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Abstract—Deep neural networks have been extensively re-
searched in the field of document image classification to improve
classification performance and have shown excellent results.
However, there is little research in this area that addresses the
question of how well these models would perform in a real-world
environment, where the data the models are confronted with often
exhibits various types of noise or distortion. In this work, we
present two separate benchmark datasets, namely RVL-CDIP-
D and Tobacco3482-D, to evaluate the robustness of existing
state-of-the-art document image classifiers to different types of
data distortions that are commonly encountered in the real
world. The proposed benchmarks are generated by inserting 21
different types of data distortions with varying severity levels into
the well-known document datasets RVL-CDIP and Tobacco3482,
respectively, which are then used to quantitatively evaluate the
impact of the different distortion types on the performance of
latest document image classifiers. In doing so, we show that
while the higher accuracy models also exhibit relatively higher
robustness, they still severely underperform on some specific
distortions, with their classification accuracies dropping from
~90% to as low as ~40% in some cases. We also show that
some of these high accuracy models perform even worse than the
baseline AlexNet model in the presence of distortions, with the
relative decline in their accuracy sometimes reaching as high as
300-450% that of AlexNet. The proposed robustness benchmarks
are made available to the community and may aid future research
in this area.

Index Terms—Document Image Classification, Corruption Ro-
bustness, Robustness to Distortions, Model Robustness

I. INTRODUCTION

Deep learning has been applied to a number of challenging
problems in recent years and has shown exceptional perfor-
mance, particularly in computer vision [1], [2], [3], [4], natural
language processing [5], and speech recognition [6]. However,
recent studies [7], [8], [9] have shown that most modern
machine learning models, while exceptionally powerful, are
also quite fragile and are unable to robustly generalize over
shifts in the data distribution. The problem is that these models
rely heavily on the training data to be able to faithfully
represent the data that will be encountered during deployment.
However, in the real world, the data can be naturally corrupted
[9], the data distribution can change over time [10], and the
models are often confronted with new scenarios [ 1]. Another
problem commonly found in modern machine learning models
is that they are not able to identify when they are likely to
be wrong, nor can they estimate how uncertain they are in

their predictions [12]. Instead, they produce highly confident
predictions during training and when an out-of-distribution
data is encountered, the models begin to make erroneous
yet confident predictions [13], a behavior that raises serious
concerns about the reliability of these models.

Document image classification is one of the areas that has
seen great success with the advent of convolutional neural
networks [14], [15], [16] and, more recently, the transformers
networks [17], [18]. This is also one of the areas where the
distribution of training data and deployment data can be very
different for various reasons. For example, the underlying
templates for different classes of documents tend to vary
significantly across organizations, making it difficult for deep
networks to generalize well between different data distribu-
tions of the same class of documents. Another reason is that
many of the documents found in the real-world are either
altered (e.g., a form or questionnaire filled out by different
users), naturally distorted, or damaged over time. Finally,
with the increasing prevalence of smartphones in our society,
many business processes have allowed the use of smartphones
to scan documents, which can introduce additional types of
distortions into the data. For example, images captured with
mobile phones may exhibit various types of blur, noise, or data
transformations.

Many deep networks have been proposed over the past few
years that have reached the state of the art performance in
both image-based [19] and multimodal document classification
[18]. However, there is very little research that analyzes the
robustness of these models on data outside of the distributions
on which these models were trained. This analysis is particu-
larly important as newer techniques are moving towards multi-
modal approaches that combine visual and textual features to
produce document representations, and are therefore highly
dependent on how accurately the OCR (optical-character-
recognition) software is able to extract the textual data from
a document image. We believe that multimodal approaches
may be severely affected by the introduction of distortions
in the document images, as these could also lead to poor
OCR results, which in turn could compromise the accuracy
of these models. In this study, however, we limit ourselves to
the uni-modal classification. To find out how well the existing
approaches perform against different types of data distortions,
we follow the approach of [9] and propose two robustness
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benchmark datasets for document image classification, namely
RVL-CDIP-D and Tobacco3482-D, generated by introducing
21 different types of document data distortions to the two
well-known document classification benchmark datasets RVL-
CDIP [14] and Tobacco3482, respectively. To summarize, the
contributions of this work are as two-fold:

« We propose two benchmark datasets, RVL-CDIP-D and
Tobacco3482-D, which can be used to evaluate the
robustness of document image classification models to
common real-world distortions.

o« We use the proposed benchmarks to evaluate the per-
formance of existing state-of-the-art document image
classification models and present a thorough comparative
analysis of their performance against common distortions.

II. RELATED WORK

A. Document Image Classification

The field of document image classification has been exten-
sively researched over the years. Early attempts in this area
focused mainly on one of three possibilities; exploiting layout
or structural similarity between documents [20], [21], feature
extraction and matching [22], [23], or a combination of both
[24]. Classic machine learning approaches such as K-Nearest
Neighbours [25], and Hidden Markov Models [26] have also
been proposed in the past. For a detailed overview of the older
techniques, we refer the readers to a related survey [27].

With the advent of deep learning, the use of Convolutional
Neural Networks (CNNs) has become increasingly popular in
this field. Kumar et al. (2014) [28] was the first to demonstrate
that CNNs can significantly outperform classical approaches
even with a simple shallow network. The breakthrough came
when Afzal et al. (2015) [16] and Harley et al. [14] (2015)
showed that transfer learning from ImageNet pre-trained net-
works can extraordinarily boost the performance of existing
CNNs. Afzal et al. (2017) [15] further improved performance
by combining the transfer-learning approach with much deeper
networks. Das et al. (2018) [29] proposed ensembles of
multiple region-based classifier models to slightly improve
the performance. Ferrando et al. (2020) [19] studied the
recently introduced EfficientNet models for the purpose of
document classification and showed that parallelized multi-
GPU training can improve classification accuracy, providing
a new baseline for CNN-based models for document image
classification. Recently, there has been an increased emphasis
on multimodal classification techniques [30], [17], [18], in
which images are preprocessed to extract the textual content
of documents using standalone OCR software, and then visual,
textual, and other layout information is combined to generate
document representations and perform classification. Due to
their recent success, vision transformers [31] have also gained
some attention in document image classification [32], however,
more work is needed before they can match the performance
of the latest CNN-based models.

B. Model Robustness

There is rich literature on the subject of model robustness,
which can be divided into two broad categories, namely
adversarial robustness and corruption robustness. Adversarial
robustness deals with the robustness of a model to an ad-
versarial attack which refers to the introduction of a carefully
crafted, imperceptible perturbation into a clean data input with
the goal of confusing a machine learning classifier. Several
types of adversarial attacks have been proposed in the past.
For example, Su et al. (2017) [33] have shown how changing
a single pixel in an input image can cause a deep learning
classifier to fail. Similarly, Goodfellow et al. (2014) [13] have
shown that very small, imperceptible additions to the image
can affect the performance of black-box classifiers. To make
the models more robust against these attacks, new defense
mechanisms are constantly proposed in the literature [34].

While adversarial robustness focuses more on generating
worst-case examples to confuse the machine learning models,
corruption robustness is concerned with introducing minor
corruptions or distortions into the data to determine how
well the models can perform in real-world scenarios where
these distortions are commonly found. Many studies have
been conducted in this area showing the vulnerability of deep
networks to these distortions. For example, Hosseini et al.
(2017) showed that Google’s Cloud Vision API can be easily
fooled by adding impulse noise to input images. Geirhos et
al. (2017) [35] and Dodge et al. (2017) [7] compared the
performance of deep neural networks (DNNs) with that of
humans and showed that they perform significantly worse than
humans for various types of image distortions such as noise
and blur, even when the networks were fine-tuned on those
specific distortions.

To thoroughly investigate the robustness of modern deep
learning models against common data distortions, Hendrycks
et al. (2019a) [9] introduced robustness benchmark datasets for
ImageNet [36]. They applied 15 different types of common
visual perturbations with varying severity to ImageNet to
create a new corrupted dataset, namely ImageNet-C, from
which our work is directly inspired. They then evaluated
the performance of modern deep learning networks on these
datasets and showed that the classification error of these mod-
els increased significantly with only minor perturbations in the
data. The two datasets have since been used as benchmarks
for many robustness experiments and have allowed researchers
to improve the robustness of existing neural networks, e.g.,
by introducing shape bias [37], extensive pretraining [38], or
different types of data augmentation [39], [40].

III. RVL-CDIP-D AND TOBACC03482-D ROBUSTNESS
BENCHMARKS

A. Base Datasets

In this section, we briefly describe the original datasets,
namely, RVL-CDIP [14], and Tobacco3482, from which we
have generated our robustness benchmarks. RVL-CDIP is
one of the most well-known document image classification
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Fig. 1. A few of the different types of data distortions used in our robustness datasets are shown at severity level 3. Each type of distortion has five severity

levels, giving a total of 105 different distortion types defined for each image.

datasets, which has been used as a benchmark in a number of
studies [15], [19], [41], [17], [18]. The dataset contains a total
of 400K labelled document images with 16 different document
classes and is divided into the training, testing and validation
sets of sizes 320K, 40K and 40K respectively. Tobacco-
3482 is another popular dataset in the field of document
image classification [28], [15] and contains a total of 3482
labelled document images. Since the dataset does not contain
predefined splits, for our experiments, we split the dataset into
training and testing sets with a ratio of 80/20.

B. Benchmarks Design

To create the robustness benchmarks, we followed the
approach of [9] and defined a total of 21 different types of
distortions drawn from the five main categories, namely noise,
blur, geometric, digital, and document-specific distortions. A
few of these distortions are illustrated in Fig. 1. Since in a
real scenario distortions can occur in the data with different
intensity, we also defined 5 different severity levels for each
type of distortion, from least to worst. These distortions
were then applied to the entire test set of the RVL-CDIP
dataset to produce the RVL-CDIP-D dataset with a total of
4.2M images. Since there is no originally defined test set for
the Tobacco3482 dataset, we simply applied the distortions
to the entire dataset to create the Tobacco3482-D dataset.
However, for the analysis, we used the portion of the dataset
(73.5K images in total) that corresponded to the test split
of the dataset, as defined in Section. III-A. The distortions
were algorithmically defined using a combination of python
packages: torchvision !, ocrodeg , and opencv-python 3. The

! https://github.com/pytorch/vision 2 https://github.com/NVlabs/ocrodeg
3 https://github.com/opencv/opencv-python

dataset can be downloaded or recreated from our repository at
https://github.com/saifullah3396/doc_robustness.

C. Distortions

In this section, we briefly describe the different types of
distortions that we have used in this study.

Noise — Gaussian noise is often found in images taken in
low light conditions. Shot noise is an electronic noise often
found in images due to the discrete nature of light. Fibrous
noise and Multiscale noise are document-specific noise and are
used to represent the deterioration of the paper or its various
textures that are common in the real world.

Blur — Defocus blur, Motion blur, and Zoom blur can all
appear in images taken by a camera when it is out of focus,
moving quickly, or zooming rapidly across the image. Gaus-
sian blur is usually applied to images as a post-processing
step when downsampling or upsampling images. Binary blur is
another type of blur used in our study specifically to represent
the spreading, erasure, and smudging of ink in documents.
Similarly, Noisy binary blur is used to represent the spreading
and bleed-through of ink.

Digital — Brightness and Contrast may be high or low
depending on the different lighting conditions. Pixelation may
result from upsampling a low resolution image. JPEG com-
pression is commonly used for lossy compression of digital
images and results in certain compression artifacts.

Geometric — Affine transformation represents the transla-
tion, rotation and shear transformation of images with different
intensities. This is important because documents in the real
world are often slightly rotated, shifted, or warped. Scale is
used to represent images taken by a camera from varying
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Fig. 2. A comparison of the Mean Corruption Error (mCE) and Relative mCE
values of different networks with their accuracy.

distances. Elastic transformation stretches or contracts the
images and can be used to represent the deformation and
warping of the paper.

Document Specific — Random Distortion locally distorts
the textual regions of the image and is used in our study to
represent the spread and bleed-through of ink in document
images. Surface Distortion is another type of distortion that
represents the deformation or curling of the paper often found
in document images. Random blotches randomly adds or
removes blobs over the image to mimic the presence of ink
blobs in documents or the erasure of ink from document paper.
Threshold is a processing technique that we used in our study
to mimic the degradation of textual information in documents
over time.

D. Evaluation Metrics

To evaluate the performance of the different classifiers on
our robustness benchmark datasets, we used the two evaluation
metrics originally proposed by Hendrycks et al. (2019) [9],
namely the mean corruption error (mCE) and the relative
mean corruption error (Rel. mCE). Let Egc’c be the error
rate of a trained classifier f on data corrupted by distortion
type ¢ with severity s, then the mean corruption error mCFE
of classifier f is defined as the total classification error of f
with respect to the baseline classifier on the distorted dataset
and can be calculated as follows:

mCET = ni 2 (Z E;[,c)/(z Eg,/c) (1
C—1 s=1 s=1

Where f’ represents the baseline classifier used to normalize
the distortion errors, n. denotes the total number of distortion
types applied to the data, and n, . denotes the number of sever-
ity levels defined for each distortion. The second evaluation
metric, namely relative mCE, calculates the relative decline
in the performance of a given classifier f when distortion is
added and can be obtained by the following equation:

Rel. mCEf =

Ng e Ng,e

ni S EL - B EL B @
€ =1 s=1 s=1
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IV. RESULTS
A. Models

In order to determine how well the latest document image
classification models perform against common distortions, we
evaluated several powerful deep neural networks available in
the literature against the proposed robustness benchmarks.
Afzal et al. (2017) [15] presented four deep models in their
work, namely AlexNet, ResNet-50, VGG-16, and GoogleNet,
which showed exceptional performance on both RVL-CDIP
and Tobacco-3482 datasets. We selected all four models for
evaluation in our work. More recently, Ferrando et al. (2020)
[19] achieved new peak accuracy with different variants of
the EfficientNet model [4] on both datasets. From their work,
we selected two variants, EfficientNet-B1 and EfficientNet-B4,
which were shown to perform best on the Tobacco3482 and
RVL-CDIP datasets, respectively. In addition to these models,
our study also examined the robustness of recently proposed
vision transformers. Although it was shown by Siddiqui et al.
[32] that it is difficult to train the existing vision transform-
ers on the RVL-CDIP and Tobacco3482 datasets to achieve
comparable performance to the latest CNN-based techniques,
we thought it worthwhile to investigate their robustness to
common distortions and therefore chose two of the commonly
used variants, namely ViT-B/16 and ViT-L/32.

To reproduce the accuracy of the selected models, we
followed the approach of [15] to first fine-tune the ImageNet
pretrained models on the RVL-CDIP dataset and then further
fine-tune them on the Tobacco3482 dataset. Since the RVL-
CDIP and Tobacco3482 datasets are visually similar and
contain some overlapping images, we removed the overlapping
images from both datasets for transfer learning. To train the
vision transformers, we fine-tuned the models using SGD (with
a momentum of 0.9 and learning rates of 0.001-0.01), gradient
clipping at norm 1, and a cosine learning rate schedule with
linear warm-up. With this configuration of hyperparameters,
we were able to slightly improve the performance of the vision
transformers compared to that reported in [32]. After repro-
ducing the accuracy of the models on the original datasets,
we evaluated them on the proposed robustness benchmarks to
compute the robustness metrics as defined in Section III-D.
For all of our evaluation results, AlexNet was chosen as the
baseline model.

B. Evaluation on Robustness Benchmarks

The results of our study are summarized in Table. I,
which summarizes for each model the classification accuracy
(Accclean) and error (Errorce,,) on the original undistorted
datasets, the mean error on each individual distortion type, and
finally the mean corruption error (mCFE) as defined in Section.
III-D. Since AlexNet was chosen as the baseline network in
our study, we also show the unnormalized errors of AlexNet
separately so that the actual impact of each distortion type
on classification performance can be compared. In addition,
Fig. 2 shows a comparison of the total and relative corruption
errors of the models with respect to their accuracy. A number
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TABLE I
CLEAN ACCURACY, CLEAN ERROR, AND MCE, AND THE ERROR VALUES FOR DIFFERENT DISTORTION TYPES FOR EACH MODEL. ALEXNET
(UNNORMALIZED) SHOWS THE ACTUAL MAGNITUDE OF THE ERRORS CAUSED BY THE DISTORTIONS. THE ERROR VALUES FOR TWO ADDITIONAL
DISTORTION TYPES, I.E. GAUSSIAN BLUR AND NOISY BINARY BLUR ARE EXCLUDED.

Noise Blur
Model AcCClean Eclean mCE Gaussian Shot Fibrous Multiscale Defocus Motion Zoom Binary
R T R T R T R T R T R T R T R T R T R T R T
AlexNet . 879 837 12.1 113 21.7 220 16 12 16 12 29 27 45 45 17 23 24 34 21 26 15 11
(Unnormalized)
AlexNet [15] 879 837 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
VGG-16 [15] 91.0 937 90 63 6532 490 59 55 59 58 54 45 55 43 57 31 44 23 53 3 75 59
GoogleNet [15] 90.5 909 951 9.1 8510 960 8 127 88 127 131 167 122 135 88 98 84 90 95 93 91 74
ResNet-50 [15] 904 920 959 80 9391 1050 99 140 99 138 179 268 161 187 93 94 83 8 106 112 94 70
EfficientNet-B1 [19] 927 944 73 56 639 630 56 64 56 62 95 156 102 131 64 50 98 79 91 70 74 55
EfficientNet-B4 [19] 926 937 74 63 5636 515 54 56 54 58 62 76 64 90 54 42 56 41 70 48 72 56
ViT-B/16 (Ours) 87.1 893 129 107 1015 1043 106 106 108 105 101 137 90 95 102 107 79 81 103 97 126 100
ViT-L/32 (Ours) 859 869 141 131 1054 996 105 117 105 110 116 114 126 118 96 85 71 63 84 71 123 105
Mean = 83 9 84 95 105 133 103 112 8 76 77 70 88 78 94 77
Digital Geometric Documents Specific
Model Brightness Contrast Pixelate JPEG Affine Scale Elastic Surf Dist.  Rand Dist.  Blotches Threshold
R T R T R T R T R T R T R T R T R T R T R T
AlexNet . 19 18 37 45 12 11 12 12 25 23 25 22 16 17 12 11 12 12 23 21 15 11
(Unnormalized)
AlexNet [15] 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
VGG-16 [15] 61 42 59 30 73 56 74 54 84 72 8 64 69 50 74 6l 60 55 77 44 74 63
GoogleNet [15] 65 71 73 78 80 98 83 103 74 68 76 78 76 93 80 99 80 93 60 55 87 90
ResNet-50 [15] 63 75 104 107 81 94 87 103 76 69 77 72 8l 85 80 91 81 93 67 57 90 89
EfficientNet-B1 [19] 44 38 37 38 61 59 63 58 51 49 58 51 56 49 60 59 61 53 39 38 62 56
EfficientNet-B4 [19] 45 38 32 30 63 56 63 60 50 44 58 46 56 44 6l 58 62 54 40 33 61 61
ViT-B/16 (Ours) 88 86 63 64 108 118 109 114 104 102 103 99 115 120 115 119 109 178 85 61 117 105
ViT-L/32 (Ours) 99 88 73 56 115 114 117 123 111 101 108 96 124 116 129 122 117 120 92 68 117 121
Mean = 71 68 68 63 85 87 87 90 81 76 83 76 84 8 8 89 86 93 68 57 89 86

R: RVL-CDIP, T: Tobacco3482

of conclusions can be drawn from these results. For instance,
it can be seen that with increasing accuracy of the models,
their mean robustness to common distortions has generally
increased. However, the relative increase in distortion errors
is much higher for some models. For example, ResNet-50
and GoogleNet had comparable accuracy to the VGG-16
model, but performed comparatively much worse in terms of
robustness. It can also be seen that the relative performance
degradation of ResNet-50 and GoogleNet was exceptionally
high on both datasets, reaching 300-450% that of AlexNet.
On the other hand, the EfficientNet variants both performed
exceptionally well in terms of accuracy and robustness. How-
ever, the relative robustness of these classifiers was still lower
than that of VGG-16 on both datasets. Finally, we can see
that while vision transformers were able to achieve comparable
performance to AlexNet, they still lag slightly behind AlexNet
in terms of robustness. Nevertheless, ViT-L/32 model was still
seen to perform better than ResNet-50 and GoogleNet in terms
of relative robustness.

We can also make some important observations about which
types of corruption most affect the performance of the classi-
fiers. First, we can see from the tables that multiscale noise and
contrast distortions had the greatest impact on the performance
of both CNNs and ViTs, with the mean unnormalized error
for AlexNet reaching up to 45%. However, the VGG-16 and
EfficientNet variants were still able to perform relatively well
with these types of distortions. Of the different types of blur,

motion blur seemed to have the greatest impact, followed
by defocus blur and zoom blur. Affine and scale distortions,
as well as document-specific random blotches also appeared
to have a significant impact on the overall performance of
the classifiers. In contrast, digital distortions had less of an
overall impact, with the exception of contrast. Overall, on
the RVL-CDIP-D dataset, EfficientNet-B4 showed the highest
robustness to all types of distortions, followed by EfficientNet-
B1 and VGG-16. On Tobacco3482-D dataset, on the other
hand, VGG-16 performed best among all models, followed by
EfficientNet-B4 and EfficientNet-B1.

We also illustrate the effect of increasing severity of each
distortion type on the performance of the models in Fig.
3, from which some important observations can be drawn.
For example, it can be seen that the CNN-based models
were consistently robust to some specific distortions such
as surface distortion, random distortion, JPEG compression,
and pixelation. Other distortions such as binary blur, defocus
blur, Gaussian noise, and shot noise, etc. caused a moderate
decline in accuracy that increased with severity. Similar to
our previous observation, motion blur, contrast, fibrous noise,
and multi-scale noise had a strong effect on the performance
of the models, and the effect increased with severity. In
addition to analyzing the effects of individual distortions, we
can also draw meaningful conclusions by comparing different
models. For example, when we compare the results of VGG-
16 and EfficientNet-B4 on the RVL-CDIP-D dataset, we find
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Fig. 3. Shows the effect of increasing severity on model performance for each distortion type.

that the performance of VGG-16 for severity > 3 decreased
significantly for some distortions, while EfficientNet-B4 still
showed a comparatively small decrease in accuracy. This is
consistent with our findings on the mean corruption error of
VGG-16, which is slightly higher for RVL-CDIP-D than for
EfficientNet-B4. Overall, we can conclude that VGG-16 and
EfficientNet-B4 are indeed quite robust to these distortions
(except for a few), at least up to severity level 3. Another
interesting observation is that for ViT-L/32, the decrease in
accuracy is much smaller for many distortions compared to
the GoogleNet and ResNet-50 models, which supports our
previous findings about the model from Fig. 2.

V. CONCLUSION

In this paper, we presented two novel benchmark datasets
for evaluating the robustness of document image classifiers
to common corruptions. In addition, we evaluated the current
state-of-the-art deep learning classifiers on these datasets to

analyze how well they perform on corrupted datasets. Through
the analysis, we found that while some of the latest techniques
are quite robust to corruption, a few others can perform even
worse than AlexNet. This result is important because it shows
that even if two deep networks show similar performance
in terms of accuracy, they may differ significantly in terms
of robustness and therefore accuracy alone should not be
sufficient to evaluate the overall strength of deep classifiers.
We also present comprehensive results on the impact of each
corruption type on classifier performance, which may help
future research to improve the robustness of these classifiers
to specific corruption types. A plausible future work can be to
assess the performance of the latest robustness improvement
techniques on document image classifiers using our proposed
benchmarks. Another future direction might be to use these
datasets to evaluate the robustness of existing multi-modal
document classification techniques to common real-world dis-
tortions.
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