
A Comprehensive Evaluation of TrOCR with Varying Image Effects

Ray L. Zhang

Received September 27, 2024
Accepted November 01, 2024
Electronic access November 15, 2024

Accurate optical character recognition (OCR) is crucial for many applications such as digitizing handwritten documents, automating
data entries, and real-time text recognition. In this field, a recently developed Transformer-based Optical Character Recognition
(TrOCR) model utilizing the transformer architecture for both image comprehension and text generation, surpasses the current
cutting-edge models on the printed, handwritten, and scene text recognition tasks. However, its performances regarding various
image effects like font/background colors, font styles etc. have not been systematically investigated and revealed before, although
certain deformations were applied in previous training datasets. Therefore, we evaluated how these image effects quantitatively
influence the prediction accuracies at both character and word levels for this published pre-trained TrOCR model. We created 10
different synthetic printed datasets, each including 1000 randomized sentences with a comprehensive set of randomized images
effects: blur, noise, rotation, font/background colors, font size, and font styles that can occur in scene text recognition, giving
>∼1.8 million possibilities. These combined image effects reduce the character recognition accuracy from 95% for one widely
used handwritten dataset IAM to ∼82% for the current randomized synthetic printed datasets. A detailed analysis of all these
image effects showed that the color effect is the most significant, which was not reported before. By using black font color and
white background color as the typical setting in the original training datasets, even with all other factors still randomized, the
character accuracy is increased to 97% and can be further enhanced to almost perfection, 99.7%, when other random effects
are removed. Blur was found to be the second influential factor (removing it results in accuracy improved to 90%), while all
other images effects mentioned above can be well tolerated and have no significant quantitative differences. Similar trends were
observed at the word level. These results demonstrated that the pre-trained TrOCR model is indeed an excellent OCR model with
no significant performance downgrade from text content, size, and style and free of noise and rotational deformation for printed
text. Our data also suggest that with further training or fine-tuning to include the color and blur effects in the future, this model
could be improved with superb performance beyond black/white text recognition fields. These novel results may facilitate future
OCR developments using transformers to recognize more diverse real-world text backgrounds.

Introduction

Handwritten optical character recognition (OCR) is crucial for
digitizing handwritten documents, automating data entry pro-
cesses, and enhancing accessibility for visually impaired indi-
viduals. Accurate recognition systems can significantly improve
the efficiency and accuracy of these processes, reducing manual
labor and errors.

Research in OCR has evolved significantly over the past few
decades in not only recognizing characters, but also in recog-
nizing sentences and documents1. After an extensive review of
the strengths, weaknesses, and challenges of different OCR ap-
proaches, we can clearly see a strong need for robust, adaptable
OCR systems for applications like document digitization and
real-time text recognition.

Literature Review

Existing research can be broadly categorized into two main
groups: conventional machine learning (ML) methods and deep

learning methods.
Early approaches relied heavily on feature extraction methods

combined with machine learning classification algorithms2–7

such as Support Vector Machine (SVM)5, Random Forests
(RF)1–4,7, k Nearest Neighbor (kNN)1–4,7, Decision Tree
(DT)2,3. For example, an SVM5 classifier was used for hand-
written digit recognition6 after sampling regions of local fea-
tures. The feature extraction process is critical to identify key
features to distinguish different classes correctly, which can
be done using either statistical or structural techniques7. The
statistical feature extraction is based on pixel distribution in an
image, such as histograms, zoning, and moments. In contrast,
the structural feature extraction technique utilizes the geometric
characteristics of a character, e.g. loops, intersections, and num-
ber of endpoints7. These methods focus on simple character
recognition7 and are generally less computationally intensive
but may struggle with complex datasets.

With advancements in better-performing deep learning meth-
ods and extensive use of GPUs, artificial neural network models
such as Convolutional Neural Networks (CNNs) and Recurrent
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Neural Networks (RNNs) have been widely used in OCR tasks
due to their ability to automatically extract high dimensional
features and handle complex data1,7–9. What is the pipeline of
CNN+RNN models for OCR tasks? In these models, CNN is
used for extracting visual features to understand text images
and has been widely employed for classification and recogni-
tion of many different languages10–15. Then, the RNN uses
these features to predict the text and can be improved with other
methods such as Connectionist Temporal Classification (CTC),
multidimensional layers16–18.

More recently, transformer models19–21, which have shown
great success in natural language processing (NLP) but are newer
in the field of computer vision, are being explored with promis-
ing results due to their ability to capture long-range dependen-
cies in data. These models show great potential in OCR tasks.
In this field, the recently developed Transformer-based Opti-
cal Character Recognition (TrOCR) model21 is advanced in
that it leverages the architecture of transformers, originally de-
signed for NLP tasks, and borrows the concept of vision encoder,
which have demonstrated strong performance in computer vision
tasks, to adapt it for the domain of optical character recognition.
Compared to a number of other OCR models, TrOCR’s word
prediction accuracy (96.4%) is among the highest when using
the SROIE (Scanned Receipts OCR and Information Extraction)
dataset21 e.g. the corresponding accuracies for other state-of-
the-art OCR models Tesseract and CRNN are only 57.5% and
28.7% respectively. In addition, its character error rate of ∼3%
is among the lowest when using IAM (A dataset of handwritten
English text)22. The study showcases TrOCR’s ability to process
complex documents and handwritten texts with high precision,
highlighting its potential for real-world OCR applications. Its
popularity and widespread use in both academic research and
real-world applications highlight its effectiveness and reliabil-
ity. In addition, the model’s transformer-based design aligns
well with the current trend of using attention mechanisms to en-
hance OCR tasks, making it an advanced option for a thorough
comparison of text recognition methods.

Our Contribution

However, although the original authors of the state-of-the-art
TrOCR models demonstrated how TrOCR effectively outper-
formed traditional OCR methods and other deep learning ap-
proaches including CNNs and RNNs21, there is no such research
about the transformer-based OCR models’ performance on dif-
ferent visual factors or image effects. To fill in the research
gap, the primary focus of this research is on evaluating and con-
trasting the accuracies at both character and word levels from
using different image effects. In particular, this paper quan-
titatively and systematically investigates the text recognition
performances of this current state-of-the-art model regarding
various image effects that have not been reported before: 1) we

evaluated the effect of font and background colors on prediction
accuracies, which seems to have not been specifically studied be-
fore in pre-training and fine-tuning of TrOCR models. But font
and background colors are important factors to evaluate since
contemporary real-world text environments such as street signs,
event fliers, advertisement materials, include colors; 2) although
different kinds of synthetic and handwritten datasets were used
in the training of TrOCR models21, the quantitative effects of
font sizes and font styles on prediction accuracies are unknown.
As these are intrinsic properties of texts and whether they have
big influence on OCR accuracy is important to know for model
development, we also studied their effects; 3) even though a
few data augmentation types have included image deformations
like blur, noise, and rotation in TrOCR model training21, their
specific quantitative influences on prediction accuracy remain to
be elucidated in this work. These image effects also frequently
occur in real-world scenarios, so having a good understanding of
their impacts on TrOCR’s prediction accuracy is useful; 4) given
that each data has only one of the image transformations applied
in the prior development of TrOCR models21, we investigated
the prediction performance when each of the data were applied
with all seven different kinds of image effects at the same time,
including not only all three representative image deformations
of blur, noise and rotation, but also randomized font sizes and
styles, and especially the random font and background color
effect not studied before. This treatment is new and much closer
to real-world situations that can have multiple deformations and
other image effects occurring at the same time; 5) we further
compared performances of such all-random-image-effects ap-
plied datasets vs. those having only one effect fixed but with
all other factors still randomized. Such comparisons were also
novel and useful to reveal the more significant image effects
among all studied ones. 6) We compared several batches of
randomized text data with all image effects applied simultane-
ously to see if TrOCR’s prediction accuracy is stable or not
across different text content examinations. Overall, we have
conducted quite a few novel comparative studies for this TrOCR
model. It should be noted that the identification of specific
significant factors that could influence prediction accuracy is
important for future development to include them in training
and/or fine-tuning for a strong all-around OCR model.

To do so, we generated a number of synthetic datasets with
these image effects to address these aspects and perform a com-
prehensive comparison of its performances, which is essential
to understand its strengths and limitations. By applying these
studies to some different kinds of datasets with various image
effects, this research seeks to identify how variations in text
image characteristics impact the model’s accuracy and overall
performance to offer valuable insights into its strengths and
weaknesses in handling datasets that differ in type of color,
size, style, deformation, and content. This comparative analysis
helped us learn more about the currently most effective OCR
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technique (TrOCR) for various real-world applications to iden-
tify the most suitable specific applications and datasets, ensuring
optimal performance and resource utilization.

Furthermore, this research structured the materials to high-
light comparative performance metrics, detailed error analysis,
and the practical implications of the findings. By doing so, it
provided readers with a clear understanding of which image ef-
fects could significantly affect OCR performances and how the
future developments to include such effects in training may be
optimized for better performance across more diverse datasets
in real-world situations. This approach not only contributes to
the academic conversation but also guides future research and
development in handwritten character recognition technologies.

Methods

TrOCR

As shown in Fig. 1 and described below, the core structure
of TrOCR comprises an encoder-decoder framework, where
the encoder processes the visual features extracted from the
input handwritten text images, and the decoder generates the
corresponding text sequences as output.

Fig. 1 Overview of the TrOCR architecture.

1. Encoder: The architecture of the encoder closely mirrors
that of vision transformers23, which have been success-
fully applied to similar tasks in computer vision. So, the
encoder does not use CNN as a feature extractor, serving
as a preprocessing step to distill detailed features from in-
put images. It first resizes the input image to a fixed size
of 384x384, which is then split into a sequence of 16x16
patches as input for image transformer. These patches are
subsequently rendered into vectors (also known as patch
embedding). The encoder also uses positional encodings
to retain spatial information about the input image24. The

patch embeddings and two special tokens (one for the
whole image classification and the other for the distilla-
tion in input sequence) can be used to produce learnable
one-dimensional position embedding based on their ab-
solute positions. These extracted features and positional
encodings are passed through multiple vision transformer
encoder layers, including feed-forward and multi-head at-
tention modules, which serve as the central component
of the encoder and capture long-range dependencies by
enabling the model to concentrate on various regions of
the image at the same time, computing attention scores
between features at various locations to capture diverse re-
lationships and contextual information. This process helps
the model understand complex interactions within the im-
age. Unlike the CNN models for feature extraction, the
transformer architectures do not have image-oriented in-
ductive bias. Furthermore, treating the image as a sequence
of patches allows models to more effectively focus on the
entire image or specific patches.

2. Decoder: The TrOCR decoder converts the encoded vi-
sual features into text21. It operates similarly to traditional
sequence-to-sequence models used in language translation,
which use encoded image features for input, and the pre-
dicted text sequence as output. TrOCR utilized the original
transformer decoder and has a pile of identical components.
However, the decoder distributes different attention on the
encoder output by adding the “encoder-decoder attention”
between the multi-head self-attention and feedforward net-
work. This process involves attending to relevant parts
of the encoded features at each step, ensuring that the
predicted text accurately reflects the input image. The
decoder in TrOCR is responsible for transforming the en-
coded visual features into text sequences. After receiving
the encoded image features, the decoder generates text by
predicting one word at a time, using an autoregressive ap-
proach. The decoder also utilizes positional encodings to
maintain the correct order of the text and relies on mech-
anisms like beam search during inference to enhance the
quality and accuracy of the generated text sequences. In
this module, both keys and values are derived from the
encoder output while the queries are generated from the de-
coder input. Furthermore, the decoder adjusts the attention
masking in the self-attention mechanism to control access
to information during training compared to prediction25.

3. Model Initialization:

a. Encoder initialization: There are three levels of
TrOCR models developed21: small, base, and large,
which utilize either DeiT26 or BEiT27 models for
encoder initialization. The DeiT26 model was devel-
oped with different hyperparameters and data aug-
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mentation to make it data-efficient and contains a
robust image classification system that is condensed
into a token in the starting embedding. These fea-
tures result in a competitive performance when com-
pared to CNN models. The BEiT27 model adopts
the Masked Image Modeling to pre-train the image
transformer with visual tokens.

b. Decoder initialization: Both RoBERTa28 and
MiniLM29 models were used in decoder initializa-
tion. RoBERTa28 removed the next sentence pre-
diction function and adapted the masking patten of
the Masked Language Model in real time in order to
thoughtfully manages the impact of numerous cru-
cial hyperparameters and size of the training data.
MiniLM29 is a compact version of the large pre-
trained transformer system yet maintains 99% of its
performance. Aiming to circumvent the soft predic-
tion probabilities of masked language model outputs
or intermediate representations from the teacher mod-
els to facilitate the training of the student model dur-
ing initial stages, it was trained by extracting the self-
attention mechanism from the last transformer layer
of the teacher models and incorporating a teacher
assistant in early stage.

4. Pretraining and Fine-tuning: The TrOCR models21 were
pre-trained in two stages with different datasets. For the
first stage, it utilized hundreds of millions of images with
printed text lines. For the second stage, two datasets for
both printed and handwritten tasks were used with millions
of textline images in each case. In the second stage, distinct
models were pre-trained on task-oriented datasets, and all
started from the models developed in the first stage. In the
original paper of TrOCR models21, the pre-trained models
underwent additional fine-tuning for the subsequent text
recognition activities.

5. Data Augmentation: To enhance the diversity of pre-
trained and fine-tuned data, the TrOCR models21 applied
data augmentations using several image transformations
including random rotation ranging from -10 to 10 degrees,
image blurring, resizing, erosion, and underlining. Each
of these image transformations was selected with equal
possibility. Other randomized data augmentations using
inversion, curving, blur, noise, distortion, rotation etc were
also included in its study of scene text datasets21.

Clearly, TrOCR benefits from extensive pre-training on large-
scale datasets, including both real and synthetic data, which
enables it to generalize well across different handwriting styles
and languages. This pretraining helps the model learn robust
feature representations that are transferable to a variety of OCR
tasks. The model is further fine-tuned on specific datasets, such

as IAM22, to enhance its accuracy in recognizing handwritten
text. Additionally, TrOCR can be fine-tuned on other specific
datasets, allowing it to adapt to various domains or languages,
further improving its performance in specialized OCR applica-
tions. Three levels of TrOCR models have been developed21:
small, base, and large, which contain total parameters of 62, 334,
and 558 million.

There are several advantages of the TrOCR models21: 1) it
does not need external language models because it builds on
both pre-trained image and text transformer models; 2) it is easy
to implement and maintain as it does not depend on any CNNs or
any image-specific bias; 3) it does not involve complex pre/post-
processing steps; 4) it can be easily extended for multilingual
text recognition with adjustments of multilingual pre-trained
models in the decoder side and expansion of corresponding
dictionary.

Nevertheless, this model also has several weaknesses. For
instance, it only works on single line sentences, which was re-
cently extended to deal with full-page scanned receipt images30.
As another example, since it does not contain a post-processing
step and was trained with contemporary data, it may have large
errors for historic hand-written text datasets31 and mixed mode
scene text test sets21, which were recently remedied by combin-
ing it with a language model corrector31 and by embedding a
DoRA (Weight-Decomposed Low-Rank Adaptation) encoder
and LoRA (Low-Rank Adapatation) decoder32 respectively to
reduce the prediction errors.

In addition, there is no specific error analysis due to different
kinds of image effects, which were studied in this work.

Data Generation and Experiment

Since this study’s experimental research design is aimed
at comparing the performance of the recently devel-
oped advanced deep learning model TrOCR21 on different
datasets with varying image characteristics, we employed
this model using the code developed by original authors
(https://github.com/microsoft/unilm/tree/master/trocr) with mod-
ifications to work with the different datasets studied in this paper.
The transformers package is from Hugging Face. In this work,
as our focus is to evaluate the performance of the previously
developed state-of-the-art OCR model TrOCR21 on various im-
age effects, we used the published base-level pre-trained TrOCR
model with no further fine-tuning to compare these effects on
the same footing. This base level’s accuracy data are just ∼1%
lower than the large level ones for almost all datasets evaluated
by the original developers21. Our evaluation used the pre-trained
model without any fine-tuning to establish a baseline and assess
its general robustness across various image effects, such as blur,
noise, rotation, and color variations. By using the pre-trained
model as is, we could better understand which image effects
the model handles well and which it struggles with, without
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the influence of task-specific fine-tuning. This approach pro-
vided a clearer picture of the model’s inherent strengths and
weaknesses when faced with distortions not explicitly addressed
during training. Isolating these weaknesses in the pre-trained
model helped us identify areas where future improvements could
be most beneficial.

We used Python script and PyTorch33 for model evaluation,
accuracy measurement, and error analysis. The commonly used
Python libraries such as NumPy, Pandas, Random, Faker, Evalu-
ate and PIL were utilized for statistical analysis, text generation,
and image processing. The Microsoft Excel software was used
for data visualization and calculations of mean and standard
deviations. The Google Colab served as the primary web-based
interactive computing environment to employ the different tools
and analysis.

The data were first collected using the IAM22 dataset, which
is one of the most popular datasets in the field of handwritten
character recognition21,32, as a validation of our code and a
benchmark for comparison with synthetic data recognition. This
is a dataset of handwritten English text, offering a rich variety
of handwriting styles and challenges for recognition models. It
is composed of 82,227 words from 400 different writers.

Additionally, synthetic data was generated using a custom
procedure designed to simulate diverse text scenarios.

As shown in Table 1, we conducted a comprehensive evalua-
tion of how prediction performances are affected by the seven
different types of factors. Overall, the different random image
effects when combined offer a large variety of test examples
to assess the prediction capabilities of this TrOCR model on
synthetic texts: >∼1.8 million image effect possibilities (not
including the random text size), 100 different color effects x
10 different fonts x 21 font sizes x 2 (with and without blur)
x 2 (with and without noise) x 21 rotational angles (using the
integers to estimate the lower ends, as actual angles are floating
points and thus have much large angle ranges).

For the above purpose, we run predictions of 10 different
datasets (each dataset contains 1000 text images of various
effects) called Cases 1-10 in Table 2 using the TrOCR base
pre-trained models (which contains 334 million parameters):

a) Cases 1, 9 and 10: All seven factors mentioned above are
randomized.

b) Case 2: Texts are the same with Case 1, but all other
six effects are fixed at black/white for font/background
colors, for 30 font size, Arial font, no blur, no noise, and
no rotation.

c) Cases 3-8: Texts are the same with Case 1, and each of
the six effects from 2) to 7) as mentioned above is fixed at
black/white for font/background colors, for 30 font size,
Arial font, no blur, no noise, and no rotation, respectively,
while all other effects are the same with Case 1 texts.

No. Factor name Factor range

1 Text

1000 sentences of random
lengths from 1 to 9 words
generated by Python module
Faker

2 Color

10 different font colors:
black, red, blue, green,
purple, orange, brown, gray,
cyan, magenta
10 different background
colors: white, light gray,
yellow, lightblue, light green,
beige, lavender, light coral,
peachpuff, honeydew

3 Font size range of 20-40

4 Font style

10 different True Type Fonts:
Arial, Constantia, Calibril,
Gabriola, Lucida Sans
Unicode, Times New
Roman, Palatino Linotype,
Perpetua, Verdana, Tw Cen
MT

5 Blur randomly applying Gaussian
blur effect

6 Noise randomly applying noise
effect

7 Rotation

randomly applying
rotational angle of the
generated text within a range
of -10 to 10 degrees

Table 1 Details of randomized text image factors

As shown above, these datasets were chosen for their diversity
in complexity and imaging styles, allowing for a comprehensive
comparison of the transformer-based state-of-the-art TrOCR
method. These new synthetic datasets have been deposited in
GitHub. It should be noted that in each case, the complete
dataset was used as a test set in our evaluations of this model.

We used the following metrics to evaluate the performance.
The accuracy of the TrOCR model when applied to different
datasets is measured as the proportion of correctly recognized
characters to the total number of characters in the test set as
defined below along with its relationship to character error rate
(CER) used in the original and subsequent TrOCR work21,30–32:

Accuracy=
Number of correct character predictions

Number of total characters in a dataset
= 100%−CER

In addition, we evaluated the word level prediction accuracies
as follows, which were also used in the original and subsequent
TrOCR work21,30,32:
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Precision =
correctly matched words

number of detected words

Recall =
correctly matched words
number of original words

All these comparisons are case-sensitive, so even one charac-
ter with a switch in upper versus lower case would be considered
wrong. A wrong character prediction results in a wrong word
comparison even if other characters are recognized correctly.
All four above metrics were reported in Table 2 for the stud-
ied datasets, although only accuracy, precision, and recall data
were discussed in detail in subsequent Results and Discussion
sections.

All these evaluation accuracies were calculated using Python
scripts, specifically tailored for optical character recognition
tasks. The experimental procedures of this research are as fol-
lows:

1. Dataset Acquisition: The dataset IAM was obtained from
a credible online source (Hugging Face) commonly used
in the field of optical character recognition and machine
learning research21,32.

2. Synthetic Data generation: Synthetic data was generated
using a custom procedure as described above involving var-
ious random effects to create a diverse set of text samples.
This procedure included variations in font styles, sizes, col-
ors, backgrounds, and additional effects such as noise, blur,
and rotation.

3. Model Type: We used the published pre-trained base
TrOCR model which has 334 million parameters21.

4. Performance Evaluation: The model’s accuracy was
evaluated on the test sets of each dataset. Comparative
analysis was conducted to assess how the model’s accuracy
varied across datasets with different characteristics. The
analysis focused on identifying significant differences in
model performance across the datasets and understanding
how specific dataset characteristics influenced these results.

Results

Evaluation of the predictions for a standard handwritten
dataset

As shown in Table 2, the predicted character accuracy for the
standard handwritten IAM dataset is 95.2%, which is excellent
and close to the original paper’s accuracy (96.6%) for the IAM
dataset21. The small difference can be attributed to variations in
the evaluation process and experimental setup, such as image
resizing, normalization, or text cropping methods, subtle dif-
ferences in the random seed used during evaluation or specific

configuration details in the test set. Despite these differences,
the results remain close, indicating that the model’s performance
on the IAM dataset is consistent with the original findings. This
high accuracy result indicates that this model is indeed power-
ful enough to generate excellent recognition performance. The
word-level prediction accuracy was not reported previously. But
our results show that ∼89% words have been correctly detected
and identified, which are 6% lower than the character level
accuracy.

Comparison of Different Image Effects on the Predictions
for Synthetic Printed Datasets

Cases 1-10 results are for the synthetic data using 1000 random
text images in each dataset with various image effects.

As seen from Table 2, for Case 1 with every image factor ran-
domized and all factors are included, its character level accuracy
is 84.3%, which is significantly lower than that for IAM by 11%.
Its word level precision and recall values are lower than those
for IAM by 15%. For Case 2, except that texts are still random-
ized as in Case 1, all six types of image effects listed in Table
2 are fixed to one individual value. As illustrated in Fig.2, this
case has the best and almost perfect predictions with characters
correctly recognized at 99.7% and words correctly predicted
with 98%. From Case 3 to Case 8, one of the six image effects
was fixed at the selected value as in Case 2, while the remaining
five effects are still included at the same time as in Case 1. As
shown in Table 2 and Fig.2, among these six cases, both the
character accuracy and word precision/recall data follow this
sequence: fixed color (Case 3) > no blur (Case 6) > fixed font
style (Case 5) ∼ fixed font size (Case 4) ∼ no noise (Case 7) ∼
no rotation (Case 8). In fact, compared to the accuracy results of
Case 1 with every factor included and randomized, among Cases
3-8 with one fixed effect and other factors still all included and
randomized, only Case 3 (fixed color) and Case 6 (no blur) have
accuracy data 5% higher than Case 1. Case 3 performance is
better than Case 6. Case 3 has a character accuracy improve-
ment of ∼13% and word precision/recall improvement of ∼7%
over Case 1. The data for fixed font style (Case 5), fixed font
size (Case 4), no noise (Case 7), and no rotation (Case 8) are all
within 3% from Case 1 data.

Examination of Robustness of the Predictions for Synthetic
Printed Datasets with all Image Effects Together

We then studied and compared Cases 9 and 10 with Case 1.
These three datasets have all the examined image effects simulta-
neously included and randomized. As shown in Table 2 and Fig.
3, the TrOCR’s performances for these three datasets are similar.
In fact, standard deviations from the corresponding means of
the three accuracy parameters including at both the character
and word levels are just around 2%, which is significantly small.
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Dataset Random
font/background

color

Random font
size (20-40)

Random
font
style

Random
blur

Random
noise

Random
rotation

CER Accuracy Precision Recall

IAM 4.8 95.2 88.8 88.8
Case 1 Yes/Yes Yes Yes Yes Yes Yes 15.7 84.3 74.1 74.0
Case 2 Black/White 30 Arial No No No 0.3 99.7 98.4 98.3
Case 3 Black/White Yes Yes Yes Yes Yes 3.0 97.0 91.5 90.9
Case 4 Yes/Yes 30 Yes Yes Yes Yes 14.6 85.4 75.3 75.9
Case 5 Yes/Yes Yes Arial Yes Yes Yes 12.8 87.2 77.8 77.3
Case 6 Yes/Yes Yes Yes No Yes Yes 10.0 90.0 80.6 81.7
Case 7 Yes/Yes Yes Yes Yes No Yes 14.1 85.9 75.4 76.8
Case 8 Yes/Yes Yes Yes Yes Yes No 17.5 82.5 74.5 78.6
Case 9 Yes/Yes Yes Yes Yes Yes Yes 19.0 81.0 70.6 72.1
Case
10

Yes/Yes Yes Yes Yes Yes Yes 20.0 80.0 70.9 69.0

Table 2 Prediction accuracy data (in %) of the pre-trained TrOCR base model for different datasets

Fig. 2 Comparisons of Cases 1-8 using the same set of randomized
1000 sentences with various image effects on three groups of
prediction analysis data. 1st, 2nd, and 3rd groups are for accuracy,
precision, and recall, respectively, each from Case 1 to Case 8. Brief
notes for Cases 1-8: Case 1 – All random; Case 2 – All fixed; Case 3 –
Fixed color; Case 4 - Fixed font size; Case 5 – Fixed font style; Case 6
– No blur; Case 7 – No noise; Case 8 – No rotation.

These results indicate that the TrOCR model’s performance is
quite stable across different datasets with all randomized effects,
which is again a strong feature of this model. Overall, the char-
acter level accuracy and word level precision/recall values are
82%, 72%, and 72%, respectively.

Correlations among Different Prediction Metrics for all
Datasets

As shown in Fig.4 and Table 3, it is interesting to note that these
three performance evaluation parameters are highly correlated as
their corresponding linear correlation coefficient R2 values are
in the range of 0.94-0.97 and data are almost evenly distributed
in their respective ranges. This feature was not reported before.

Fig. 3 Comparisons of Cases 1, 9, 10 with all effects randomized for
1000 randomized sentences on three groups of prediction analysis data.
Mean±SD (standard deviation) for these three groups of data are
shown.

The linear regression line equations in Table 3 show that word
level precision/recall results are more affected than the character
level accuracy, since the slopes (∼1.3) for precision vs. accuracy
and recall vs. accuracy are significantly larger than one. This
is reasonable as a single character recognition mistake leads to
the whole word recognition error even if other characters could
be correctly recognized. The similar slopes here and close to 1
slope for precision vs. recall (and as exemplified by basically the
same precision/recall values, 88.8%, for the IAM datasets, and
the mean precision/recall values, 72%, for the three completely
randomized datasets, see Fig.3) indicate that the original words
are almost 100% detected, although a few may not be recognized
correctly. This almost 100% word detection rate is another nice
feature of this TrOCR model, which was also found for the
SROIE dataset with this model although this kind of detection
rate was not directly reported before21.
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Fig. 4 Correlation diagrams among accuracy, precision, and recall data for all datasets.

Relationship Regression Line
Equation

Correlation
Coefficient

R2

Precision vs.
Accuracy y= 1.3508x−39.086 0.9698

Recall vs.
Accuracy y= 1.2919x−33.404 0.9364

Recall vs.
Precision y= 0.9592x+3.7555 0.9712

Table 3 Correlation analysis results for accuracy, precision, and recall
data for all datasets

Discussion

Based on high correlations among the studied accuracy metrics
here, we focused on using character-level accuracy to quan-
titatively investigate the various image effects studied in this
work.

Cases 1, 9, and 10 were produced using the same randomiza-
tion settings. Since all the factors were random and simultane-
ously included during the data generation process, they would
have the same randomization effects applied. Since their accura-
cies of 84.3, 81.0, and 80.0 show a significantly small standard
deviation (1.8%) from the corresponding mean of 81.8% (see
Fig.3), it is good to use Case 1 dataset as the representative
reference to assess the different kinds of image effects on the
same randomized texts.

As such, Cases 1-8 were designed here to have the same texts
for each of the 1000 images in each dataset. They provide a
good basis to quantitatively compare the effect of a specific
image factor on the prediction accuracy.

In general, compared to Case 1 with an accuracy of 84.3%,
if Case X (X = 2-8) accuracy is similar, that means the Case X
factor can be well tolerated and thus insensitive to such a type
of changes. For example, Cases 4, 5, 7, and 8’s accuracies of
85.4%, 87.2%, 85.9%, 82.5% are all <3% from Case 1. These
four cases’ specific factors different from Case 1 are the fixed
font size of 30 (mean of the total font size range) for Case 3,

the fixed font style of Arial (a widely used clear font) for Case
4, no noise for Case 7, and no rotation for Case 8, respectively.
These results mean that constant font size and style with no
noise and no rotation do not have significant improvements for
recognizing the synthetic text data. Therefore, variations of
these image effects do not significantly affect OCR performance
of the TrOCR model. This feature indicates that the TrOCR
model can recognize different font sizes, different font styles,
and can tolerate the noise and rotation of the text images, which
are useful for the OCR task.

Conversely, if Case X’s result is greater than Case 1 by a
significant amount, it means that the Case X factor has a big
impact on the performance of the model. For instance, Case
6 with no blur has an accuracy of 90.0%, which is 5.7% more
than Case 1. This indicates that the blur effect plays a larger
role in hindering the model from recognizing the synthetic data
compared to above-mentioned four image effects of font size,
font style, no noise, and no rotation. This may be a result that
blurring could lose some pixel details of certain features and
thus decrease the prediction accuracy. However, 5.7% is still
not a very large effect, which is 6.8% of the 84.3% accuracy of
Case 1, i.e. still <10%. This result suggests that a certain extent
of blurring may be tolerated but when it affects certain texts’
pixel details, it may visibly affect the prediction accuracy.

In sharp contrast, Case 2 and Case 3 have the highest two ac-
curacies being 99.7% and 97.0% respectively. The Case 2 result
indicates that when no random image effects are applied, the
recognition is almost perfect, close to 100%. This showcases the
strength of the model in recognizing well-structured texts. Al-
though Case 3 has all the randomizations of image effects other
than the font/background color (which is fixed at black/white as
most samples in the training datasets of TrOCR), the accuracy
was only slightly lower than Case 2 with no randomizations
of image effects at all. This shows that when the texts are in
black/white color settings as in Case 3, all other image effects
including different font sizes, different font styles, random blur,
random noise, and random rotation together, do not significantly
downgrade the accuracy. This is likely due to the reason that
the TrOCR model was trained by using texts in black/white
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settings, including real life handwritings with a black pen on
a white paper and computer printed receipts of black texts on
a white paper21, too. In fact, its training datasets have already
included different font sizes, different font styles, and some ran-
domization of blur, noise, and rotation effects, and thus it is not
surprising to see that this model’s prediction can tolerate these
image effects as long as the color settings are black font and
white background. In fact, this setting’s prediction accuracy of
97% is very similar to the accuracy (95%, Table 2) of the IAM
dataset22 which were used in benchmarking the TrOCR model
to contain other image effects but not color effects. Therefore, it
can be seen that the 84.3% accuracy of Case 1 with all image ef-
fects randomized and included which is significantly lower than
that for IAM (95%) or Case 3 with 97% is due to the existence
of other colored fonts and backgrounds which were not in the
TrOCR training datasets.

These performance results are limited to the use of the pre-
trained TrOCR base model. Future work to improve this study
could include the fine-tuning of this transformer model with col-
ored text images to enhance the prediction accuracy and employ
the TrOCT large model which has 67% more parameters and
1-5% higher accuracy on various benchmark datasets than the
base model21. In addition, as the primary aim of this work is to
explore the individual effects of each image factor with a broader
range of contexts that is often more reflective of real-world sce-
narios where multiple characteristics vary simultaneously, we
did not implement sophisticated controls or statistical analysis.
But we acknowledge the potential value of formal statistical
analyses and plan to incorporate them in future research to in-
vestigate the interactions of different factors more rigorously.
Moreover, we did not perform more detailed error analysis of
different kinds of mistakes such as character confusion and word
segmentation errors, as one error was found to be sufficient to
reveal the individual image effect based on high correlations
of the studied different errors as shown in Table 3 and Fig.4.
Nevertheless, it will be interesting to perform a thorough error
analysis to provide more details of recognition mistakes in the
future.

Overall, the above analysis clearly shows that the
font/background color is the single most impactful factor for
the TrOCR model’s accuracy, which was not studied before.
This also suggests that future development of transformer-based
OCR models may consider the color effects in training datasets.

Conclusion

This study provides the first systematic, quantitative, and com-
parative analysis of various image effects of the TrOCR model’s
performance across diverse datasets, highlighting its strengths
and limitations in comprehensive text recognition scenarios. Be-
sides the widely used handwritten dataset IAM, this work has
evaluated 10,000 randomized text images. All random effects

of font color, background color, font size, font style, blur, noise,
and rotation combined cover >∼1.8 million different image ef-
fect situations. This research has shed light on how these factors
influence the model’s performances.

Results of several datasets of all these included image effects
completely randomized show similar prediction accuracies, in-
dicating a consistent performance of TrOCR across different
random effects and texts. We also found a nearly 100% word
detection rate for this most recent OCR model.

Results demonstrate that TrOCR excels in recognizing struc-
tured and less varied text scenarios, achieving a high accuracy
rate of 99.7% on fixed setting dataset. Its accuracy can be as
high as 97% despite all other mentioned image effects being
simultaneously included, when the color settings are the same as
black/white in its training datasets. Such a strong performance
confirms the efficacy of TrOCR models in standard OCR tasks.

Conversely, the accuracy drops significantly when other font
and background colors are introduced with these text images.
This decline emphasizes the model’s sensitivity to color effects
which have not been studied before. Blurring effect is the next
factor (though much smaller than the color effect) that notably
affects the prediction accuracy. In contrast, other studied image
effects (font size, font style, noise, and rotation) are not signifi-
cant in downgrading OCR predictions. Therefore, these results
also suggest specific interesting areas for potential improvement
of the state-of-the-art TrOCR model to include these significant
effects in training datasets to deal with more realistic real-world
OCR scenes.

In conclusion, TrOCR represents a significant advancement
in OCR technology and can accurately predict texts against
various kinds of image effects and texts with ∼95% and higher
accuracy for black font and white background datasets. Despite
its high performance on specific datasets, TrOCR’s performance
variability across different types of data highlights the need
for further fine-tuning and adaptation to handle diverse real-
world scenarios effectively to enhance its robustness against
varied input conditions. In future work, we plan to fine-tune the
TrOCR model on augmented datasets that incorporate a wide
range of effects, with a focus on color and blur, to see if this
approach can improve the model’s robustness and accuracy. By
augmenting the training data in this way, we aim to adapt the
model to real-world scenarios where such visual distortions are
common, potentially enabling it to perform better across various
OCR tasks. We will explore the impact of this targeted fine-
tuning and report on its effectiveness in addressing the identified
limitations in future studies. This research contributes valuable
insights into the practical applications of TrOCR and provides a
foundation for ongoing developments in the field of handwritten
character recognition.
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