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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


	MMCV [https://mmcv.readthedocs.io/en/latest/#installation]


	MMDetection [https://mmdetection.readthedocs.io/en/latest/#installation]




MMOCR has different version requirements on 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
	MMCV
	MMDetection





	master
	1.3.8 <= mmcv <= 1.5.0
	2.14.0 <= mmdet <= 3.0.0



	0.5.0
	1.3.8 <= mmcv <= 1.5.0
	2.14.0 <= mmdet <= 3.0.0



	0.4.0, 0.4.1
	1.3.8 <= mmcv <= 1.5.0
	2.14.0 <= mmdet <= 2.20.0



	0.3.0
	1.3.8 <= mmcv <= 1.4.0
	2.14.0 <= mmdet <= 2.20.0



	0.2.1
	1.3.8 <= mmcv <= 1.4.0
	2.13.0 <= mmdet <= 2.20.0



	0.2.0
	1.3.4 <= mmcv <= 1.4.0
	2.11.0 <= mmdet <= 2.13.0



	0.1.0
	1.2.6 <= mmcv <= 1.3.4
	2.9.0 <= mmdet <= 2.11.0





We have tested the following versions of OS and software:


	OS: Ubuntu 16.04


	CUDA: 10.1


	GCC(G++): 5.4.0


	MMCV 1.3.8


	MMDetection 2.14.0


	PyTorch 1.6.0


	torchvision 0.7.0




MMOCR depends on PyTorch and mmdetection.




Step-by-Step Installation Instructions

a. Create a Conda virtual environment and activate it.

conda create -n open-mmlab python=3.7 -y
conda activate open-mmlab





b. Install PyTorch and torchvision following the official instructions [https://pytorch.org/], e.g.,

conda install pytorch==1.6.0 torchvision==0.7.0 cudatoolkit=10.1 -c pytorch






Note

Make sure that your compilation CUDA version and runtime CUDA version matches.
You can check the supported CUDA version for precompiled packages on the PyTorch website [https://pytorch.org/].



c. Install mmcv [https://github.com/open-mmlab/mmcv], we recommend you to install the pre-build mmcv as below.

pip install mmcv-full -f https://download.openmmlab.com/mmcv/dist/{cu_version}/{torch_version}/index.html





Please replace {cu_version} and {torch_version} in the url with your desired one. For example, to install the latest mmcv-full with CUDA 11 and PyTorch 1.7.0, use the following command:

pip install mmcv-full -f https://download.openmmlab.com/mmcv/dist/cu110/torch1.7.0/index.html






Note

mmcv-full is only compiled on PyTorch 1.x.0 because the compatibility usually holds between 1.x.0 and 1.x.1. If your PyTorch version is 1.x.1, you can install mmcv-full compiled with PyTorch 1.x.0 and it usually works well.

# We can ignore the micro version of PyTorch
pip install mmcv-full -f https://download.openmmlab.com/mmcv/dist/cu110/torch1.7/index.html








Note

If it compiles during installation, then please check that the CUDA version and PyTorch version exactly matches the version in the mmcv-full installation command.

See official installation guide [https://github.com/open-mmlab/mmcv#installation] for different versions of MMCV compatible to different PyTorch and CUDA versions.




Warning

You need to run pip uninstall mmcv first if you have mmcv installed. If mmcv and mmcv-full are both installed, there will be ModuleNotFoundError.



d. Install mmdet [https://github.com/open-mmlab/mmdetection], we recommend you to install the latest mmdet with pip.
See here [https://pypi.org/project/mmdet/] for different versions of mmdet.

pip install mmdet





Optionally you can choose to install mmdet following the official installation guide [https://github.com/open-mmlab/mmdetection/blob/master/docs/get_started.md].

e. Clone the MMOCR repository.

git clone https://github.com/open-mmlab/mmocr.git
cd mmocr





f. Install build requirements and then install MMOCR.

pip install -r requirements.txt
pip install -v -e . # or "python setup.py develop"
export PYTHONPATH=$(pwd):$PYTHONPATH








Full Set-up Script

Here is the full script for setting up MMOCR with Conda.

conda create -n open-mmlab python=3.7 -y
conda activate open-mmlab

# install latest pytorch prebuilt with the default prebuilt CUDA version (usually the latest)
conda install pytorch==1.6.0 torchvision==0.7.0 cudatoolkit=10.1 -c pytorch

# install the latest mmcv-full
pip install mmcv-full -f https://download.openmmlab.com/mmcv/dist/cu101/torch1.6.0/index.html

# install mmdetection
pip install mmdet

# install mmocr
git clone https://github.com/open-mmlab/mmocr.git
cd mmocr

pip install -r requirements.txt
pip install -v -e .  # or "python setup.py develop"
export PYTHONPATH=$(pwd):$PYTHONPATH








Another option: Docker Image

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








Prepare Datasets

It is recommended to symlink the dataset root to mmocr/data. Please refer to datasets.md to prepare your datasets.
If your folder structure is different, you may need to change the corresponding paths in config files.

The mmocr folder is organized as follows:

├── configs/
├── demo/
├── docker/
├── docs/
├── LICENSE
├── mmocr/
├── README.md
├── requirements/
├── requirements.txt
├── resources/
├── setup.cfg
├── setup.py
├── tests/
├── tools/











            

          

      

      

    

  

    
      
          
            
  
Getting Started

In this guide we will show you some useful commands and familiarize you with MMOCR. We also provide a notebook [https://github.com/open-mmlab/mmocr/blob/main/demo/MMOCR_Tutorial.ipynb] that can help you get the most out of MMOCR.


Installation

Check out our installation guide for full steps.




Dataset Preparation

MMOCR supports numerous datasets which are classified by the type of their corresponding tasks. You may find their preparation steps in these sections: Detection Datasets, Recognition Datasets, KIE Datasets and NER Datasets.




Inference with Pretrained Models

You can perform end-to-end OCR on our demo image with one simple line of command:

python mmocr/utils/ocr.py demo/demo_text_ocr.jpg --print-result --imshow





Its detection result will be printed out and a new window will pop up with result visualization. More demo and full instructions can be found in Demo.




Training


Training with Toy Dataset

We provide a toy dataset under tests/data on which you can get a sense of training before the academic dataset is prepared.

For example, to train a text recognition task with seg method and toy dataset,

python tools/train.py configs/textrecog/seg/seg_r31_1by16_fpnocr_toy_dataset.py --work-dir seg





To train a text recognition task with sar method and toy dataset,

python tools/train.py configs/textrecog/sar/sar_r31_parallel_decoder_toy_dataset.py --work-dir sar








Training with Academic Dataset

Once you have prepared required academic dataset following our instruction, the only last thing to check is if the model’s config points MMOCR to the correct dataset path. Suppose we want to train DBNet on ICDAR 2015, and part of configs/_base_/det_datasets/icdar2015.py looks like the following:

dataset_type = 'IcdarDataset'
data_root = 'data/icdar2015'
train = dict(
    type=dataset_type,
    ann_file=f'{data_root}/instances_training.json',
    img_prefix=f'{data_root}/imgs',
    pipeline=None)
test = dict(
    type=dataset_type,
    ann_file=f'{data_root}/instances_test.json',
    img_prefix=f'{data_root}/imgs',
    pipeline=None)
train_list = [train]
test_list = [test]





You would need to check if data/icdar2015 is right. Then you can start training with the command:

python tools/train.py configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py --work-dir dbnet





You can find full training instructions, explanations and useful training configs in Training.






Testing

Suppose now you have finished the training of DBNet and the latest model has been saved in dbnet/latest.pth. You can evaluate its performance on the test set using the hmean-iou metric with the following command:

python tools/test.py configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py dbnet/latest.pth --eval hmean-iou





Evaluating any pretrained model accessible online is also allowed:

python tools/test.py configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py https://download.openmmlab.com/mmocr/textdet/dbnet/dbnet_r18_fpnc_sbn_1200e_icdar2015_20210329-ba3ab597.pth --eval hmean-iou





More instructions on testing are available in Testing.







            

          

      

      

    

  

    
      
          
            
  
Demo

We provide an easy-to-use API for the demo and application purpose in ocr.py [https://github.com/open-mmlab/mmocr/blob/main/mmocr/utils/ocr.py] script.

The API can be called through command line (CL) or by calling it from another python script.
It exposes all the models in MMOCR to API as individual modules that can be called and chained together. Tesseract [https://tesseract-ocr.github.io/] is integrated as a text detector and/or recognizer in the task pipeline.




Example 1: Text Detection
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Training


Training on a Single GPU

You can use tools/train.py to train a model on a single machine with a CPU and optionally a GPU.

Here is the full usage of the script:

python tools/train.py ${CONFIG_FILE} [ARGS]






Note

By default, MMOCR prefers GPU to CPU. If you want to train a model on CPU, please empty CUDA_VISIBLE_DEVICES or set it to -1 to make GPU invisible to the program. Note that CPU training requires MMCV >= 1.4.4.

CUDA_VISIBLE_DEVICES= python tools/train.py ${CONFIG_FILE} [ARGS]










	ARGS
	Type
	Description





	--work-dir
	str
	The target folder to save logs and checkpoints. Defaults to ./work_dirs.



	--load-from
	str
	Path to the pre-trained model, which will be used to initialize the network parameters.



	--resume-from
	str
	Resume training from a previously saved checkpoint, which will inherit the training epoch and optimizer         parameters.



	--no-validate
	bool
	Disable checkpoint evaluation during training. Defaults to False.



	--gpus
	int
	Deprecated, please use --gpu-id. Numbers of gpus to use. Only applicable to non-distributed training.



	--gpu-ids
	int*N
	Deprecated, please use --gpu-id. A list of GPU ids to use. Only applicable to non-distributed training.



	--gpu-id
	int
	The GPU id to use. Only applicable to non-distributed training.



	--seed
	int
	Random seed.



	--diff-seed
	bool
	Whether or not set different seeds for different ranks.



	--deterministic
	bool
	Whether to set deterministic options for CUDNN backend.



	--cfg-options
	str
	Override some settings in the used config, the key-value pair in xxx=yyy format will be merged into the config file. If the value to be overwritten is a list, it should be of the form of either key="[a,b]" or key=a,b. The argument also allows nested list/tuple values, e.g. key="[(a,b),(c,d)]". Note that the quotation marks are necessary and that no white space is allowed.



	--launcher
	'none', 'pytorch', 'slurm', 'mpi'
	Options for job launcher.



	--local_rank
	int
	Used for distributed training.



	--mc-config
	str
	Memory cache config for image loading speed-up during training.








Training on Multiple GPUs

MMOCR implements distributed training with MMDistributedDataParallel. (Please refer to datasets.md to prepare your datasets)

[PORT={PORT}] ./tools/dist_train.sh ${CONFIG_FILE} ${WORK_DIR} ${GPU_NUM} [PY_ARGS]








	Arguments
	Type
	Description





	PORT
	int
	The master port that will be used by the machine with rank 0. Defaults to 29500. Note: If you are launching multiple distrbuted training jobs on a single machine, you need to specify different ports for each job to avoid port conflicts.



	CONFIG_FILE
	str
	The path to config.



	WORK_DIR
	str
	The path to the working directory.



	GPU_NUM
	int
	The number of GPUs to be used per node. Defaults to 8.



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








Training on Multiple Machines

You can launch a task on multiple machines connected to the same network.

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








	Arguments
	Type
	Description





	NNODES
	int
	The number of nodes.



	NODE_RANK
	int
	The rank of current node.



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



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



	CONFIG_FILE
	str
	The path to config.



	WORK_DIR
	str
	The path to the working directory.



	GPU_NUM
	int
	The number of GPUs to be used per node. Defaults to 8.



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






Note

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].



Say that you want to launch a job on two machines. On the first machine:

NNODES=2 NODE_RANK=0 PORT=${MASTER_PORT} MASTER_ADDR=${MASTER_ADDR} ./tools/dist_train.sh ${CONFIG_FILE} ${WORK_DIR} ${GPU_NUM} [PY_ARGS]





On the second machine:

NNODES=2 NODE_RANK=1 PORT=${MASTER_PORT} MASTER_ADDR=${MASTER_ADDR} ./tools/dist_train.sh ${CONFIG_FILE} ${WORK_DIR} ${GPU_NUM} [PY_ARGS]






Note

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






Training with Slurm

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

[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]








	Arguments
	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.



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





Here is an example of using 8 GPUs to train a text detection model on the dev partition.

./tools/slurm_train.sh dev psenet-ic15 configs/textdet/psenet/psenet_r50_fpnf_sbn_1x_icdar2015.py /nfs/xxxx/psenet-ic15






Running Multiple Training Jobs on a Single Machine

If you are launching multiple training jobs on a single machine with Slurm, you may need to modify the port in configs to avoid communication conflicts.

For example, in config1.py,

dist_params = dict(backend='nccl', port=29500)





In config2.py,

dist_params = dict(backend='nccl', port=29501)





Then you can launch two jobs with config1.py ang config2.py.

CUDA_VISIBLE_DEVICES=0,1,2,3 GPUS=4 ./tools/slurm_train.sh ${PARTITION} ${JOB_NAME} config1.py ${WORK_DIR}
CUDA_VISIBLE_DEVICES=4,5,6,7 GPUS=4 ./tools/slurm_train.sh ${PARTITION} ${JOB_NAME} config2.py ${WORK_DIR}










Commonly Used Training Configs

Here we list some configs that are frequently used during training for quick reference.

total_epochs = 1200
data = dict(
    # Note: User can configure general settings of train, val and test dataloader by specifying them here. However, their values can be overridden in dataloader's config.
    samples_per_gpu=8, # Batch size per GPU
    workers_per_gpu=4, # Number of workers to process data for each GPU
    train_dataloader=dict(samples_per_gpu=10, drop_last=True),   # Batch size = 10, workers_per_gpu = 4
    val_dataloader=dict(samples_per_gpu=6, workers_per_gpu=1),  # Batch size = 6, workers_per_gpu = 1
    test_dataloader=dict(workers_per_gpu=16),  # Batch size = 8, workers_per_gpu = 16
    ...
)
# Evaluation
evaluation = dict(interval=1, by_epoch=True)  # Evaluate the model every epoch
# Saving and Logging
checkpoint_config = dict(interval=1)  # Save a checkpoint every epoch
log_config = dict(
    interval=5,  # Print out the model's performance every 5 iterations
    hooks=[
        dict(type='TextLoggerHook')
    ])
# Optimizer
optimizer = dict(type='SGD', lr=0.02, momentum=0.9, weight_decay=0.0001)  # Supports all optimizers in PyTorch and shares the same parameters
optimizer_config = dict(grad_clip=None)  # Parameters for the optimizer hook. See https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/optimizer.py for implementation details
# Learning policy
lr_config = dict(policy='poly', power=0.9, min_lr=1e-7, by_epoch=True)
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Testing

We introduce the way to test pretrained models on datasets here.


Testing on a Single GPU

You can use tools/test.py to perform single CPU/GPU inference. For example, to evaluate DBNet on IC15: (You can download pretrained models from Model Zoo):

./tools/dist_test.sh configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py dbnet_r18_fpnc_sbn_1200e_icdar2015_20210329-ba3ab597.pth --eval hmean-iou





And here is the full usage of the script:

python tools/test.py ${CONFIG_FILE} ${CHECKPOINT_FILE} [ARGS]






Note

By default, MMOCR prefers GPU(s) to CPU. If you want to test a model on CPU, please empty CUDA_VISIBLE_DEVICES or set it to -1 to make GPU(s) invisible to the program. Note that running CPU tests requires MMCV >= 1.4.4.

CUDA_VISIBLE_DEVICES= python tools/test.py ${CONFIG_FILE} ${CHECKPOINT_FILE} [ARGS]










	ARGS
	Type
	Description





	--out
	str
	Output result file in pickle format.



	--fuse-conv-bn
	bool
	Path to the custom config of the selected det model.



	--format-only
	bool
	Format the output results without performing evaluation. It is useful when you want to format the results to a specific format and submit them to the test server.



	--gpu-id
	int
	GPU id to use. Only applicable to non-distributed training.



	--eval
	'hmean-ic13', 'hmean-iou', 'acc'
	The evaluation metrics, which depends on the task. For text detection, the metric should be either 'hmean-ic13' or 'hmean-iou'. For text recognition, the metric should be 'acc'.



	--show
	bool
	Whether to show results.



	--show-dir
	str
	Directory where the output images will be saved.



	--show-score-thr
	float
	Score threshold (default: 0.3).



	--gpu-collect
	bool
	Whether to use gpu to collect results.



	--tmpdir
	str
	The tmp directory used for collecting results from multiple workers, available when gpu-collect is not specified.



	--cfg-options
	str
	Override some settings in the used config, the key-value pair in xxx=yyy format will be merged into the config file. If the value to be overwritten is a list, it should be of the form of either key="[a,b]" or key=a,b. The argument also allows nested list/tuple values, e.g. key="[(a,b),(c,d)]". Note that the quotation marks are necessary and that no white space is allowed.



	--eval-options
	str
	Custom options for evaluation, the key-value pair in xxx=yyy format will be kwargs for dataset.evaluate() function.



	--launcher
	'none', 'pytorch', 'slurm', 'mpi'
	Options for job launcher.








Testing on Multiple GPUs

MMOCR implements distributed testing with MMDistributedDataParallel.

You can use the following command to test a dataset with multiple GPUs.

[PORT={PORT}] ./tools/dist_test.sh ${CONFIG_FILE} ${CHECKPOINT_FILE} ${GPU_NUM} [PY_ARGS]








	Arguments
	Type
	Description





	PORT
	int
	The master port that will be used by the machine with rank 0. Defaults to 29500.



	CONFIG_FILE
	str
	The path to config.



	CHECKPOINT_FILE
	str
	The path to the checkpoint.



	GPU_NUM
	int
	The number of GPUs to be used per node. Defaults to 8.



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





For example,

./tools/dist_test.sh configs/example_config.py work_dirs/example_exp/example_model_20200202.pth 1 --eval hmean-iou








Testing on Multiple Machines

You can launch a task on multiple machines connected to the same network.

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]








	Arguments
	Type
	Description





	NNODES
	int
	The number of nodes.



	NODE_RANK
	int
	The rank of current node.



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



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



	CONFIG_FILE
	str
	The path to config.



	CHECKPOINT_FILE
	str
	The path to the checkpoint.



	GPU_NUM
	int
	The number of GPUs to be used per node. Defaults to 8.



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






Note

MMOCR relies on torch.distributed package for distributed testing. Find more information at PyTorch’s launch utility [https://pytorch.org/docs/stable/distributed.html#launch-utility].



Say that you want to launch a job on two machines. On the first machine:

NNODES=2 NODE_RANK=0 PORT=${MASTER_PORT} MASTER_ADDR=${MASTER_ADDR} ./tools/dist_test.sh ${CONFIG_FILE} ${CHECKPOINT_FILE} ${GPU_NUM} [PY_ARGS]





On the second machine:

NNODES=2 NODE_RANK=1 PORT=${MASTER_PORT} MASTER_ADDR=${MASTER_ADDR} ./tools/dist_test.sh ${CONFIG_FILE} ${CHECKPOINT_FILE} ${GPU_NUM} [PY_ARGS]






Note

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






Testing with Slurm

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

[GPUS=${GPUS}] [GPUS_PER_NODE=${GPUS_PER_NODE}] [SRUN_ARGS=${SRUN_ARGS}] ./tools/slurm_test.sh ${PARTITION} ${JOB_NAME} ${CONFIG_FILE} ${CHECKPOINT_FILE} [PY_ARGS]








	Arguments
	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.



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



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





Here is an example of using 8 GPUs to test an example model on the ‘dev’ partition with job name ‘test_job’.

GPUS=8 ./tools/slurm_test.sh dev test_job configs/example_config.py work_dirs/example_exp/example_model_20200202.pth --eval hmean-iou








Batch Testing

By default, MMOCR tests the model image by image. For faster inference, you may change data.val_dataloader.samples_per_gpu and data.test_dataloader.samples_per_gpu in the config. For example,

data = dict(
    ...
    val_dataloader=dict(samples_per_gpu=16),
    test_dataloader=dict(samples_per_gpu=16),
    ...
)





will test the model with 16 images in a batch.


Warning

Batch testing may incur performance decrease of the model due to the different behavior of the data preprocessing pipeline.









            

          

      

      

    

  

  
    
    
    Deployment
    

    

    

    
 
  

    
      
          
            
  
Deployment

We provide deployment tools under tools/deployment directory.


Convert to ONNX (experimental)

We provide a script to convert the model to ONNX [https://github.com/onnx/onnx] format. The converted model could be visualized by tools like Netron [https://github.com/lutzroeder/netron]. Besides, we also support comparing the output results between PyTorch and ONNX model.

python tools/deployment/pytorch2onnx.py
    ${MODEL_CONFIG_PATH} \
    ${MODEL_CKPT_PATH} \
    ${MODEL_TYPE} \
    ${IMAGE_PATH} \
    --output-file ${OUTPUT_FILE} \
    --device-id ${DEVICE_ID} \
    --opset-version ${OPSET_VERSION} \
    --verify \
    --verbose \
    --show \
    --dynamic-export





Description of arguments:




	ARGS
	Type
	Description





	model_config
	str
	The path to a model config file.



	model_ckpt
	str
	The path to a model checkpoint file.



	model_type
	'recog', 'det'
	The model type of the config file.



	image_path
	str
	The path to input image file.



	--output-file
	str
	The path to output ONNX model. Defaults to tmp.onnx.



	--device-id
	int
	Which GPU to use. Defaults to 0.



	--opset-version
	int
	ONNX opset version. Defaults to 11.



	--verify
	bool
	Determines whether to verify the correctness of an exported model. Defaults to False.



	--verbose
	bool
	Determines whether to print the architecture of the exported model. Defaults to False.



	--show
	bool
	Determines whether to visualize outputs of ONNXRuntime and PyTorch. Defaults to False.



	--dynamic-export
	bool
	Determines whether to export ONNX model with dynamic input and output shapes. Defaults to False.






Note

This tool is still experimental. For now, some customized operators are not supported, and we only support a subset of detection and recognition algorithms.




List of supported models exportable to ONNX

The table below lists the models that are guaranteed to be exportable to ONNX and runnable in ONNX Runtime.




	Model
	Config
	Dynamic Shape
	Batch Inference
	Note





	DBNet
	dbnet_r18_fpnc_1200e_icdar2015.py
	Y
	N
	



	PSENet
	psenet_r50_fpnf_600e_ctw1500.py
	Y
	Y
	



	PSENet
	psenet_r50_fpnf_600e_icdar2015.py
	Y
	Y
	



	PANet
	panet_r18_fpem_ffm_600e_ctw1500.py
	Y
	Y
	



	PANet
	panet_r18_fpem_ffm_600e_icdar2015.py
	Y
	Y
	



	CRNN
	crnn_academic_dataset.py
	Y
	Y
	CRNN only accepts input with height 32






Note


	All models above are tested with PyTorch==1.8.1 and onnxruntime-gpu == 1.8.1


	If you meet any problem with the listed models above, please create an issue and it would be taken care of soon.


	Because this feature is experimental and may change fast, please always try with the latest mmcv and mmocr.











Convert ONNX to TensorRT (experimental)

We also provide a script to convert ONNX [https://github.com/onnx/onnx] model to TensorRT [https://github.com/NVIDIA/TensorRT] format. Besides, we support comparing the output results between ONNX and TensorRT model.

python tools/deployment/onnx2tensorrt.py
    ${MODEL_CONFIG_PATH} \
    ${MODEL_TYPE} \
    ${IMAGE_PATH} \
    ${ONNX_FILE} \
    --trt-file ${OUT_TENSORRT} \
    --max-shape INT INT INT INT \
    --min-shape INT INT INT INT \
    --workspace-size INT \
    --fp16 \
    --verify \
    --show \
    --verbose





Description of arguments:




	ARGS
	Type
	Description





	model_config
	str
	The path to a model config file.



	model_type
	'recog', 'det'
	The model type of the config file.



	image_path
	str
	The path to input image file.



	onnx_file
	str
	The path to input ONNX file.



	--trt-file
	str
	The path of output TensorRT model. Defaults to tmp.trt.



	--max-shape
	int * 4
	Maximum shape of model input.



	--min-shape
	int * 4
	Minimum shape of model input.



	--workspace-size
	int
	Max workspace size in GiB. Defaults to 1.



	--fp16
	bool
	Determines whether to export TensorRT with fp16 mode. Defaults to False.



	--verify
	bool
	Determines whether to verify the correctness of an exported model. Defaults to False.



	--show
	bool
	Determines whether to show the output of ONNX and TensorRT. Defaults to False.



	--verbose
	bool
	Determines whether to verbose logging messages while creating TensorRT engine. Defaults to False.






Note

This tool is still experimental. For now, some customized operators are not supported, and we only support a subset of detection and recognition algorithms.




List of supported models exportable to TensorRT

The table below lists the models that are guaranteed to be exportable to TensorRT engine and runnable in TensorRT.




	Model
	Config
	Dynamic Shape
	Batch Inference
	Note





	DBNet
	dbnet_r18_fpnc_1200e_icdar2015.py
	Y
	N
	



	PSENet
	psenet_r50_fpnf_600e_ctw1500.py
	Y
	Y
	



	PSENet
	psenet_r50_fpnf_600e_icdar2015.py
	Y
	Y
	



	PANet
	panet_r18_fpem_ffm_600e_ctw1500.py
	Y
	Y
	



	PANet
	panet_r18_fpem_ffm_600e_icdar2015.py
	Y
	Y
	



	CRNN
	crnn_academic_dataset.py
	Y
	Y
	CRNN only accepts input with height 32






Note


	All models above are tested with PyTorch==1.8.1,  onnxruntime-gpu==1.8.1 and tensorrt==7.2.1.6


	If you meet any problem with the listed models above, please create an issue and it would be taken care of soon.


	Because this feature is experimental and may change fast, please always try with the latest mmcv and mmocr.











Evaluate ONNX and TensorRT Models (experimental)

We provide methods to evaluate TensorRT and ONNX models in tools/deployment/deploy_test.py.


Prerequisite

To evaluate ONNX and TensorRT models, ONNX, ONNXRuntime and TensorRT should be installed first. Install mmcv-full with ONNXRuntime custom ops and TensorRT plugins follow ONNXRuntime in mmcv [https://mmcv.readthedocs.io/en/latest/onnxruntime_op.html] and TensorRT plugin in mmcv [https://github.com/open-mmlab/mmcv/blob/master/docs/tensorrt_plugin.md].




Usage

python tools/deploy_test.py \
    ${CONFIG_FILE} \
    ${MODEL_PATH} \
    ${MODEL_TYPE} \
    ${BACKEND} \
    --eval ${METRICS} \
    --device ${DEVICE}








Description of all arguments




	ARGS
	Type
	Description





	model_config
	str
	The path to a model config file.



	model_file
	str
	The path to a TensorRT or an ONNX model file.



	model_type
	'recog', 'det'
	Detection or recognition model to deploy.



	backend
	'TensorRT', 'ONNXRuntime'
	The backend for testing.



	--eval
	'acc', 'hmean-iou'
	The evaluation metrics. 'acc' for recognition models, 'hmean-iou' for detection models.



	--device
	str
	Device for evaluation. Defaults to cuda:0.










Results and Models
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Model Serving

MMOCR provides some utilities that facilitate the model serving process.
Here is a quick walkthrough of necessary steps that let the models to serve through an API.


Install TorchServe

You can follow the steps on the official website [https://github.com/pytorch/serve#install-torchserve-and-torch-model-archiver] to install TorchServe and
torch-model-archiver.




Convert model from MMOCR to TorchServe

We provide a handy tool to convert any .pth model into .mar model
for TorchServe.

python tools/deployment/mmocr2torchserve.py ${CONFIG_FILE} ${CHECKPOINT_FILE} \
--output-folder ${MODEL_STORE} \
--model-name ${MODEL_NAME}






Note

${MODEL_STORE} needs to be an absolute path to a folder.



For example:

python tools/deployment/mmocr2torchserve.py \
  configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py \
  checkpoints/dbnet_r18_fpnc_1200e_icdar2015.pth \
  --output-folder ./checkpoints \
  --model-name dbnet








Start Serving


From your Local Machine

Getting your models prepared, the next step is to start the service with a one-line command:

# To load all the models in ./checkpoints
torchserve --start --model-store ./checkpoints --models all
# Or, if you only want one model to serve, say dbnet
torchserve --start --model-store ./checkpoints --models dbnet=dbnet.mar





Then you can access inference, management and metrics services
through TorchServe’s REST API.
You can find their usages in TorchServe REST API [https://github.com/pytorch/serve/blob/master/docs/rest_api.md].




	Service
	Address





	Inference
	http://127.0.0.1:8080



	Management
	http://127.0.0.1:8081



	Metrics
	http://127.0.0.1:8082






Note

By default, TorchServe binds port number 8080, 8081 and 8082 to its services.
You can change such behavior by modifying and saving the contents below to config.properties, and running TorchServe with option --ts-config config.preperties.

inference_address=http://0.0.0.0:8080
management_address=http://0.0.0.0:8081
metrics_address=http://0.0.0.0:8082
number_of_netty_threads=32
job_queue_size=1000
model_store=/home/model-server/model-store










From Docker

A better alternative to serve your models is through Docker. We provide a Dockerfile
that frees you from those tedious and error-prone environmental setup steps.


Build mmocr-serve Docker image

docker build -t mmocr-serve:latest docker/serve/








Run mmocr-serve with Docker

In order to run Docker in GPU, you need to install nvidia-docker [https://docs.nvidia.com/datacenter/cloud-native/container-toolkit/install-guide.html]; or you can omit the --gpus argument for a CPU-only session.

The command below will run mmocr-serve with a gpu, bind the ports of 8080 (inference),
8081 (management) and 8082 (metrics) from container to 127.0.0.1, and mount
the checkpoint folder ./checkpoints from the host machine to /home/model-server/model-store
of the container. For more information, please check the official docs for running TorchServe with docker [https://github.com/pytorch/serve/blob/master/docker/README.md#running-torchserve-in-a-production-docker-environment].

docker run --rm \
--cpus 8 \
--gpus device=0 \
-p8080:8080 -p8081:8081 -p8082:8082 \
--mount type=bind,source=`realpath ./checkpoints`,target=/home/model-server/model-store \
mmocr-serve:latest






Note

realpath ./checkpoints points to the absolute path of “./checkpoints”, and you can replace it with the absolute path where you store torchserve models.



Upon running the docker, you can access inference, management and metrics services
through TorchServe’s REST API.
You can find their usages in TorchServe REST API [https://github.com/pytorch/serve/blob/master/docs/rest_api.md].




	Service
	Address





	Inference
	http://127.0.0.1:8080



	Management
	http://127.0.0.1:8081



	Metrics
	http://127.0.0.1:8082












4. Test deployment

Inference API allows user to post an image to a model and returns the prediction result.

curl http://127.0.0.1:8080/predictions/${MODEL_NAME} -T demo/demo_text_det.jpg





For example,

curl http://127.0.0.1:8080/predictions/dbnet -T demo/demo_text_det.jpg





For detection models, you should obtain a json with an object named boundary_result. Each array inside has float numbers representing x, y
coordinates of boundary vertices in clockwise order, and the last float number as the
confidence score.

{
  "boundary_result": [
    [
      221.18990004062653,
      226.875,
      221.18990004062653,
      212.625,
      244.05868631601334,
      212.625,
      244.05868631601334,
      226.875,
      0.80883354575186
    ]
  ]
}





For recognition models, the response should look like:

{
  "text": "sier",
  "score": 0.5247521847486496
}





And you can use test_torchserve.py to compare result of TorchServe and PyTorch by visualizing them.

python tools/deployment/test_torchserve.py ${IMAGE_FILE} ${CONFIG_FILE} ${CHECKPOINT_FILE} ${MODEL_NAME}
[--inference-addr ${INFERENCE_ADDR}] [--device ${DEVICE}]





Example:

python tools/deployment/test_torchserve.py \
  demo/demo_text_det.jpg \
  configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py \
  checkpoints/dbnet_r18_fpnc_1200e_icdar2015.pth \
  dbnet











            

          

      

      

    

  

  
    
    
    Learn about Configs
    

    

    

    
 
  

    
      
          
            
  
Learn about Configs

We incorporate modular and inheritance design into our config system, which is convenient to conduct various experiments.
If you wish to inspect the config file, you may run python tools/misc/print_config.py /PATH/TO/CONFIG to see the complete config.


Modify config through script arguments

When submitting jobs using “tools/train.py” or “tools/test.py”, you may specify --cfg-options to in-place modify the config.


	Update config keys of dict chains.

The config options can be specified following the order of the dict keys in the original config.
For example, --cfg-options model.backbone.norm_eval=False changes the all BN modules in model backbones to train mode.



	Update keys inside a list of configs.

Some config dicts are composed as a list in your config. For example, the training pipeline data.train.pipeline is normally a list
e.g. [dict(type='LoadImageFromFile'), ...]. If you want to change 'LoadImageFromFile' to 'LoadImageFromNdarry' in the pipeline,
you may specify --cfg-options data.train.pipeline.0.type=LoadImageFromNdarry.



	Update values of list/tuples.

If the value to be updated is a list or a tuple. For example, the config file normally sets workflow=[('train', 1)]. If you want to
change this key, you may specify --cfg-options workflow="[(train,1),(val,1)]". Note that the quotation mark ” is necessary to
support list/tuple data types, and that NO white space is allowed inside the quotation marks in the specified value.








Config Name Style

We follow the below style to name full config files (configs/TASK/*.py). Contributors are advised to follow the same style.

{model}_[ARCHITECTURE]_[schedule]_{dataset}.py





{xxx} is required field and [yyy] is optional.


	{model}: model type like dbnet, crnn, etc.


	[ARCHITECTURE]: expands some invoked modules following the order of data flow, and the content depends on the model framework. The following examples show how it is generally expanded.


	For text detection tasks, key information tasks, and SegOCR in text recognition task: {model}_[backbone]_[neck]_[schedule]_{dataset}.py


	For other text recognition tasks, {model}_[backbone]_[encoder]_[decoder]_[schedule]_{dataset}.py
Note that backbone, neck, encoder, decoder are the names of modules, e.g. r50, fpnocr, etc.






	{schedule}: training schedule. For instance, 1200e denotes 1200 epochs.


	{dataset}: dataset. It can either be the name of a dataset (icdar2015), or a collection of datasets for brevity (e.g. academic usually refers to a common practice in academia, which uses MJSynth + SynthText as training set, and IIIT5K, SVT, IC13, IC15, SVTP and CT80 as test set).




Most configs are composed of basic primitive configs in configs/_base_, where each primitive config in different subdirectory has a slightly different name style. We present them as follows.


	det_datasets, recog_datasets: {dataset_name(s)}_[train|test].py. If [train|test] is not specified, the config should contain both training and test set.

There are two exceptions: toy_data.py and seg_toy_data.py. In recog_datasets, the first one works for most while the second one contains character level annotations and works for seg baseline only as of Dec 2021.



	det_models, recog_models: {model}_[ARCHITECTURE].py.


	det_pipelines, recog_pipelines: {model}_pipeline.py.


	schedules: schedule_{optimizer}_{num_epochs}e.py.







Config Structure

For better config reusability, we break many of reusable sections of configs into configs/_base_. Now the directory tree of configs/_base_ is organized as follows:

_base_
├── det_datasets
├── det_models
├── det_pipelines
├── recog_datasets
├── recog_models
├── recog_pipelines
└── schedules





These primitive configs are categorized by their roles in a complete config. Most of model configs are making full use of primitive configs by including them as parts of _base_ section. For example, dbnet_r18_fpnc_1200e_icdar2015.py [https://github.com/open-mmlab/mmocr/blob/5a8859fe6666c096b75fa44db4f6c53d81a2ed62/configs/textdet/dbnet/dbnet_r18_fpnc_1200e_icdar2015.py] takes five primitive configs from _base_:

_base_ = [
    '../../_base_/runtime_10e.py',
    '../../_base_/schedules/schedule_sgd_1200e.py',
    '../../_base_/det_models/dbnet_r18_fpnc.py',
    '../../_base_/det_datasets/icdar2015.py',
    '../../_base_/det_pipelines/dbnet_pipeline.py'
]





From these configs’ names we can roughly know this config trains dbnet_r18_fpnc with sgd optimizer in 1200 epochs. It uses the origin dbnet pipeline and icdar2015 as the dataset. We encourage users to follow and take advantage of this convention to organize the config clearly and facilitate fair comparison across different primitive configurations as well as models.

Please refer to mmcv [https://mmcv.readthedocs.io/en/latest/understand_mmcv/config.html] for detailed documentation.




Config File Structure


Model

The parameter "model" is a python dictionary in the configuration file, which mainly includes information such as network structure and loss function.


Note

The ‘type’ in the configuration file is not a constructed parameter, but a class name.




Note

We can also use models from MMDetection by adding mmdet. prefix to type name, or from other OpenMMLab projects in a similar way if their backbones are registered in registries.




Shared Section


	type: Model name.







Text Detection / Text Recognition / Key Information Extraction Model


	backbone: Backbone configs. Common Backbones [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.common.backbones], TextRecog Backbones [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.backbones]


	neck: Neck network name. TextDet Necks [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textdet.necks], TextRecog Necks [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.necks].


	bbox_head: Head network name. Applicable to text detection, key information models and some text recognition models. TextDet Heads [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textdet.dense_heads], TextRecog Heads [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.heads], KIE Heads [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.kie.heads].


	loss: Loss function type. TextDet Losses [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textdet.losses], KIE Losses [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.kie.losses]


	postprocessor: (TextDet only) Postprocess type. TextDet Postprocessors [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textdet.postprocess]











Text Recognition / Named Entity Extraction Model


	encoder: Encoder configs. TextRecog Encoders [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.encoders]


	decoder: Decoder configs. Applicable to text recognition models. TextRecog Decoders [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.decoders]


	loss: Loss configs. Applicable to some text recognition models.  TextRecog Losses [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.losses]


	label_convertor: Convert outputs between text, index and tensor. Applicable to text recognition models. Label Convertors [https://mmocr.readthedocs.io/en/latest/api.html#module-mmocr.models.textrecog.convertors]


	max_seq_len: The maximum sequence length of recognition results. Applicable to text recognition models.









Data & Pipeline

The parameter "data" is a python dictionary in the configuration file, which mainly includes information to construct dataloader:


	samples_per_gpu : the BatchSize of each GPU when building the dataloader


	workers_per_gpu : the number of threads per GPU when building dataloader


	train | val | test : config to construct dataset


	type: Dataset name. Check dataset types for supported datasets.








The parameter evaluation is also a dictionary, which is the configuration information of evaluation hook, mainly including evaluation interval, evaluation index, etc.

# dataset settings
dataset_type = 'IcdarDataset'  # dataset name，
data_root = 'data/icdar2015'  # dataset root
img_norm_cfg = dict(        # Image normalization config to normalize the input images
    mean=[123.675, 116.28, 103.53],  # Mean values used to pre-training the pre-trained backbone models
    std=[58.395, 57.12, 57.375],     # Standard variance used to pre-training the pre-trained backbone models
    to_rgb=True)                     # Whether to invert the color channel, rgb2bgr or bgr2rgb.
# train data pipeline
train_pipeline = [  # Training pipeline
    dict(type='LoadImageFromFile'),  # First pipeline to load images from file path
    dict(
        type='LoadAnnotations',  # Second pipeline to load annotations for current image
        with_bbox=True,  # Whether to use bounding box, True for detection
        with_mask=True,  # Whether to use instance mask, True for instance segmentation
        poly2mask=False),  # Whether to convert the polygon mask to instance mask, set False for acceleration and to save memory
    dict(
        type='Resize',  # Augmentation pipeline that resize the images and their annotations
        img_scale=(1333, 800),  # The largest scale of image
        keep_ratio=True
    ),  # whether to keep the ratio between height and width.
    dict(
        type='RandomFlip',  # Augmentation pipeline that flip the images and their annotations
        flip_ratio=0.5),  # The ratio or probability to flip
    dict(
        type='Normalize',  # Augmentation pipeline that normalize the input images
        mean=[123.675, 116.28, 103.53],  # These keys are the same of img_norm_cfg since the
        std=[58.395, 57.12, 57.375],  # keys of img_norm_cfg are used here as arguments
        to_rgb=True),
    dict(
        type='Pad',  # Padding config
        size_divisor=32),  # The number the padded images should be divisible
    dict(type='DefaultFormatBundle'),  # Default format bundle to gather data in the pipeline
    dict(
        type='Collect',  # Pipeline that decides which keys in the data should be passed to the detector
        keys=['img', 'gt_bboxes', 'gt_labels', 'gt_masks'])
]
test_pipeline = [
    dict(type='LoadImageFromFile'),  # First pipeline to load images from file path
    dict(
        type='MultiScaleFlipAug',  # An encapsulation that encapsulates the testing augmentations
        img_scale=(1333, 800),  # Decides the largest scale for testing, used for the Resize pipeline
        flip=False,  # Whether to flip images during testing
        transforms=[
            dict(type='Resize',  # Use resize augmentation
                 keep_ratio=True),  # Whether to keep the ratio between height and width, the img_scale set here will be suppressed by the img_scale set above.
            dict(type='RandomFlip'),  # Thought RandomFlip is added in pipeline, it is not used because flip=False
            dict(
                type='Normalize',  # Normalization config, the values are from img_norm_cfg
                mean=[123.675, 116.28, 103.53],
                std=[58.395, 57.12, 57.375],
                to_rgb=True),
            dict(
                type='Pad',  # Padding config to pad images divisible by 32.
                size_divisor=32),
            dict(
                type='ImageToTensor',  # convert image to tensor
                keys=['img']),
            dict(
                type='Collect',  # Collect pipeline that collect necessary keys for testing.
                keys=['img'])
        ])
]
data = dict(
    samples_per_gpu=32,     # Batch size of a single GPU
    workers_per_gpu=2,      # Worker to pre-fetch data for each single GPU
    train=dict(            # train data config
        type=dataset_type,                  # dataset name
        ann_file=f'{data_root}/instances_training.json',  # Path to annotation file
        img_prefix=f'{data_root}/imgs',  # Path to images
        pipeline=train_pipeline),           # train data pipeline
    test=dict(             # test data config
        type=dataset_type,
        ann_file=f'{data_root}/instances_test.json',  # Path to annotation file
        img_prefix=f'{data_root}/imgs',  # Path to images
        pipeline=test_pipeline))
evaluation = dict(       # The config to build the evaluation hook, refer to https://github.com/open-mmlab/mmdetection/blob/master/mmdet/core/evaluation/eval_hooks.py#L7 for more details.
    interval=1,          # Evaluation interval
    metric='hmean-iou')   # Metrics used during evaluation








Training Schedule

Mainly include optimizer settings, optimizer hook settings, learning rate schedule and runner settings:


	optimizer: optimizer setting , support all optimizers in pytorch, refer to related mmcv [https://mmcv.readthedocs.io/en/latest/_modules/mmcv/runner/optimizer/default_constructor.html#DefaultOptimizerConstructor] documentation.


	optimizer_config: optimizer hook configuration file, such as setting gradient limit, refer to related mmcv [https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/optimizer.py#L8] code.


	lr_config: Learning rate scheduler, supports “CosineAnnealing”, “Step”, “Cyclic”, etc. Refer to related mmcv [https://mmcv.readthedocs.io/en/latest/_modules/mmcv/runner/hooks/lr_updater.html#LrUpdaterHook] documentation for more options.


	runner: For runner, please refer to mmcv for runner [https://mmcv.readthedocs.io/en/latest/understand_mmcv/runner.html] introduction document.




# he configuration file used to build the optimizer, support all optimizers in PyTorch.
optimizer = dict(type='SGD',         # Optimizer type
                lr=0.1,              # Learning rate of optimizers, see detail usages of the parameters in the documentation of PyTorch
                momentum=0.9,        # Momentum
                weight_decay=0.0001) # Weight decay of SGD
# Config used to build the optimizer hook, refer to https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/optimizer.py#L8 for implementation details.
optimizer_config = dict(grad_clip=None)  # Most of the methods do not use gradient clip
# Learning rate scheduler config used to register LrUpdater hook
lr_config = dict(policy='step',          # The policy of scheduler, also support CosineAnnealing, Cyclic, etc. Refer to details of supported LrUpdater from https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/lr_updater.py#L9.
                 step=[30, 60, 90])      # Steps to decay the learning rate
runner = dict(type='EpochBasedRunner',   # Type of runner to use (i.e. IterBasedRunner or EpochBasedRunner)
            max_epochs=100)    # Runner that runs the workflow in total max_epochs. For IterBasedRunner use `max_iters`








Runtime Setting

This part mainly includes saving the checkpoint strategy, log configuration, training parameters, breakpoint weight path, working directory, etc..

# Config to set the checkpoint hook, Refer to https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/checkpoint.py for implementation.
checkpoint_config = dict(interval=1)    # The save interval is 1
# config to register logger hook
log_config = dict(
    interval=100,                       # Interval to print the log
    hooks=[
        dict(type='TextLoggerHook'),           # The Tensorboard logger is also supported
        # dict(type='TensorboardLoggerHook')
    ])

dist_params = dict(backend='nccl')   # Parameters to setup distributed training, the port can also be set.
log_level = 'INFO'             # The output level of the log.
resume_from = None             # Resume checkpoints from a given path, the training will be resumed from the epoch when the checkpoint's is saved.
workflow = [('train', 1)]      # Workflow for runner. [('train', 1)] means there is only one workflow and the workflow named 'train' is executed once.
work_dir = 'work_dir'          # Directory to save the model checkpoints and logs for the current experiments.










FAQ


Ignore some fields in the base configs

Sometimes, you may set _delete_=True to ignore some of fields in base configs.
You may refer to mmcv [https://mmcv.readthedocs.io/en/latest/understand_mmcv/config.html#inherit-from-base-config-with-ignored-fields] for simple illustration.




Use intermediate variables in configs

Some intermediate variables are used in the configs files, like train_pipeline/test_pipeline in datasets.
It’s worth noting that when modifying intermediate variables in the children configs, user need to pass the intermediate variables into corresponding fields again.
For example, we usually want the data path to be a variable so that we

dataset_type = 'IcdarDataset'
data_root = 'data/icdar2015'

train = dict(
    type=dataset_type,
    ann_file=f'{data_root}/instances_training.json',
    img_prefix=f'{data_root}/imgs',
    pipeline=None)

test = dict(
    type=dataset_type,
    ann_file=f'{data_root}/instances_test.json',
    img_prefix=f'{data_root}/imgs',
    pipeline=None)








Use some fields in the base configs

Sometimes, you may refer to some fields in the _base_ config, so as to avoid duplication of definitions. You can refer to mmcv [https://mmcv.readthedocs.io/en/latest/understand_mmcv/config.html#reference-variables-from-base] for some more instructions.

This technique has been widely used in MMOCR’s configs, where the main configs refer to the dataset and pipeline defined in base configs by:

train_list = {{_base_.train_list}}
test_list = {{_base_.test_list}}

train_pipeline = {{_base_.train_pipeline}}
test_pipeline = {{_base_.test_pipeline}}





Which assumes that its base configs export datasets and pipelines in a way like:

#  base dataset config
dataset_type = 'IcdarDataset'
data_root = 'data/icdar2015'

train = dict(
    type=dataset_type,
    ann_file=f'{data_root}/instances_training.json',
    img_prefix=f'{data_root}/imgs',
    pipeline=None)

test = dict(
    type=dataset_type,
    ann_file=f'{data_root}/instances_test.json',
    img_prefix=f'{data_root}/imgs',
    pipeline=None)

train_list = [train]
test_list = [test]





#  base pipeline config
train_pipeline = dict(...)
test_pipeline = dict(...)










Deprecated train_cfg/test_cfg

The train_cfg and test_cfg are deprecated in config file, please specify them in the model config. The original config structure is as below.

# deprecated
model = dict(
   type=...,
   ...
)
train_cfg=dict(...)
test_cfg=dict(...)





The migration example is as below.

# recommended
model = dict(
   type=...,
   ...
   train_cfg=dict(...),
   test_cfg=dict(...),
)
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Dataset Types


General Introduction

To support the tasks of text detection, text recognition and key information extraction, we have designed some new types of dataset which consist of loader and parser to load and parse different types of annotation files.


	loader: Load the annotation file. There are two types of loader, HardDiskLoader and LmdbLoader


	HardDiskLoader: Load txt format annotation file from hard disk to memory.


	LmdbLoader: Load lmdb format annotation file with lmdb backend, which is very useful for extremely large annotation files to avoid out-of-memory problem when ten or more GPUs are used, since each GPU will start multiple processes to load annotation file to memory.






	parser: Parse the annotation file line-by-line and return with dict format. There are two types of parser, LineStrParser and LineJsonParser.


	LineStrParser: Parse one line in ann file while treating it as a string and separating it to several parts by a separator. It can be used on tasks with simple annotation files such as text recognition where each line of the annotation files contains the filename and label attribute only.


	LineJsonParser: Parse one line in ann file while treating it as a json-string and using json.loads to convert it to dict. It can be used on tasks with complex annotation files such as text detection where each line of the annotation files contains multiple attributes (e.g. filename, height, width, box, segmentation, iscrowd, category_id, etc.).








Here we show some examples of using different combination of loader and parser.




General Task


UniformConcatDataset

UniformConcatDataset is a dataset wrapper which allows users to apply a universal pipeline on multiple datasets without specifying the pipeline for each of them.

For example, to apply train_pipeline on both train1 and train2,

data = dict(
    ...
    train=dict(
        type='UniformConcatDataset',
        datasets=[train1, train2],
        pipeline=train_pipeline))





Also, it support apply different pipeline to different datasets,

train_list1 = [train1, train2]
train_list2 = [train3, train4]

data = dict(
    ...
    train=dict(
        type='UniformConcatDataset',
        datasets=[train_list1, train_list2],
        pipeline=[train_pipeline1, train_pipeline2]))





Here, train_pipeline1 will be applied to train1 and train2, and
train_pipeline2 will be applied to train3 and train4.






Text Detection Task


TextDetDataset

Dataset with annotation file in line-json txt format

dataset_type = 'TextDetDataset'
img_prefix = 'tests/data/toy_dataset/imgs'
test_anno_file = 'tests/data/toy_dataset/instances_test.txt'
test = dict(
    type=dataset_type,
    img_prefix=img_prefix,
    ann_file=test_anno_file,
    loader=dict(
        type='HardDiskLoader',
        repeat=4,
        parser=dict(
            type='LineJsonParser',
            keys=['file_name', 'height', 'width', 'annotations'])),
    pipeline=test_pipeline,
    test_mode=True)





The results are generated in the same way as the segmentation-based text recognition task above.
You can check the content of the annotation file in tests/data/toy_dataset/instances_test.txt.
The combination of HardDiskLoader and LineJsonParser will return a dict for each file by calling __getitem__:

{"file_name": "test/img_10.jpg", "height": 720, "width": 1280, "annotations": [{"iscrowd": 1, "category_id": 1, "bbox": [260.0, 138.0, 24.0, 20.0], "segmentation": [[261, 138, 284, 140, 279, 158, 260, 158]]}, {"iscrowd": 0, "category_id": 1, "bbox": [288.0, 138.0, 129.0, 23.0], "segmentation": [[288, 138, 417, 140, 416, 161, 290, 157]]}, {"iscrowd": 0, "category_id": 1, "bbox": [743.0, 145.0, 37.0, 18.0], "segmentation": [[743, 145, 779, 146, 780, 163, 746, 163]]}, {"iscrowd": 0, "category_id": 1, "bbox": [783.0, 129.0, 50.0, 26.0], "segmentation": [[783, 129, 831, 132, 833, 155, 785, 153]]}, {"iscrowd": 1, "category_id": 1, "bbox": [831.0, 133.0, 43.0, 23.0], "segmentation": [[831, 133, 870, 135, 874, 156, 835, 155]]}, {"iscrowd": 1, "category_id": 1, "bbox": [159.0, 204.0, 72.0, 15.0], "segmentation": [[159, 205, 230, 204, 231, 218, 159, 219]]}, {"iscrowd": 1, "category_id": 1, "bbox": [785.0, 158.0, 75.0, 21.0], "segmentation": [[785, 158, 856, 158, 860, 178, 787, 179]]}, {"iscrowd": 1, "category_id": 1, "bbox": [1011.0, 157.0, 68.0, 16.0], "segmentation": [[1011, 157, 1079, 160, 1076, 173, 1011, 170]]}]}








IcdarDataset

Dataset with annotation file in coco-like json format

For text detection, you can also use an annotation file in a COCO format that is defined in MMDetection [https://github.com/open-mmlab/mmdetection/blob/master/mmdet/datasets/coco.py]:

dataset_type = 'IcdarDataset'
prefix = 'tests/data/toy_dataset/'
test=dict(
        type=dataset_type,
        ann_file=prefix + 'instances_test.json',
        img_prefix=prefix + 'imgs',
        pipeline=test_pipeline)





You can check the content of the annotation file in tests/data/toy_dataset/instances_test.json.


Note

Icdar 2015/2017 and ctw1500 annotations need to be converted into the COCO format following the steps in datasets.md.








Text Recognition Task


OCRDataset

Dataset for encoder-decoder based recognizer

dataset_type = 'OCRDataset'
img_prefix = 'tests/data/ocr_toy_dataset/imgs'
train_anno_file = 'tests/data/ocr_toy_dataset/label.txt'
train = dict(
    type=dataset_type,
    img_prefix=img_prefix,
    ann_file=train_anno_file,
    loader=dict(
        type='HardDiskLoader',
        repeat=10,
        parser=dict(
            type='LineStrParser',
            keys=['filename', 'text'],
            keys_idx=[0, 1],
            separator=' ')),
    pipeline=train_pipeline,
    test_mode=False)





You can check the content of the annotation file in tests/data/ocr_toy_dataset/label.txt.
The combination of HardDiskLoader and LineStrParser will return a dict for each file by calling __getitem__: {'filename': '1223731.jpg', 'text': 'GRAND'}.

Optional Arguments:


	repeat: The number of repeated lines in the annotation files. For example, if there are 10 lines in the annotation file, setting repeat=10 will generate a corresponding annotation file with size 100.




If the annotation file is extremely large, you can convert it from txt format to lmdb format with the following command:

python tools/data_converter/txt2lmdb.py -i ann_file.txt -o ann_file.lmdb





After that, you can use LmdbLoader in dataset like below.

img_prefix = 'tests/data/ocr_toy_dataset/imgs'
train_anno_file = 'tests/data/ocr_toy_dataset/label.lmdb'
train = dict(
    type=dataset_type,
    img_prefix=img_prefix,
    ann_file=train_anno_file,
    loader=dict(
        type='LmdbLoader',
        repeat=10,
        parser=dict(
            type='LineStrParser',
            keys=['filename', 'text'],
            keys_idx=[0, 1],
            separator=' ')),
    pipeline=train_pipeline,
    test_mode=False)








OCRSegDataset

Dataset for segmentation-based recognizer

prefix = 'tests/data/ocr_char_ann_toy_dataset/'
train = dict(
    type='OCRSegDataset',
    img_prefix=prefix + 'imgs',
    ann_file=prefix + 'instances_train.txt',
    loader=dict(
        type='HardDiskLoader',
        repeat=10,
        parser=dict(
            type='LineJsonParser',
            keys=['file_name', 'annotations', 'text'])),
    pipeline=train_pipeline,
    test_mode=True)





You can check the content of the annotation file in tests/data/ocr_char_ann_toy_dataset/instances_train.txt.
The combination of HardDiskLoader and LineJsonParser will return a dict for each file by calling __getitem__ each time:

{"file_name": "resort_88_101_1.png", "annotations": [{"char_text": "F", "char_box": [11.0, 0.0, 22.0, 0.0, 12.0, 12.0, 0.0, 12.0]}, {"char_text": "r", "char_box": [23.0, 2.0, 31.0, 1.0, 24.0, 11.0, 16.0, 11.0]}, {"char_text": "o", "char_box": [33.0, 2.0, 43.0, 2.0, 36.0, 12.0, 25.0, 12.0]}, {"char_text": "m", "char_box": [46.0, 2.0, 61.0, 2.0, 53.0, 12.0, 39.0, 12.0]}, {"char_text": ":", "char_box": [61.0, 2.0, 69.0, 2.0, 63.0, 12.0, 55.0, 12.0]}], "text": "From:"}
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KIE: Difference between CloseSet & OpenSet

Being trained on WildReceipt, SDMG-R, or other KIE models, can identify the types of text boxes on a receipt picture.
But what SDMG-R can do is far more beyond that. For example, it’s able to identify key-value pairs on the picture. To demonstrate such ability and hopefully facilitate future research, we release a demonstrative version of WildReceiptOpenset annotated in OpenSet format, and provide a full training/testing pipeline for KIE models such as SDMG-R.
Since it might be a confusing update, we’ll elaborate on the key differences between the OpenSet and CloseSet format, taking WildReceipt as an example.


CloseSet

WildReceipt (“CloseSet”) divides text boxes into 26 categories. There are 12 key-value pairs of fine-grained key information categories, such as (Prod_item_value, Prod_item_key), (Prod_price_value, Prod_price_key) and (Tax_value, Tax_key), plus two more “do not care” categories: Ignore and Others.

The objective of CloseSet SDMGR is to predict which category fits the text box best, but it will not predict the relations among text boxes. For instance, if there are four text boxes “Hamburger”, “Hotdog”, “$1” and “$2” on the receipt, the model may assign Prod_item_value to the first two boxes and Prod_price_value to the last two, but it can’t tell if Hamburger sells for $1 or $2. However, this could be achieved in the open-set variant.
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Enable Blank Space Recognition

It is noteworthy that the LineStrParser should NOT be used to parse the annotation files containing multiple blank spaces (in file name or recognition transcriptions). The users have to convert the plain txt annotations to json lines to enable space recognition. For example:

% A plain txt annotation file that contains blank spaces
test/img 1.jpg Hello World!
test/img 2.jpg Hello Open MMLab!
test/img 3.jpg Hello MMOCR!





The LineStrParser will split the above annotation line to pieces (e.g. [‘test/img’, ‘1.jpg’, ‘Hello’, ‘World!’]) that cannot be matched to the keys (e.g. [‘filename’, ‘text’]). Therefore, we need to convert it to a json line format by json.dumps (check here [https://github.com/open-mmlab/mmocr/blob/main/tools/data/textrecog/funsd_converter.py#L175-L180] to see how to dump jsonl), and then the annotation file will look like as follows:

% A json line annotation file that contains blank spaces
{"filename": "test/img 1.jpg", "text": "Hello World!"}
{"filename": "test/img 2.jpg", "text": "Hello Open MMLab!"}
{"filename": "test/img 3.jpg", "text": "Hello MMOCR!"}





After converting the annotation format, you just need to set the parser arguments as:

parser=dict(
    type='LineJsonParser',
    keys=['filename', 'text']))





Besides, you need to specify a dict that contains blank space to enable blank recognition. Particularly, MMOCR provides two built-in dicts [https://github.com/open-mmlab/mmocr/blob/main/mmocr/models/textrecog/convertors/base.py] DICT37 and DICT91 that contain blank space. For example, change the default dict_type in configs/_base_/recog_models/crnn.py to DICT37.

label_convertor = dict(
    type='CTCConvertor', dict_type='DICT37', with_unknown=False, lower=True) # ['DICT36', 'DICT37', 'DICT90', 'DICT91']
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Statistics


	Number of checkpoints: 31


	Number of configs: 22


	Number of papers: 17


	ALGORITHM: 17









 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











 Named Entity Recognition Models


	Number of checkpoints: 1


	Number of configs: 1


	Number of papers: 1


	[ALGORITHM] Bert: Pre-Training of Deep Bidirectional Transformers for Language Understanding











 Text Detection Models


	Number of checkpoints: 14


	Number of configs: 8


	Number of papers: 7


	[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


	[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: 13


	Number of configs: 10


	Number of papers: 8


	[ALGORITHM] An End-to-End Trainable Neural Network for Image-Based Sequence Recognition and Its Application to 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] Robust Scene Text Recognition With Automatic Rectification


	[ALGORITHM] Robustscanner: Dynamically Enhancing Positional Clues for Robust Text Recognition


	[ALGORITHM] Segocr Simple Baseline.


	[ALGORITHM] Show, Attend and Read: A Simple and Strong Baseline for Irregular Text Recognition
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Model Architecture Summary

MMOCR has implemented many models that support various tasks. Depending on the type of tasks, these models have different architectural designs and, therefore, might be a bit confusing for beginners to master. We release a primary design doc to clearly illustrate the basic task-specific architectures and provide quick pointers to docstrings of model components to aid users’ understanding.
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Text Detection Models


DBNet

Real-time Scene Text Detection with Differentiable Binarization [https://arxiv.org/abs/1911.08947]



Abstract

Recently, segmentation-based methods are quite popular in scene text detection, as the segmentation results can more accurately describe scene text of various shapes such as curve text. However, the post-processing of binarization is essential for segmentation-based detection, which converts probability maps produced by a segmentation method into bounding boxes/regions of text. In this paper, we propose a module named Differentiable Binarization (DB), which can perform the binarization process in a segmentation network. Optimized along with a DB module, a segmentation network can adaptively set the thresholds for binarization, which not only simplifies the post-processing but also enhances the performance of text detection. Based on a simple segmentation network, we validate the performance improvements of DB on five benchmark datasets, which consistently achieves state-of-the-art results, in terms of both detection accuracy and speed. In particular, with a light-weight backbone, the performance improvements by DB are significant so that we can look for an ideal tradeoff between detection accuracy and efficiency. Specifically, with a backbone of ResNet-18, our detector achieves an F-measure of 82.8, running at 62 FPS, on the MSRA-TD500 dataset.
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Text Recognition Models


ABINet

Read Like Humans: Autonomous, Bidirectional and Iterative Language Modeling for Scene Text Recognition [https://arxiv.org/abs/2103.06495]



Abstract

Linguistic knowledge is of great benefit to scene text recognition. However, how to effectively model linguistic rules in end-to-end deep networks remains a research challenge. In this paper, we argue that the limited capacity of language models comes from: 1) implicitly language modeling; 2) unidirectional feature representation; and 3) language model with noise input. Correspondingly, we propose an autonomous, bidirectional and iterative ABINet for scene text recognition. Firstly, the autonomous suggests to block gradient flow between vision and language models to enforce explicitly language modeling. Secondly, a novel bidirectional cloze network (BCN) as the language model is proposed based on bidirectional feature representation. Thirdly, we propose an execution manner of iterative correction for language model which can effectively alleviate the impact of noise input. Additionally, based on the ensemble of iterative predictions, we propose a self-training method which can learn from unlabeled images effectively. Extensive experiments indicate that ABINet has superiority on low-quality images and achieves state-of-the-art results on several mainstream benchmarks. Besides, the ABINet trained with ensemble self-training shows promising improvement in realizing human-level recognition.
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Key Information Extraction Models


SDMGR

Spatial Dual-Modality Graph Reasoning for Key Information Extraction [https://arxiv.org/abs/2103.14470]



Abstract

Key information extraction from document images is of paramount importance in office automation. Conventional template matching based approaches fail to generalize well to document images of unseen templates, and are not robust against text recognition errors. In this paper, we propose an end-to-end Spatial Dual-Modality Graph Reasoning method (SDMG-R) to extract key information from unstructured document images. We model document images as dual-modality graphs, nodes of which encode both the visual and textual features of detected text regions, and edges of which represent the spatial relations between neighboring text regions. The key information extraction is solved by iteratively propagating messages along graph edges and reasoning the categories of graph nodes. In order to roundly evaluate our proposed method as well as boost the future research, we release a new dataset named WildReceipt, which is collected and annotated tailored for the evaluation of key information extraction from document images of unseen templates in the wild. It contains 25 key information categories, a total of about 69000 text boxes, and is about 2 times larger than the existing public datasets. Extensive experiments validate that all information including visual features, textual features and spatial relations can benefit key information extraction. It has been shown that SDMG-R can effectively extract key information from document images of unseen templates, and obtain new state-of-the-art results on the recent popular benchmark SROIE and our WildReceipt. Our code and dataset will be publicly released.
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Named Entity Recognition Models


Bert

Bert: Pre-training of deep bidirectional transformers for language understanding [https://arxiv.org/abs/1810.04805]



Abstract

We introduce a new language representation model called BERT, which stands for Bidirectional Encoder Representations from Transformers. Unlike recent language representation models, BERT is designed to pre-train deep bidirectional representations from unlabeled text by jointly conditioning on both left and right context in all layers. As a result, the pre-trained BERT model can be fine-tuned with just one additional output layer to create state-of-the-art models for a wide range of tasks, such as question answering and language inference, without substantial task-specific architecture modifications.
BERT is conceptually simple and empirically powerful. It obtains new state-of-the-art results on eleven natural language processing tasks, including pushing the GLUE score to 80.5% (7.7% point absolute improvement), MultiNLI accuracy to 86.7% (4.6% absolute improvement), SQuAD v1.1 question answering Test F1 to 93.2 (1.5 point absolute improvement) and SQuAD v2.0 Test F1 to 83.1 (5.1 point absolute improvement).
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Text Detection


Overview
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	TextOCR
	homepage
	-
	-
	-
	



	Totaltext
	homepage
	-
	-
	-
	



	CurvedSynText150k
	homepage | Part1 | Part2
	instances_training.json
	-
	-
	



	FUNSD
	homepage
	-
	-
	-
	



	DeText
	homepage
	-
	-
	-
	



	NAF
	homepage
	-
	-
	-
	



	SROIE
	homepage
	-
	-
	-
	



	Lecture Video DB
	homepage
	-
	-
	-
	



	IMGUR
	homepage
	-
	-
	-
	



	KAIST
	homepage
	-
	-
	-
	



	MTWI
	homepage
	-
	-
	-
	



	COCO Text v2
	homepage
	-
	-
	-
	



	ReCTS
	homepage
	-
	-
	-
	



	IIIT-ILST
	homepage
	-
	-
	-
	



	VinText
	homepage
	-
	-
	-
	



	BID
	homepage
	-
	-
	-
	








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)






CTW1500


	Step0: Read Important Note


	Step1: Download train_images.zip, test_images.zip, train_labels.zip, test_labels.zip from github [https://github.com/Yuliang-Liu/Curve-Text-Detector]

mkdir ctw1500 && cd ctw1500
mkdir imgs && mkdir annotations

# For annotations
cd annotations
wget -O train_labels.zip https://universityofadelaide.box.com/shared/static/jikuazluzyj4lq6umzei7m2ppmt3afyw.zip
wget -O test_labels.zip https://cloudstor.aarnet.edu.au/plus/s/uoeFl0pCN9BOCN5/download
unzip train_labels.zip && mv ctw1500_train_labels training
unzip test_labels.zip -d test
cd ..
# For images
cd imgs
wget -O train_images.zip https://universityofadelaide.box.com/shared/static/py5uwlfyyytbb2pxzq9czvu6fuqbjdh8.zip
wget -O test_images.zip https://universityofadelaide.box.com/shared/static/t4w48ofnqkdw7jyc4t11nsukoeqk9c3d.zip
unzip train_images.zip && mv train_images training
unzip test_images.zip && mv test_images test







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

python tools/data/textdet/ctw1500_converter.py /path/to/ctw1500 -o /path/to/ctw1500 --split-list training test







	The resulting directory structure looks like the following:

├── ctw1500
│   ├── imgs
│   ├── annotations
│   ├── instances_training.json
│   └── instances_val.json












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/data/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 2013 (Focused Scene Text)


	Step1: Download Challenge2_Training_Task12_Images.zip, Challenge2_Test_Task12_Images.zip, Challenge2_Training_Task1_GT.zip, and Challenge2_Test_Task1_GT.zip from homepage [https://rrc.cvc.uab.es/?ch=2&com=downloads] Task 2.1: Text Localization (2013 edition).

mkdir icdar2013 && cd icdar2013
mkdir imgs && mkdir annotations

# Download ICDAR 2013
wget https://rrc.cvc.uab.es/downloads/Challenge2_Training_Task12_Images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge2_Test_Task12_Images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge2_Training_Task1_GT.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge2_Test_Task1_GT.zip --no-check-certificate

# For images
unzip -q Challenge2_Training_Task12_Images.zip -d imgs/training
unzip -q Challenge2_Test_Task12_Images.zip -d imgs/test
# For annotations
unzip -q Challenge2_Training_Task1_GT.zip -d annotations/training
unzip -q Challenge2_Test_Task1_GT.zip -d annotations/test

rm Challenge2_Training_Task12_Images.zip && rm Challenge2_Test_Task12_Images.zip && rm Challenge2_Training_Task1_GT.zip && rm Challenge2_Test_Task1_GT.zip







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

python tools/data/textdet/ic13_converter.py PATH/TO/icdar2013 --nproc 4







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

│── icdar2013
│   ├── imgs
│   ├── instances_test.json
│   └── instances_training.json












ICDAR 2015


	Step0: Read Important Note


	Step1: Download ch4_training_images.zip, ch4_test_images.zip, ch4_training_localization_transcription_gt.zip, Challenge4_Test_Task1_GT.zip from homepage [https://rrc.cvc.uab.es/?ch=4&com=downloads]


	Step2:

mkdir icdar2015 && cd icdar2015
mkdir imgs && mkdir annotations
# For images,
mv ch4_training_images imgs/training
mv ch4_test_images imgs/test
# For annotations,
mv ch4_training_localization_transcription_gt annotations/training
mv Challenge4_Test_Task1_GT annotations/test







	Step3: Download instances_training.json [https://download.openmmlab.com/mmocr/data/icdar2015/instances_training.json] and instances_test.json [https://download.openmmlab.com/mmocr/data/icdar2015/instances_test.json] and move them to icdar2015


	Or, generate instances_training.json and instances_test.json with the following command:

python tools/data/textdet/icdar_converter.py /path/to/icdar2015 -o /path/to/icdar2015 -d icdar2015 --split-list training test







	The resulting directory structure looks like the following:

├── icdar2015
│   ├── imgs
│   ├── annotations
│   ├── 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












SynthText


	Step1: Download SynthText.zip from [homepage](https://www.robots.ox.ac.uk/~vgg/data/scenetext/ and extract its content to synthtext/img.


	Step2: Download data.mdb [https://download.openmmlab.com/mmocr/data/synthtext/instances_training.lmdb/data.mdb] and lock.mdb [https://download.openmmlab.com/mmocr/data/synthtext/instances_training.lmdb/lock.mdb] to synthtext/instances_training.lmdb/.


	The resulting directory structure looks like the following:

├── synthtext
│   ├── imgs
│   └── instances_training.lmdb
│       ├── data.mdb
│       └── lock.mdb












TextOCR


	Step1: Download train_val_images.zip [https://dl.fbaipublicfiles.com/textvqa/images/train_val_images.zip], TextOCR_0.1_train.json [https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_train.json] and TextOCR_0.1_val.json [https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_val.json] to textocr/.

mkdir textocr && cd textocr

# Download TextOCR dataset
wget https://dl.fbaipublicfiles.com/textvqa/images/train_val_images.zip
wget https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_train.json
wget https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_val.json

# For images
unzip -q train_val_images.zip
mv train_images train







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

python tools/data/textdet/textocr_converter.py /path/to/textocr







	The resulting directory structure looks like the following:

├── textocr
│   ├── train
│   ├── instances_training.json
│   └── instances_val.json












Totaltext


	Step0: Read Important Note


	Step1: Download totaltext.zip from github dataset [https://github.com/cs-chan/Total-Text-Dataset/tree/master/Dataset] and groundtruth_text.zip from github Groundtruth [https://github.com/cs-chan/Total-Text-Dataset/tree/master/Groundtruth/Text] (Our totaltext_converter.py supports groundtruth with both .mat and .txt format).

mkdir totaltext && cd totaltext
mkdir imgs && mkdir annotations

# For images
# in ./totaltext
unzip totaltext.zip
mv Images/Train imgs/training
mv Images/Test imgs/test

# For annotations
unzip groundtruth_text.zip
cd Groundtruth
mv Polygon/Train ../annotations/training
mv Polygon/Test ../annotations/test







	Step2: Generate instances_training.json and instances_test.json with the following command:

python tools/data/textdet/totaltext_converter.py /path/to/totaltext -o /path/to/totaltext --split-list training test







	The resulting directory structure looks like the following:

├── totaltext
│   ├── imgs
│   ├── annotations
│   ├── instances_test.json
│   └── instances_training.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/data/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












FUNSD


	Step1: Download dataset.zip [https://guillaumejaume.github.io/FUNSD/dataset.zip] to funsd/.

mkdir funsd && cd funsd

# Download FUNSD dataset
wget https://guillaumejaume.github.io/FUNSD/dataset.zip
unzip -q dataset.zip

# For images
mv dataset/training_data/images imgs && mv dataset/testing_data/images/* imgs/

# For annotations
mkdir annotations
mv dataset/training_data/annotations annotations/training && mv dataset/testing_data/annotations annotations/test

rm dataset.zip && rm -rf dataset







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

python tools/data/textdet/funsd_converter.py PATH/TO/funsd --nproc 4







	The resulting directory structure looks like the following:

│── funsd
│   ├── annotations
│   ├── imgs
│   ├── instances_test.json
│   └── 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/data/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












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

python tools/data/textdet/naf_converter.py PATH/TO/naf --nproc 4







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

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












SROIE


	Step1: Download 0325updated.task1train(626p).zip, task1&2_test(361p).zip, and text.task1&2-test（361p).zip from homepage [https://rrc.cvc.uab.es/?ch=13&com=downloads] to sroie/


	Step2:

mkdir sroie && cd sroie
mkdir imgs && mkdir annotations && mkdir imgs/training

# Warnninig: The zip files downloaded from Google Drive and BaiduYun Cloud may
# be different, the user should revise the following commands to the correct
# file name if encounter with errors while extracting and move the files.
unzip -q 0325updated.task1train\(626p\).zip && unzip -q task1\&2_test\(361p\).zip && unzip -q text.task1\&2-test（361p\).zip

# For images
mv 0325updated.task1train\(626p\)/*.jpg imgs/training && mv fulltext_test\(361p\) imgs/test

# For annotations
mv 0325updated.task1train\(626p\) annotations/training && mv text.task1\&2-testги361p\)/ annotations/test

rm 0325updated.task1train\(626p\).zip && rm task1\&2_test\(361p\).zip && rm text.task1\&2-test（361p\).zip







	Step3: Generate instances_training.json and instances_test.json with the following command:

python tools/data/textdet/sroie_converter.py PATH/TO/sroie --nproc 4







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

├── sroie
│   ├── 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/data/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












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/data/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/data/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/data/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/data/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)












COCO Text v2


	Step1: Download image train2014.zip [http://images.cocodataset.org/zips/train2014.zip] and annotation cocotext.v2.zip [https://github.com/bgshih/cocotext/releases/download/dl/cocotext.v2.zip] to coco_textv2/.

mkdir coco_textv2 && cd coco_textv2
mkdir annotations

# Download COCO Text v2 dataset
wget http://images.cocodataset.org/zips/train2014.zip
wget https://github.com/bgshih/cocotext/releases/download/dl/cocotext.v2.zip
unzip -q train2014.zip && unzip -q cocotext.v2.zip

mv train2014 imgs && mv cocotext.v2.json annotations/

rm train2014.zip && rm -rf cocotext.v2.zip







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

python tools/data/textdet/cocotext_converter.py PATH/TO/coco_textv2







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

│── coco_textv2
│   ├── annotations
│   ├── imgs
│   ├── instances_training.json
│   └── instances_val.json












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
# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/rects/ignores
python tools/data/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/data/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/data/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/data/textrecog/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)
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Text Recognition


Overview




	Dataset
	images
	annotation file
	annotation file





	
	
	training
	test



	coco_text
	homepage
	train_label.txt
	-



	ICDAR2011
	homepage
	-
	-



	ICDAR2013
	homepage
	-
	-



	icdar_2015
	homepage
	train_label.txt
	test_label.txt



	IIIT5K
	homepage
	train_label.txt
	test_label.txt



	ct80
	homepage
	-
	test_label.txt



	svt
	homepage
	-
	test_label.txt



	svtp
	unofficial homepage[1]
	-
	test_label.txt



	MJSynth (Syn90k)
	homepage
	shuffle_labels.txt | label.txt
	-



	SynthText (Synth800k)
	homepage
	alphanumeric_labels.txt |shuffle_labels.txt | instances_train.txt | label.txt
	-



	SynthAdd
	SynthText_Add.zip  (code:627x)
	label.txt
	-



	TextOCR
	homepage
	-
	-



	Totaltext
	homepage
	-
	-



	OpenVINO
	Open Images
	annotations
	annotations



	FUNSD
	homepage
	-
	-



	DeText
	homepage
	-
	-



	NAF
	homepage
	-
	-



	SROIE
	homepage
	-
	-



	Lecture Video DB
	homepage
	-
	-



	IMGUR
	homepage
	-
	-



	KAIST
	homepage
	-
	-



	MTWI
	homepage
	-
	-



	COCO Text v2
	homepage
	-
	-



	ReCTS
	homepage
	-
	-



	IIIT-ILST
	homepage
	-
	-



	VinText
	homepage
	-
	-



	BID
	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.




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 train/gt.txt annotations/Challenge1_Train_Task3_GT.txt







	Step2: Convert original annotations to Train_label.jsonl and Test_label.jsonl with the following command:

python tools/data/textrecog/ic11_converter.py PATH/TO/icdar2011







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

├── icdar2011
│   ├── crops
│   ├── train_label.jsonl
│   └── test_label.jsonl












ICDAR 2013 (Focused Scene Text)


	Step1: Download Challenge2_Training_Task3_Images_GT.zip, Challenge2_Test_Task3_Images.zip, and Challenge2_Test_Task3_GT.txt from homepage [https://rrc.cvc.uab.es/?ch=2&com=downloads] Task 2.3: Word Recognition (2013 edition).

mkdir icdar2013 && cd icdar2013
mkdir annotations

# Download ICDAR 2013
wget https://rrc.cvc.uab.es/downloads/Challenge2_Training_Task3_Images_GT.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge2_Test_Task3_Images.zip --no-check-certificate
wget https://rrc.cvc.uab.es/downloads/Challenge2_Test_Task3_GT.txt --no-check-certificate

# For images
mkdir crops
unzip -q Challenge2_Training_Task3_Images_GT.zip -d crops/train
unzip -q Challenge2_Test_Task3_Images.zip -d crops/test
# For annotations
mv Challenge2_Test_Task3_GT.txt annotations && mv crops/train/gt.txt annotations/Challenge2_Train_Task3_GT.txt

rm Challenge2_Training_Task3_Images_GT.zip && rm Challenge2_Test_Task3_Images.zip







	Step 2: Generate Train_label.jsonl and Test_label.jsonl with the following command:

python tools/data/textrecog/ic13_converter.py PATH/TO/icdar2013







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

├── icdar2013
│   ├── crops
│   ├── train_label.jsonl
│   └── test_label.jsonl












ICDAR 2013 [Deprecated]


	Step1: Download Challenge2_Test_Task3_Images.zip and Challenge2_Training_Task3_Images_GT.zip from homepage [https://rrc.cvc.uab.es/?ch=2&com=downloads]


	Step2: Download test_label_1015.txt [https://download.openmmlab.com/mmocr/data/mixture/icdar_2013/test_label_1015.txt] and train_label.txt [https://download.openmmlab.com/mmocr/data/mixture/icdar_2013/train_label.txt]


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

├── icdar_2013
│   ├── train_label.txt
│   ├── test_label_1015.txt
│   ├── test_label_1095.txt
│   ├── Challenge2_Training_Task3_Images_GT
│   └──  Challenge2_Test_Task3_Images












ICDAR 2015


	Step1: Download ch4_training_word_images_gt.zip and ch4_test_word_images_gt.zip from homepage [https://rrc.cvc.uab.es/?ch=4&com=downloads]


	Step2: Download train_label.txt [https://download.openmmlab.com/mmocr/data/mixture/icdar_2015/train_label.txt] and test_label.txt [https://download.openmmlab.com/mmocr/data/mixture/icdar_2015/test_label.txt]


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

├── icdar_2015
│   ├── train_label.txt
│   ├── test_label.txt
│   ├── ch4_training_word_images_gt
│   └── ch4_test_word_images_gt












IIIT5K


	Step1: Download IIIT5K-Word_V3.0.tar.gz from homepage [http://cvit.iiit.ac.in/projects/SceneTextUnderstanding/IIIT5K.html]


	Step2: Download train_label.txt [https://download.openmmlab.com/mmocr/data/mixture/IIIT5K/train_label.txt] and test_label.txt [https://download.openmmlab.com/mmocr/data/mixture/IIIT5K/test_label.txt]


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

├── III5K
│   ├── train_label.txt
│   ├── test_label.txt
│   ├── train
│   └── test












svt


	Step1: Download svt.zip form homepage [http://www.iapr-tc11.org/mediawiki/index.php/The_Street_View_Text_Dataset]


	Step2: Download test_label.txt [https://download.openmmlab.com/mmocr/data/mixture/svt/test_label.txt]


	Step3:

python tools/data/textrecog/svt_converter.py <download_svt_dir_path>







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

├── svt
│   ├── test_label.txt
│   └── image












ct80


	Step1: Download test_label.txt [https://download.openmmlab.com/mmocr/data/mixture/ct80/test_label.txt]


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

├── ct80
│   ├── test_label.txt
│   └── image












svtp


	Step1: Download test_label.txt [https://download.openmmlab.com/mmocr/data/mixture/svtp/test_label.txt]


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

├── svtp
│   ├── test_label.txt
│   └── image












coco_text


	Step1: Download from homepage [https://rrc.cvc.uab.es/?ch=5&com=downloads]


	Step2: Download train_label.txt [https://download.openmmlab.com/mmocr/data/mixture/coco_text/train_label.txt]


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

├── coco_text
│   ├── train_label.txt
│   └── train_words












MJSynth (Syn90k)


	Step1: Download mjsynth.tar.gz from homepage [https://www.robots.ox.ac.uk/~vgg/data/text/]


	Step2: Download label.txt [https://download.openmmlab.com/mmocr/data/mixture/Syn90k/label.txt] (8,919,273 annotations) and shuffle_labels.txt [https://download.openmmlab.com/mmocr/data/mixture/Syn90k/shuffle_labels.txt] (2,400,000 randomly sampled annotations).





Note

Please make sure you’re using the right annotation to train the model by checking its dataset specs in Model Zoo.




	Step3:

mkdir Syn90k && cd Syn90k

mv /path/to/mjsynth.tar.gz .

tar -xzf mjsynth.tar.gz

mv /path/to/shuffle_labels.txt .
mv /path/to/label.txt .

# create soft link
cd /path/to/mmocr/data/mixture

ln -s /path/to/Syn90k Syn90k







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

├── Syn90k
│   ├── shuffle_labels.txt
│   ├── label.txt
│   ├── label.lmdb
│   └── mnt












SynthText (Synth800k)


	Step1: Download SynthText.zip from homepage [https://www.robots.ox.ac.uk/~vgg/data/scenetext/]


	Step2: According to your actual needs, download the most appropriate one from the following options: label.txt [https://download.openmmlab.com/mmocr/data/mixture/SynthText/label.txt] (7,266,686 annotations), shuffle_labels.txt [https://download.openmmlab.com/mmocr/data/mixture/SynthText/shuffle_labels.txt] (2,400,000 randomly sampled annotations), alphanumeric_labels.txt [https://download.openmmlab.com/mmocr/data/mixture/SynthText/alphanumeric_labels.txt] (7,239,272 annotations with alphanumeric characters only) and instances_train.txt [https://download.openmmlab.com/mmocr/data/mixture/SynthText/instances_train.txt] (7,266,686 character-level annotations).





Warning

Please make sure you’re using the right annotation to train the model by checking its dataset specs in Model Zoo.




	Step3:

mkdir SynthText && cd SynthText
mv /path/to/SynthText.zip .
unzip SynthText.zip
mv SynthText synthtext

mv /path/to/shuffle_labels.txt .
mv /path/to/label.txt .
mv /path/to/alphanumeric_labels.txt .
mv /path/to/instances_train.txt .

# create soft link
cd /path/to/mmocr/data/mixture
ln -s /path/to/SynthText SynthText







	Step4:Generate cropped images and labels:

cd /path/to/mmocr

python tools/data/textrecog/synthtext_converter.py data/mixture/SynthText/gt.mat data/mixture/SynthText/ data/mixture/SynthText/synthtext/SynthText_patch_horizontal --n_proc 8







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

├── SynthText
│   ├── alphanumeric_labels.txt
│   ├── shuffle_labels.txt
│   ├── instances_train.txt
│   ├── label.txt
│   ├── label.lmdb
│   └── synthtext












SynthAdd


	Step1: Download SynthText_Add.zip from SynthAdd [https://pan.baidu.com/s/1uV0LtoNmcxbO-0YA7Ch4dg] (code:627x))


	Step2: Download label.txt [https://download.openmmlab.com/mmocr/data/mixture/SynthAdd/label.txt]


	Step3:

mkdir SynthAdd && cd SynthAdd

mv /path/to/SynthText_Add.zip .

unzip SynthText_Add.zip

mv /path/to/label.txt .

# create soft link
cd /path/to/mmocr/data/mixture

ln -s /path/to/SynthAdd SynthAdd







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

├── SynthAdd
│   ├── label.txt
│   ├── label.lmdb
│   └── SynthText_Add










Tip

To convert label file with txt format to lmdb format,

python tools/data/utils/txt2lmdb.py -i <txt_label_path> -o <lmdb_label_path>





For example,

python tools/data/utils/txt2lmdb.py -i data/mixture/Syn90k/label.txt -o data/mixture/Syn90k/label.lmdb










TextOCR


	Step1: Download train_val_images.zip [https://dl.fbaipublicfiles.com/textvqa/images/train_val_images.zip], TextOCR_0.1_train.json [https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_train.json] and TextOCR_0.1_val.json [https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_val.json] to textocr/.

mkdir textocr && cd textocr

# Download TextOCR dataset
wget https://dl.fbaipublicfiles.com/textvqa/images/train_val_images.zip
wget https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_train.json
wget https://dl.fbaipublicfiles.com/textvqa/data/textocr/TextOCR_0.1_val.json

# For images
unzip -q train_val_images.zip
mv train_images train







	Step2: Generate train_label.txt, val_label.txt and crop images using 4 processes with the following command:

python tools/data/textrecog/textocr_converter.py /path/to/textocr 4







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

├── TextOCR
│   ├── image
│   ├── train_label.txt
│   └── val_label.txt












Totaltext


	Step1: Download totaltext.zip from github dataset [https://github.com/cs-chan/Total-Text-Dataset/tree/master/Dataset] and groundtruth_text.zip from github Groundtruth [https://github.com/cs-chan/Total-Text-Dataset/tree/master/Groundtruth/Text] (Our totaltext_converter.py supports groundtruth with both .mat and .txt format).

mkdir totaltext && cd totaltext
mkdir imgs && mkdir annotations

# For images
# in ./totaltext
unzip totaltext.zip
mv Images/Train imgs/training
mv Images/Test imgs/test

# For annotations
unzip groundtruth_text.zip
cd Groundtruth
mv Polygon/Train ../annotations/training
mv Polygon/Test ../annotations/test







	Step2: Generate cropped images, train_label.txt and test_label.txt with the following command (the cropped images will be saved to data/totaltext/dst_imgs/):

python tools/data/textrecog/totaltext_converter.py /path/to/totaltext -o /path/to/totaltext --split-list training test







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

├── Totaltext
│   ├── imgs
│   ├── annotations
│   ├── train_label.txt
│   └── test_label.txt












OpenVINO


	Step1: Install awscli [https://aws.amazon.com/cli/].


	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}_label.txt, val_label.txt and crop images using 4 processes with the following command:

python tools/data/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_label.txt
│   ├── train_2_label.txt
│   ├── train_5_label.txt
│   ├── train_f_label.txt
│   └── val_label.txt












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:

# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/detext/ignores
python tools/data/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_label.jsonl
│   └── test_label.jsonl












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_label.txt, val_label.txt, and test_label.txt 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/data/textrecog/naf_converter.py PATH/TO/naf --nproc 4







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

├── naf
│   ├── crops
│   ├── train_label.txt
│   ├── val_label.txt
│   └── test_label.txt












SROIE


	Step1: Step1: Download 0325updated.task1train(626p).zip, task1&2_test(361p).zip, and text.task1&2-test（361p).zip from homepage [https://rrc.cvc.uab.es/?ch=13&com=downloads] to sroie/


	Step2:

mkdir sroie && cd sroie
mkdir imgs && mkdir annotations && mkdir imgs/training

# Warnninig: The zip files downloaded from Google Drive and BaiduYun Cloud may
# be different, the user should revise the following commands to the correct
# file name if encounter with errors while extracting and move the files.
unzip -q 0325updated.task1train\(626p\).zip && unzip -q task1\&2_test\(361p\).zip && unzip -q text.task1\&2-test（361p\).zip

# For images
mv 0325updated.task1train\(626p\)/*.jpg imgs/training && mv fulltext_test\(361p\) imgs/test

# For annotations
mv 0325updated.task1train\(626p\) annotations/training && mv text.task1\&2-testги361p\)/ annotations/test

rm 0325updated.task1train\(626p\).zip && rm task1\&2_test\(361p\).zip && rm text.task1\&2-test（361p\).zip







	Step3: Generate train_label.jsonl and test_label.jsonl and crop images using 4 processes with the following command:

python tools/data/textrecog/sroie_converter.py PATH/TO/sroie --nproc 4







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

├── sroie
│   ├── crops
│   ├── train_label.jsonl
│   └── test_label.jsonl












Lecture Video DB


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_label.txt && mv IIIT-CVid/val.txt val_label.txt && mv IIIT-CVid/test.txt test_label.txt

rm IIIT-CVid.zip







	Step2: Generate train_label.jsonl, val.jsonl, and test.jsonl with following command:

python tools/data/textdreog/lv_converter.py PATH/TO/lv







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

├── lv
│   ├── Crops
│   ├── train_label.jsonl
│   └── test_label.jsonl












FUNSD


	Step1: Download dataset.zip [https://guillaumejaume.github.io/FUNSD/dataset.zip] to funsd/.

mkdir funsd && cd funsd

# Download FUNSD dataset
wget https://guillaumejaume.github.io/FUNSD/dataset.zip
unzip -q dataset.zip

# For images
mv dataset/training_data/images imgs && mv dataset/testing_data/images/* imgs/

# For annotations
mkdir annotations
mv dataset/training_data/annotations annotations/training && mv dataset/testing_data/annotations annotations/test

rm dataset.zip && rm -rf dataset







	Step2: Generate train_label.txt and test_label.txt and crop images using 4 processes with following command (add --preserve-vertical if you wish to preserve the images containing vertical texts):

python tools/data/textrecog/funsd_converter.py PATH/TO/funsd --nproc 4







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

├── funsd
│   ├── imgs
│   ├── dst_imgs
│   ├── annotations
│   ├── train_label.txt
│   └── test_label.txt












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 train_label.txt, val_label.txt and test_label.txt and crop images with the following command:

python tools/data/textrecog/imgur_converter.py PATH/TO/imgur







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

├── imgur
│   ├── crops
│   ├── train_label.jsonl
│   ├── test_label.jsonl
│   └── val_label.jsonl












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/data/common/extract_kaist.py PATH/TO/kaist







	Step3: Generate train_label.jsonl and val_label.jsonl (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/data/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_label.jsonl
│   └── val_label.jsonl (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 train_label.jsonl and val_label.jsonl (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/data/textrecog/mtwi_converter.py PATH/TO/mtwi --nproc 4







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

├── mtwi
│   ├── crops
│   ├── train_label.jsonl
│   └── val_label.jsonl (optional)












COCO Text v2


	Step1: Download image train2014.zip [http://images.cocodataset.org/zips/train2014.zip] and annotation cocotext.v2.zip [https://github.com/bgshih/cocotext/releases/download/dl/cocotext.v2.zip] to coco_textv2/.

mkdir coco_textv2 && cd coco_textv2
mkdir annotations

# Download COCO Text v2 dataset
wget http://images.cocodataset.org/zips/train2014.zip
wget https://github.com/bgshih/cocotext/releases/download/dl/cocotext.v2.zip
unzip -q train2014.zip && unzip -q cocotext.v2.zip

mv train2014 imgs && mv cocotext.v2.json annotations/

rm train2014.zip && rm -rf cocotext.v2.zip







	Step2: Generate train_label.jsonl and val_label.jsonl with the following command:

# Add --preserve-vertical to preserve vertical texts for training, otherwise
# vertical images will be filtered and stored in PATH/TO/mtwi/ignores
python tools/data/textrecog/cocotext_converter.py PATH/TO/coco_textv2 --nproc 4







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

├── coco_textv2
│   ├── crops
│   ├── ignores
│   ├── train_label.jsonl
│   └── val_label.jsonl












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 -f && rm -rf gt







	Step2: Generate train_label.jsonl and val_label.jsonl (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/data/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_label.jsonl
│   └── val_label.jsonl (optional)












ILST


	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_label.jsonl and val_label.jsonl (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/data/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_label.jsonl
│   └── val_label.jsonl (optional)












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 train_label.jsonl, test_label.jsonl, unseen_test_label.jsonl,  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/data/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_label.jsonl
│   ├── test_label.jsonl
│   └── unseen_test_label.jsonl












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: Generate train_label.jsonl and val_label.jsonl (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/data/textrecog/bid_converter.py dPATH/TO/BID --nproc 4







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

├── BID
│   ├── crops
│   ├── ignores
│   ├── train_label.jsonl
│   └── val_label.jsonl (optional)
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Key Information Extraction


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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Named Entity Recognition


Overview

The structure of the named entity recognition dataset directory is organized as follows.

└── cluener2020
  ├── cluener_predict.json
  ├── dev.json
  ├── README.md
  ├── test.json
  ├── train.json
  └── vocab.txt








Preparation Steps


CLUENER2020


	Download and extract cluener_public.zip [https://storage.googleapis.com/cluebenchmark/tasks/cluener_public.zip] to cluener2020/


	Download vocab.txt [https://download.openmmlab.com/mmocr/data/cluener_public/vocab.txt] and move vocab.txt to cluener2020/
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Useful Tools

We provide some useful tools under mmocr/tools directory.


Publish a Model

Before you upload a model to AWS, you may want to
(1) convert the model weights to CPU tensors, (2) delete the optimizer states and
(3) compute the hash of the checkpoint file and append the hash id to the filename. These functionalities could be achieved by tools/publish_model.py.

python tools/publish_model.py ${INPUT_FILENAME} ${OUTPUT_FILENAME}





For example,

python tools/publish_model.py work_dirs/psenet/latest.pth psenet_r50_fpnf_sbn_1x_20190801.pth





The final output filename will be psenet_r50_fpnf_sbn_1x_20190801-{hash id}.pth.




Convert txt annotation to lmdb format

Sometimes, loading a large txt annotation file with multiple workers can cause OOM (out of memory) error. You can convert the file into lmdb format using tools/data/utils/txt2lmdb.py and use LmdbLoader in your config to avoid this issue.

python tools/data/utils/txt2lmdb.py -i <txt_label_path> -o <lmdb_label_path>





For example,

python tools/data/utils/txt2lmdb.py -i data/mixture/Syn90k/label.txt -o data/mixture/Syn90k/label.lmdb
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Changelog


0.5.0 (31/03/2022)


Highlights


	MMOCR now supports SPACE recognition! (What a prominent feature!) Users only need to convert the recognition annotations that contain spaces from a plain .txt file to JSON line format .jsonl, and then revise a few configurations to enable the LineJsonParser. For more information, please read our step-by-step tutorial [https://mmocr.readthedocs.io/en/latest/tutorials/blank_recog.html].


	Tesseract [https://github.com/tesseract-ocr/tesseract] is now available in MMOCR! While MMOCR is more flexible to support various downstream tasks, users might sometimes not be satisfied with DL models and would like to turn to effective legacy solutions. Therefore, we offer this option in mmocr.utils.ocr by wrapping Tesseract as a detector and/or recognizer. Users can easily create an MMOCR object by MMOCR(det=’Tesseract’, recog=’Tesseract’). Credit to @garvan2021


	We release data converters for 16 widely used OCR datasets, including multiple scenarios such as document, handwritten, and scene text. Now it is more convenient to generate annotation files for these datasets. Check the dataset zoo ( Det [https://mmocr.readthedocs.io/en/latest/datasets/det.html#] & Recog [https://mmocr.readthedocs.io/en/latest/datasets/recog.html] ) to explore further information.


	Special thanks to @EighteenSprings @BeyondYourself @yangrisheng, who had actively participated in documentation translation!







Migration Guide - ResNet

Some refactoring processes are still going on. For text recognition models, we unified the ResNet-like architectures [https://github.com/open-mmlab/mmocr/blob/72f945457324e700f0d14796dd10a51535c01a57/mmocr/models/textrecog/backbones/resnet.py] which are used as backbones. By introducing stage-wise and block-wise plugins, the refactored ResNet is highly flexible to support existing models, like ResNet31 and ResNet45, and other future designs of ResNet variants.


Plugin


	Plugin is a module category inherited from MMCV’s implementation of PLUGIN_LAYERS, which can be inserted between each stage of ResNet or into a basicblock. You can find a simple implementation of plugin at mmocr/models/textrecog/plugins/common.py [https://github.com/open-mmlab/mmocr/blob/72f945457324e700f0d14796dd10a51535c01a57/mmocr/models/textrecog/plugins/common.py], or click the button below.
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mmocr.apis


	
mmocr.apis.disable_text_recog_aug_test(cfg, set_types=None)

	Remove aug_test from test pipeline for text recognition.


	Parameters

	
	cfg (mmcv.Config) – Input config.


	set_types (list[str]) – Type of dataset source. Should be
None or sublist of [‘test’, ‘val’].













	
mmocr.apis.init_detector(config, checkpoint=None, device='cuda:0', cfg_options=None)

	Initialize a detector from config file.


	Parameters

	
	config (str or mmcv.Config) – Config file path or the config
object.


	checkpoint (str, optional) – Checkpoint path. If left as None, the model
will not load any weights.


	cfg_options (dict) – Options to override some settings in the used
config.






	Returns

	The constructed detector.



	Return type

	nn.Module










	
mmocr.apis.init_random_seed(seed=None, device='cuda')

	Initialize random seed. If the seed is None, it will be replaced by a
random number, and then broadcasted to all processes.


	Parameters

	
	seed (int, Optional) – The seed.


	device (str) – The device where the seed will be put on.






	Returns

	Seed to be used.



	Return type

	int










	
mmocr.apis.model_inference(model, imgs, ann=None, batch_mode=False, return_data=False)

	Inference image(s) with the detector.


	Parameters

	
	model (nn.Module) – The loaded detector.


	imgs (str/ndarray or list[str/ndarray] or tuple[str/ndarray]) – Either image files or loaded images.


	batch_mode (bool) – If True, use batch mode for inference.


	ann (dict) – Annotation info for key information extraction.


	return_data – Return postprocessed data.






	Returns

	Predicted results.



	Return type

	result (dict)










	
mmocr.apis.replace_image_to_tensor(cfg, set_types=None)

	Replace ‘ImageToTensor’ to ‘DefaultFormatBundle’.






	
mmocr.apis.tensor2grayimgs(tensor, mean=(127), std=(127), **kwargs)

	Convert tensor to 1-channel gray images.


	Parameters

	
	tensor (torch.Tensor) – Tensor that contains multiple images, shape (
N, C, H, W).


	mean (tuple[float], optional) – Mean of images. Defaults to (127).


	std (tuple[float], optional) – Standard deviation of images.
Defaults to (127).






	Returns

	A list that contains multiple images.



	Return type

	list[np.ndarray]












mmocr.core


evaluation


	
mmocr.core.evaluation.compute_f1_score(preds, gts, ignores=[])

	Compute the F1-score of prediction.


	Parameters

	
	preds (Tensor) – The predicted probability NxC map
with N and C being the sample number and class
number respectively.


	gts (Tensor) – The ground truth vector of size N.


	ignores – The index set of classes that are ignored when
reporting results.
Note: all samples are participated in computing.













	
mmocr.core.evaluation.eval_hmean(results, img_infos, ann_infos, metrics={'hmean-iou'}, score_thr=0.3, rank_list=None, logger=None, **kwargs)

	Evaluation in hmean metric.


	Parameters

	
	results (list[dict]) – Each dict corresponds to one image,
containing the following keys: boundary_result


	img_infos (list[dict]) – Each dict corresponds to one image,
containing the following keys: filename, height, width


	ann_infos (list[dict]) – Each dict corresponds to one image,
containing the following keys: masks, masks_ignore


	score_thr (float) – Score threshold of prediction map.


	metrics (set{str}) – Hmean metric set, should be one or all of
{‘hmean-iou’, ‘hmean-ic13’}






	Returns

	float]



	Return type

	dict[str










	
mmocr.core.evaluation.eval_hmean_ic13(det_boxes, gt_boxes, gt_ignored_boxes, precision_thr=0.4, recall_thr=0.8, center_dist_thr=1.0, one2one_score=1.0, one2many_score=0.8, many2one_score=1.0)

	Evaluate hmean of text detection using the icdar2013 standard.


	Parameters

	
	det_boxes (list[list[list[float]]]) – List of arrays of shape (n, 2k).
Each element is the det_boxes for one img. k>=4.


	gt_boxes (list[list[list[float]]]) – List of arrays of shape (m, 2k).
Each element is the gt_boxes for one img. k>=4.


	gt_ignored_boxes (list[list[list[float]]]) – List of arrays of
(l, 2k). Each element is the ignored gt_boxes for one img. k>=4.


	precision_thr (float) – Precision threshold of the iou of one
(gt_box, det_box) pair.


	recall_thr (float) – Recall threshold of the iou of one
(gt_box, det_box) pair.


	center_dist_thr (float) – Distance threshold of one (gt_box, det_box)
center point pair.


	one2one_score (float) – Reward when one gt matches one det_box.


	one2many_score (float) – Reward when one gt matches many det_boxes.


	many2one_score (float) – Reward when many gts match one det_box.






	Returns

	Tuple of dicts which encodes the hmean for
the dataset and all images.



	Return type

	hmean (tuple[dict])










	
mmocr.core.evaluation.eval_hmean_iou(pred_boxes, gt_boxes, gt_ignored_boxes, iou_thr=0.5, precision_thr=0.5)

	Evaluate hmean of text detection using IOU standard.


	Parameters

	
	pre