842, hmean: 0.6500
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.60, recall: 0.6190, precision: 0.7222, hmean: 0.6667
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.70, recall: 0.3810, precision: 0.8889, hmean: 0.5333
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.80, recall: 0.0000, precision: 0.0000, hmean: 0.0000
08/21 21:45:59 - mmengine - INFO - prediction score threshold: 0.90, recall: 0.0000, precision: 0.0000, hmean: 0.0000
08/21 21:45:59 - mmengine - INFO - Epoch(test) [10/10]  icdar/precision: 0.7222  icdar/recall: 0.6190  icdar/hmean: 0.6667





The model achieves an hmean of 0.6667 on this dataset.


Note

For advanced usage of testing, such as CPU testing, multi-GPU testing, and cluster testing, please refer to Training and Testing.






Visualize the Outputs

We can also visualize its prediction output in test.py. You can open a pop-up visualization window with the show parameter; and can also specify the directory where the prediction result images are exported with the show-dir parameter.

python tools/test.py configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py work_dirs/dbnet_resnet18_fpnc_1200e_icdar2015/epoch_400.pth --show-dir imgs/





The true labels and predicted values are displayed in a tiled fashion in the visualization results. The green boxes in the left panel indicate the true labels and the red boxes in the right panel indicate the predicted values.
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FAQ


General

Q1 I’m getting the warning like unexpected key in source state_dict: fc.weight, fc.bias, is there something wrong?

A It’s not an error. It occurs because the backbone network is pretrained on image classification tasks, where the last fc layer is required to generate the classification output. However, the fc layer is no longer needed when the backbone network is used to extract features in downstream tasks, and therefore these weights can be safely skipped when loading the checkpoint.

Q2 MMOCR terminates with an error: shapely.errors.TopologicalError: The operation 'GEOSIntersection_r' could not be performed. Likely cause is invalidity of the geometry. How could I fix it?

A This error occurs because of some invalid polygons (e.g., polygons with self-intersections) existing in the dataset or generated by some non-rigorous data transforms. These polygons can be fixed by adding FixInvalidPolygon transform after the transform likely to introduce invalid polygons. For example, a common practice is to append it after LoadOCRAnnotations in both train and test pipeline. The resulting pipeline should look like:

train_pipeline = [
    ...
    dict(
        type='LoadOCRAnnotations',
        with_polygon=True,
        with_bbox=True,
        with_label=True,
    ),
    dict(type='FixInvalidPolygon', min_poly_points=4),
    ...
]





In practice, we find that Totaltext contains some invalid polygons and using FixInvalidPolygon is a must. Here [https://github.com/open-mmlab/mmocr/blob/27b6a68586b9a040678fe083bcf60662ae1b9261/configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_totaltext.py] is an example config.

Q3 Getting libpng warning: iCCP: known incorrect sRGB profile when loading images with cv2 backend.

A This is a warning from libpng and it is safe to ignore. It is caused by the icc profile in the image. You can use pillow backend to avoid this warning:

train_pipeline = [
    dict(
        type='LoadImageFromFile',
        imdecode_backend='pillow'),
    ...
]








Text Recognition

Q1 What are the steps to train text recognition models with my own dictionary?

A In MMOCR 1.0, you only need to modify the config and point Dictionary to your custom dict file. For example, if you want to train SAR model (https://github.com/open-mmlab/mmocr/blob/75c06d34bbc01d3d11dfd7afc098b6cdeee82579/configs/textrecog/sar/sar_resnet31_parallel-decoder_5e_st-sub_mj-sub_sa_real.py) with your own dictionary placed at /my/dict.txt, you can modify dictionary.dict_file term in base config [https://github.com/open-mmlab/mmocr/blob/75c06d34bbc01d3d11dfd7afc098b6cdeee82579/configs/textrecog/sar/_base_sar_resnet31_parallel-decoder.py#L1] to:

dictionary = dict(
    type='Dictionary',
    dict_file='/my/dict.txt',
    with_start=True,
    with_end=True,
    same_start_end=True,
    with_padding=True,
    with_unknown=True)





Now you are good to go. You can also find more information in Dictionary API [https://mmocr.readthedocs.io/en/dev-1.x/api/generated/mmocr.models.common.Dictionary.html#mmocr.models.common.Dictionary].

Q2 How to properly visualize non-English characters?

A You can customize font_families or font_properties in visualizer. For example, to visualize Korean:

configs/textrecog/_base_/default_runtime.py:

visualizer = dict(
    type='TextRecogLocalVisualizer',
    name='visualizer',
    font_families='NanumGothic', # new feature
    vis_backends=vis_backends)





It’s also fine to pass the font path to visualizer:

visualizer = dict(
    type='TextRecogLocalVisualizer',
    name='visualizer',
    font_properties='path/to/font_file',
    vis_backends=vis_backends)
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Inference

In OpenMMLab, all the inference operations are unified into a new interface - Inferencer. Inferencer is designed to expose a neat and simple API to users, and shares very similar interface across different OpenMMLab libraries.

In MMOCR, Inferencers are constructed in different levels of task abstraction.


	Standard Inferencer: Following OpenMMLab’s convention, each fundamental task in MMOCR has a standard Inferencer, namely TextDetInferencer (text detection), TextRecInferencer (text recognition), TextSpottingInferencer (end-to-end OCR), and KIEInferencer (key information extraction). They are designed to perform inference on a single task, and can be chained together to perform inference on a series of tasks. They also share very similar interface, have standard input/output protocol, and overall follow the OpenMMLab design.


	MMOCRInferencer: We also provide MMOCRInferencer, a convenient inference interface only designed for MMOCR. It encapsulates and chains all the Inferencers in MMOCR, so users can use this Inferencer to perform a series of tasks on an image and directly get the final result in an end-to-end manner. However, it has a relatively different interface from other standard Inferencers, and some of standard Inferencer functionalities might be sacrificed for the sake of simplicity.




For new users, we recommend using MMOCRInferencer to test out different combinations of models.

If you are a developer and wish to integrate the models into your own project, we recommend using standard Inferencers, as they are more flexible and standardized, equipped with full functionalities.


Basic Usage





MMOCRInferencer






As of now, MMOCRInferencer can perform inference on the following tasks:


	Text detection


	Text recognition


	OCR (text detection + text recognition)


	Key information extraction (text detection + text recognition + key information extraction)


	OCR (text spotting) (coming soon)




For convenience, MMOCRInferencer provides both Python and command line interfaces. For example, if you want to perform OCR inference on demo/demo_text_ocr.jpg with DBNet as the text detection model and CRNN as the text recognition model, you can simply run the following command:





Python








>>> from mmocr.apis import MMOCRInferencer
>>> # Load models into memory
>>> ocr = MMOCRInferencer(det='DBNet', rec='SAR')
>>> # Perform inference
>>> ocr('demo/demo_text_ocr.jpg', show=True)










Bash








python tools/infer.py demo/demo_text_ocr.jpg --det DBNet --rec SAR --show









The resulting OCR output will be displayed in a new window:


    



Note

If you are running MMOCR on a server without GUI or via SSH tunnel with X11 forwarding disabled, the show option will not work. However, you can still save visualizations to files by setting out_dir and save_vis=True arguments. Read Dumping Results for details.



Depending on the initialization arguments, MMOCRInferencer can run in different modes. For example, it can run in KIE mode if it is initialized with det, rec and kie specified.





Python








>>> kie = MMOCRInferencer(det='DBNet', rec='SAR', kie='SDMGR')
>>> kie('demo/demo_kie.jpeg', show=True)










Bash








python tools/infer.py demo/demo_kie.jpeg --det DBNet --rec SAR --kie SDMGR --show









The output image should look like this:


    




You may have found that the Python interface and the command line interface of MMOCRInferencer are very similar. The following sections will use the Python interface as an example to introduce the usage of MMOCRInferencer. For more information about the command line interface, please refer to Command Line Interface.








Standard Inferencer






In general, all the standard Inferencers across OpenMMLab share a very similar interface. The following example shows how to use TextDetInferencer to perform inference on a single image.

>>> from mmocr.apis import TextDetInferencer
>>> # Load models into memory
>>> inferencer = TextDetInferencer(model='DBNet')
>>> # Inference
>>> inferencer('demo/demo_text_ocr.jpg', show=True)





The visualization result should look like:


    











Initialization

Each Inferencer must be initialized with a model. You can also choose the inference device during initialization.


Model Initialization





MMOCRInferencer






For each task, MMOCRInferencer takes two arguments in the form of xxx and xxx_weights (e.g. det and det_weights) for initialization, and there are many ways to initialize a model for inference. We will take det and det_weights as an example to illustrate some typical ways to initialize a model.


	To infer with MMOCR’s pre-trained model, passing its name to the argument det can work. The weights will be automatically downloaded and loaded from OpenMMLab’s model zoo. Check Weights for available model names.

>>> MMOCRInferencer(det='DBNet')







	To load custom config and weight, you can pass the path to the config file to det and the path to the weight to det_weights.

>>> MMOCRInferencer(det='path/to/dbnet_config.py', det_weights='path/to/dbnet.pth')









You may click on the “Standard Inferencer” tab to find more initialization methods.








Standard Inferencer






Every standard Inferencer accepts two parameters, model and weights. (In MMOCRInferencer, they are referred to as xxx and xxx_weights)


	model takes either the name of a model, or the path to a config file as input. The name of a model is obtained from the model’s metafile (Example [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnet/metafile.yml]) indexed from model-index.yml [https://github.com/open-mmlab/mmocr/blob/1.x/model-index.yml]. You can find the list of available weights here.


	weights accepts the path to a weight file.






There are various ways to initialize a model.


	To infer with MMOCR’s pre-trained model,  you can pass its name to model. The weights will be automatically downloaded and loaded from OpenMMLab’s model zoo.

>>> from mmocr.apis import TextDetInferencer
>>> inferencer = TextDetInferencer(model='DBNet')






Note

The model type must match the Inferencer type.



You can load another weight by passing its path/url to weights.

>>> inferencer = TextDetInferencer(model='DBNet', weights='path/to/dbnet.pth')







	To load custom config and weight, you can pass the path to the config file to model and the path to the weight to weights.

>>> inferencer = TextDetInferencer(model='path/to/dbnet_config.py', weights='path/to/dbnet.pth')







	By default, MMEngine [https://github.com/open-mmlab/mmengine/] dumps config to the weight. If you have a weight trained on MMEngine, you can also pass the path to the weight file to weights without specifying model:

>>> # It will raise an error if the config file cannot be found in the weight
>>> inferencer = TextDetInferencer(weights='path/to/dbnet.pth')







	Passing config file to model without specifying weight will result in a randomly initialized model.













Device

Each Inferencer instance is bound to a device.
By default, the best device is automatically decided by MMEngine [https://github.com/open-mmlab/mmengine/]. You can also alter the device by specifying the device argument. For example, you can use the following code to create an Inferencer on GPU 1.





MMOCRInferencer






>>> inferencer = MMOCRInferencer(det='DBNet', device='cuda:1')












Standard Inferencer






>>> inferencer = TextDetInferencer(model='DBNet', device='cuda:1')











To create an Inferencer on CPU:





MMOCRInferencer






>>> inferencer = MMOCRInferencer(det='DBNet', device='cpu')












Standard Inferencer






>>> inferencer = TextDetInferencer(model='DBNet', device='cpu')











Refer to torch.device [https://pytorch.org/docs/stable/tensor_attributes.html#torch.device] for all the supported forms.






Inference

Once the Inferencer is initialized, you can directly pass in the raw data to be inferred and get the inference results from return values.


Input





MMOCRInferencer / TextDetInferencer / TextRecInferencer / TextSpottingInferencer






Input can be either of these types:


	str: Path/URL to the image.

>>> inferencer('demo/demo_text_ocr.jpg')







	array: Image in numpy array. It should be in BGR order.

>>> import mmcv
>>> array = mmcv.imread('demo/demo_text_ocr.jpg')
>>> inferencer(array)







	list: A list of basic types above. Each element in the list will be processed separately.

>>> inferencer(['img_1.jpg', 'img_2.jpg])
>>> # You can even mix the types
>>> inferencer(['img_1.jpg', array])







	str: Path to the directory. All images in the directory will be processed.

>>> inferencer('tests/data/det_toy_dataset/imgs/test/')
















KIEInferencer






Input can be a dict or list[dict], where each dictionary contains
following keys:


	img (str or ndarray): Path to the image or the image itself. If KIE Inferencer is used in no-visual mode, this key is not required.
If it’s an numpy array, it should be in BGR order.


	img_shape (tuple(int, int)): Image shape in (H, W). Only required when KIE Inferencer is used in no-visual mode and no img is provided.


	instances (list[dict]): A list of instances.




Each instance looks like the following:

{
    # A nested list of 4 numbers representing the bounding box of
    # the instance, in (x1, y1, x2, y2) order.
    "bbox": np.array([[x1, y1, x2, y2], [x1, y1, x2, y2], ...],
                    dtype=np.int32),

    # List of texts.
    "texts": ['text1', 'text2', ...],
}














Output

By default, each Inferencer returns the prediction results in a dictionary format.


	visualization contains the visualized predictions. But it’s an empty list by default unless return_vis=True.


	predictions contains the predictions results in a json-serializable format. As presented below, the contents are slightly different depending on the task type.





MMOCRInferencer






{
    'predictions' : [
      # Each instance corresponds to an input image
      {
        'det_polygons': [...],  # 2d list of length (N,), format: [x1, y1, x2, y2, ...]
        'det_scores': [...],  # float list of length (N,)
        'det_bboxes': [...],   # 2d list of shape (N, 4), format: [min_x, min_y, max_x, max_y]
        'rec_texts': [...],  # str list of length (N,)
        'rec_scores': [...],  # float list of length (N,)
        'kie_labels': [...],  # node labels, length (N, )
        'kie_scores': [...],  # node scores, length (N, )
        'kie_edge_scores': [...],  # edge scores, shape (N, N)
        'kie_edge_labels': [...]  # edge labels, shape (N, N)
      },
      ...
    ],
    'visualization' : [
      array(..., dtype=uint8),
    ]
}












Standard Inferencer










TextDetInferencer








{
    'predictions' : [
      # Each instance corresponds to an input image
      {
        'polygons': [...],  # 2d list of len (N,) in the format of [x1, y1, x2, y2, ...]
        'bboxes': [...],  # 2d list of shape (N, 4), in the format of [min_x, min_y, max_x, max_y]
        'scores': [...]  # list of float, len (N, )
      },
    ]
    'visualization' : [
      array(..., dtype=uint8),
    ]
}










TextRecInferencer








{
    'predictions' : [
      # Each instance corresponds to an input image
      {
        'text': '...',  # a string
        'scores': 0.1,  # a float
      },
      ...
    ]
    'visualization' : [
      array(..., dtype=uint8),
    ]
}










TextSpottingInferencer








{
    'predictions' : [
      # Each instance corresponds to an input image
      {
        'polygons': [...],  # 2d list of len (N,) in the format of [x1, y1, x2, y2, ...]
        'bboxes': [...],  # 2d list of shape (N, 4), in the format of [min_x, min_y, max_x, max_y]
        'scores': [...]  # list of float, len (N, )
        'texts': ['...',]  # list of texts, len (N, )
      },
    ]
    'visualization' : [
      array(..., dtype=uint8),
    ]
}










KIEInferencer








{
    'predictions' : [
      # Each instance corresponds to an input image
      {
        'labels': [...],  # node label, len (N,)
        'scores': [...],  # node scores, len (N, )
        'edge_scores': [...],  # edge scores, shape (N, N)
        'edge_labels': [...],  # edge labels, shape (N, N)
      },
    ]
    'visualization' : [
      array(..., dtype=uint8),
    ]
}



















If you wish to get the raw outputs from the model, you can set return_datasamples to True to get the original DataSample, which will be stored in predictions.




Dumping Results

Apart from obtaining predictions from the return value, you can also export the predictions/visualizations to files by setting out_dir and save_pred/save_vis arguments.

>>> inferencer('img_1.jpg', out_dir='outputs/', save_pred=True, save_vis=True)





Results in the directory structure like:

outputs
├── preds
│   └── img_1.json
└── vis
    └── img_1.jpg





The filename of each file is the same as the corresponding input image filename. If the input image is an array, the filename will be a number starting from 0.




Batch Inference

You can customize the batch size by setting batch_size. The default batch size is 1.






API

Here are extensive lists of parameters that you can use.





MMOCRInferencer






MMOCRInferencer.__init__():




	Arguments
	Type
	Default
	Description





	det
	str or Weights, optional
	None
	Pretrained text detection algorithm. It's the path to the config file or the model name defined in metafile.



	det_weights
	str, optional
	None
	Path to the custom checkpoint file of the selected det model. If it is not specified and "det" is a model name of metafile, the weights will be loaded from metafile.



	rec
	str or Weights, optional
	None
	Pretrained text recognition algorithm. It’s the path to the config file or the model name defined in metafile.



	rec_weights
	str, optional
	None
	Path to the custom checkpoint file of the selected rec model. If it is not specified and “rec” is a model name of metafile, the weights will be loaded from metafile.



	kie [1]
	str or Weights, optional
	None
	Pretrained key information extraction algorithm. It’s the path to the config file or the model name defined in metafile.



	kie_weights
	str, optional
	None
	Path to the custom checkpoint file of the selected kie model. If it is not specified and “kie” is a model name of metafile, the weights will be loaded from metafile.



	device
	str, optional
	None
	Device used for inference, accepting all allowed strings by torch.device. E.g., 'cuda:0' or 'cpu'. If None, the available device will be automatically used. Defaults to None.





[1]: kie is only effective when both text detection and recognition models are specified.

MMOCRInferencer.__call__()




	Arguments
	Type
	Default
	Description





	inputs
	str/list/tuple/np.array
	required
	It can be a path to an image/a folder, an np array or a list/tuple (with img paths or np arrays)



	return_datasamples
	bool
	False
	Whether to return results as DataSamples. If False, the results will be packed into a dict.



	batch_size
	int
	1
	Inference batch size.



	det_batch_size
	int, optional
	None
	Inference batch size for text detection model. Overwrite batch_size if it is not None.



	rec_batch_size
	int, optional
	None
	Inference batch size for text recognition model. Overwrite batch_size if it is not None.



	kie_batch_size
	int, optional
	None
	Inference batch size for KIE model. Overwrite batch_size if it is not None.



	return_vis
	bool
	False
	Whether to return the visualization result.



	print_result
	bool
	False
	Whether to print the inference result to the console.



	show
	bool
	False
	Whether to display the visualization results in a popup window.



	wait_time
	float
	0
	The interval of show(s).



	out_dir
	str
	results/
	Output directory of results.



	save_vis
	bool
	False
	Whether to save the visualization results to out_dir.



	save_pred
	bool
	False
	Whether to save the inference results to out_dir.












Standard Inferencer






Inferencer.__init__():




	Arguments
	Type
	Default
	Description





	model
	str or Weights, optional
	None
	Path to the config file or the model name defined in metafile.



	weights
	str, optional
	None
	Path to the custom checkpoint file of the selected det model. If it is not specified and "det" is a model name of metafile, the weights will be loaded from metafile.



	device
	str, optional
	None
	Device used for inference, accepting all allowed strings by torch.device. E.g., 'cuda:0' or 'cpu'. If None, the available device will be automatically used. Defaults to None.





Inferencer.__call__()




	Arguments
	Type
	Default
	Description





	inputs
	str/list/tuple/np.array
	required
	It can be a path to an image/a folder, an np array or a list/tuple (with img paths or np arrays)



	return_datasamples
	bool
	False
	Whether to return results as DataSamples. If False, the results will be packed into a dict.



	batch_size
	int
	1
	Inference batch size.



	progress_bar
	bool
	True
	Whether to show a progress bar.



	return_vis
	bool
	False
	Whether to return the visualization result.



	print_result
	bool
	False
	Whether to print the inference result to the console.



	show
	bool
	False
	Whether to display the visualization results in a popup window.



	wait_time
	float
	0
	The interval of show(s).



	draw_pred
	bool
	True
	Whether to draw predicted bounding boxes. Only applicable on TextDetInferencer and TextSpottingInferencer.



	out_dir
	str
	results/
	Output directory of results.



	save_vis
	bool
	False
	Whether to save the visualization results to out_dir.



	save_pred
	bool
	False
	Whether to save the inference results to out_dir.














Command Line Interface


Note

This section is only applicable to MMOCRInferencer.



You can use tools/infer.py to perform inference through MMOCRInferencer.
Its general usage is as follows:

python tools/infer.py INPUT_PATH [--det DET] [--det-weights ...] ...





where INPUT_PATH is a required field, which should be a path to an image or a folder. Command-line parameters follow the mapping relationship with the Python interface parameters as follows:


	To convert the Python interface parameters to the command line ones, you need to add two -- in front of the Python interface parameters, and replace the underscore _ with the hyphen -. For example, out_dir becomes --out-dir.


	For boolean type parameters, putting the parameter in the command is equivalent to specifying it as True. For example, --show will specify the show parameter as True.




In addition, the command line will not display the inference result by default. You can use the --print-result parameter to view the inference result.

Here is an example:

python tools/infer.py demo/demo_text_ocr.jpg --det DBNet --rec SAR --show --print-result





Running this command will give the following result:

{'predictions': [{'rec_texts': ['CBank', 'Docbcba', 'GROUP', 'MAUN', 'CROBINSONS', 'AOCOC', '916M3', 'BOO9', 'Oven', 'BRANDS', 'ARETAIL', '14', '70<UKN>S', 'ROUND', 'SALE', 'YEAR', 'ALLY', 'SALE', 'SALE'],
'rec_scores': [0.9753464579582214, ...], 'det_polygons': [[551.9930285844646, 411.9138765335083, 553.6153911653112,
383.53195309638977, 620.2410061195247, 387.33785033226013, 618.6186435386782, 415.71977376937866], ...], 'det_scores': [0.8230461478233337, ...]}]}
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Config

MMOCR mainly uses Python files as configuration files. The design of its configuration file system integrates the ideas of modularity and inheritance to facilitate various experiments.


Common Usage


Note

This section is recommended to be read together with the primary usage in MMEngine: Config.



There are three most common operations in MMOCR: inheritance of configuration files, reference to _base_ variables, and modification of _base_ variables. Config provides two syntaxes for inheriting and modifying _base_, one for Python, Json, and Yaml, and one for Python configuration files only. In MMOCR, we prefer the Python-only syntax, so this will be the basis for further description.

The configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py is used as an example to illustrate the three common uses.

_base_ = [
    '_base_dbnet_resnet18_fpnc.py',
    '../_base_/datasets/icdar2015.py',
    '../_base_/default_runtime.py',
    '../_base_/schedules/schedule_sgd_1200e.py',
]

# dataset settings
icdar2015_textdet_train = _base_.icdar2015_textdet_train
icdar2015_textdet_train.pipeline = _base_.train_pipeline
icdar2015_textdet_test = _base_.icdar2015_textdet_test
icdar2015_textdet_test.pipeline = _base_.test_pipeline

train_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=icdar2015_textdet_train)

val_dataloader = dict(
    batch_size=1,
    num_workers=4,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=False),
    dataset=icdar2015_textdet_test)






Configuration Inheritance

There is an inheritance mechanism for configuration files, i.e. one configuration file A can use another configuration file B as its base and inherit all the fields directly from it, thus avoiding a lot of copy-pasting.

In dbnet_resnet18_fpnc_1200e_icdar2015.py you can see that

_base_ = [
    '_base_dbnet_resnet18_fpnc.py',
    '../_base_/datasets/icdar2015.py',
    '../_base_/default_runtime.py',
    '../_base_/schedules/schedule_sgd_1200e.py',
]





The above statement reads all the base configuration files in the list, and all the fields in them are loaded into dbnet_resnet18_fpnc_1200e_icdar2015.py. We can see the structure of the configuration file after it has been parsed by running the following statement in a Python interpretation.

from mmengine import Config
db_config = Config.fromfile('configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py')
print(db_config)





It can be found that the parsed configuration contains all the fields and information in the base configuration.


Note

Variables with the same name cannot exist in each _base_ profile.






_base_ Variable References

Sometimes we may need to reference some fields in the _base_ configuration directly in order to avoid duplicate definitions. Suppose we want to get the variable pseudo in the _base_ configuration, we can get the variable in the _base_ configuration directly via _base_.pseudo.

This syntax has been used extensively in the configuration of MMOCR, and the dataset and pipeline configurations for each model in MMOCR are referenced in the base configuration. For example,

icdar2015_textdet_train = _base_.icdar2015_textdet_train
# ...
train_dataloader = dict(
    # ...
    dataset=icdar2015_textdet_train)










_base_ Variable Modification

In MMOCR, different algorithms usually have different pipelines in different datasets, so there are often scenarios to modify the pipeline in the dataset. There are also many scenarios where you need to modify variables in the _base_ configuration, for example, modifying the training strategy of an algorithm, replacing some modules of an algorithm(backbone, etc.). Users can directly modify the referenced _base_ variables using Python syntax. For dict, we also provide a method similar to class attribute modification to modify the contents of the dictionary directly.


	Dictionary

Here is an example of modifying pipeline in a dataset.

The dictionary can be modified using Python syntax:

# Get the dataset in _base_
icdar2015_textdet_train = _base_.icdar2015_textdet_train
# You can modify the variables directly with Python's update
icdar2015_textdet_train.update(pipeline=_base_.train_pipeline)





It can also be modified in the same way as changing Python class attributes.

# Get the dataset in _base_
icdar2015_textdet_train = _base_.icdar2015_textdet_train
# The class property method is modified
icdar2015_textdet_train.pipeline = _base_.train_pipeline







	List

Suppose the variable pseudo = [1, 2, 3] in the _base_ configuration needs to be modified to [1, 2, 4]:

# pseudo.py
pseudo = [1, 2, 3]





Can be rewritten directly as.

_base_ = ['pseudo.py']
pseudo = [1, 2, 4]





Or modify the list using Python syntax:

_base_ = ['pseudo.py']
pseudo = _base_.pseudo
pseudo[2] = 4












Command Line Modification

Sometimes we only want to fix part of the configuration and do not want to modify the configuration file itself. For example, if you want to change the learning rate during an experiment but do not want to write a new configuration file, you can pass in parameters on the command line to override the relevant configuration.

We can pass --cfg-options on the command line and modify the corresponding fields directly with the arguments after it. For example, we can run the following command to modify the learning rate temporarily for this training session.

python tools/train.py example.py --cfg-options optim_wrapper.optimizer.lr=1





For more detailed usage, refer to MMEngine: Command Line Modification.






Configuration Content

With config files and Registry, MMOCR can modify the training parameters as well as the model configuration without invading the code. Specifically, users can customize the following modules in the configuration file: environment configuration, hook configuration, log configuration, training strategy configuration, data-related configuration, model-related configuration, evaluation configuration, and visualization configuration.

This document will take the text detection algorithm DBNet and the text recognition algorithm CRNN as examples to introduce the contents of Config in detail.




Environment Configuration

default_scope = 'mmocr'
env_cfg = dict(
    cudnn_benchmark=True,
    mp_cfg=dict(mp_start_method='fork', opencv_num_threads=0),
    dist_cfg=dict(backend='nccl'))
randomness = dict(seed=None)





There are three main components:


	Set the default scope of all registries to mmocr, ensuring that all modules are searched first from the MMOCR codebase. If the module does not exist, the search will continue from the upstream algorithm libraries MMEngine and MMCV, see MMEngine: Registry for more details.


	env_cfg configures the distributed environment, see MMEngine: Runner [https://mmengine.readthedocs.io/en/latest/tutorials/runner.html] for more details.


	randomness: Some settings to make the experiment as reproducible
as possible like seed and deterministic. See MMEngine: Runner [https://mmengine.readthedocs.io/en/latest/tutorials/runner.html] for more details.









Hook Configuration

Hooks are divided into two main parts, default hooks, which are required for all tasks to run, and custom hooks, which generally serve specific algorithms or specific tasks (there are no custom hooks in MMOCR so far).

default_hooks = dict(
    timer=dict(type='IterTimerHook'), # Time recording, including data time as well as model inference time
    logger=dict(type='LoggerHook', interval=1), # Collect logs from different components
    param_scheduler=dict(type='ParamSchedulerHook'), # Update some hyper-parameters in optimizer
    checkpoint=dict(type='CheckpointHook', interval=1),# Save checkpoint. `interval` control save interval
    sampler_seed=dict(type='DistSamplerSeedHook'), # Data-loading sampler for distributed training.
    sync_buffer=dict(type='SyncBuffersHook'), # Synchronize buffer in case of distributed training
    visualization=dict( # Visualize the results of val and test
        type='VisualizationHook',
        interval=1,
        enable=False,
        show=False,
        draw_gt=False,
        draw_pred=False))
 custom_hooks = []





Here is a brief description of a few hooks whose parameters may be changed frequently. For a general modification method, refer to Modify configuration.


	LoggerHook: Used to configure the behavior of the logger. For example, by modifying interval you can control the interval of log printing, so that the log is printed once per interval iteration, for more settings refer to LoggerHook API [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.hooks.LoggerHook.html#mmengine.hooks.LoggerHook].


	CheckpointHook: Used to configure checkpoint-related behavior, such as saving optimal and/or latest weights. You can also modify interval to control the checkpoint saving interval. More settings can be found in CheckpointHook API [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.hooks.CheckpointHook.html#mmengine.hooks.CheckpointHook]


	VisualizationHook: Used to configure visualization-related behavior, such as visualizing predicted results during validation or testing. Default is off. This Hook also depends on Visualization Configuration. You can refer to Visualizer for more details. For more configuration, you can refer to VisualizationHook API.




If you want to learn more about the configuration of the default hooks and their functions, you can refer to MMEngine: Hooks [https://mmengine.readthedocs.io/en/latest/tutorials/hook.html].






Log Configuration

This section is mainly used to configure the log level and the log processor.

log_level = 'INFO' # Logging Level
log_processor = dict(type='LogProcessor',
                        window_size=10,
                        by_epoch=True)






	The logging severity level is the same as that of Python: logging [https://docs.python.org/3/library/logging.html]


	The log processor is mainly used to control the format of the output, detailed functions can be found in MMEngine: logging [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/logging.html].


	by_epoch=True indicates that the logs are output in accordance to “epoch”, and the log format needs to be consistent with the type='EpochBasedTrainLoop' parameter in train_cfg. For example, if you want to output logs by iteration number, you need to set  by_epoch=False in log_processor and type='IterBasedTrainLoop' in train_cfg.


	window_size indicates the smoothing window of the loss, i.e. the average value of the various losses for the last window_size iterations. the final loss value printed in logger is the average of all the losses.













Training Strategy Configuration

This section mainly contains optimizer settings, learning rate schedules and Loop settings.

Training strategies usually vary for different tasks (text detection, text recognition, key information extraction). Here we explain the example configuration in CRNN, which is a text recognition model.

# optimizer
optim_wrapper = dict(
    type='OptimWrapper', optimizer=dict(type='Adadelta', lr=1.0))
param_scheduler = [dict(type='ConstantLR', factor=1.0)]
train_cfg = dict(type='EpochBasedTrainLoop',
                    max_epochs=5, # train epochs
                    val_interval=1) # val interval
val_cfg = dict(type='ValLoop')
test_cfg = dict(type='TestLoop')






	optim_wrapper : It contains two main parts, OptimWrapper and Optimizer. Detailed usage information can be found in MMEngine: Optimizer Wrapper [https://mmengine.readthedocs.io/en/latest/tutorials/optim_wrapper.html].


	The Optimizer wrapper supports different training strategies, including mixed-accuracy training (AMP), gradient accumulation, and gradient truncation.


	All PyTorch optimizers are supported in the optimizer settings. All supported optimizers are available in PyTorch Optimizer List [https://pytorch.org/docs/stable/optim.html#algorithms].






	param_scheduler : learning rate tuning strategy, supports most of the learning rate schedulers in PyTorch, such as ExponentialLR, LinearLR, StepLR, MultiStepLR, etc., and is used in much the same way, see scheduler interface, and more features can be found in the MMEngine: Optimizer Parameter Tuning Strategy [https://mmengine.readthedocs.io/en/latest/tutorials/param_scheduler.html].


	train/test/val_cfg : the execution flow of the task, MMEngine provides four kinds of flow: EpochBasedTrainLoop, IterBasedTrainLoop, ValLoop, TestLoop More can be found in MMEngine: loop controller [https://mmengine.readthedocs.io/en/latest/design/runner.html].
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Dataset Preparation


Introduction

After decades of development, the OCR community has produced a series of related datasets that often provide annotations of text in a variety of styles, making it necessary for users to convert these datasets to the required format when using them. MMOCR supports dozens of commonly used text-related datasets and provides a data preparation script to help users prepare the datasets with only one command.

In this section, we will introduce a typical process of preparing a dataset for MMOCR:


	Download datasets and convert its format to the suggested one


	Modify the config file




However, the first step is not necessary if you already have a dataset in the format that MMOCR supports. You can read Dataset Classes for more details.




Downloading Datasets and Converting Format

As an example of the data preparation steps, you can use the following command to prepare the ICDAR 2015 dataset for text detection task.

python tools/dataset_converters/prepare_dataset.py icdar2015 --task textdet





Then, the dataset has been downloaded and converted to MMOCR format, and the file directory structure is as follows:

data/icdar2015
├── textdet_imgs
│   ├── test
│   └── train
├── textdet_test.json
└── textdet_train.json





Once your dataset has been prepared, you can use the browse_dataset.py to visualize the dataset and check if the annotations are correct.

python tools/analysis_tools/browse_dataset.py configs/textdet/_base_/datasets/icdar2015.py








Dataset Configuration


Single Dataset Training

When training or evaluating a model on new datasets, we need to write the dataset config where the image path, annotation path, and image prefix are set. The path configs/xxx/_base_/datasets/ is pre-configured with the commonly used datasets in MMOCR (if you use prepare_dataset.py to prepare dataset, this config will be generated automatically), here we take the ICDAR 2015 dataset as an example (see configs/textdet/_base_/datasets/icdar2015.py).

icdar2015_textdet_data_root = 'data/icdar2015' # dataset root path

# Train set config
icdar2015_textdet_train = dict(
    type='OCRDataset',
    data_root=icdar2015_textdet_data_root,               # dataset root path
    ann_file='textdet_train.json',                       # name of annotation
    filter_cfg=dict(filter_empty_gt=True, min_size=32),  # filtering empty images
    pipeline=None)
# Test set config
icdar2015_textdet_test = dict(
    type='OCRDataset',
    data_root=icdar2015_textdet_data_root,
    ann_file='textdet_test.json',
    test_mode=True,
    pipeline=None)





After configuring the dataset, we can import it in the corresponding model configs. For example, to train the “DBNet_R18” model on the ICDAR 2015 dataset.

_base_ = [
    '_base_dbnet_r18_fpnc.py',
    '../_base_/datasets/icdar2015.py',  # import the dataset config
    '../_base_/default_runtime.py',
    '../_base_/schedules/schedule_sgd_1200e.py',
]

icdar2015_textdet_train = _base_.icdar2015_textdet_train            # specify the training set
icdar2015_textdet_train.pipeline = _base_.train_pipeline   # specify the training pipeline
icdar2015_textdet_test = _base_.icdar2015_textdet_test              # specify the testing set
icdar2015_textdet_test.pipeline = _base_.test_pipeline     # specify the testing pipeline

train_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=icdar2015_textdet_train)    # specify the dataset in train_dataloader

val_dataloader = dict(
    batch_size=1,
    num_workers=4,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=False),
    dataset=icdar2015_textdet_test)    # specify the dataset in val_dataloader

test_dataloader = val_dataloader








Multi-dataset Training

In addition, ConcatDataset enables users to train or test the model on a combination of multiple datasets. You just need to set the dataset type in the dataloader to ConcatDataset in the configuration file and specify the corresponding list of datasets.

train_list = [ic11, ic13, ic15]
train_dataloader = dict(
    dataset=dict(
        type='ConcatDataset', datasets=train_list, pipeline=train_pipeline))





For example, the following configuration uses the MJSynth dataset for training and 6 academic datasets (CUTE80, IIIT5K, SVT, SVTP, ICDAR2013, ICDAR2015) for testing.

_base_ = [ # Import all dataset configurations you want to use
    '../_base_/datasets/mjsynth.py',
    '../_base_/datasets/cute80.py',
    '../_base_/datasets/iiit5k.py',
    '../_base_/datasets/svt.py',
    '../_base_/datasets/svtp.py',
    '../_base_/datasets/icdar2013.py',
    '../_base_/datasets/icdar2015.py',
    '../_base_/default_runtime.py',
    '../_base_/schedules/schedule_adadelta_5e.py',
    '_base_crnn_mini-vgg.py',
]

# List of training datasets
train_list = [_base_.mjsynth_textrecog_train]
# List of testing datasets
test_list = [
    _base_.cute80_textrecog_test, _base_.iiit5k_textrecog_test, _base_.svt_textrecog_test,
    _base_.svtp_textrecog_test, _base_.icdar2013_textrecog_test, _base_.icdar2015_textrecog_test
]

# Use ConcatDataset to combine the datasets in the list
train_dataset = dict(
       type='ConcatDataset', datasets=train_list, pipeline=_base_.train_pipeline)
test_dataset = dict(
       type='ConcatDataset', datasets=test_list, pipeline=_base_.test_pipeline)

train_dataloader = dict(
    batch_size=192 * 4,
    num_workers=32,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=train_dataset)

test_dataloader = dict(
    batch_size=1,
    num_workers=4,
    persistent_workers=True,
    drop_last=False,
    sampler=dict(type='DefaultSampler', shuffle=False),
    dataset=test_dataset)

val_dataloader = test_dataloader
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Training and Testing

To meet diverse requirements, MMOCR supports training and testing models on various devices, including PCs, work stations, computation clusters, etc.


Single GPU Training and Testing


Training

tools/train.py provides the basic training service. MMOCR recommends using GPUs for model training and testing, but it still enables CPU-Only training and testing. For example, the following commands demonstrate how to train a DBNet model using a single GPU or CPU.

# Train the specified MMOCR model by calling tools/train.py
CUDA_VISIBLE_DEVICES= python tools/train.py ${CONFIG_FILE} [PY_ARGS]

# Training
# Example 1: Training DBNet with CPU
CUDA_VISIBLE_DEVICES=-1 python tools/train.py configs/textdet/dbnet/dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015.py

# Example 2: Specify to train DBNet with gpu:0, specify the working directory as dbnet/, and turn on mixed precision (amp) training
CUDA_VISIBLE_DEVICES=0 python tools/train.py configs/textdet/dbnet/dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015.py --work-dir dbnet/ --amp






Note

If multiple GPUs are available, you can specify a certain GPU, e.g. the third one, by setting CUDA_VISIBLE_DEVICES=3.



The following table lists all the arguments supported by train.py. Args without the -- prefix are mandatory, while others are optional.




	ARGS
	Type
	Description





	config
	str
	(required) Path to config.



	--work-dir
	str
	Specify the working directory for the training logs and models checkpoints.



	--resume
	bool
	Whether to resume training from the latest checkpoint.



	--amp
	bool
	Whether to use automatic mixture precision for training.



	--auto-scale-lr
	bool
	Whether to use automatic learning rate scaling.



	--cfg-options
	str
	Override some settings in the configs. Example



	--launcher
	str
	Option for launcher，['none', 'pytorch', 'slurm', 'mpi'].



	--local_rank
	int
	Rank of local machine，used for distributed training，defaults to 0。



	--tta
	bool
	Whether to use test time augmentation.








Test

tools/test.py provides the basic testing service, which is used in a similar way to the training script. For example, the following command demonstrates test a DBNet model on a single GPU or CPU.

# Test a pretrained MMOCR model by calling tools/test.py
CUDA_VISIBLE_DEVICES= python tools/test.py ${CONFIG_FILE} ${CHECKPOINT_FILE} [PY_ARGS]

# Test
# Example 1: Testing DBNet with CPU
CUDA_VISIBLE_DEVICES=-1 python tools/test.py configs/textdet/dbnet/dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth

# Example 2: Testing DBNet on gpu:0
CUDA_VISIBLE_DEVICES=0 python tools/test.py configs/textdet/dbnet/dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth





The following table lists all the arguments supported by test.py. Args without the -- prefix are mandatory, while others are optional.




	ARGS
	Type
	Description





	config
	str
	(required) Path to config.



	checkpoint
	str
	(required) The model to be tested.



	--work-dir
	str
	Specify the working directory for the logs.



	--save-preds
	bool
	Whether to save the predictions to a pkl file.



	--show
	bool
	Whether to visualize the predictions.



	--show-dir
	str
	Path to save the visualization results.



	--wait-time
	float
	Interval of visualization (s), defaults to 2.



	--cfg-options
	str
	Override some settings in the configs. Example



	--launcher
	str
	Option for launcher，['none', 'pytorch', 'slurm', 'mpi'].



	--local_rank
	int
	Rank of local machine，used for distributed training，defaults to 0.










Training and Testing with Multiple GPUs

For large models, distributed training or testing significantly improves the efficiency. For this purpose, MMOCR provides distributed scripts tools/dist_train.sh and tools/dist_test.sh implemented based on MMDistributedDataParallel.

# Training
NNODES=${NNODES} NODE_RANK=${NODE_RANK} PORT=${MASTER_PORT} MASTER_ADDR=${MASTER_ADDR} ./tools/dist_train.sh ${CONFIG_FILE} ${GPU_NUM} [PY_ARGS]

# Testing
NNODES=${NNODES} NODE_RANK=${NODE_RANK} PORT=${MASTER_PORT} MASTER_ADDR=${MASTER_ADDR} ./tools/dist_test.sh ${CONFIG_FILE} ${CHECKPOINT_FILE} ${GPU_NUM} [PY_ARGS]





The following table lists the arguments supported by dist_*.sh.




	ARGS
	Type
	Description





	NNODES
	int
	The number of nodes. Defaults to 1.



	NODE_RANK
	int
	The rank of current node. Defaults to 0.



	PORT
	int
	The master port that will be used by rank 0 node, ranging from 0 to 65535. Defaults to 29500.



	MASTER_ADDR
	str
	The address of rank 0 node. Defaults to "127.0.0.1".



	CONFIG_FILE
	str
	(required) The path to config.



	CHECKPOINT_FILE
	str
	(required，only used in dist_test.sh)The path to checkpoint to be tested.



	GPU_NUM
	int
	(required) The number of GPUs to be used per node.



	[PY_ARGS]
	str
	Arguments to be parsed by tools/train.py and tools/test.py.





These two scripts enable training and testing on single-machine multi-GPU or multi-machine multi-GPU. See the following example for usage.


Single-machine Multi-GPU

The following commands demonstrate how to train and test with a specified number of GPUs on a single machine with multiple GPUs.


	Training

Training DBNet using 4 GPUs on a single machine.

tools/dist_train.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py 4







	Testing

Testing DBNet using 4 GPUs on a single machine.

tools/dist_test.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth 4












Launching Multiple Tasks on Single Machine

For a workstation equipped with multiple GPUs, the user can launch multiple tasks simultaneously by specifying the GPU IDs. For example, the following command demonstrates how to test DBNet with GPU [0, 1, 2, 3] and train CRNN on GPU [4, 5, 6, 7].

# Specify gpu:0,1,2,3 for testing and assign port number 29500
CUDA_VISIBLE_DEVICES=0,1,2,3 PORT=29500 ./tools/dist_test.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth 4

# Specify gpu:4,5,6,7 for training and assign port number 29501
CUDA_VISIBLE_DEVICES=4,5,6,7 PORT=29501 ./tools/dist_train.sh configs/textrecog/crnn/crnn_academic_dataset.py 4






Note

dist_train.sh sets MASTER_PORT to 29500 by default. When other processes already occupy this port, the program will get a runtime error RuntimeError: Address already in use. In this case, you need to set MASTER_PORT to another free port number in the range of (0~65535).






Multi-machine Multi-GPU Training and Testing

You can launch a task on multiple machines connected to the same network. MMOCR relies on torch.distributed package for distributed training. Find more information at PyTorch’s launch utility [https://pytorch.org/docs/stable/distributed.html#launch-utility].


	Training

The following command demonstrates how to train DBNet on two machines with a total of 4 GPUs.

# Say that you want to launch the training job on two machines
# On the first machine:
NNODES=2 NODE_RANK=0 PORT=29500 MASTER_ADDR=10.140.0.169 tools/dist_train.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py 2
# On the second machine:
NNODES=2 NODE_RANK=1 PORT=29501 MASTER_ADDR=10.140.0.169 tools/dist_train.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py 2







	Testing

The following command demonstrates how to test DBNet on two machines with a total of 4 GPUs.

# Say that you want to launch the testing job on two machines
# On the first machine:
NNODES=2 NODE_RANK=0 PORT=29500 MASTER_ADDR=10.140.0.169 tools/dist_test.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth 2
# On the second machine:
NNODES=2 NODE_RANK=1 PORT=29501 MASTER_ADDR=10.140.0.169 tools/dist_test.sh configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth 2






Note

The speed of the network could be the bottleneck of training.












Training and Testing with Slurm Cluster

If you run MMOCR on a cluster managed with Slurm [https://slurm.schedmd.com/], you can use the script tools/slurm_train.sh and tools/slurm_test.sh.

# tools/slurm_train.sh provides scripts for submitting training tasks on clusters managed by the slurm
GPUS=${GPUS} GPUS_PER_NODE=${GPUS_PER_NODE} CPUS_PER_TASK=${CPUS_PER_TASK} SRUN_ARGS=${SRUN_ARGS} ./tools/slurm_train.sh ${PARTITION} ${JOB_NAME} ${CONFIG_FILE} ${WORK_DIR} [PY_ARGS]

# tools/slurm_test.sh provides scripts for submitting testing tasks on clusters managed by the slurm
GPUS=${GPUS} GPUS_PER_NODE=${GPUS_PER_NODE} CPUS_PER_TASK=${CPUS_PER_TASK} SRUN_ARGS=${SRUN_ARGS} ./tools/slurm_test.sh ${PARTITION} ${JOB_NAME} ${CONFIG_FILE} ${CHECKPOINT_FILE} ${WORK_DIR} [PY_ARGS]








	ARGS
	Type
	Description





	GPUS
	int
	The number of GPUs to be used by this task. Defaults to 8.



	GPUS_PER_NODE
	int
	The number of GPUs to be allocated per node. Defaults to 8.



	CPUS_PER_TASK
	int
	The number of CPUs to be allocated per task. Defaults to 5.



	SRUN_ARGS
	str
	Arguments to be parsed by srun. Available options can be found here.



	PARTITION
	str
	(required) Specify the partition on cluster.



	JOB_NAME
	str
	(required) Name of the submitted job.



	WORK_DIR
	str
	(required) Specify the working directory for saving the logs and checkpoints.



	CHECKPOINT_FILE
	str
	(required，only used in slurm_test.sh)Path to the checkpoint to be tested.



	PY_ARGS
	str
	Arguments to be parsed by tools/train.py and tools/test.py.





These scripts enable training and testing on slurm clusters, see the following examples.


	Training

Here is an example of using 1 GPU to train a DBNet model on the dev partition.

# Example: Request 1 GPU resource on dev partition for DBNet training task
GPUS=1 GPUS_PER_NODE=1 CPUS_PER_TASK=5 tools/slurm_train.sh dev db_r50 configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py work_dir







	Testing

Similarly, the following example requests 1 GPU for testing.

# Example: Request 1 GPU resource on dev partition for DBNet testing task
GPUS=1 GPUS_PER_NODE=1 CPUS_PER_TASK=5 tools/slurm_test.sh dev db_r50 configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth work_dir












Advanced Tips


Resume Training from a Checkpoint

tools/train.py allows users to resume training from a checkpoint by specifying the --resume parameter, where it will automatically resume training from the latest saved checkpoint.

# Example: Resuming training from the latest checkpoint
python tools/train.py configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py 4 --resume





By default, the program will automatically resume training from the last successfully saved checkpoint in the last training session, i.e. latest.pth. However,

# Example: Set the path of the checkpoint you want to load in the configuration file
load_from = 'work_dir/dbnet/models/epoch_10000.pth'








Mixed Precision Training

Mixed precision training offers significant computational speedup by performing operations in half-precision format, while storing minimal information in single-precision to retain as much information as possible in critical parts of the network. In MMOCR, the users can enable the automatic mixed precision training by simply add --amp.

# Example: Using automatic mixed precision training
python tools/train.py configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py 4 --amp





The following table shows the support of each algorithm in MMOCR for automatic mixed precision training.




	
	Whether support AMP
	Description





	
	Text Detection
	



	DBNet
	Y
	



	DBNetpp
	Y
	



	DRRG
	N
	roi_align_rotated does not support fp16



	FCENet
	N
	BCELoss does not support fp16



	Mask R-CNN
	Y
	



	PANet
	Y
	



	PSENet
	Y
	



	TextSnake
	N
	



	
	Text Recognition
	



	ABINet
	Y
	



	CRNN
	Y
	



	MASTER
	Y
	



	NRTR
	Y
	



	RobustScanner
	Y
	



	SAR
	Y
	



	SATRN
	Y
	








Automatic Learning Rate Scaling

MMOCR sets default initial learning rates for each model in the configuration file. However, these initial learning rates may not be applicable when the user uses a different batch_size than our preset base_batch_size. Therefore, we provide a tool to automatically scale the learning rate, which can be called by adding the --auto-scale-lr.

# Example: Using automatic learning rate scaling
python tools/train.py configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py 4 --auto-scale-lr








Visualize the Predictions

tools/test.py provides the visualization interface to facilitate the qualitative analysis of the OCR models.


[image: Detection]

(Green boxes are GTs, while red boxes are predictions)




[image: Recognition]

(Green font is the GT, red font is the prediction)




[image: KIE]

(From left to right: original image, text detection and recognition result, text classification result, relationship)



# Example 1: Show the visualization results per 2 seconds
python tools/test.py configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth --show --wait-time 2

# Example 2: For systems that do not support graphical interfaces (such as computing clusters, etc.), the visualization results can be dumped in the specified path
python tools/test.py configs/textdet/dbnet/dbnet_r50dcnv2_fpnc_1200e_icdar2015.py dbnet_r50.pth --show-dir ./vis_results





The visualization-related parameters in tools/test.py are described as follows.




	ARGS
	Type
	Description





	--show
	bool
	Whether to show the visualization results.



	--show-dir
	str
	Path to save the visualization results.



	--wait-time
	float
	Interval of visualization (s), defaults to 2.








Test Time Augmentation

Test time augmentation (TTA) is a technique that is used to improve the performance of a model by performing data augmentation on the input image at test time. It is a simple yet effective method to improve the performance of a model. In MMOCR, we support TTA in the following ways:


Note

TTA is only supported for text recognition models.



python tools/test.py configs/textrecog/crnn/crnn_mini-vgg_5e_mj.py checkpoints/crnn_mini-vgg_5e_mj.pth --tta
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Visualization

Before reading this tutorial, it is recommended to read MMEngine’s MMEngine: Visualization [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/visualization.html] documentation to get a first glimpse of the Visualizer definition and usage.

In brief, the Visualizer [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.visualization.Visualizer.html#mmengine.visualization.Visualizer] is implemented in MMEngine to meet the daily visualization needs, and contains three main functions:


	Implement common drawing APIs, such as draw_bboxes [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.visualization.Visualizer.html#mmengine.visualization.Visualizer.draw_bboxes] which implements bounding box drawing functions, draw_lines [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.visualization.Visualizer.html#mmengine.visualization.Visualizer.draw_lines] implements the line drawing function.


	Support writing visualization results, learning rate curves, loss function curves, and verification accuracy curves to various backends, including local disks and common deep learning training logging tools such as TensorBoard [https://www.tensorflow.org/tensorboard] and Wandb [https://wandb.ai/site].


	Support calling anywhere in the code to visualize or record intermediate states of the model during training or testing, such as feature maps and validation results.




Based on MMEngine’s Visualizer, MMOCR comes with a variety of pre-built visualization tools that can be used by the user by simply modifying the following configuration files.


	The tools/analysis_tools/browse_dataset.py script provides a dataset visualization function that draws images and corresponding annotations after Data Transforms, as described in browse_dataset.py.


	MMEngine implements LoggerHook, which uses Visualizer to write the learning rate, loss and evaluation results to the backend set by Visualizer. Therefore, by modifying the Visualizer backend in the configuration file, for example to  TensorBoardVISBackend or WandbVISBackend, you can implement logging to common training logging tools such as TensorBoard or WandB, thus making it easy for users to use these visualization tools to analyze and monitor the training process.


	The VisualizerHook is implemented in MMOCR, which uses the Visualizer to visualize or store the prediction results of the validation or prediction phase into the backend set by the Visualizer, so by modifying the Visualizer backend in the configuration file, for example, to  TensorBoardVISBackend or WandbVISBackend, you can implement storing the predicted images to TensorBoard or Wandb.





Configuration

Thanks to the use of the registration mechanism, in MMOCR we can set the behavior of the Visualizer by modifying the configuration file. Usually, we define the default configuration for the visualizer in task/_base_/default_runtime.py, see configuration tutorial for details.

vis_backends = [dict(type='LocalVisBackend')]
visualizer = dict(
    type='TextxxxLocalVisualizer', # use different visualizers for different tasks
    vis_backends=vis_backends,
    name='visualizer')





Based on the above example, we can see that the configuration of Visualizer consists of two main parts, namely, the type of Visualizer and the visualization backend vis_backends it uses.


	For different OCR tasks, various visualizers are pre-configured in MMOCR, including TextDetLocalVisualizer, TextRecogLocalVisualizer, TextSpottingLocalVisualizer and KIELocalVisualizer. These visualizers extend the basic Visulizer API according to the characteristics of their tasks and implement the corresponding tag information interface add_datasamples. For example, users can directly use TextDetLocalVisualizer to visualize labels or predictions for text detection tasks.


	MMOCR sets the visualization backend vis_backend to the local visualization backend LocalVisBackend by default, saving all visualization results and other training information in a local folder.







Storage

MMOCR uses the local visualization backend LocalVisBackend [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.visualization.LocalVisBackend.html#mmengine.visualization.LocalVisBackend] by default, and the model loss, learning rate, model evaluation accuracy and visualization The information stored in VisualizerHook and LoggerHook, including loss, learning rate, evaluation accuracy will be saved to the {work_dir}/{config_name}/{time}/{vis_data} folder by default. In addition, MMOCR also supports other common visualization backends, such as TensorboardVisBackend and WandbVisBackend, and you only need to change the vis_backends type in the configuration file to the corresponding visualization backend. For example, you can store data to TensorBoard and Wandb by simply inserting the following code block into the configuration file.

_base_.visualizer.vis_backends = [
    dict(type='LocalVisBackend'),
    dict(type='TensorboardVisBackend'),
    dict(type='WandbVisBackend'),]








Plot


Plot the prediction results

MMOCR mainly uses VisualizationHook to plot the prediction results of validation and test, by default VisualizationHook is off, and the default configuration is as follows.

visualization=dict( # user visualization of validation and test results
    type='VisualizationHook',
    enable=False,
    interval=1,
    show=False,
    draw_gt=False,
    draw_pred=False)





The following table shows the parameters supported by VisualizationHook.




	Parameters
	Description





	enable
	The VisualizationHook is turned on and off by the enable parameter, which is the default state.



	interval
	Controls how much iteration to store or display the results of a val or test if VisualizationHook is enabled.



	show
	Controls whether to visualize the results of val or test.



	draw_gt
	Whether the results of val or test are drawn with or without labeling information



	draw_pred
	whether to draw predictions for val or test results





If you want to enable VisualizationHook related functions and configurations during training or testing, you only need to modify the configuration, take dbnet_resnet18_fpnc_1200e_icdar2015.py as an example, draw annotations and predictions at the same time, and display the images, the configuration can be modified as follows

visualization = _base_.default_hooks.visualization
visualization.update(
    dict(enable=True, show=True, draw_gt=True, draw_pred=True))
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Useful Tools


Visualization Tools


Dataset Visualization Tool

MMOCR provides a dataset visualization tool tools/visualizations/browse_datasets.py to help users troubleshoot possible dataset-related problems. You just need to specify the path to the training config (usually stored in configs/textdet/dbnet/xxx.py) or the dataset config (usually stored in configs/textdet/_base_/datasets/xxx.py), and the tool will automatically plots the transformed (or original) images and labels.


Usage

python tools/visualizations/browse_dataset.py \
    ${CONFIG_FILE} \
    [-o, --output-dir ${OUTPUT_DIR}] \
    [-p, --phase ${DATASET_PHASE}] \
    [-m, --mode ${DISPLAY_MODE}] \
    [-t, --task ${DATASET_TASK}] \
    [-n, --show-number ${NUMBER_IMAGES_DISPLAY}] \
    [-i, --show-interval ${SHOW_INTERRVAL}] \
    [--cfg-options ${CFG_OPTIONS}]








	ARGS
	Type
	Description





	config
	str
	(required) Path to the config.



	-o, --output-dir
	str
	If GUI is not available, specifying an output path to save the visualization results.



	-p, --phase
	str
	Phase of dataset to visualize. Use "train", "test" or "val" if you just want to visualize the default split. It's also possible to be a dataset variable name, which might be useful when a dataset split has multiple variants in the config.



	-m, --mode
	original, transformed, pipeline
	Display mode: display original pictures or transformed pictures or comparison pictures.original only visualizes the original dataset & annotations; transformed shows the resulting images processed through all the transforms; pipeline shows all the intermediate images. Defaults to "transformed".



	-t, --task
	auto, textdet, textrecog
	Specify the task type of the dataset. If auto, the task type will be inferred from the config. If the script is unable to infer the task type, you need to specify it manually. Defaults to auto.



	-n, --show-number
	int
	The number of samples to visualized. If not specified, display all images in the dataset.



	-i, --show-interval
	float
	Interval of visualization (s), defaults to 2.



	--cfg-options
	float
	Override configs.Example








Examples

The following example demonstrates how to use the tool to visualize the training data used by the “DBNet_R50_icdar2015” model.

# Example: Visualizing the training data used by dbnet_r50dcn_v2_fpnc_1200e_icadr2015 model
python tools/visualizations/browse_dataset.py configs/textdet/dbnet/dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015.py





By default, the visualization mode is “transformed”, and you will see the images & annotations being transformed by the pipeline:


    

If you just want to visualize the original dataset, simply set the mode to “original”:

python tools/visualizations/browse_dataset.py configs/textdet/dbnet/dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015.py -m original
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Data Structures and Elements

MMOCR uses MMEngine: Abstract Data Element [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/data_element.html] to encapsulate the data required for each task into data_sample. The base class has implemented basic add/delete/update/check functions and supports data migration between different devices, as well as dictionary-like and tensor-like operations, which also allows the interfaces of different algorithms to be unified.

Thanks to the unified data structures, the data flow between each module in the algorithm libraries, such as visualizer, evaluator, dataset, is greatly simplified. In MMOCR, we have the following conventions for different data types.


	xxxData: Single granularity data annotation or model output. Currently MMEngine has three built-in granularities of data elements [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/data_element.html], including instance-level data (InstanceData), pixel-level data (PixelData) and image-level label data (LabelData). Among the tasks currently supported by MMOCR, text detection and key information extraction tasks use InstanceData to encapsulate the bounding boxes and the corresponding box label, while the text recognition task uses LabelData to encapsulate the text content.


	xxxDataSample: inherited from MMEngine: Base Data Element [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/data_element.html], used to hold all annotation and prediction information that required by a single task. For example, TextDetDataSample for the text detection, TextRecogDataSample for text recognition, and KIEDataSample for the key information extraction task.




In the following, we will introduce the practical application of data elements xxxData and data samples xxxDataSample in MMOCR, respectively.


Data Elements - xxxData

InstanceData and LabelData are the BaseDataElement defined in MMEngine to encapsulate different granularity of annotation data or model output. In MMOCR, we have used InstanceData and LabelData for encapsulating the data types actually used in OCR-related tasks.


InstanceData

In the text detection task, the detector concentrate on instance-level text samples, so we use InstanceData to encapsulate the data needed for this task. Typically, its required training annotation and prediction output contain rectangular or polygonal bounding boxes, as well as bounding box labels. Since the text detection task has only one positive sample class, “text”, in MMOCR we use 0 to number this class by default. The following code example shows how to use the InstanceData to encapsulate the data used in the text detection task.

import torch
from mmengine.structures import InstanceData

# defining gt_instance for encapsulating the ground truth data
gt_instance = InstanceData()
gt_instance.bbox = torch.Tensor([[0, 0, 10, 10], [10, 10, 20, 20]])
gt_instance.polygons = torch.Tensor([[[0, 0], [10, 0], [10, 10], [0, 10]],
                                    [[10, 10], [20, 10], [20, 20], [10, 20]]])
gt_instance.label = torch.Tensor([0, 0])

# defining pred_instance for encapsulating the prediction data
pred_instances = InstanceData()
pred_polygons, scores = model(input)
pred_instances.polygons = pred_polygons
pred_instances.scores = scores





The conventions for the fields in InstanceData in MMOCR are shown in the table below. It is important to note that the length of each field in InstanceData must be equal to the number of instances N in the sample.




	
	
	





	Field
	Type
	Description



	bboxes
	torch.FloatTensor
	Bounding boxes [x1, y1, x2, y2] with the shape (N, 4).



	labels
	torch.LongTensor
	Instance label with the shape (N, ). By default, MMOCR uses 0 to represent the "text" class.



	polygons
	list[np.array(dtype=np.float32)]
	Polygonal bounding boxes with the shape (N, ).



	scores
	torch.Tensor
	Confidence scores of the predictions of bounding boxes. (N, ).



	ignored
	torch.BoolTensor
	Whether to ignore the current sample with the shape (N, ).



	texts
	list[str]
	The text content of each instance with the shape (N, )，used for e2e text spotting or KIE task.



	text_scores
	torch.FloatTensor
	Confidence score of the predictions of text contents with the shape (N, )，used for e2e text spotting task.



	edge_labels
	torch.IntTensor
	The node adjacency matrix with the shape (N, N). In KIE, the optional values for the state between nodes are -1 (ignored, not involved in loss calculation)，0 (disconnected) and 1(connected).



	edge_scores
	torch.FloatTensor
	The prediction confidence of each edge in the KIE task, with the shape (N, N).








LabelData

For text recognition tasks, both labeled content and predicted content are wrapped using LabelData.

import torch
from mmengine.data import LabelData

# defining gt_text for encapsulating the ground truth data
gt_text = LabelData()
gt_text.item = 'MMOCR'

# defining pred_text for encapsulating the prediction data
pred_text = LabelData()
index, score = model(input)
text = dictionary.idx2str(index)
pred_text.score = score
pred_text.item = text





The conventions for the LabelData fields in MMOCR are shown in the following table.




	
	
	





	Field
	Type
	Description



	item
	str
	Text content.



	score
	list[float]
	Confidence socre of the predicted text.



	indexes
	torch.LongTensor
	A sequence of text characters encoded by dictionary and containing all special characters except <UNK>.



	padded_indexes
	torch.LongTensor
	If the length of indexes is less than the maximum sequence length and pad_idx exists, this field holds the encoded text sequence padded to the maximum sequence length of max_seq_len.










DataSample xxxDataSample

By defining a uniform data structure, we can easily encapsulate the annotation data and prediction results in a unified way, making data transfer between different modules of the code base easier. In MMOCR, we have designed three data structures based on the data needed in three tasks: TextDetDataSample, TextRecogDataSample, and KIEDataSample. These data structures all inherit from MMEngine: Base Data Element [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/data_element.html], which is used to hold all annotation and prediction information required by each task.


Text Detection - TextDetDataSample

TextDetDataSample is used to encapsulate the data needed for the text detection task. It contains two main fields gt_instances and pred_instances, which are used to store the annotation information and prediction results respectively.




	
	
	





	Field
	Type
	Description



	gt_instances
	InstanceData
	Annotation information.



	pred_instances
	InstanceData
	Prediction results.





The fields of InstanceData that will be used are:




	
	
	





	Field
	Type
	Description



	bboxes
	torch.FloatTensor
	Bounding boxes [x1, y1, x2, y2] with the shape (N, 4).



	labels
	torch.LongTensor
	Instance label with the shape (N, ). By default, MMOCR uses 0 to represent the "text" class.



	polygons
	list[np.array(dtype=np.float32)]
	Polygonal bounding boxes with the shape (N, ).



	scores
	torch.Tensor
	Confidence scores of the predictions of bounding boxes. (N, ).



	ignored
	torch.BoolTensor
	Boolean flags with the shape (N, ), indicating whether to ignore the current sample.





Since text detection models usually only output one of the bboxes/polygons, we only need to make sure that one of these two is assigned a value.

The following sample code demonstrates the use of TextDetDataSample.

import torch
from mmengine.data import TextDetDataSample

data_sample = TextDetDataSample()
# Define the ground truth data
img_meta = dict(img_shape=(800, 1196, 3), pad_shape=(800, 1216, 3))
gt_instances = InstanceData(metainfo=img_meta)
gt_instances.bboxes = torch.rand((5, 4))
gt_instances.labels = torch.zeros((5,), dtype=torch.long)
data_sample.gt_instances = gt_instances

# Define the prediction data
pred_instances = InstanceData()
pred_instances.bboxes = torch.rand((5, 4))
pred_instances.labels = torch.zeros((5,), dtype=torch.long)
data_sample.pred_instances = pred_instances








Text Recognition - TextRecogDataSample

TextRecogDataSample is used to encapsulate the data for the text recognition task. It has two fields, gt_text and pred_text , which are used to store annotation information and prediction results, respectively.




	
	
	





	Field
	Type
	Description



	gt_text
	LabelData
	Label information.



	pred_text
	LabelData
	Prediction results.





The following sample code demonstrates the use of TextRecogDataSample.

import torch
from mmengine.data import TextRecogDataSample

data_sample = TextRecogDataSample()
# Define the ground truth data
img_meta = dict(img_shape=(800, 1196, 3), pad_shape=(800, 1216, 3))
gt_text = LabelData(metainfo=img_meta)
gt_text.item = 'mmocr'
data_sample.gt_text = gt_text

# Define the prediction data
pred_text = LabelData(metainfo=img_meta)
pred_text.item = 'mmocr'
data_sample.pred_text = pred_text





The fields of LabelData that will be used are:




	
	
	





	Field
	Type
	Description



	item
	list[str]
	The text corresponding to the instance, of length (N, ), for end-to-end OCR tasks and KIE



	score
	torch.FloatTensor
	Confidence of the text prediction, of length (N, ), for the end-to-end OCR task



	indexes
	torch.LongTensor
	A sequence of text characters encoded by dictionary and containing all special characters except <UNK>.



	padded_indexes
	torch.LongTensor
	If the length of indexes is less than the maximum sequence length and pad_idx exists, this field holds the encoded text sequence padded to the maximum sequence length of max_seq_len.








Key Information Extraction - KIEDataSample

KIEDataSample is used to encapsulate the data needed for the KIE task. It also contains two fields, gt_instances and pred_instances, which are used to store annotation information and prediction results respectively.




	
	
	





	Field
	Type
	Description



	gt_instances
	InstanceData
	Annotation information.



	pred_instances
	InstanceData
	Prediction results.





The InstanceData fields that will be used by this task are shown in the following table.




	
	
	





	Field
	Type
	Description



	bboxes
	torch.FloatTensor
	Bounding boxes [x1, y1, x2, y2] with the shape (N, 4).



	labels
	torch.LongTensor
	Instance label with the shape (N, ).



	texts
	list[str]
	The text content of each instance with the shape (N, )，used for e2e text spotting or KIE task.



	edge_labels
	torch.IntTensor
	The node adjacency matrix with the shape (N, N). In the KIE task, the optional values for the state between nodes are -1 (ignored, not involved in loss calculation)，0 (disconnected) and 1(connected).



	edge_scores
	torch.FloatTensor
	The prediction confidence of each edge in the KIE task, with the shape (N, N).



	scores
	torch.FloatTensor
	The confidence scores for node label predictions, with the shape (N,).






Warning

Since there is no unified standard for model implementation of KIE tasks, the design currently considers only SDMGR model usage scenarios. Therefore, the design is subject to change as we support more KIE models.



The following sample code shows the use of KIEDataSample.

import torch
from mmengine.data import KIEDataSample

data_sample = KIEDataSample()
# Define the ground truth data
img_meta = dict(img_shape=(800, 1196, 3),pad_shape=(800, 1216, 3))
gt_instances = InstanceData(metainfo=img_meta)
gt_instances.bboxes = torch.rand((5, 4))
gt_instances.labels = torch.zeros((5,), dtype=torch.long)
gt_instances.texts = ['text1', 'text2', 'text3', 'text4', 'text5']
gt_instances.edge_lebels = torch.randint(-1, 2, (5, 5))
data_sample.gt_instances = gt_instances

# Define the prediction data
pred_instances = InstanceData()
pred_instances.bboxes = torch.rand((5, 4))
pred_instances.labels = torch.rand((5,))
pred_instances.edge_labels = torch.randint(-1, 2, (10, 10))
pred_instances.edge_scores = torch.rand((10, 10))
data_sample.pred_instances = pred_instances
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Data Transforms and Pipeline

In the design of MMOCR, dataset construction and preparation are decoupled. That is, dataset construction classes such as OCRDataset are responsible for loading and parsing annotation files; while data transforms further apply data preprocessing, augmentation, formatting, and other related functions. Currently, there are five types of data transforms implemented in MMOCR, as shown in the following table.




	
	
	





	Transforms Type
	File
	Description



	Data Loading
	loading.py
	Implemented the data loading functions.



	Data Formatting
	formatting.py
	Formatting the data required by different tasks.



	Cross Project Data Adapter
	adapters.py
	Converting the data format between other OpenMMLab projects and MMOCR.



	Data Augmentation Functions
	ocr_transforms.pytextdet_transforms.pytextrecog_transforms.py
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Evaluation


Note

Before reading this document, we recommend that you first read MMEngine: Model Accuracy Evaluation Basics [https://mmengine.readthedocs.io/en/latest/tutorials/evaluation.html].




Metrics

MMOCR implements widely-used evaluation metrics for text detection, text recognition and key information extraction tasks based on the MMEngine: BaseMetric [https://mmengine.readthedocs.io/en/latest/design/evaluation.html] base class. Users can specify the metric used in the validation and test phases by modifying the val_evaluator and test_evaluator fields in the configuration file. For example, the following config shows how to use HmeanIOUMetric to evaluate the model performance in text detection task.

val_evaluator = dict(type='HmeanIOUMetric')
test_evaluator = val_evaluator

# In addition, MMOCR also supports the combined evaluation of multiple metrics for the same task, such as using WordMetric and CharMetric at the same time
val_evaluator = [
    dict(type='WordMetric', mode=['exact', 'ignore_case', 'ignore_case_symbol']),
    dict(type='CharMetric')
]






Tip

More evaluation related configurations can be found in the evaluation configuration tutorial.



As shown in the following table, MMOCR currently supports 5 evaluation metrics for text detection, text recognition, and key information extraction tasks, including HmeanIOUMetric, WordMetric, CharMetric, OneMinusNEDMetric, and F1Metric.




	
	
	
	





	Metric
	Task
	Input Field
	Output Field



	HmeanIOUMetric
	TextDet
	pred_polygonspred_scoresgt_polygons
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Dataset


Overview

In MMOCR, all the datasets are processed via different Dataset classes based on mmengine.BaseDataset [https://mmengine.readthedocs.io/en/latest/api/generated/mmengine.dataset.BaseDataset.html#mmengine.dataset.BaseDataset]. Dataset classes are responsible for loading the data and performing initial parsing, then fed to data pipeline for data preprocessing, augmentation, formatting, etc.


[image: Flowchart]



In this tutorial, we will introduce some common interfaces of the Dataset class, and the usage of Dataset implementations in MMOCR as well as the annotation types they support.


Tip

Dataset class supports some advanced features, such as lazy initialization and data serialization, and takes advantage of various dataset wrappers to perform data concatenation, repeating, and category balancing. These content will not be covered in this tutorial, but you can read MMEngine: BaseDataset [https://mmengine.readthedocs.io/en/latest/advanced_tutorials/basedataset.html] for more details.






Common Interfaces

Now, let’s look at a concrete example and learn some typical interfaces of a Dataset class.
OCRDataset is a widely used Dataset implementation in MMOCR, and is suggested as a default Dataset type in MMOCR as its associated annotation format is flexible enough to support all the OCR tasks (more info). Now we will instantiate an OCRDataset object wherein the toy dataset in tests/data/det_toy_dataset will be loaded.

from mmocr.datasets import OCRDataset
from mmengine.registry import init_default_scope
init_default_scope('mmocr')

train_pipeline = [
    dict(
        type='LoadImageFromFile'),
    dict(
        type='LoadOCRAnnotations',
        with_polygon=True,
        with_bbox=True,
        with_label=True,
    ),
    dict(type='RandomCrop', min_side_ratio=0.1),
    dict(type='Resize', scale=(640, 640), keep_ratio=True),
    dict(type='Pad', size=(640, 640)),
    dict(
        type='PackTextDetInputs',
        meta_keys=('img_path', 'ori_shape', 'img_shape'))
]
dataset = OCRDataset(
    data_root='tests/data/det_toy_dataset',
    ann_file='textdet_test.json',
    test_mode=False,
    pipeline=train_pipeline)






Let’s peek the size of this dataset:

>>> print(len(dataset))

10





Typically, a Dataset class loads and stores two types of information: (1) meta information: Some meta descriptors of the dataset’s property, such as available object categories in this dataset. (2) annotation: The path to images, and their labels. We can access the meta information in dataset.metainfo:

>>> from pprint import pprint
>>> pprint(dataset.metainfo)

{'category': [{'id': 0, 'name': 'text'}],
 'dataset_type': 'TextDetDataset',
 'task_name': 'textdet'}





As for the annotations, we can access them via dataset.get_data_info(idx), which returns a dictionary containing the information of the idx-th sample in the dataset that is initially parsed, but not yet processed by data pipeline.

>>> from pprint import pprint
>>> pprint(dataset.get_data_info(0))

{'height': 720,
 'img_path': 'tests/data/det_toy_dataset/test/img_10.jpg',
 'instances': [{'bbox': [260.0, 138.0, 284.0, 158.0],
                'bbox_label': 0,
                'ignore': True,
                'polygon': [261, 138, 284, 140, 279, 158, 260, 158]},
                ...,
               {'bbox': [1011.0, 157.0, 1079.0, 173.0],
                'bbox_label': 0,
                'ignore': True,
                'polygon': [1011, 157, 1079, 160, 1076, 173, 1011, 170]}],
 'sample_idx': 0,
 'seg_map': 'test/gt_img_10.txt',
 'width': 1280}






On the other hand, we can get the sample fully processed by data pipeline via dataset[idx] or dataset.__getitem__(idx), which is directly feedable to models and perform a full train/test cycle. It has two fields:


	inputs: The image after data augmentation;


	data_samples: The DataSample that contains the augmented annotations, and meta information appended by some data transforms to keep track of some key properties of this sample.




>>> pprint(dataset[0])

{'data_samples': <TextDetDataSample(

    META INFORMATION
    ori_shape: (720, 1280)
    img_path: 'tests/data/det_toy_dataset/imgs/test/img_10.jpg'
    img_shape: (640, 640)

    DATA FIELDS
    gt_instances: <InstanceData(

            META INFORMATION

            DATA FIELDS
            labels: tensor([0, 0, 0])
            polygons: [array([207.33984 , 104.65409 , 208.34634 ,  84.528305, 231.49594 ,
                        86.54088 , 226.46341 , 104.65409 , 207.33984 , 104.65409 ],
                      dtype=float32), array([237.53496 , 103.6478  , 235.52196 ,  84.528305, 365.36096 ,
                        86.54088 , 364.35446 , 107.67296 , 237.53496 , 103.6478  ],
                      dtype=float32), array([105.68293, 166.03773, 105.68293, 151.94969, 177.14471, 150.94339,
                       178.15121, 165.03145, 105.68293, 166.03773], dtype=float32)]
            ignored: tensor([ True, False,  True])
            bboxes: tensor([[207.3398,  84.5283, 231.4959, 104.6541],
                        [235.5220,  84.5283, 365.3610, 107.6730],
                        [105.6829, 150.9434, 178.1512, 166.0377]])
        ) at 0x7f7359f04fa0>
) at 0x7f735a0508e0>,
 'inputs': tensor([[[129, 111, 131,  ...,   0,   0,   0], ...
                  [ 19,  18,  15,  ...,   0,   0,   0]]], dtype=torch.uint8)}








Dataset Classes and Annotation Formats

Each Dataset implementation can only load datasets in a specific annotation format. Here lists all supported Dataset classes and their compatible annotation formats, as well as an example config that showcases how to use them in practice.


Note

If you are not familiar with the config system, you may find Dataset Configuration helpful.




OCRDataset

Usually, there are many different types of annotations in OCR datasets, and the formats often vary between different subtasks, such as text detection and text recognition. These differences can result in the need for different data loading code when using different datasets, increasing the learning and maintenance costs for users.

In MMOCR, we propose a unified dataset format that can adapt to all three subtasks of OCR: text detection, text recognition, and text spotting. This design maximizes the uniformity of the dataset, allows for the reuse of data annotations across different tasks, and makes dataset management more convenient. Considering that popular dataset formats are still inconsistent, MMOCR provides Dataset Preparer to help users convert their datasets to MMOCR format. We also strongly encourage researchers to develop their own datasets based on this data format.


Annotation Format

This annotation file is a .json file that stores a dict, containing both metainfo and data_list, where the former includes basic information about the dataset and the latter consists of the label item of each target instance. Here presents an extensive list of all the fields in the annotation file, but some fields are used in a subset of tasks and can be ignored in other tasks.

{
    "metainfo":
    {
      "dataset_type": "TextDetDataset",  # Options: TextDetDataset/TextRecogDataset/TextSpotterDataset
      "task_name": "textdet",  #  Options: textdet/textspotter/textrecog
      "category": [{"id": 0, "name": "text"}]  # Used in textdet/textspotter
    },
    "data_list":
    [
      {
        "img_path": "test_img.jpg",
        "height": 604,
        "width": 640,
        "instances":  # multiple instances in one image
        [
          {
            "bbox": [0, 0, 10, 20],  # in textdet/textspotter, [x1, y1, x2, y2].
            "bbox_label": 0,  # The object category, always 0 (text) in MMOCR
            "polygon": [0, 0, 0, 10, 10, 20, 20, 0], # in textdet/textspotter. [x1, y1, x2, y2, ....]
            "text": "mmocr",  # in textspotter/textrecog
            "ignore": False # in textspotter/textdet. Whether to ignore this sample during training
          },
          #...
        ],
      }
      #... multiple images
    ]
}








Example Config

Here is a part of config example where we make train_dataloader use OCRDataset to load the ICDAR2015 dataset for a text detection model. Keep in mind that OCRDataset can load any OCR datasets prepared by Dataset Preparer regardless of its task. That is, you can use it for text recognition and text spotting, but you still have to modify the transform types in pipeline according to the needs of different tasks.

pipeline = [
    dict(
        type='LoadImageFromFile'),
    dict(
        type='LoadOCRAnnotations',
        with_polygon=True,
        with_bbox=True,
        with_label=True,
    ),
    dict(
        type='PackTextDetInputs',
        meta_keys=('img_path', 'ori_shape', 'img_shape'))
]

icdar2015_textdet_train = dict(
    type='OCRDataset',
    data_root='data/icdar2015',
    ann_file='textdet_train.json',
    filter_cfg=dict(filter_empty_gt=True, min_size=32),
    pipeline=pipeline)

train_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=icdar2015_textdet_train)










RecogLMDBDataset

Reading images or labels from files can be slow when data are excessive, e.g. on a scale of millions. Besides, in academia, most of the scene text recognition datasets are stored in lmdb format, including images and labels. (Example [https://github.com/clovaai/deep-text-recognition-benchmark])

To get closer to the mainstream practice and enhance the data storage efficiency, MMOCR supports loading images and labels from lmdb datasets via RecogLMDBDataset.


Annotation Format

MMOCR requires the following keys for LMDB datasets:


	num_samples: The parameter describing the data volume of the dataset.


	The keys of images and labels are in the
format of image-000000001 and label-000000001, respectively. The index starts from 1.




MMOCR has a toy LMDB dataset in tests/data/rec_toy_dataset/imgs.lmdb.
You can get a sense of the format with the following code snippet.

>>> import lmdb
>>>
>>> env = lmdb.open('tests/data/rec_toy_dataset/imgs.lmdb')
>>> txn = env.begin()
>>> for k, v in txn.cursor():
>>>     print(k, v)

b'image-000000001' b'\xff...'
b'image-000000002' b'\xff...'
b'image-000000003' b'\xff...'
b'image-000000004' b'\xff...'
b'image-000000005' b'\xff...'
b'image-000000006' b'\xff...'
b'image-000000007' b'\xff...'
b'image-000000008' b'\xff...'
b'image-000000009' b'\xff...'
b'image-000000010' b'\xff...'
b'label-000000001' b'GRAND'
b'label-000000002' b'HOTEL'
b'label-000000003' b'HOTEL'
b'label-000000004' b'PACIFIC'
b'label-000000005' b'03/09/2009'
b'label-000000006' b'ANING'
b'label-000000007' b'Virgin'
b'label-000000008' b'america'
b'label-000000009' b'ATTACK'
b'label-000000010' b'DAVIDSON'
b'num-samples' b'10'








Example Config

Here is a part of config example where we make train_dataloader use RecogLMDBDataset to load the toy dataset. Since RecogLMDBDataset loads images as numpy arrays, don’t forget to use LoadImageFromNDArray instead of LoadImageFromFile in the pipeline for successful loading.

pipeline = [
    dict(
        type='LoadImageFromNDArray'),
    dict(
        type='LoadOCRAnnotations',
        with_text=True,
    ),
    dict(
        type='PackTextRecogInputs',
        meta_keys=('img_path', 'ori_shape', 'img_shape'))
]

toy_textrecog_train = dict(
    type='RecogLMDBDataset',
    data_root='tests/data/rec_toy_dataset/',
    ann_file='imgs.lmdb',
    pipeline=pipeline)

train_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=toy_textrecog_train)










RecogTextDataset

Prior to MMOCR 1.0, MMOCR 0.x takes text files as input for text recognition. These formats has been deprecated in MMOCR 1.0, and this class could be removed anytime in the future. More info


Annotation Format

Text files can either be in txt format or jsonl format. The simple .txt annotations separate image name and word annotation by a blank space, which cannot handle the case when spaces are included in a text instance.

img1.jpg OpenMMLab
img2.jpg MMOCR





The JSON Line format uses a dictionary-like structure to represent the annotations, where the keys filename and text store the image name and word label, respectively.

{"filename": "img1.jpg", "text": "OpenMMLab"}
{"filename": "img2.jpg", "text": "MMOCR"}








Example Config

Here is a part of config example where we use RecogTextDataset to load the old txt labels in training, and the old jsonl labels in testing.

pipeline = [
    dict(
        type='LoadImageFromFile'),
    dict(
        type='LoadOCRAnnotations',
        with_polygon=True,
        with_bbox=True,
        with_label=True,
    ),
    dict(
        type='PackTextDetInputs',
        meta_keys=('img_path', 'ori_shape', 'img_shape'))
]

 # loading 0.x txt format annos
 txt_dataset = dict(
     type='RecogTextDataset',
     data_root=data_root,
     ann_file='old_label.txt',
     data_prefix=dict(img_path='imgs'),
     parser_cfg=dict(
         type='LineStrParser',
         keys=['filename', 'text'],
         keys_idx=[0, 1]),
     pipeline=pipeline)


train_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=txt_dataset)

 # loading 0.x json line format annos
 jsonl_dataset = dict(
     type='RecogTextDataset',
     data_root=data_root,
     ann_file='old_label.jsonl',
     data_prefix=dict(img_path='imgs'),
     parser_cfg=dict(
         type='LineJsonParser',
         keys=['filename', 'text'],
     pipeline=pipeline))

test_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=False),
    dataset=jsonl_dataset)










IcdarDataset

Prior to MMOCR 1.0, MMOCR 0.x takes COCO-like format annotations as input for text detection. These formats has been deprecated in MMOCR 1.0, and this class could be removed anytime in the future. More info


Annotation Format

{
  "images": [
    {
      "id": 1,
      "width": 800,
      "height": 600,
      "file_name": "test.jpg"
    }
  ],
  "annotations": [
    {
      "id": 1,
      "image_id": 1,
      "category_id": 1,
      "bbox": [0,0,10,10],
      "segmentation": [
          [0,0,10,0,10,10,0,10]
      ],
      "area": 100,
      "iscrowd": 0
    }
  ]
}








Example Config

Here is a part of config example where we make train_dataloader use IcdarDataset to load the old labels.

pipeline = [
    dict(
        type='LoadImageFromFile'),
    dict(
        type='LoadOCRAnnotations',
        with_polygon=True,
        with_bbox=True,
        with_label=True,
    ),
    dict(
        type='PackTextDetInputs',
        meta_keys=('img_path', 'ori_shape', 'img_shape'))
]

icdar2015_textdet_train = dict(
    type='IcdarDatasetDataset',
    data_root='data/det/icdar2015',
    ann_file='instances_training.json',
    filter_cfg=dict(filter_empty_gt=True, min_size=32),
    pipeline=pipeline)

train_dataloader = dict(
    batch_size=16,
    num_workers=8,
    persistent_workers=True,
    sampler=dict(type='DefaultSampler', shuffle=True),
    dataset=icdar2015_textdet_train)










WildReceiptDataset

It’s customized for WildReceipt [https://mmocr.readthedocs.io/en/dev-1.x/user_guides/data_prepare/datasetzoo.html#wildreceipt] dataset only.


Annotation Format

// Close Set
{
  "file_name": "image_files/Image_16/11/d5de7f2a20751e50b84c747c17a24cd98bed3554.jpeg",
  "height": 1200,
  "width": 1600,
  "annotations":
    [
      {
        "box": [550.0, 190.0, 937.0, 190.0, 937.0, 104.0, 550.0, 104.0],
        "text": "SAFEWAY",
        "label": 1
      },
      {
        "box": [1048.0, 211.0, 1074.0, 211.0, 1074.0, 196.0, 1048.0, 196.0],
        "text": "TM",
        "label": 25
      }
    ], //...
}

// Open Set
{
  "file_name": "image_files/Image_12/10/845be0dd6f5b04866a2042abd28d558032ef2576.jpeg",
  "height": 348,
  "width": 348,
  "annotations":
    [
      {
        "box": [114.0, 19.0, 230.0, 19.0, 230.0, 1.0, 114.0, 1.0],
        "text": "CHOEUN",
        "label": 2,
        "edge": 1
      },
      {
        "box": [97.0, 35.0, 236.0, 35.0, 236.0, 19.0, 97.0, 19.0],
        "text": "KOREANRESTAURANT",
        "label": 2,
        "edge": 1
      }
    ]
}








Example Config

Please refer to SDMGR’s config [https://github.com/open-mmlab/mmocr/blob/f30c16ce96bd2393570c04eeb9cf48a7916315cc/configs/kie/sdmgr/sdmgr_novisual_60e_wildreceipt.py] for more details.
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Overview


Supported Datasets



	Dataset Name

	Text Detection

	Text Recognition

	Text Spotting

	KIE





	cocotextv2

	✓

	✓

	✓

	



	ctw1500

	✓

	✓

	✓

	



	cute80

	

	✓

	

	



	funsd

	✓

	✓

	✓

	



	icdar2013

	✓

	✓

	✓

	



	icdar2015

	✓

	✓

	✓

	



	iiit5k

	

	✓

	

	



	mjsynth

	

	✓

	

	



	naf

	✓

	✓

	✓

	



	sroie

	✓

	✓

	✓

	



	svt

	✓

	✓

	✓

	



	svtp

	

	✓

	

	



	synthtext

	✓

	✓

	✓

	



	textocr

	✓

	✓

	✓

	



	totaltext

	✓

	✓

	✓

	



	wildreceipt

	✓

	✓

	✓

	✓









Dataset Details


COCO Text v2


“COCO-Text: Dataset and Benchmark for Text Detection and Recognition in Natural Images”, arXiv, 2016. PDF [https://arxiv.org/pdf/1601.07140.pdf]




A. Basic Info


	Official Website: cocotextv2 [https://bgshih.github.io/cocotext]


	Year: 2016


	Language: [‘English’]


	Scene: [‘Natural Scene’]


	Annotation Granularity: [‘Word’]


	Supported Tasks: [‘textdet’, ‘textrecog’, ‘textspotting’]


	License: CC BY 4.0 [https://creativecommons.org/licenses/by/4.0/]




 B. Annotation Format
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Dataset Preparer (Beta)


Note

Dataset Preparer is still in beta version and might not be stable enough. You are welcome to try it out and report any issues to us.




One-click data preparation script

MMOCR provides a unified one-stop data preparation script prepare_dataset.py.

Only one line of command is needed to complete the data download, decompression, format conversion, and basic configure generation.

python tools/dataset_converters/prepare_dataset.py [-h] [--nproc NPROC] [--task {textdet,textrecog,textspotting,kie}] [--splits SPLITS [SPLITS ...]] [--lmdb] [--overwrite-cfg] [--dataset-zoo-path DATASET_ZOO_PATH] datasets [datasets ...]








	ARGS
	Type
	Description





	dataset_name
	str
	(required) dataset name.



	--nproc
	int
	Number of processes to be used. Defaults to 4.



	--task
	str
	Convert the dataset to the format of a specified task supported by MMOCR. options are: 'textdet', 'textrecog', 'textspotting', and 'kie'.



	--splits
	str
	Splits of the dataset to be prepared. Multiple splits can be accepted. Defaults to train val test.



	--lmdb
	str
	Store the data in LMDB format. Only valid when the task is textrecog.



	--overwrite-cfg
	str
	Whether to overwrite the dataset config file if it already exists in configs/{task}/_base_/datasets.



	--dataset-zoo-path
	str
	Path to the dataset config file. If not specified, the default path is ./dataset_zoo.





For example, the following command shows how to use the script to prepare the ICDAR2015 dataset for text detection task.

python tools/dataset_converters/prepare_dataset.py icdar2015 --task textdet --overwrite-cfg





Also, the script supports preparing multiple datasets at the same time. For example, the following command shows how to prepare the ICDAR2015 and TotalText datasets for text recognition task.

python tools/dataset_converters/prepare_dataset.py icdar2015 totaltext --task textrecog --overwrite-cfg





To check the supported datasets of Dataset Preparer, please refer to Dataset Zoo. Some of other datasets that need to be prepared manually are listed in Text Detection and Text Recognition.

For users in China, more datasets can be downloaded from the opensource dataset platform: OpenDataLab [https://opendatalab.com/]. After downloading the data, you can place the files listed in data_obtainer.save_name in data/cache and rerun the script.




Advanced Usage


LMDB Format

In text recognition tasks, we usually use LMDB format to store data to speed up data loading. When using the prepare_dataset.py script to prepare data, you can store data to the LMDB format by the --lmdb parameter. For example:

python tools/dataset_converters/prepare_dataset.py icdar2015 --task textrecog --lmdb





As soon as the dataset is prepared, Dataset Preparer will generate icdar2015_lmdb.py in the configs/textrecog/_base_/datasets/ directory. You can inherit this file and point the dataloader to the LMDB dataset. Moreover, the LMDB dataset needs to be loaded by LoadImageFromNDArray, thus you also need to modify pipeline.

For example, if we want to change the training set of configs/textrecog/crnn/crnn_mini-vgg_5e_mj.py to icdar2015 generated before, we need to perform the following modifications:


	Modify configs/textrecog/crnn/crnn_mini-vgg_5e_mj.py:

_base_ = [
     '../_base_/datasets/icdar2015_lmdb.py',  # point to icdar2015 lmdb dataset
      ...
 ]

 train_list = [_base_.icdar2015_lmdb_textrecog_train]
 ...







	Modify train_pipeline in configs/textrecog/crnn/_base_crnn_mini-vgg.py, change LoadImageFromFile to LoadImageFromNDArray:

train_pipeline = [
 dict(
     type='LoadImageFromNDArray',
     color_type='grayscale',
     file_client_args=file_client_args,
     ignore_empty=True,
     min_size=2),
 ...
]














Design

There are many OCR datasets with different languages, annotation formats, and scenarios. There are generally two ways to use these datasets: to quickly understand the relevant information about the dataset, or to use it to train models. To meet these two usage scenarios, MMOCR provides dataset automatic preparation scripts. The dataset automatic preparation script uses modular design, which greatly enhances scalability, and allows users to easily configure other public or private datasets. The configuration files for the dataset automatic preparation script are uniformly stored in the dataset_zoo/ directory. Users can find all the configuration files for the dataset preparation scripts officially supported by MMOCR in this directory. The directory structure of this folder is as follows:

dataset_zoo/
├── icdar2015
│   ├── metafile.yml
│   ├── sample_anno.md
│   ├── textdet.py
│   ├── textrecog.py
│   └── textspotting.py
└── wildreceipt
    ├── metafile.yml
    ├── sample_anno.md
    ├── kie.py
    ├── textdet.py
    ├── textrecog.py
    └── textspotting.py






Dataset-related Information

The relevant information of a dataset includes the annotation format, annotation examples, and basic statistical information of the dataset. Although this information can be found on the official website of each dataset, it is scattered across various websites, and users need to spend a lot of time to discover the basic information of the dataset. Therefore, MMOCR has designed some paradigms to help users quickly understand the basic information of the dataset. MMOCR divides the relevant information of the dataset into two parts. One part is the basic information of the dataset, including the year of publication, the authors of the paper, and copyright information, etc. The other part is the annotation information of the dataset, including the annotation format and annotation examples. MMOCR provides a paradigm for each part, and contributors can fill in the basic information of the dataset according to the paradigm. This way, users can quickly understand the basic information of the dataset. Based on the basic information of the dataset, MMOCR provides a metafile.yml file, which contains the basic information of the corresponding dataset, including the year of publication, the authors of the paper, and copyright information, etc. In this way, users can quickly understand the basic information of the dataset. This file is not mandatory during the dataset preparation process (so users can ignore it when adding their own private datasets), but to better understand the information of various public datasets, MMOCR recommends that users read the corresponding metafile information before using the dataset preparation script to understand whether the characteristics of the dataset meet the user’s needs. MMOCR uses ICDAR2015 as an example, and its sample content is shown below:

Name: 'Incidental Scene Text IC15'
Paper:
  Title: ICDAR 2015 Competition on Robust Reading
  URL: https://rrc.cvc.uab.es/files/short_rrc_2015.pdf
  Venue: ICDAR
  Year: '2015'
  BibTeX: '@inproceedings{karatzas2015icdar,
  title={ICDAR 2015 competition on robust reading},
  author={Karatzas, Dimosthenis and Gomez-Bigorda, Lluis and Nicolaou, Anguelos and Ghosh, Suman and Bagdanov, Andrew and Iwamura, Masakazu and Matas, Jiri and Neumann, Lukas and Chandrasekhar, Vijay Ramaseshan and Lu, Shijian and others},
  booktitle={2015 13th international conference on document analysis and recognition (ICDAR)},
  pages={1156--1160},
  year={2015},
  organization={IEEE}}'
Data:
  Website: https://rrc.cvc.uab.es/?ch=4
  Language:
    - English
  Scene:
    - Natural Scene
  Granularity:
    - Word
  Tasks:
    - textdet
    - textrecog
    - textspotting
  License:
    Type: CC BY 4.0
    Link: https://creativecommons.org/licenses/by/4.0/





Specifically, MMOCR lists the meaning of each field in the following table:




	Field Name
	Meaning





	Name
	The name of the dataset



	Paper.Title
	The title of the paper for the dataset



	Paper.URL
	The URL of the paper for the dataset



	Paper.Venue
	The venue of the paper for the dataset



	Paper.Year
	The year of publication for the paper



	Paper.BibTeX
	The BibTeX citation of the paper for the dataset



	Data.Website
	The official website of the dataset



	Data.Language
	The supported languages of the dataset



	Data.Scene
	The supported scenes of the dataset, such as Natural Scene, Document, Handwritten, etc.



	Data.Granularity
	The supported granularities of the dataset, such as Character, Word, Line, etc.



	Data.Tasks
	The supported tasks of the dataset, such as textdet, textrecog, textspotting, kie, etc.



	Data.License
	License information for the dataset. Use N/A if no license exists.



	Data.Format
	File format of the annotation files, such as .txt, .xml, .json, etc.



	Data.Keywords
	Keywords describing the characteristics of the dataset, such as Horizontal, Vertical, Curved, etc.





For the annotation information of the dataset, MMOCR provides a sample_anno.md file, which users can use as a template to fill in the annotation information of the dataset, so that users can quickly understand the annotation information of the dataset. MMOCR uses ICDAR2015 as an example, and the sample content is as follows:

    **Text Detection**

    ```text
    # x1,y1,x2,y2,x3,y3,x4,y4,trans

    377,117,463,117,465,130,378,130,Genaxis Theatre
    493,115,519,115,519,131,493,131,[06]
    374,155,409,155,409,170,374,170,###





sample_anno.md provides annotation information for different tasks of the dataset, including the format of the annotation files (text corresponds to txt files, and the format of the annotation files can also be found in meta.yml), and examples of the annotations.

With the information in these two files, users can quickly understand the basic information of the dataset. Additionally, MMOCR has summarized the basic information of all datasets, and users can view the basic information of all datasets in the Overview.




Dataset Usage

After decades of development, the OCR field has seen a series of related datasets emerge, often providing text annotation files in various styles, making it necessary for users to perform format conversion when using these datasets. Therefore, to facilitate dataset preparation for users, we have designed the Dataset Preparer to help users quickly prepare datasets in the format supported by MMOCR. For details, please refer to the Dataset Format document. The following figure shows a typical workflow for running the Dataset Preparer.

[image: workflow]

The figure shows that when running the Dataset Preparer, the following operations will be performed in sequence:


	For the training set, validation set, and test set, the preparers will perform:


	Dataset download, extraction, and movement (Obtainer)


	Matching annotations with images (Gatherer)


	Parsing original annotations (Parser)


	Packing annotations into a unified format (Packer)


	Saving annotations (Dumper)






	Delete files (Delete)


	Generate the configuration file for the data set (Config Generator).




To handle various types of datasets, MMOCR has designed each component as a plug-and-play module, and allows users to configure the dataset preparation process through configuration files located in dataset_zoo/. These configuration files are in Python format and can be used in the same way as other configuration files in MMOCR, as described in the Configuration File documentation.

In dataset_zoo/, each dataset has its own folder, and the configuration files are named after the task to distinguish different configurations under different tasks. Taking the text detection part of ICDAR2015 as an example, the sample configuration file dataset_zoo/icdar2015/textdet.py is shown below:

data_root = 'data/icdar2015'
cache_path = 'data/cache'
train_preparer = dict(
    obtainer=dict(
        type='NaiveDataObtainer',
        cache_path=cache_path,
        files=[
            dict(
                url='https://rrc.cvc.uab.es/downloads/ch4_training_images.zip',
                save_name='ic15_textdet_train_img.zip',
                md5='c51cbace155dcc4d98c8dd19d378f30d',
                content=['image'],
                mapping=[['ic15_textdet_train_img', 'textdet_imgs/train']]),
            dict(
                url='https://rrc.cvc.uab.es/downloads/'
                'ch4_training_localization_transcription_gt.zip',
                save_name='ic15_textdet_train_gt.zip',
                md5='3bfaf1988960909014f7987d2343060b',
                content=['annotation'],
                mapping=[['ic15_textdet_train_gt', 'annotations/train']]),
        ]),
    gatherer=dict(
        type='PairGatherer',
        img_suffixes=['.jpg', '.JPG'],
        rule=[r'img_(\d+)\.([jJ][pP][gG])', r'gt_img_\1.txt']),
    parser=dict(type='ICDARTxtTextDetAnnParser', encoding='utf-8-sig'),
    packer=dict(type='TextDetPacker'),
    dumper=dict(type='JsonDumper'),
)

test_preparer = dict(
    obtainer=dict(
        type='NaiveDataObtainer',
        cache_path=cache_path,
        files=[
            dict(
                url='https://rrc.cvc.uab.es/downloads/ch4_test_images.zip',
                save_name='ic15_textdet_test_img.zip',
                md5='97e4c1ddcf074ffcc75feff2b63c35dd',
                content=['image'],
                mapping=[['ic15_textdet_test_img', 'textdet_imgs/test']]),
            dict(
                url='https://rrc.cvc.uab.es/downloads/'
                'Challenge4_Test_Task4_GT.zip',
                save_name='ic15_textdet_test_gt.zip',
                md5='8bce173b06d164b98c357b0eb96ef430',
                content=['annotation'],
                mapping=[['ic15_textdet_test_gt', 'annotations/test']]),
        ]),
    gatherer=dict(
        type='PairGatherer',
        img_suffixes=['.jpg', '.JPG'],
        rule=[r'img_(\d+)\.([jJ][pP][gG])', r'gt_img_\1.txt']),
    parser=dict(type='ICDARTxtTextDetAnnParser', encoding='utf-8-sig'),
    packer=dict(type='TextDetPacker'),
    dumper=dict(type='JsonDumper'),
)

delete = ['annotations', 'ic15_textdet_test_img', 'ic15_textdet_train_img']
config_generator = dict(type='TextDetConfigGenerator')






Dataset download extraction and movement (Obtainer)

The obtainer module in Dataset Preparer is responsible for downloading, extracting, and moving the dataset. Currently, MMOCR only provides the NaiveDataObtainer. Generally speaking, the built-in NaiveDataObtainer is sufficient for downloading most datasets that can be accessed through direct links, and supports operations such as extraction, moving files, and renaming. However, MMOCR currently does not support automatically downloading datasets stored in resources that require login, such as Baidu or Google Drive. Here is a brief introduction to the NaiveDataObtainer.




	Field Name
	Meaning





	cache_path
	Dataset cache path, used to store the compressed files downloaded during dataset preparation



	data_root
	Root directory where the dataset is stored



	files
	Dataset file list, used to describe the download information of the dataset





The files field is a list, and each element in the list is a dictionary used to describe the download information of a dataset file. The table below shows the meaning of each field:




	Field Name
	Meaning





	url
	Download link for the dataset file



	save_name
	Name used to save the dataset file



	md5 (optional)
	MD5 hash of the dataset file, used to check if the downloaded file is complete



	split (optional)
	Dataset split the file belongs to, such as train, test, etc., this field can be omitted



	content (optional)
	Content of the dataset file, such as image, annotation, etc., this field can be omitted



	mapping (optional)
	Decompression mapping of the dataset file, used to specify the storage location of the file after decompression, this field can be omitted





The Dataset Preparer follows the following conventions:


	Images of different types of datasets are moved to the corresponding category {taskname}_imgs/{split}/ folder, such as textdet_imgs/train/.


	For a annotation file containing annotation information for all images, the annotations are moved to annotations/{split}.* file, such as annotations/train.json.


	For a annotation file containing annotation information for one image, all annotation files are moved to annotations/{split}/ folder, such as annotations/train/.


	For some other special cases, such as all training, testing, and validation images are in one folder, the images can be moved to a self-set folder, such as {taskname}_imgs/imgs/, and the image storage location should be specified in the subsequent gatherer module.




An example configuration is as follows:

    obtainer=dict(
        type='NaiveDataObtainer',
        cache_path=cache_path,
        files=[
            dict(
                url='https://rrc.cvc.uab.es/downloads/ch4_training_images.zip',
                save_name='ic15_textdet_train_img.zip',
                md5='c51cbace155dcc4d98c8dd19d378f30d',
                content=['image'],
                mapping=[['ic15_textdet_train_img', 'textdet_imgs/train']]),
            dict(
                url='https://rrc.cvc.uab.es/downloads/'
                'ch4_training_localization_transcription_gt.zip',
                save_name='ic15_textdet_train_gt.zip',
                md5='3bfaf1988960909014f7987d2343060b',
                content=['annotation'],
                mapping=[['ic15_textdet_train_gt', 'annotations/train']]),
        ]),








Dataset collection (Gatherer)

The gatherer module traverses the files in the dataset directory, matches image files with their corresponding annotation files, and organizes a file list for the parser module to read. Therefore, it is necessary to know the matching rules between image files and annotation files in the current dataset. There are two commonly used annotation storage formats for OCR datasets: one is multiple annotation files corresponding to multiple images, and the other is a single annotation file corresponding to multiple images, for example:

Many-to-Many
├── {taskname}_imgs/{split}/img_img_1.jpg
├── annotations/{split}/gt_img_1.txt
├── {taskname}_imgs/{split}/img_2.jpg
├── annotations/{split}/gt_img_2.txt
├── {taskname}_imgs/{split}/img_3.JPG
├── annotations/{split}/gt_img_3.txt

One-to-Many
├── {taskname}/{split}/img_1.jpg
├── {taskname}/{split}/img_2.jpg
├── {taskname}/{split}/img_3.JPG
├── annotations/gt.txt





Specific design is as follows:

[image: Gatherer]

MMOCR has built-in PairGatherer and MonoGatherer to handle the two common cases mentioned above. PairGatherer is used for many-to-many situations, while MonoGatherer is used for one-to-many situations.


Note

To simplify processing, the gatherer assumes that the dataset’s images and annotations are stored separately in {taskname}_imgs/{split}/ and annotations/, respectively. In particular, for many-to-many situations, the annotation file needs to be placed in annotations/{split}.




	In the many-to-many case, PairGatherer needs to find the image files and corresponding annotation files according to a certain naming convention. First, the suffix of the image needs to be specified by the img_suffixes parameter, as in the example above img_suffixes=[.jpg,.JPG]. In addition, a pair of regular expressions [https://docs.python.org/3/library/re.html] rule is used to specify the correspondence between the image and annotation files. For example, rule=[r'img_(\d+)\.([jJ][pP][gG])'，r'gt_img_\1.txt']. The first regular expression is used to match the image file name, \d+ is used to match the image sequence number, and ([jJ][pP][gG]) is used to match the image suffix. The second regular expression is used to match the annotation file name, where \1 associates the matched image sequence number with the annotation file sequence number. An example configuration is:




    gatherer=dict(
        type='PairGatherer',
        img_suffixes=['.jpg', '.JPG'],
        rule=[r'img_(\d+)\.([jJ][pP][gG])', r'gt_img_\1.txt']),





For the case of one-to-many, it is usually simple, and the user only needs to specify the annotation file name. For example, for the training set configuration:

    gatherer=dict(type='MonoGatherer', ann_name='train.txt'),





MMOCR has also made conventions on the return value of Gatherer. Gatherer returns a tuple with two elements. The first element is a list of image paths (including all image paths) or the folder containing all images. The second element is a list of annotation file paths (including all annotation file paths) or the path of the annotation file (the annotation file contains all image annotation information). Specifically, the return value of PairGatherer is (list of image paths, list of annotation file paths), as shown below:

    (['{taskname}_imgs/{split}/img_1.jpg', '{taskname}_imgs/{split}/img_2.jpg', '{taskname}_imgs/{split}/img_3.JPG'],
    ['annotations/{split}/gt_img_1.txt', 'annotations/{split}/gt_img_2.txt', 'annotations/{split}/gt_img_3.txt'])





MonoGatherer returns a tuple containing the path to the image directory and the path to the annotation file, as follows:

    ('{taskname}/{split}', 'annotations/gt.txt')








Dataset parsing (Parser)

Parser is mainly used to parse the original annotation files. Since the original annotation formats vary greatly, MMOCR provides BaseParser as a base class, which users can inherit to implement their own Parser. In BaseParser, MMOCR has designed two interfaces: parse_files and parse_file, where the annotation parsing is conventionally carried out. For the two different input situations of Gatherer (many-to-many, one-to-many), the implementations of these two interfaces should be different.


	BaseParser by default handles the many-to-many situation. Among them, parse_files distributes the data in parallel to multiple parse_file processes, and each parse_file parses the annotation of a single image separately.


	For the one-to-many situation, the user needs to override parse_files to implement loading the annotation and returning standardized results.




The interface of BaseParser is defined as follows:

class BaseParser:
    def __call__(self, img_paths, ann_paths):
    	return self.parse_files(img_paths, ann_paths)

    def parse_files(self, img_paths: Union[List[str], str],
                    ann_paths: Union[List[str], str]) -> List[Tuple]:
        samples = track_parallel_progress_multi_args(
            self.parse_file, (img_paths, ann_paths), nproc=self.nproc)
        return samples

    @abstractmethod
    def parse_file(self, img_path: str, ann_path: str) -> Tuple:

        raise NotImplementedError





In order to ensure the uniformity of subsequent modules, MMOCR has made conventions for the return values of parse_files and parse_file. The return value of parse_file is a tuple, the first element of which is the image path, and the second element is the annotation information. The annotation information is a list, each element of which is a dictionary with the fields poly, text, and ignore, as shown below:

# An example of returned values:
(
    'imgs/train/xxx.jpg',
    [
        dict(
            poly=[0, 1, 1, 1, 1, 0, 0, 0],
            text='hello',
            ignore=False),
        ...
    ]
)





The output of parse_files is a list, and each element in the list is the return value of parse_file. An example is:

[
    (
        'imgs/train/xxx.jpg',
        [
            dict(
                poly=[0, 1, 1, 1, 1, 0, 0, 0],
                text='hello',
                ignore=False),
            ...
        ]
    ),
    ...
]








Dataset Conversion (Packer)

Packer is mainly used to convert data into a unified annotation format, because the input data is the output of parsers and the format has been fixed. Therefore, the packer only needs to convert the input format into a unified annotation format for each task. Currently, MMOCR supports tasks such as text detection, text recognition, end-to-end OCR, and key information extraction, and MMOCR has a corresponding packer for each task, as shown below:

[image: Packer]

For text detection, end-to-end OCR, and key information extraction, MMOCR has a unique corresponding Packer. However, for text recognition, MMOCR provides two Packer options: TextRecogPacker and TextRecogCropPacker, due to the existence of two types of datasets:


	Each image is a recognition sample, and the annotation information returned by the parser is only a dict(text='xxx'). In this case, TextRecogPacker can be used.


	The dataset does not crop text from the image, and it essentially contains end-to-end OCR annotations that include the position information of the text and the corresponding text information. TextRecogCropPacker will crop the text from the image and then convert it into the unified format for text recognition.







Annotation Saving (Dumper)

The dumper module is used to determine what format the data should be saved in. Currently, MMOCR supports JsonDumper, WildreceiptOpensetDumper, and TextRecogLMDBDumper. They are used to save data in the standard MMOCR JSON format, the Wildreceipt format, and the LMDB format commonly used in the academic community for text recognition, respectively.




Delete files (Delete)

When processing a dataset, temporary files that are not needed may be generated. Here, a list of such files or folders can be passed in, which will be deleted when the conversion is finished.




Generate the configuration file for the dataset (ConfigGenerator)

In order to automatically generate basic configuration files after preparing the dataset, MMOCR has implemented TextDetConfigGenerator, TextRecogConfigGenerator, and TextSpottingConfigGenerator for each task. The main parameters supported by these generators are as follows:




	Field Name
	Meaning





	data_root
	Root directory where the dataset is stored.



	train_anns
	Path to the training set annotations in the configuration file. If not specified, it defaults to [dict(ann_file='{taskname}_train.json', dataset_postfix=''].



	val_anns
	Path to the validation set annotations in the configuration file. If not specified, it defaults to an empty string.



	test_anns
	Path to the test set annotations in the configuration file. If not specified, it defaults to [dict(ann_file='{taskname}_test.json', dataset_postfix=''].



	config_path
	Path to the directory where the configuration files for the algorithm are stored. The configuration generator will write the default configuration to {config_path}/{taskname}/_base_/datasets/{dataset_name}.py. If not specified, it defaults to configs/.





After preparing all the files for the dataset, the configuration generator will automatically generate the basic configuration files required to call the dataset. Below is a minimal example of a TextDetConfigGenerator configuration:

config_generator = dict(type='TextDetConfigGenerator')





The generated file will be placed by default under configs/{task}/_base_/datasets/. In this example, the basic configuration file for the ICDAR 2015 dataset will be generated at configs/textdet/_base_/datasets/icdar2015.py.

icdar2015_textdet_data_root = 'data/icdar2015'

icdar2015_textdet_train = dict(
    type='OCRDataset',
    data_root=icdar2015_textdet_data_root,
    ann_file='textdet_train.json',
    filter_cfg=dict(filter_empty_gt=True, min_size=32),
    pipeline=None)

icdar2015_textdet_test = dict(
    type='OCRDataset',
    data_root=icdar2015_textdet_data_root,
    ann_file='textdet_test.json',
    test_mode=True,
    pipeline=None)





If the dataset is special and there are several variants of the annotations, the configuration generator also supports generating variables pointing to each variant in the base configuration. However, this requires users to differentiate them by using different dataset_postfix when setting up. For example, the ICDAR 2015 text recognition dataset has two annotation versions for the test set, the original version and the 1811 version, which can be specified in test_anns as follows:

config_generator = dict(
    type='TextRecogConfigGenerator',
    test_anns=[
        dict(ann_file='textrecog_test.json'),
        dict(dataset_postfix='857', ann_file='textrecog_test_857.json')
    ])





The configuration generator will generate the following configurations:

icdar2015_textrecog_data_root = 'data/icdar2015'

icdar2015_textrecog_train = dict(
    type='OCRDataset',
    data_root=icdar2015_textrecog_data_root,
    ann_file='textrecog_train.json',
    pipeline=None)

icdar2015_textrecog_test = dict(
    type='OCRDataset',
    data_root=icdar2015_textrecog_data_root,
    ann_file='textrecog_test.json',
    test_mode=True,
    pipeline=None)

icdar2015_1811_textrecog_test = dict(
    type='OCRDataset',
    data_root=icdar2015_textrecog_data_root,
    ann_file='textrecog_test_1811.json',
    test_mode=True,
    pipeline=None)





With this file, MMOCR can directly import this dataset into the dataloader from the model configuration file (the following sample is excerpted from configs/textdet/dbnet/dbnet_resnet18_fpnc_1200e_icdar2015.py):

_base_ = [
    '../_base_/datasets/icdar2015.py',
    # ...
]

# dataset settings
icdar2015_textdet_train = _base_.icdar2015_textdet_train
icdar2015_textdet_test = _base_.icdar2015_textdet_test
# ...

train_dataloader = dict(
    dataset=icdar2015_textdet_train)

val_dataloader = dict(
    dataset=icdar2015_textdet_test)

test_dataloader = val_dataloader






Note

By default, the configuration generator does not overwrite existing base configuration files unless the user manually specifies overwrite-cfg when running the script.










Adding a new dataset to Dataset Preparer


Adding Public Datasets

MMOCR has already supported many commonly used public datasets. If the dataset you want to use has not been supported yet and you are willing to contribute to the MMOCR open-source community, you can follow the steps below to add a new dataset.

In the following example, we will show you how to add the ICDAR2013 dataset step by step.


Adding metafile.yml

First, make sure that the dataset you want to add does not already exist in dataset_zoo/. Then, create a new folder named after the dataset you want to add, such as icdar2013/ (usually, use lowercase alphanumeric characters without symbols to name the dataset). In the icdar2013/ folder, create a metafile.yml file and fill in the basic information of the dataset according to the following template:

Name: 'Incidental Scene Text IC13'
Paper:
  Title: ICDAR 2013 Robust Reading Competition
  URL: https://www.imlab.jp/publication_data/1352/icdar_competition_report.pdf
  Venue: ICDAR
  Year: '2013'
  BibTeX: '@inproceedings{karatzas2013icdar,
  title={ICDAR 2013 robust reading competition},
  author={Karatzas, Dimosthenis and Shafait, Faisal and Uchida, Seiichi and Iwamura, Masakazu and i Bigorda, Lluis Gomez and Mestre, Sergi Robles and Mas, Joan and Mota, David Fernandez and Almazan, Jon Almazan and De Las Heras, Lluis Pere},
  booktitle={2013 12th international conference on document analysis and recognition},
  pages={1484--1493},
  year={2013},
  organization={IEEE}}'
Data:
  Website: https://rrc.cvc.uab.es/?ch=2
  Language:
    - English
  Scene:
    - Natural Scene
  Granularity:
    - Word
  Tasks:
    - textdet
    - textrecog
    - textspotting
  License:
    Type: N/A
    Link: N/A
  Format: .txt
  Keywords:
    - Horizontal








Add Annotation Examples

Finally, you can add an annotation example file sample_anno.md under the dataset_zoo/icdar2013/ directory to help the documentation script add annotation examples when generating documentation. The annotation example file is a Markdown file that typically contains the raw data format of a single sample. For example, the following code block shows a sample data file for the ICDAR2013 dataset:

  **Text Detection**

  ```text
  # train split
  # x1 y1 x2 y2 "transcript"

  158 128 411 181 "Footpath"
  443 128 501 169 "To"
  64 200 363 243 "Colchester"

  # test split
  # x1, y1, x2, y2, "transcript"

  38, 43, 920, 215, "Tiredness"
  275, 264, 665, 450, "kills"
  0, 699, 77, 830, "A"








Add configuration files for corresponding tasks

In the dataset_zoo/icdar2013 directory, add a .py configuration file named after the task. For example, textdet.py, textrecog.py, textspotting.py, kie.py, etc. The configuration template is shown below:

data_root = ''
data_cache = 'data/cache'
train_prepare = dict(
    obtainer=dict(
        type='NaiveObtainer',
        data_cache=data_cache,
        files=[
            dict(
                url='xx',
                md5='',
                save_name='xxx',
                mapping=list())
              ]),
    gatherer=dict(type='xxxGatherer', **kwargs),
    parser=dict(type='xxxParser', **kwargs),
    packer=dict(type='TextxxxPacker'), # Packer for the task
    dumper=dict(type='JsonDumper'),
)
test_prepare = dict(
    obtainer=dict(
        type='NaiveObtainer',
        data_cache=data_cache,
        files=[
            dict(
                url='xx',
                md5='',
                save_name='xxx',
                mapping=list())
              ]),
    gatherer=dict(type='xxxGatherer', **kwargs),
    parser=dict(type='xxxParser', **kwargs),
    packer=dict(type='TextxxxPacker'), # Packer for the task
    dumper=dict(type='JsonDumper'),
)





Taking the file detection task as an example, let’s introduce the specific content of the configuration file. In general, users do not need to implement new obtainer, gatherer, packer, or dumper, but usually need to implement a new parser according to the annotation format of the dataset.

Regarding the configuration of obtainer, we will not go into detail here, and you can refer to Data set download, extraction, and movement (Obtainer).

For the gatherer, by observing the obtained ICDAR2013 dataset files, we found that each image has a corresponding .txt format annotation file:

data_root
├── textdet_imgs/train/
│   ├── img_1.jpg
│   ├── img_2.jpg
│   └── ...
├── annotations/train/
│   ├── gt_img_1.txt
│   ├── gt_img_2.txt
│   └── ...





Moreover, the name of each annotation file corresponds to the image: gt_img_1.txt corresponds to img_1.jpg, and so on. Therefore, PairGatherer can be used to match them.

gatherer=dict(
      type='PairGatherer',
      img_suffixes=['.jpg'],
      rule=[r'(\w+)\.jpg', r'gt_\1.txt'])





The first regular expression in the rule is used to match the image file name, and the second regular expression is used to match the annotation file name. Here, (\w+) is used to match the image file name, and gt_\1.txt is used to match the annotation file name, where \1 represents the content matched by the first regular expression. That is, it replaces img_xx.jpg with gt_img_xx.txt.

Next, you need to implement a parser to parse the original annotation files into a standard format. Usually, before adding a new dataset, users can browse the details page of the supported datasets and check if there is a dataset with the same format. If there is, you can use the parser of that dataset directly. Otherwise, you need to implement a new format parser.

Data format parsers are stored in the mmocr/datasets/preparers/parsers directory. All parsers need to inherit from BaseParser and implement the parse_file or parse_files method. For more information, please refer to Parsing original annotations (Parser).

By observing the annotation files of the ICDAR2013 dataset:

158 128 411 181 "Footpath"
443 128 501 169 "To"
64 200 363 243 "Colchester"
542, 710, 938, 841, "break"
87, 884, 457, 1021, "could"
517, 919, 831, 1024, "save"





We found that the built-in ICDARTxtTextDetAnnParser already meets the requirements, so we can directly use this parser and configure it in the preparer.

parser=dict(
     type='ICDARTxtTextDetAnnParser',
     remove_strs=[',', '"'],
     encoding='utf-8',
     format='x1 y1 x2 y2 trans',
     separator=' ',
     mode='xyxy')





In the configuration for the ICDARTxtTextDetAnnParser, remove_strs=[',', '"'] is specified to remove extra quotes and commas in the annotation files. In the format section, x1 y1 x2 y2 trans indicates that each line in the annotation file contains four coordinates and a text content separated by spaces (separator=’ ‘). Also, mode is set to xyxy, which means that the coordinates in the annotation file are the coordinates of the top-left and bottom-right corners, so that ICDARTxtTextDetAnnParser can parse the annotations into a unified format.

For the packer, taking the file detection task as an example, its packer is TextDetPacker, and its configuration is as follows:

packer=dict(type='TextDetPacker')





Finally, specify the dumper, which is generally saved in json format. Its configuration is as follows:

dumper=dict(type='JsonDumper')





After the above configuration, the configuration file for the ICDAR2013 training set is as follows:

train_preparer = dict(
    obtainer=dict(
        type='NaiveDataObtainer',
        cache_path=cache_path,
        files=[
            dict(
                url='https://rrc.cvc.uab.es/downloads/'
                'Challenge2_Training_Task12_Images.zip',
                save_name='ic13_textdet_train_img.zip',
                md5='a443b9649fda4229c9bc52751bad08fb',
                content=['image'],
                mapping=[['ic13_textdet_train_img', 'textdet_imgs/train']]),
            dict(
                url='https://rrc.cvc.uab.es/downloads/'
                'Challenge2_Training_Task1_GT.zip',
                save_name='ic13_textdet_train_gt.zip',
                md5='f3a425284a66cd67f455d389c972cce4',
                content=['annotation'],
                mapping=[['ic13_textdet_train_gt', 'annotations/train']]),
        ]),
    gatherer=dict(
        type='PairGatherer',
        img_suffixes=['.jpg'],
        rule=[r'(\w+)\.jpg', r'gt_\1.txt']),
    parser=dict(
        type='ICDARTxtTextDetAnnParser',
        remove_strs=[',', '"'],
        format='x1 y1 x2 y2 trans',
        separator=' ',
        mode='xyxy'),
    packer=dict(type='TextDetPacker'),
    dumper=dict(type='JsonDumper'),
)





To automatically generate the basic configuration after the dataset is prepared, you also need to configure the corresponding task’s config_generator.

In this example, since it is a text detection task, you only need to set the generator to TextDetConfigGenerator.

config_generator = dict(type='TextDetConfigGenerator')










Use DataPreparer to prepare customized dataset

[Coming Soon]
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Note

This page is a manual preparation guide for datasets not yet supported by Dataset Preparer, which all these scripts will be eventually migrated into.




Overview




	Dataset
	Images
	
	Annotation Files
	
	





	
	
	training
	validation
	testing
	



	ICDAR2011
	homepage
	-
	-
	
	



	ICDAR2017
	homepage
	instances_training.json
	instances_val.json
	-
	



	CurvedSynText150k
	homepage | Part1 | Part2
	instances_training.json
	-
	-
	



	DeText
	homepage
	-
	-
	-
	



	Lecture Video DB
	homepage
	-
	-
	-
	



	LSVT
	homepage
	-
	-
	-
	



	IMGUR
	homepage
	-
	-
	-
	



	KAIST
	homepage
	-
	-
	-
	



	MTWI
	homepage
	-
	-
	-
	



	ReCTS
	homepage
	-
	-
	-
	



	IIIT-ILST
	homepage
	-
	-
	-
	



	VinText
	homepage
	-
	-
	-
	



	BID
	homepage
	-
	-
	-
	



	RCTW
	homepage
	-
	-
	-
	



	HierText
	homepage
	-
	-
	-
	



	ArT
	homepage
	-
	-
	-
	






Install AWS CLI (optional)


	Since there are some datasets that require the AWS CLI [https://docs.aws.amazon.com/cli/latest/userguide/getting-started-install.html] to be installed in advance, we provide a quick installation guide here:

  curl "https://awscli.amazonaws.com/awscli-exe-linux-x86_64.zip" -o "awscliv2.zip"
  unzip awscliv2.zip
  sudo ./aws/install
  ./aws/install -i /usr/local/aws-cli -b /usr/local/bin
  !aws configure
  # this command will require you to input keys, you can skip them except
  # for the Default region name
  # AWS Access Key ID [None]:
  # AWS Secret Access Key [None]:
  # Default region name [None]: us-east-1
  # Default output format [None]









For users in China, these datasets can also be downloaded from OpenDataLab [https://opendatalab.com/] with high speed:


	CTW1500 [https://opendatalab.com/SCUT-CTW1500?source=OpenMMLab%20GitHub]


	ICDAR2013 [https://opendatalab.com/ICDAR_2013?source=OpenMMLab%20GitHub]


	ICDAR2015 [https://opendatalab.com/ICDAR2015?source=OpenMMLab%20GitHub]


	Totaltext [https://opendatalab.com/TotalText?source=OpenMMLab%20GitHub]


	MSRA-TD500 [https://opendatalab.com/MSRA-TD500?source=OpenMMLab%20GitHub]









Important Note


Note

For users who want to train models on CTW1500, ICDAR 2015/2017, and Totaltext dataset, there might be some images containing orientation info in EXIF data. The default OpenCV
backend used in MMCV would read them and apply the rotation on the images.  However, their gold annotations are made on the raw pixels, and such
inconsistency results in false examples in the training set. Therefore, users should use dict(type='LoadImageFromFile', color_type='color_ignore_orientation') in pipelines to change MMCV’s default loading behaviour. (see DBNet’s pipeline config [https://github.com/open-mmlab/mmocr/blob/main/configs/_base_/det_pipelines/dbnet_pipeline.py] for example)






ICDAR 2011 (Born-Digital Images)


	Step1: Download Challenge1_Training_Task12_Images.zip, Challenge1_Training_Task1_GT.zip, Challenge1_Test_Task12_Images.zip, and Challenge1_Test_Task1_GT.zip from homepage [https://rrc.cvc.uab.es/?ch=1&com=downloads] Task 1.1: Text Localization (2013 edition).

mkdir icdar2011 && cd icdar2011
mkdir imgs && mkdir annotations

# Download ICDAR 2011
wget https://rrc.cvc.uab.es/downloads/Challenge1_Training_Task12_Images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge1_Training_Task1_GT.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge1_Test_Task12_Images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge1_Test_Task1_GT.zip --no-check-certificate

# For images
unzip -q Challenge1_Training_Task12_Images.zip -d imgs/training
unzip -q Challenge1_Test_Task12_Images.zip -d imgs/test
# For annotations
unzip -q Challenge1_Training_Task1_GT.zip -d annotations/training
unzip -q Challenge1_Test_Task1_GT.zip -d annotations/test

rm Challenge1_Training_Task12_Images.zip && rm Challenge1_Test_Task12_Images.zip && rm Challenge1_Training_Task1_GT.zip && rm Challenge1_Test_Task1_GT.zip







	Step 2: Generate instances_training.json and instances_test.json with the following command:

python tools/dataset_converters/textdet/ic11_converter.py PATH/TO/icdar2011 --nproc 4







	After running the above codes, the directory structure should be as follows:

│── icdar2011
│   ├── imgs
│   ├── instances_test.json
│   └── instances_training.json












ICDAR 2017


	Follow similar steps as ICDAR 2015.


	The resulting directory structure looks like the following:

├── icdar2017
│   ├── imgs
│   ├── annotations
│   ├── instances_training.json
│   └── instances_val.json












CurvedSynText150k


	Step1: Download syntext1.zip [https://drive.google.com/file/d/1OSJ-zId2h3t_-I7g_wUkrK-VqQy153Kj/view?usp=sharing] and syntext2.zip [https://drive.google.com/file/d/1EzkcOlIgEp5wmEubvHb7-J5EImHExYgY/view?usp=sharing] to CurvedSynText150k/.


	Step2:

unzip -q syntext1.zip
mv train.json train1.json
unzip images.zip
rm images.zip

unzip -q syntext2.zip
mv train.json train2.json
unzip images.zip
rm images.zip







	Step3: Download instances_training.json [https://download.openmmlab.com/mmocr/data/curvedsyntext/instances_training.json] to CurvedSynText150k/


	Or, generate instances_training.json with following command:

python tools/dataset_converters/common/curvedsyntext_converter.py PATH/TO/CurvedSynText150k --nproc 4







	The resulting directory structure looks like the following:

├── CurvedSynText150k
│   ├── syntext_word_eng
│   ├── emcs_imgs
│   └── instances_training.json












DeText


	Step1: Download ch9_training_images.zip, ch9_training_localization_transcription_gt.zip, ch9_validation_images.zip, and ch9_validation_localization_transcription_gt.zip from Task 3: End to End on the homepage [https://rrc.cvc.uab.es/?ch=9].

mkdir detext && cd detext
mkdir imgs && mkdir annotations && mkdir imgs/training && mkdir imgs/val && mkdir annotations/training && mkdir annotations/val

# Download DeText
wget https://rrc.cvc.uab.es/downloads/ch9_training_images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/ch9_training_localization_transcription_gt.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/ch9_validation_images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/ch9_validation_localization_transcription_gt.zip --no-check-certificate

# Extract images and annotations
unzip -q ch9_training_images.zip -d imgs/training && unzip -q ch9_training_localization_transcription_gt.zip -d annotations/training && unzip -q ch9_validation_images.zip -d imgs/val && unzip -q ch9_validation_localization_transcription_gt.zip -d annotations/val

# Remove zips
rm ch9_training_images.zip && rm ch9_training_localization_transcription_gt.zip && rm ch9_validation_images.zip && rm ch9_validation_localization_transcription_gt.zip







	Step2: Generate instances_training.json and instances_val.json with following command:

python tools/dataset_converters/textdet/detext_converter.py PATH/TO/detext --nproc 4







	After running the above codes, the directory structure should be as follows:

│── detext
│   ├── annotations
│   ├── imgs
│   ├── instances_test.json
│   └── instances_training.json












Lecture Video DB


	Step1: Download IIIT-CVid.zip [http://cdn.iiit.ac.in/cdn/preon.iiit.ac.in/~kartik/IIIT-CVid.zip] to lv/.

mkdir lv && cd lv

# Download LV dataset
wget http://cdn.iiit.ac.in/cdn/preon.iiit.ac.in/~kartik/IIIT-CVid.zip
unzip -q IIIT-CVid.zip

mv IIIT-CVid/Frames imgs

rm IIIT-CVid.zip







	Step2: Generate instances_training.json, instances_val.json, and instances_test.json with following command:

python tools/dataset_converters/textdet/lv_converter.py PATH/TO/lv --nproc 4







	The resulting directory structure looks like the following:

│── lv
│   ├── imgs
│   ├── instances_test.json
│   ├── instances_training.json
│   └── instances_val.json












LSVT


	Step1: Download train_full_images_0.tar.gz [https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_0.tar.gz], train_full_images_1.tar.gz [https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_1.tar.gz], and train_full_labels.json [https://dataset-bj.cdn.bcebos.com/lsvt/train_full_labels.json] to lsvt/.

mkdir lsvt && cd lsvt

# Download LSVT dataset
wget https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_0.tar.gz
wget https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_1.tar.gz
wget https://dataset-bj.cdn.bcebos.com/lsvt/train_full_labels.json

mkdir annotations
tar -xf train_full_images_0.tar.gz && tar -xf train_full_images_1.tar.gz
mv train_full_labels.json annotations/ && mv train_full_images_1/*.jpg train_full_images_0/
mv train_full_images_0 imgs

rm train_full_images_0.tar.gz && rm train_full_images_1.tar.gz && rm -rf train_full_images_1







	Step2: Generate instances_training.json and instances_val.json (optional) with the following command:

# Annotations of LSVT test split is not publicly available, split a validation
# set by adding --val-ratio 0.2
python tools/dataset_converters/textdet/lsvt_converter.py PATH/TO/lsvt







	After running the above codes, the directory structure should be as follows:

|── lsvt
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json (optional)












IMGUR


	Step1: Run download_imgur5k.py to download images. You can merge PR#5 [https://github.com/facebookresearch/IMGUR5K-Handwriting-Dataset/pull/5] in your local repository to enable a much faster parallel execution of image download.

mkdir imgur && cd imgur

git clone https://github.com/facebookresearch/IMGUR5K-Handwriting-Dataset.git

# Download images from imgur.com. This may take SEVERAL HOURS!
python ./IMGUR5K-Handwriting-Dataset/download_imgur5k.py --dataset_info_dir ./IMGUR5K-Handwriting-Dataset/dataset_info/ --output_dir ./imgs

# For annotations
mkdir annotations
mv ./IMGUR5K-Handwriting-Dataset/dataset_info/*.json annotations

rm -rf IMGUR5K-Handwriting-Dataset







	Step2: Generate instances_train.json, instance_val.json and instances_test.json with the following command:

python tools/dataset_converters/textdet/imgur_converter.py PATH/TO/imgur







	After running the above codes, the directory structure should be as follows:

│── imgur
│   ├── annotations
│   ├── imgs
│   ├── instances_test.json
│   ├── instances_training.json
│   └── instances_val.json












KAIST


	Step1: Complete download KAIST_all.zip [http://www.iapr-tc11.org/mediawiki/index.php/KAIST_Scene_Text_Database] to kaist/.

mkdir kaist && cd kaist
mkdir imgs && mkdir annotations

# Download KAIST dataset
wget http://www.iapr-tc11.org/dataset/KAIST_SceneText/KAIST_all.zip
unzip -q KAIST_all.zip

rm KAIST_all.zip







	Step2: Extract zips:

python tools/dataset_converters/common/extract_kaist.py PATH/TO/kaist







	Step3: Generate instances_training.json and instances_val.json (optional) with following command:

# Since KAIST does not provide an official split, you can split the dataset by adding --val-ratio 0.2
python tools/dataset_converters/textdet/kaist_converter.py PATH/TO/kaist --nproc 4







	After running the above codes, the directory structure should be as follows:

│── kaist
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json (optional)












MTWI


	Step1: Download mtwi_2018_train.zip from homepage [https://tianchi.aliyun.com/competition/entrance/231685/information?lang=en-us].

mkdir mtwi && cd mtwi

unzip -q mtwi_2018_train.zip
mv image_train imgs && mv txt_train annotations

rm mtwi_2018_train.zip







	Step2: Generate instances_training.json and instance_val.json (optional) with the following command:

# Annotations of MTWI test split is not publicly available, split a validation
# set by adding --val-ratio 0.2
python tools/dataset_converters/textdet/mtwi_converter.py PATH/TO/mtwi --nproc 4







	After running the above codes, the directory structure should be as follows:

│── mtwi
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json (optional)












ReCTS


	Step1: Download ReCTS.zip [https://datasets.cvc.uab.es/rrc/ReCTS.zip] to rects/ from the homepage [https://rrc.cvc.uab.es/?ch=12&com=downloads].

mkdir rects && cd rects

# Download ReCTS dataset
# You can also find Google Drive link on the dataset homepage
wget https://datasets.cvc.uab.es/rrc/ReCTS.zip --no-check-certificate
unzip -q ReCTS.zip

mv img imgs && mv gt_unicode annotations

rm ReCTS.zip && rm -rf gt







	Step2: Generate instances_training.json and instances_val.json (optional) with following command:

# Annotations of ReCTS test split is not publicly available, split a validation
# set by adding --val-ratio 0.2
python tools/dataset_converters/textdet/rects_converter.py PATH/TO/rects --nproc 4 --val-ratio 0.2







	After running the above codes, the directory structure should be as follows:

│── rects
│   ├── annotations
│   ├── imgs
│   ├── instances_val.json (optional)
│   └── instances_training.json












ILST


	Step1: Download IIIT-ILST from onedrive [https://iiitaphyd-my.sharepoint.com/:f:/g/personal/minesh_mathew_research_iiit_ac_in/EtLvCozBgaBIoqglF4M-lHABMgNcCDW9rJYKKWpeSQEElQ?e=zToXZP]


	Step2: Run the following commands

unzip -q IIIT-ILST.zip && rm IIIT-ILST.zip
cd IIIT-ILST

# rename files
cd Devanagari && for i in `ls`; do mv -f $i `echo "devanagari_"$i`; done && cd ..
cd Malayalam && for i in `ls`; do mv -f $i `echo "malayalam_"$i`; done && cd ..
cd Telugu && for i in `ls`; do mv -f $i `echo "telugu_"$i`; done && cd ..

# transfer image path
mkdir imgs && mkdir annotations
mv Malayalam/{*jpg,*jpeg} imgs/ && mv Malayalam/*xml annotations/
mv Devanagari/*jpg imgs/ && mv Devanagari/*xml annotations/
mv Telugu/*jpeg imgs/ && mv Telugu/*xml annotations/

# remove unnecessary files
rm -rf Devanagari && rm -rf Malayalam && rm -rf Telugu && rm -rf README.txt







	Step3: Generate instances_training.json and instances_val.json (optional). Since the original dataset doesn’t have a validation set, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

python tools/dataset_converters/textdet/ilst_converter.py    PATH/TO/IIIT-ILST --nproc 4







	After running the above codes, the directory structure should be as follows:

│── IIIT-ILST
│   ├── annotations
│   ├── imgs
│   ├── instances_val.json (optional)
│   └── instances_training.json












VinText


	Step1: Download vintext.zip [https://drive.google.com/drive/my-drive] to vintext

mkdir vintext && cd vintext

# Download dataset from google drive
wget --load-cookies /tmp/cookies.txt "https://docs.google.com/uc?export=download&confirm=$(wget --quiet --save-cookies /tmp/cookies.txt --keep-session-cookies --no-check-certificate 'https://docs.google.com/uc?export=download&id=1UUQhNvzgpZy7zXBFQp0Qox-BBjunZ0ml' -O- │ sed -rn 's/.*confirm=([0-9A-Za-z_]+).*/\1\n/p')&id=1UUQhNvzgpZy7zXBFQp0Qox-BBjunZ0ml" -O vintext.zip && rm -rf /tmp/cookies.txt

# Extract images and annotations
unzip -q vintext.zip && rm vintext.zip
mv vietnamese/labels ./ && mv vietnamese/test_image ./ && mv vietnamese/train_images ./ && mv vietnamese/unseen_test_images ./
rm -rf vietnamese

# Rename files
mv labels annotations && mv test_image test && mv train_images  training && mv unseen_test_images  unseen_test
mkdir imgs
mv training imgs/ && mv test imgs/ && mv unseen_test imgs/







	Step2: Generate instances_training.json, instances_test.json and instances_unseen_test.json

python tools/dataset_converters/textdet/vintext_converter.py PATH/TO/vintext --nproc 4







	After running the above codes, the directory structure should be as follows:

│── vintext
│   ├── annotations
│   ├── imgs
│   ├── instances_test.json
│   ├── instances_unseen_test.json
│   └── instances_training.json












BID


	Step1: Download BID Dataset.zip [https://drive.google.com/file/d/1Oi88TRcpdjZmJ79WDLb9qFlBNG8q2De6/view]


	Step2: Run the following commands to preprocess the dataset

# Rename
mv BID\ Dataset.zip BID_Dataset.zip

# Unzip and Rename
unzip -q BID_Dataset.zip && rm BID_Dataset.zip
mv BID\ Dataset BID

# The BID dataset has a problem of permission, and you may
# add permission for this file
chmod -R 777 BID
cd BID
mkdir imgs && mkdir annotations

# For images and annotations
mv CNH_Aberta/*in.jpg imgs && mv CNH_Aberta/*txt annotations && rm -rf CNH_Aberta
mv CNH_Frente/*in.jpg imgs && mv CNH_Frente/*txt annotations && rm -rf CNH_Frente
mv CNH_Verso/*in.jpg imgs && mv CNH_Verso/*txt annotations && rm -rf CNH_Verso
mv CPF_Frente/*in.jpg imgs && mv CPF_Frente/*txt annotations && rm -rf CPF_Frente
mv CPF_Verso/*in.jpg imgs && mv CPF_Verso/*txt annotations && rm -rf CPF_Verso
mv RG_Aberto/*in.jpg imgs && mv RG_Aberto/*txt annotations && rm -rf RG_Aberto
mv RG_Frente/*in.jpg imgs && mv RG_Frente/*txt annotations && rm -rf RG_Frente
mv RG_Verso/*in.jpg imgs && mv RG_Verso/*txt annotations && rm -rf RG_Verso

# Remove unnecessary files
rm -rf desktop.ini







	Step3: - Step3: Generate instances_training.json and instances_val.json (optional). Since the original dataset doesn’t have a validation set, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

python tools/dataset_converters/textdet/bid_converter.py PATH/TO/BID --nproc 4







	After running the above codes, the directory structure should be as follows:

│── BID
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json (optional)












RCTW


	Step1: Download train_images.zip.001, train_images.zip.002, and train_gts.zip from the homepage [https://rctw.vlrlab.net/dataset.html], extract the zips to rctw/imgs and rctw/annotations, respectively.


	Step2: Generate instances_training.json and instances_val.json (optional). Since the test annotations are not publicly available, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

# Annotations of RCTW test split is not publicly available, split a validation set by adding --val-ratio 0.2
python tools/dataset_converters/textdet/rctw_converter.py PATH/TO/rctw --nproc 4







	After running the above codes, the directory structure should be as follows:

│── rctw
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json (optional)












HierText


	Step1 (optional): Install AWS CLI [https://mmocr.readthedocs.io/en/latest/datasets/det.html#install-aws-cli-optional].


	Step2: Clone HierText [https://github.com/google-research-datasets/hiertext] repo to get annotations

mkdir HierText
git clone https://github.com/google-research-datasets/hiertext.git







	Step3: Download train.tgz, validation.tgz from aws

aws s3 --no-sign-request cp s3://open-images-dataset/ocr/train.tgz .
aws s3 --no-sign-request cp s3://open-images-dataset/ocr/validation.tgz .







	Step4: Process raw data

# process annotations
mv hiertext/gt ./
rm -rf hiertext
mv gt annotations
gzip -d annotations/train.jsonl.gz
gzip -d annotations/validation.jsonl.gz
# process images
mkdir imgs
mv train.tgz imgs/
mv validation.tgz imgs/
tar -xzvf imgs/train.tgz
tar -xzvf imgs/validation.tgz







	Step5: Generate instances_training.json and instance_val.json. HierText includes different levels of annotation, from paragraph, line, to word. Check the original paper [https://arxiv.org/pdf/2203.15143.pdf] for details. E.g. set --level paragraph to get paragraph-level annotation. Set --level line to get line-level annotation. set --level word to get word-level annotation.

# Collect word annotation from HierText  --level word
python tools/dataset_converters/textdet/hiertext_converter.py PATH/TO/HierText --level word --nproc 4







	After running the above codes, the directory structure should be as follows:

│── HierText
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json












ArT


	Step1: Download train_images.tar.gz, and train_labels.json from the homepage [https://rrc.cvc.uab.es/?ch=14&com=downloads] to art/

mkdir art && cd art
mkdir annotations

# Download ArT dataset
wget https://dataset-bj.cdn.bcebos.com/art/train_images.tar.gz --no-check-certificate
wget https://dataset-bj.cdn.bcebos.com/art/train_labels.json --no-check-certificate

# Extract
tar -xf train_images.tar.gz
mv train_images imgs
mv train_labels.json annotations/

# Remove unnecessary files
rm train_images.tar.gz







	Step2: Generate instances_training.json and instances_val.json (optional). Since the test annotations are not publicly available, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

# Annotations of ArT test split is not publicly available, split a validation set by adding --val-ratio 0.2
python tools/data/textdet/art_converter.py PATH/TO/art --nproc 4







	After running the above codes, the directory structure should be as follows:

│── art
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json (optional)
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Text Recognition


Note

This page is a manual preparation guide for datasets not yet supported by Dataset Preparer, which all these scripts will be eventually migrated into.




Overview




	Dataset
	images
	annotation file
	annotation file





	
	
	training
	test



	coco_text
	homepage
	train_labels.json
	-



	ICDAR2011
	homepage
	-
	-



	SynthAdd
	SynthText_Add.zip  (code:627x)
	train_labels.json
	-



	OpenVINO
	Open Images
	annotations
	annotations



	DeText
	homepage
	-
	-



	Lecture Video DB
	homepage
	-
	-



	LSVT
	homepage
	-
	-



	IMGUR
	homepage
	-
	-



	KAIST
	homepage
	-
	-



	MTWI
	homepage
	-
	-



	ReCTS
	homepage
	-
	-



	IIIT-ILST
	homepage
	-
	-



	VinText
	homepage
	-
	-



	BID
	homepage
	-
	-



	RCTW
	homepage
	-
	-



	HierText
	homepage
	-
	-



	ArT
	homepage
	-
	-





(*) Since the official homepage is unavailable now, we provide an alternative for quick reference. However, we do not guarantee the correctness of the dataset.


Install AWS CLI (optional)


	Since there are some datasets that require the AWS CLI [https://docs.aws.amazon.com/cli/latest/userguide/getting-started-install.html] to be installed in advance, we provide a quick installation guide here:

  curl "https://awscli.amazonaws.com/awscli-exe-linux-x86_64.zip" -o "awscliv2.zip"
  unzip awscliv2.zip
  sudo ./aws/install
  ./aws/install -i /usr/local/aws-cli -b /usr/local/bin
  !aws configure
  # this command will require you to input keys, you can skip them except
  # for the Default region name
  # AWS Access Key ID [None]:
  # AWS Secret Access Key [None]:
  # Default region name [None]: us-east-1
  # Default output format [None]









For users in China, these datasets can also be downloaded from OpenDataLab [https://opendatalab.com/] with high speed:


	icdar_2013 [https://opendatalab.com/ICDAR_2013?source=OpenMMLab%20GitHub]


	icdar_2015 [https://opendatalab.com/ICDAR2015?source=OpenMMLab%20GitHub]


	IIIT5K [https://opendatalab.com/IIIT_5K?source=OpenMMLab%20GitHub]


	ct80 [https://opendatalab.com/CUTE_80?source=OpenMMLab%20GitHub]


	svt [https://opendatalab.com/SVT?source=OpenMMLab%20GitHub]


	Totaltext [https://opendatalab.com/TotalText?source=OpenMMLab%20GitHub]


	IAM [https://opendatalab.com/IAM_Handwriting?source=OpenMMLab%20GitHub]









ICDAR 2011 (Born-Digital Images)


	Step1: Download Challenge1_Training_Task3_Images_GT.zip, Challenge1_Test_Task3_Images.zip, and Challenge1_Test_Task3_GT.txt from homepage [https://rrc.cvc.uab.es/?ch=1&com=downloads] Task 1.3: Word Recognition (2013 edition).

mkdir icdar2011 && cd icdar2011
mkdir annotations

# Download ICDAR 2011
wget https://rrc.cvc.uab.es/downloads/Challenge1_Training_Task3_Images_GT.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge1_Test_Task3_Images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge1_Test_Task3_GT.txt --no-check-certificate

# For images
mkdir crops
unzip -q Challenge1_Training_Task3_Images_GT.zip -d crops/train
unzip -q Challenge1_Test_Task3_Images.zip -d crops/test

# For annotations
mv Challenge1_Test_Task3_GT.txt annotations && mv crops/train/gt.txt annotations/Challenge1_Train_Task3_GT.txt







	Step2: Convert original annotations to train_labels.json and test_labels.json with the following command:

python tools/dataset_converters/textrecog/ic11_converter.py PATH/TO/icdar2011







	After running the above codes, the directory structure should be as follows:

├── icdar2011
│   ├── crops
│   ├── train_labels.json
│   └── test_labels.json












coco_text


	Step1: Download from homepage [https://rrc.cvc.uab.es/?ch=5&com=downloads]


	Step2: Download train_labels.json [https://download.openmmlab.com/mmocr/data/mixture/coco_text/train_labels.json]


	After running the above codes, the directory structure
should be as follows:

├── coco_text
│   ├── train_labels.json
│   └── train_words












SynthAdd


	Step1: Download SynthText_Add.zip from SynthAdd [https://pan.baidu.com/s/1uV0LtoNmcxbO-0YA7Ch4dg] (code:627x))


	Step2: Download train_labels.json [https://download.openmmlab.com/mmocr/data/1.x/recog/synthtext_add/train_labels.json]


	Step3:

mkdir SynthAdd && cd SynthAdd

mv /path/to/SynthText_Add.zip .

unzip SynthText_Add.zip

mv /path/to/train_labels.json .

# create soft link
cd /path/to/mmocr/data/recog

ln -s /path/to/SynthAdd SynthAdd







	After running the above codes, the directory structure
should be as follows:

├── SynthAdd
│   ├── train_labels.json
│   └── SynthText_Add












OpenVINO


	Step1 (optional): Install AWS CLI [https://mmocr.readthedocs.io/en/latest/datasets/recog.html#install-aws-cli-optional].


	Step2: Download Open Images [https://github.com/cvdfoundation/open-images-dataset#download-images-with-bounding-boxes-annotations] subsets train_1, train_2, train_5, train_f, and validation to openvino/.

mkdir openvino && cd openvino

# Download Open Images subsets
for s in 1 2 5 f; do
  aws s3 --no-sign-request cp s3://open-images-dataset/tar/train_${s}.tar.gz .
done
aws s3 --no-sign-request cp s3://open-images-dataset/tar/validation.tar.gz .

# Download annotations
for s in 1 2 5 f; do
  wget https://storage.openvinotoolkit.org/repositories/openvino_training_extensions/datasets/open_images_v5_text/text_spotting_openimages_v5_train_${s}.json
done
wget https://storage.openvinotoolkit.org/repositories/openvino_training_extensions/datasets/open_images_v5_text/text_spotting_openimages_v5_validation.json

# Extract images
mkdir -p openimages_v5/val
for s in 1 2 5 f; do
  tar zxf train_${s}.tar.gz -C openimages_v5
done
tar zxf validation.tar.gz -C openimages_v5/val







	Step3: Generate train_{1,2,5,f}_labels.json, val_labels.json and crop images using 4 processes with the following command:

python tools/dataset_converters/textrecog/openvino_converter.py /path/to/openvino 4







	After running the above codes, the directory structure
should be as follows:

├── OpenVINO
│   ├── image_1
│   ├── image_2
│   ├── image_5
│   ├── image_f
│   ├── image_val
│   ├── train_1_labels.json
│   ├── train_2_labels.json
│   ├── train_5_labels.json
│   ├── train_f_labels.json
│   └── val_labels.json












DeText


	Step1: Download ch9_training_images.zip, ch9_training_localization_transcription_gt.zip, ch9_validation_images.zip, and ch9_validation_localization_transcription_gt.zip from Task 3: End to End on the homepage [https://rrc.cvc.uab.es/?ch=9].

mkdir detext && cd detext
mkdir imgs && mkdir annotations && mkdir imgs/training && mkdir imgs/val && mkdir annotations/training && mkdir annotations/val

# Download DeText
wget https://rrc.cvc.uab.es/downloads/ch9_training_images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/ch9_training_localization_transcription_gt.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/ch9_validation_images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/ch9_validation_localization_transcription_gt.zip --no-check-certificate

# Extract images and annotations
unzip -q ch9_training_images.zip -d imgs/training && unzip -q ch9_training_localization_transcription_gt.zip -d annotations/training && unzip -q ch9_validation_images.zip -d imgs/val && unzip -q ch9_validation_localization_transcription_gt.zip -d annotations/val

# Remove zips
rm ch9_training_images.zip && rm ch9_training_localization_transcription_gt.zip && rm ch9_validation_images.zip && rm ch9_validation_localization_transcription_gt.zip







	Step2: Generate train_labels.json and test_labels.json with following command:

# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/detext/ignores
python tools/dataset_converters/textrecog/detext_converter.py PATH/TO/detext --nproc 4







	After running the above codes, the directory structure should be as follows:

├── detext
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── test_labels.json












NAF


	Step1: Download labeled_images.tar.gz [https://github.com/herobd/NAF_dataset/releases/tag/v1.0] to naf/.

mkdir naf && cd naf

# Download NAF dataset
wget https://github.com/herobd/NAF_dataset/releases/download/v1.0/labeled_images.tar.gz
tar -zxf labeled_images.tar.gz

# For images
mkdir annotations && mv labeled_images imgs

# For annotations
git clone https://github.com/herobd/NAF_dataset.git
mv NAF_dataset/train_valid_test_split.json annotations/ && mv NAF_dataset/groups annotations/

rm -rf NAF_dataset && rm labeled_images.tar.gz







	Step2: Generate train_labels.json, val_labels.json, and test_labels.json with following command:

# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/naf/ignores
python tools/dataset_converters/textrecog/naf_converter.py PATH/TO/naf --nproc 4







	After running the above codes, the directory structure should be as follows:

├── naf
│   ├── crops
│   ├── train_labels.json
│   ├── val_labels.json
│   └── test_labels.json












Lecture Video DB


Warning

This section is not fully tested yet.




Note

The LV dataset has already provided cropped images and the corresponding annotations




	Step1: Download IIIT-CVid.zip [http://cdn.iiit.ac.in/cdn/preon.iiit.ac.in/~kartik/IIIT-CVid.zip] to lv/.

mkdir lv && cd lv

# Download LV dataset
wget http://cdn.iiit.ac.in/cdn/preon.iiit.ac.in/~kartik/IIIT-CVid.zip
unzip -q IIIT-CVid.zip

# For image
mv IIIT-CVid/Crops ./

# For annotation
mv IIIT-CVid/train.txt train_labels.json && mv IIIT-CVid/val.txt val_label.txt && mv IIIT-CVid/test.txt test_labels.json

rm IIIT-CVid.zip







	Step2: Generate train_labels.json, val.json, and test.json with following command:

python tools/dataset_converters/textdreog/lv_converter.py PATH/TO/lv







	After running the above codes, the directory structure should be as follows:

├── lv
│   ├── Crops
│   ├── train_labels.json
│   └── test_labels.json












LSVT


Warning

This section is not fully tested yet.




	Step1: Download train_full_images_0.tar.gz [https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_0.tar.gz], train_full_images_1.tar.gz [https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_1.tar.gz], and train_full_labels.json [https://dataset-bj.cdn.bcebos.com/lsvt/train_full_labels.json] to lsvt/.

mkdir lsvt && cd lsvt

# Download LSVT dataset
wget https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_0.tar.gz
wget https://dataset-bj.cdn.bcebos.com/lsvt/train_full_images_1.tar.gz
wget https://dataset-bj.cdn.bcebos.com/lsvt/train_full_labels.json

mkdir annotations
tar -xf train_full_images_0.tar.gz && tar -xf train_full_images_1.tar.gz
mv train_full_labels.json annotations/ && mv train_full_images_1/*.jpg train_full_images_0/
mv train_full_images_0 imgs

rm train_full_images_0.tar.gz && rm train_full_images_1.tar.gz && rm -rf train_full_images_1







	Step2: Generate train_labels.json and val_label.json (optional) with the following command:

# Annotations of LSVT test split is not publicly available, split a validation
# set by adding --val-ratio 0.2
# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/lsvt/ignores
python tools/dataset_converters/textdrecog/lsvt_converter.py PATH/TO/lsvt --nproc 4







	After running the above codes, the directory structure should be as follows:

├── lsvt
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json (optional)












IMGUR


Warning

This section is not fully tested yet.




	Step1: Run download_imgur5k.py to download images. You can merge PR#5 [https://github.com/facebookresearch/IMGUR5K-Handwriting-Dataset/pull/5] in your local repository to enable a much faster parallel execution of image download.

mkdir imgur && cd imgur

git clone https://github.com/facebookresearch/IMGUR5K-Handwriting-Dataset.git

# Download images from imgur.com. This may take SEVERAL HOURS!
python ./IMGUR5K-Handwriting-Dataset/download_imgur5k.py --dataset_info_dir ./IMGUR5K-Handwriting-Dataset/dataset_info/ --output_dir ./imgs

# For annotations
mkdir annotations
mv ./IMGUR5K-Handwriting-Dataset/dataset_info/*.json annotations

rm -rf IMGUR5K-Handwriting-Dataset







	Step2: Generate train_labels.json, val_label.txt and test_labels.json and crop images with the following command:

python tools/dataset_converters/textrecog/imgur_converter.py PATH/TO/imgur







	After running the above codes, the directory structure should be as follows:

├── imgur
│   ├── crops
│   ├── train_labels.json
│   ├── test_labels.json
│   └── val_label.json












KAIST


Warning

This section is not fully tested yet.




	Step1: Download KAIST_all.zip [http://www.iapr-tc11.org/mediawiki/index.php/KAIST_Scene_Text_Database] to kaist/.

mkdir kaist && cd kaist
mkdir imgs && mkdir annotations

# Download KAIST dataset
wget http://www.iapr-tc11.org/dataset/KAIST_SceneText/KAIST_all.zip
unzip -q KAIST_all.zip && rm KAIST_all.zip







	Step2: Extract zips:

python tools/dataset_converters/common/extract_kaist.py PATH/TO/kaist







	Step3: Generate train_labels.json and val_label.json (optional) with following command:

# Since KAIST does not provide an official split, you can split the dataset by adding --val-ratio 0.2
# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/kaist/ignores
python tools/dataset_converters/textrecog/kaist_converter.py PATH/TO/kaist --nproc 4







	After running the above codes, the directory structure should be as follows:

├── kaist
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json (optional)












MTWI


Warning

This section is not fully tested yet.




	Step1: Download mtwi_2018_train.zip from homepage [https://tianchi.aliyun.com/competition/entrance/231685/information?lang=en-us].

mkdir mtwi && cd mtwi

unzip -q mtwi_2018_train.zip
mv image_train imgs && mv txt_train annotations

rm mtwi_2018_train.zip







	Step2: Generate train_labels.json and val_label.json (optional) with the following command:

# Annotations of MTWI test split is not publicly available, split a validation
# set by adding --val-ratio 0.2
# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/mtwi/ignores
python tools/dataset_converters/textrecog/mtwi_converter.py PATH/TO/mtwi --nproc 4







	After running the above codes, the directory structure should be as follows:

├── mtwi
│   ├── crops
│   ├── train_labels.json
│   └── val_label.json (optional)












ReCTS


Warning

This section is not fully tested yet.




	Step1: Download ReCTS.zip [https://datasets.cvc.uab.es/rrc/ReCTS.zip] to rects/ from the homepage [https://rrc.cvc.uab.es/?ch=12&com=downloads].

mkdir rects && cd rects

# Download ReCTS dataset
# You can also find Google Drive link on the dataset homepage
wget https://datasets.cvc.uab.es/rrc/ReCTS.zip --no-check-certificate
unzip -q ReCTS.zip

mv img imgs && mv gt_unicode annotations

rm ReCTS.zip -f && rm -rf gt







	Step2: Generate train_labels.json and val_label.json (optional) with the following command:

# Annotations of ReCTS test split is not publicly available, split a validation
# set by adding --val-ratio 0.2
# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/rects/ignores
python tools/dataset_converters/textrecog/rects_converter.py PATH/TO/rects --nproc 4







	After running the above codes, the directory structure should be as follows:

├── rects
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json (optional)












ILST


Warning

This section is not fully tested yet.




	Step1: Download IIIT-ILST.zip from onedrive link [https://iiitaphyd-my.sharepoint.com/:f:/g/personal/minesh_mathew_research_iiit_ac_in/EtLvCozBgaBIoqglF4M-lHABMgNcCDW9rJYKKWpeSQEElQ?e=zToXZP]


	Step2: Run the following commands

unzip -q IIIT-ILST.zip && rm IIIT-ILST.zip
cd IIIT-ILST

# rename files
cd Devanagari && for i in `ls`; do mv -f $i `echo "devanagari_"$i`; done && cd ..
cd Malayalam && for i in `ls`; do mv -f $i `echo "malayalam_"$i`; done && cd ..
cd Telugu && for i in `ls`; do mv -f $i `echo "telugu_"$i`; done && cd ..

# transfer image path
mkdir imgs && mkdir annotations
mv Malayalam/{*jpg,*jpeg} imgs/ && mv Malayalam/*xml annotations/
mv Devanagari/*jpg imgs/ && mv Devanagari/*xml annotations/
mv Telugu/*jpeg imgs/ && mv Telugu/*xml annotations/

# remove unnecessary files
rm -rf Devanagari && rm -rf Malayalam && rm -rf Telugu && rm -rf README.txt







	Step3: Generate train_labels.json and val_label.json (optional) and crop images using 4 processes with the following command (add --preserve-vertical if you wish to preserve the images containing vertical texts). Since the original dataset doesn’t have a validation set, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

python tools/dataset_converters/textrecog/ilst_converter.py PATH/TO/IIIT-ILST --nproc 4







	After running the above codes, the directory structure should be as follows:

├── IIIT-ILST
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json (optional)












VinText


Warning

This section is not fully tested yet.




	Step1: Download vintext.zip [https://drive.google.com/drive/my-drive] to vintext

mkdir vintext && cd vintext

# Download dataset from google drive
wget --load-cookies /tmp/cookies.txt "https://docs.google.com/uc?export=download&confirm=$(wget --quiet --save-cookies /tmp/cookies.txt --keep-session-cookies --no-check-certificate 'https://docs.google.com/uc?export=download&id=1UUQhNvzgpZy7zXBFQp0Qox-BBjunZ0ml' -O- | sed -rn 's/.*confirm=([0-9A-Za-z_]+).*/\1\n/p')&id=1UUQhNvzgpZy7zXBFQp0Qox-BBjunZ0ml" -O vintext.zip && rm -rf /tmp/cookies.txt

# Extract images and annotations
unzip -q vintext.zip && rm vintext.zip
mv vietnamese/labels ./ && mv vietnamese/test_image ./ && mv vietnamese/train_images ./ && mv vietnamese/unseen_test_images ./
rm -rf vietnamese

# Rename files
mv labels annotations && mv test_image test && mv train_images  training && mv unseen_test_images  unseen_test
mkdir imgs
mv training imgs/ && mv test imgs/ && mv unseen_test imgs/







	Step2: Generate train_labels.json, test_labels.json, unseen_test_labels.json,  and crop images using 4 processes with the following command (add --preserve-vertical if you wish to preserve the images containing vertical texts).

python tools/dataset_converters/textrecog/vintext_converter.py PATH/TO/vietnamese --nproc 4







	After running the above codes, the directory structure should be as follows:

├── vintext
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   ├── test_labels.json
│   └── unseen_test_labels.json












BID


Warning

This section is not fully tested yet.




	Step1: Download BID Dataset.zip [https://drive.google.com/file/d/1Oi88TRcpdjZmJ79WDLb9qFlBNG8q2De6/view]


	Step2: Run the following commands to preprocess the dataset

# Rename
mv BID\ Dataset.zip BID_Dataset.zip

# Unzip and Rename
unzip -q BID_Dataset.zip && rm BID_Dataset.zip
mv BID\ Dataset BID

# The BID dataset has a problem of permission, and you may
# add permission for this file
chmod -R 777 BID
cd BID
mkdir imgs && mkdir annotations

# For images and annotations
mv CNH_Aberta/*in.jpg imgs && mv CNH_Aberta/*txt annotations && rm -rf CNH_Aberta
mv CNH_Frente/*in.jpg imgs && mv CNH_Frente/*txt annotations && rm -rf CNH_Frente
mv CNH_Verso/*in.jpg imgs && mv CNH_Verso/*txt annotations && rm -rf CNH_Verso
mv CPF_Frente/*in.jpg imgs && mv CPF_Frente/*txt annotations && rm -rf CPF_Frente
mv CPF_Verso/*in.jpg imgs && mv CPF_Verso/*txt annotations && rm -rf CPF_Verso
mv RG_Aberto/*in.jpg imgs && mv RG_Aberto/*txt annotations && rm -rf RG_Aberto
mv RG_Frente/*in.jpg imgs && mv RG_Frente/*txt annotations && rm -rf RG_Frente
mv RG_Verso/*in.jpg imgs && mv RG_Verso/*txt annotations && rm -rf RG_Verso

# Remove unnecessary files
rm -rf desktop.ini







	Step3: Generate train_labels.json and val_label.json (optional) and crop images using 4 processes with the following command (add --preserve-vertical if you wish to preserve the images containing vertical texts). Since the original dataset doesn’t have a validation set, you may specify --val-ratio to split the dataset. E.g., if test-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

python tools/dataset_converters/textrecog/bid_converter.py PATH/TO/BID --nproc 4







	After running the above codes, the directory structure should be as follows:

├── BID
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json (optional)












RCTW


Warning

This section is not fully tested yet.




	Step1: Download train_images.zip.001, train_images.zip.002, and train_gts.zip from the homepage [https://rctw.vlrlab.net/dataset.html], extract the zips to rctw/imgs and rctw/annotations, respectively.


	Step2: Generate train_labels.json and val_label.json (optional). Since the original dataset doesn’t have a validation set, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

# Annotations of RCTW test split is not publicly available, split a validation set by adding --val-ratio 0.2
# Add --preserve-vertical to preserve vertical texts for training, otherwise vertical images will be filtered and stored in PATH/TO/rctw/ignores
python tools/dataset_converters/textrecog/rctw_converter.py PATH/TO/rctw --nproc 4







	After running the above codes, the directory structure should be as follows:

│── rctw
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json (optional)












HierText


Warning

This section is not fully tested yet.




	Step1 (optional): Install AWS CLI [https://mmocr.readthedocs.io/en/latest/datasets/recog.html#install-aws-cli-optional].


	Step2: Clone HierText [https://github.com/google-research-datasets/hiertext] repo to get annotations

mkdir HierText
git clone https://github.com/google-research-datasets/hiertext.git







	Step3: Download train.tgz, validation.tgz from aws

aws s3 --no-sign-request cp s3://open-images-dataset/ocr/train.tgz .
aws s3 --no-sign-request cp s3://open-images-dataset/ocr/validation.tgz .







	Step4: Process raw data

# process annotations
mv hiertext/gt ./
rm -rf hiertext
mv gt annotations
gzip -d annotations/train.json.gz
gzip -d annotations/validation.json.gz
# process images
mkdir imgs
mv train.tgz imgs/
mv validation.tgz imgs/
tar -xzvf imgs/train.tgz
tar -xzvf imgs/validation.tgz







	Step5: Generate train_labels.json and val_label.json. HierText includes different levels of annotation, including paragraph, line, and word. Check the original paper [https://arxiv.org/pdf/2203.15143.pdf] for details. E.g. set --level paragraph to get paragraph-level annotation. Set --level line to get line-level annotation. set --level word to get word-level annotation.

# Collect word annotation from HierText  --level word
# Add --preserve-vertical to preserve vertical texts for training, otherwise vertical images will be filtered and stored in PATH/TO/HierText/ignores
python tools/dataset_converters/textrecog/hiertext_converter.py PATH/TO/HierText --level word --nproc 4







	After running the above codes, the directory structure should be as follows:

│── HierText
│   ├── crops
│   ├── ignores
│   ├── train_labels.json
│   └── val_label.json












ArT


Warning

This section is not fully tested yet.




	Step1: Download train_images.tar.gz, and train_labels.json from the homepage [https://rrc.cvc.uab.es/?ch=14&com=downloads] to art/

mkdir art && cd art
mkdir annotations

# Download ArT dataset
wget https://dataset-bj.cdn.bcebos.com/art/train_task2_images.tar.gz
wget https://dataset-bj.cdn.bcebos.com/art/train_task2_labels.json

# Extract
tar -xf train_task2_images.tar.gz
mv train_task2_images crops
mv train_task2_labels.json annotations/

# Remove unnecessary files
rm train_images.tar.gz







	Step2: Generate train_labels.json and val_label.json (optional). Since the test annotations are not publicly available, you may specify --val-ratio to split the dataset. E.g., if val-ratio is 0.2, then 20% of the data are left out as the validation set in this example.

# Annotations of ArT test split is not publicly available, split a validation set by adding --val-ratio 0.2
python tools/dataset_converters/textrecog/art_converter.py PATH/TO/art







	After running the above codes, the directory structure should be as follows:

│── art
│   ├── crops
│   ├── train_labels.json
│   └── val_label.json (optional)
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Key Information Extraction


Note

This page is a manual preparation guide for datasets not yet supported by Dataset Preparer, which all these scripts will be eventually migrated into.




Overview

The structure of the key information extraction dataset directory is organized as follows.

└── wildreceipt
  ├── class_list.txt
  ├── dict.txt
  ├── image_files
  ├── openset_train.txt
  ├── openset_test.txt
  ├── test.txt
  └── train.txt








Preparation Steps


WildReceipt


	Just download and extract wildreceipt.tar [https://download.openmmlab.com/mmocr/data/wildreceipt.tar].







WildReceiptOpenset


	Step0: have WildReceipt prepared.


	Step1: Convert annotation files to OpenSet format:




# You may find more available arguments by running
# python tools/data/kie/closeset_to_openset.py -h
python tools/data/kie/closeset_to_openset.py data/wildreceipt/train.txt data/wildreceipt/openset_train.txt
python tools/data/kie/closeset_to_openset.py data/wildreceipt/test.txt data/wildreceipt/openset_test.txt






Note

You can learn more about the key differences between CloseSet and OpenSet annotations in our tutorial.
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Overview


Weights

Here are the list of weights available for
Inference.

For the ease of reference, some weights may have shorter aliases, which will be
separated by / in the table.
For example, “DB_r18 / dbnet_resnet18_fpnc_1200e_icdar2015” means that you can
use either DB_r18 or dbnet_resnet18_fpnc_1200e_icdar2015
to initialize the Inferencer:

>>> from mmocr.apis import TextDetInferencer
>>> inferencer = TextDetInferencer(model='DB_r18')
>>> # equivalent to
>>> inferencer = TextDetInferencer(model='dbnet_resnet18_fpnc_1200e_icdar2015')






Text Detection



	Model

	README

	ICDAR2015 (hmean-iou)

	CTW1500 (hmean-iou)

	Totaltext (hmean-iou)





	DB_r18 / dbnet_resnet18_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnet/README.md]

	0.8169

	-

	-



	dbnet_resnet50_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnet/README.md]

	0.8504

	-

	-



	dbnet_resnet50-dcnv2_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnet/README.md]

	0.8543

	-

	-



	DB_r50 / DBNet / dbnet_resnet50-oclip_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnet/README.md]

	0.8644

	-

	-



	dbnet_resnet18_fpnc_1200e_totaltext

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnet/README.md]

	-

	-

	0.8182



	DBPP_r50 / dbnetpp_resnet50_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnetpp/README.md]

	0.8622

	-

	-



	dbnetpp_resnet50-dcnv2_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnetpp/README.md]

	0.8684

	-

	-



	DBNetpp / dbnetpp_resnet50-oclip_fpnc_1200e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/dbnetpp/README.md]

	0.8882

	-

	-



	MaskRCNN_CTW / mask-rcnn_resnet50_fpn_160e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/maskrcnn/README.md]

	-

	0.7458

	-



	mask-rcnn_resnet50-oclip_fpn_160e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/maskrcnn/README.md]

	-

	0.7562

	-



	MaskRCNN_IC15 / mask-rcnn_resnet50_fpn_160e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/maskrcnn/README.md]

	0.8182

	-

	-



	MaskRCNN / mask-rcnn_resnet50-oclip_fpn_160e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/maskrcnn/README.md]

	0.8513

	-

	-



	DRRG / drrg_resnet50_fpn-unet_1200e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/drrg/README.md]

	-

	0.8467

	-



	FCE_CTW_DCNv2 / fcenet_resnet50-dcnv2_fpn_1500e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/fcenet/README.md]

	-

	0.8488

	-



	fcenet_resnet50-oclip_fpn_1500e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/fcenet/README.md]

	-

	0.8192

	-



	FCE_IC15 / fcenet_resnet50_fpn_1500e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/fcenet/README.md]

	0.8528

	-

	-



	FCENet / fcenet_resnet50-oclip_fpn_1500e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/fcenet/README.md]

	0.8604

	-

	-



	fcenet_resnet50_fpn_1500e_totaltext

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/fcenet/README.md]

	-

	-

	0.8134



	PANet_CTW / panet_resnet18_fpem-ffm_600e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/panet/README.md]

	-

	0.777

	-



	PANet_IC15 / panet_resnet18_fpem-ffm_600e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/panet/README.md]

	0.7848

	-

	-



	PS_CTW / psenet_resnet50_fpnf_600e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/psenet/README.md]

	-

	0.7793

	-



	psenet_resnet50-oclip_fpnf_600e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/psenet/README.md]

	-

	0.8037

	-



	PS_IC15 / psenet_resnet50_fpnf_600e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/psenet/README.md]

	0.7998

	-

	-



	PSENet / psenet_resnet50-oclip_fpnf_600e_icdar2015

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/psenet/README.md]

	0.8478

	-

	-



	textsnake_resnet50_fpn-unet_1200e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/textsnake/README.md]

	-

	0.8286

	-



	TextSnake / textsnake_resnet50-oclip_fpn-unet_1200e_ctw1500

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textdet/textsnake/README.md]

	-

	0.8529

	-









Text Recognition


Note

Avg is the average on IIIT5K, SVT, ICDAR2013, ICDAR2015, SVTP, CT80.





	Model

	README

	Avg (word_acc)

	IIIT5K (word_acc)

	SVT (word_acc)

	ICDAR2013 (word_acc)

	ICDAR2015 (word_acc)

	SVTP (word_acc)

	CT80 (word_acc)





	ABINet_Vision / abinet-vision_20e_st-an_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/abinet/README.md]

	0.88

	0.95

	0.91

	0.94

	0.79

	0.84

	0.84



	ABINet / abinet_20e_st-an_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/abinet/README.md]

	0.91

	0.96

	0.94

	0.95

	0.81

	0.89

	0.88



	ASTER / aster_resnet45_6e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/aster/README.md]

	0.86

	0.94

	0.89

	0.93

	0.77

	0.81

	0.85



	CRNN / crnn_mini-vgg_5e_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/crnn/README.md]

	0.70

	0.81

	0.81

	0.87

	0.56

	0.61

	0.57



	MASTER / master_resnet31_12e_st_mj_sa

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/master/README.md]

	0.88

	0.95

	0.90

	0.95

	0.76

	0.85

	0.89



	nrtr_modality-transform_6e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/nrtr/README.md]

	0.83

	0.92

	0.88

	0.94

	0.72

	0.78

	0.75



	NRTR / NRTR_1/8-1/4 / nrtr_resnet31-1by8-1by4_6e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/nrtr/README.md]

	0.87

	0.95

	0.88

	0.95

	0.76

	0.80

	0.89



	NRTR_1/16-1/8 / nrtr_resnet31-1by16-1by8_6e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/nrtr/README.md]

	0.87

	0.95

	0.90

	0.94

	0.74

	0.80

	0.89



	svtr-small / svtr-small_20e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/svtr/README.md]

	0.86

	0.86

	0.90

	0.94

	0.75

	0.85

	0.89



	svtr-base / svtr-base_20e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/svtr/README.md]

	0.87

	0.86

	0.92

	0.94

	0.74

	0.84

	0.90



	RobustScanner / robustscanner_resnet31_5e_st-sub_mj-sub_sa_real

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/robust_scanner/README.md]

	0.87

	0.95

	0.89

	0.93

	0.76

	0.81

	0.87



	SAR / sar_resnet31_parallel-decoder_5e_st-sub_mj-sub_sa_real

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/sar/README.md]

	0.88

	0.95

	0.88

	0.94

	0.76

	0.83

	0.90



	sar_resnet31_sequential-decoder_5e_st-sub_mj-sub_sa_real

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/sar/README.md]

	0.87

	0.96

	0.87

	0.94

	0.77

	0.81

	0.89



	SATRN / satrn_shallow_5e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/satrn/README.md]

	0.90

	0.96

	0.92

	0.96

	0.80

	0.88

	0.90



	SATRN_sm / satrn_shallow-small_5e_st_mj

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/textrecog/satrn/README.md]

	0.88

	0.94

	0.90

	0.96

	0.79

	0.86

	0.85









Key Information Extraction



	Model

	README

	wildreceipt (macro_f1)





	SDMGR / sdmgr_unet16_60e_wildreceipt

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/kie/sdmgr/README.md]

	0.89



	sdmgr_novisual_60e_wildreceipt

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/kie/sdmgr/README.md]

	0.87



	sdmgr_novisual_60e_wildreceipt_openset

	link [https://github.com/open-mmlab/mmocr/blob/1.x/configs/kie/sdmgr/README.md]

	0.93











Statistics


	Number of checkpoints: 48


	Number of configs: 49


	Number of papers: 19


	ALGORITHM: 19









 BackBones


	Number of checkpoints: 1


	Number of configs: 0


	Number of papers: 1


	[ALGORITHM] Language Matters: A Weakly Supervised Vision-Language Pre-Training Approach for Scene Text Detection and Spotting











 Text Detection Models


	Number of checkpoints: 29


	Number of configs: 29


	Number of papers: 8


	[ALGORITHM] Deep Relational Reasoning Graph Network for Arbitrary Shape Text Detection


	[ALGORITHM] Efficient and Accurate Arbitrary-Shaped Text Detection With Pixel Aggregation Network


	[ALGORITHM] Fourier Contour Embedding for Arbitrary-Shaped Text Detection


	[ALGORITHM] Mask R-CNN


	[ALGORITHM] Real-Time Scene Text Detection With Differentiable Binarization and Adaptive Scale Fusion


	[ALGORITHM] Real-Time Scene Text Detection With Differentiable Binarization


	[ALGORITHM] Shape Robust Text Detection With Progressive Scale Expansion Network


	[ALGORITHM] Textsnake: A Flexible Representation for Detecting Text of Arbitrary Shapes











 Text Recognition Models


	Number of checkpoints: 16


	Number of configs: 17


	Number of papers: 9


	[ALGORITHM] An End-to-End Trainable Neural Network for Image-Based Sequence Recognition and Its Application to Scene Text Recognition


	[ALGORITHM] Aster: An Attentional Scene Text Recognizer With Flexible Rectification


	[ALGORITHM] Master: Multi-Aspect Non-Local Network for Scene Text Recognition


	[ALGORITHM] Nrtr: A No-Recurrence Sequence-to-Sequence Model for Scene Text Recognition


	[ALGORITHM] On Recognizing Texts of Arbitrary Shapes With 2d Self-Attention


	[ALGORITHM] Read Like Humans: Autonomous, Bidirectional and Iterative Language Modeling for Scene Text Recognition


	[ALGORITHM] Robustscanner: Dynamically Enhancing Positional Clues for Robust Text Recognition


	[ALGORITHM] Show, Attend and Read: A Simple and Strong Baseline for Irregular Text Recognition


	[ALGORITHM] Svtr: Scene Text Recognition With a Single Visual Model











 Key Information Extraction Models


	Number of checkpoints: 3


	Number of configs: 3


	Number of papers: 1


	[ALGORITHM] Spatial Dual-Modality Graph Reasoning for Key Information Extraction
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SOTA Models

Here are some selected project implementations that are not yet included in
MMOCR package, but are ready to use.


ABCNet: Real-time Scene Text Spotting with Adaptive Bezier-Curve Network

This is an implementation of ABCNet [https://github.com/aim-uofa/AdelaiDet] based on MMOCR [https://github.com/open-mmlab/mmocr/tree/dev-1.x], MMCV [https://github.com/open-mmlab/mmcv], and MMEngine [https://github.com/open-mmlab/mmengine].

ABCNet is a conceptually novel, efficient, and fully convolutional framework for text spotting, which address the problem by proposing the Adaptive Bezier-Curve Network (ABCNet). Our contributions are three-fold: 1) For the first time, we adaptively fit arbitrarily-shaped text by a parameterized Bezier curve. 2) We design a novel BezierAlign layer for extracting accurate convolution features of a text instance with arbitrary shapes, significantly improving the precision compared with previous methods. 3) Compared with standard bounding box detection, our Bezier curve detection introduces negligible computation overhead, resulting in superiority of our method in both efficiency and accuracy. Experiments on arbitrarily-shaped benchmark datasets, namely Total-Text and CTW1500, demonstrate that ABCNet achieves state-of-the-art accuracy, meanwhile significantly improving the speed. In particular, on Total-Text, our realtime version is over 10 times faster than recent state-of-the-art methods with a competitive recognition accuracy.
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BackBones


oCLIP

Language Matters: A Weakly Supervised Vision-Language Pre-training Approach for Scene Text Detection and Spotting [https://www.ecva.net/papers/eccv_2022/papers_ECCV/papers/136880282.pdf]



Abstract

