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Kurzfassung

Die Klassifizierung von Dokumentenbildern ist die Klassifizierung von digitalisierten
Dokumenten. In der Regel werden diese Dokumente entweder gescannt oder fotografiert.
Eine Seite eines solchen Dokuments wird als Dokumentenbild bezeichnet. Die Klassifi-
zierung von Dokumentenbildern ist eine wichtige Aufgabe, da sie ein erster Schritt in
nachgelagerten Anwendungen ist. Dieser Schritt wird von Unternehmen derzeit noch
manuell durchgeführt, was einen erheblichen Zeit- und Kostenaufwand darstellt. Die
Ursache dafür ist, dass Systeme zur Klassifizierung von Dokumentenbildern eine sehr
hohe Genauigkeit benötigen (weit über 90%), insbesondere weil dies potentiell der erste
Schritt in nachgelagerten Anwendungen ist. Eine hohe Genauigkeit zu erreichen, ohne
einen Datensatz mit Millionen von annotierten Dokumenten zu haben, ist nicht trivial.
Das derzeit beste Modell zur Klassifizierung von Dokumentenbildern basiert auf einem
transformer Netzwerk, welches auf mehr als 11 Millionen gescannten Dokumentenbildern
vortrainiert wurde und daher einen enormen Ressourcenaufwand zum Trainieren erfordert.
Außerdem haben dieses und andere ähnlich gute Modelle zur Klassifizierung von Doku-
mentenbildern weit über 100 Millionen Parameter. In dieser Arbeit bewältigen wir beide
Herausforderungen. Erstens erstellen wir ein Modell, welches mit dem aktuell besten
Modell konkurrieren kann, ohne dass Millionen von gescannten Dokumentenbildern zum
Trainieren verwendet werden. Zweitens erstellen wir ein Modell, welches in Bezug auf
die Parameter kleiner ist als die aktuell besten Modelle. Um dies zu erreichen, werden
die aktuell besten Modelle als Basis verwendet, welche relativ klein in ihrer Größe sind.
Ihre optimale Einstellung wird zunächst durch eine Hyperparameteroptimierung auf
einer Teilmenge der Daten gefunden. Der Input für diese Modelle basiert auf Bild- und
Textmerkmalen. Deren Output wird dann miteinander kombiniert, und ein abschließender
Meta-Klassifikator wird auf diese Ergebnisse trainiert, um das finale Ergebnis zu erzeugen.
Die Ergebnisse zeigen, dass das entwickelte System, in Bezug auf die Genauigkeit, mit
dem aktuell besten Modell mithalten kann. Außerdem benötigt es weniger Parameter zum
Trainieren und ist aufgrund seiner modularen Natur leicht parallelisierbar. Ferner zeigen
die Ergebnisse, welche spezifischen Teile von Dokumentenbildern für die Klassifizierung
wichtig sind. Je nachdem, wie effizient das System sein soll, können weniger Module aus
dem System ausgewählt werden.
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Abstract

Document image classification is the classification of digitized documents. Typically,
these documents are either scanned or photographed. One page of such a document is
referred to as a document image. Classifying document images is a crucial task since it
is an initial step in downstream applications. This step is done manually by companies
as of now, which takes considerable time and financial resources. The main reason is
the need of a very high accuracy (well beyond 90%) for document image classification
systems, specifically because it is potentially the first step in a series of downstream
applications. However, achieving a high accuracy without having a dataset with millions
of annotated documents is not trivial. The current state-of-the-art document image
classification model is based on a transformer network, which is pretrained on more than
11 million scanned document images and thus requires a huge amount of resources to
train. Additionally, this and other state-of-the-art document image classification models
have well beyond 100 million parameters. In this work, we address both challenges. First,
we create a model which is capable to compete with the current state-of-the-art model
without pretraining on millions of scanned document images. Second, we create a model
which is smaller than current state-of-the-art models, in terms of parameters. To achieve
this, current state-of-the-art models are used as base models, which are relatively small
in size. Their optimal setting is first found in a hyperparameter tuning on a subset of
the data. The input to these models is based on image and text features. Their output
is then combined, and a final meta-classifier is trained on these outputs to generate the
final result. The results show, that the developed approach can compete with current
state-of-the-art models in terms of accuracy. Additionally, it requires fewer parameters to
train, and it is easily parallelizable, due to its modular nature. Moreover, the results show,
which specific parts of document images are important for classification. Depending on
how efficient the system should be, fewer modules from the system can be chosen.
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CHAPTER 1
Introduction

This master thesis deals with classifying document images, by using a modular model
that combines visual and textual features.

1.1 Motivation and problem statement
As early as 1978, the concept of a paperless society was introduced by Lancaster [1]. This
type of society would rely on a digital communication, without the need of any paper
based communication. Even though paperless offices may exist, that concept has not yet
completely caught on in society [2].

The increasing digitalization has led companies to digitize their processes and content
[3], as well as to organize their information in order to improve the search and access to
relevant data [4]. Thus, paper documents are subject to digitization and the output of
this are document images [5]. That is, a "document" in document image refers to a single
page, while "image" refers to the document being present in a format, from which the
text has to be extracted in order to be able to work with the text directly [6]. The task
of document image classification is to categorize a given document image into a set of
defined classes [7].

Many different types of document exist, such as receipts, financial reports, police
reports, e-mail, accident reports, assessments, etc. They can occur as electronic files, i.e.,
already digitized from the beginning, or they may be in scanned form, coming either
from written or printed paper [8]. Moreover, they can contain, amongst others, figures
and tables and be written as a two-column layout, or any other layout. This makes the
task of classifying documents challenging, due to different layouts and formats, as well as
the potentially poor quality of scanned/photographed documents. In addition, the just
mentioned types of documents may come in a different page layout due to human error,

1



1. Introduction

i.e., landscape format instead of portrait format or they may be rotated by an arbitrary
amount.

With increasing numbers of digitized documents, the variability for each document
class increases as well. This adds further complexity to a document classification system
[9]. Documents have potentially high intra-class variability and low inter-class variability
[10]. For instance, two different reports can look very different, while a memo and a
letter can look very similar. This scenario can be seen in the Figures 1.1 and 1.2.

(a) Memo (b) Letter

Figure 1.1: The images are from different categories, but show relatively low interclass
variability [11].

As of now, companies classify documents manually [8]. Alternatively, automation
through machine learning would save human and financial resources [8]. Automatic
classification is an initial step in document processing tasks, such as document retrieval
and information extraction, and has a significant role in indexing the documents of
a digital library [9]. For example, if the goal is to extract information from a certain
category, then document classification as a previous step is necessary. Regarding indexing,
classifying document images into a table of contents page or title page narrows the set of
pages from which to extract meta data [12].

Document image analysis, which encompasses document image classification [13]
and other tasks, such as character recognition, is one of the first topics, where deep

2



1.1. Motivation and problem statement

(a) Scientific report (b) Scientific report

Figure 1.2: The images are from the same category, but show relatively high intraclass
variability [11].

learning has been applied to [3]. This topic dates back to the early 1970’s [5] and different
non deep learning techniques have been tested for document image analysis, which are
discussed in Section 3.1. While document classification approaches can generally be
grouped into image based and content based approaches, the image based approach is
preferred in case of digitized documents [14]. For content based approaches, the text
first needs to be extracted using an Optical Character Recognition (OCR) system [9].
Naturally, a third possibility exists, which is combining image and text.

Achieving a high accuracy in document image classification is of importance to any
company or government entity that deals with a significant amount of digitized documents.
Due to this importance, document image classification has been explored extensively [15].
However, there is relatively little research into how to integrate textual information into
Convolutional Neural Network (CNN) approaches [7]. In this work, textual information
is used alongside CNN models. Furthermore, the amount of training data is much less,
compared to the state-of-the-art (SOTA) model [16], which includes a pretraining on
millions of document images. Pretraining a model on a large dataset and then finetuning
that model has advantages in terms of accuracy [17]. Thus, achieving a comparable
accuracy with the SOTA model without having a dataset with millions of document
images is not trivial. This leads to the following question, which this thesis addresses:

3



1. Introduction

How does a modular multimodal model without pretraining on millions of documents,
based on state-of-the-art image and language models, compare against the state-of-the-art
models, with pretraining, on document image datasets?

1.2 Aim of this thesis
The aim of this thesis is to develop a system, that can compete with current SOTA
document image classification systems.

To achieve that aim, visual and textual features are combined. One important aspect
is the amount of data used. In this thesis, the training data does not exceed millions
of documents, as is done in the current SOTA model [16]. Another important aspect is
to have a relatively small system, i.e., a system that does not have parameters in the
hundreds of millions. Hyperparameter tuning is carried out, in order to optimize the
system in terms of accuracy.

The effect of pretraining and transfer learning is also examined. To test the accuracy
on the smaller dataset, first a pretraining is done on the bigger dataset, and then transfer
learning is applied on the smaller dataset. The datasets used in this work are described
in the next chapter.

Lastly, the individual components, i.e., modules or submodels, of the modular model
are examined. In particular, it is tested, how well the submodels perform in comparison
to the whole system in terms of accuracy.

Thus, in addition to the main research question presented in the previous section,
the following ones are addressed:

• How efficient, in terms of parameters, can the system be made and still compete
with SOTA models?

• What are the optimal hyperparameters and their effect on the accuracy?

• How well, in terms of accuracy, does finetuning on the smaller dataset work?

• What are the impacts of the submodels on the overall accuracy?

The main contributions of this work are the following:

• Developing a model which can compete with current SOTA models on the RVL-CDIP
dataset, without the need of millions of document images. Moreover, the developed
model has over 10 times less parameters than the current SOTA model.

• Improving the SOTA on the Tobacco3428 test dataset by 2.21 percentage points.

4



1.3. Structure

1.3 Structure
Chapter 2 introduces the datasets used in this work. It describes the datasets in detail,
including their distribution.

Chapter 3 describes the related work and background. The related work is systemati-
cally divided into different categories and subcategories. These subcategories are analyzed
and summarized, and differences between them are pointed out.

Next, the methodology is described in this work. The methodology is divided into two
parts. For each part, the necessary theoretical background is provided and the proposed
system is explained.

The results are presented in Chapter 5. A much more detailed presentation of the
results is available in the Appendix. Additionally, a comparison with other works is
shown as well as the results of other metrics such as runtime and number of parameters.

Chapter 6 discusses and interprets the presented results. Moreover, advantages and
disadvantages of the proposed approach are shown.

Chapter 7 concludes the work and points out some limitations. Furthermore, it
provides a summary, points out contributions and adds some considerations for future
work in the field of document image classification.
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CHAPTER 2
Datasets

This chapter introduces the datasets which are used in this work. A detailed description,
including their distribution and some findings related to preprocessing are presented.

2.1 RVL-CDIP
This work is based on the RVL-CDIP [11] dataset since it was specifically created to test
image classification algorithms on document images [18]. RVL-CDIP is a subset of the
Illinois Institute of Technology Complex Document Information Processing (IIT-CDIP)
Test Collection (11 million documents) [19], which itself is a subset of the Legacy Tobacco
Document Library (LTDL) dataset [20] (14 million documents), that was created from
public records of lawsuits against American tobacco companies [11]. The RVL-CDIP
dataset contains 400,000 grayscale images with 16 classes, split evenly in a 8:1:1 ratio
of training, validation and test set, where the images are sized so that their largest
dimension does not exceed 1,000 pixels. However, 1 document image from the test set
of class scientific publication is corrupted, resulting in a test set size 39,999 document
images and thus an overall dataset size of 399,999. That amount is used as an input to
CNNs. However, the same amount (399,999) of texts can not be used as an input to
transformers, since the text can not be extracted from every document image, or it is lost
when performing the preprocessing steps from Section 4.2.4. Figure 2.1 shows the number
of document images per category, where no text is left. By far the most represented class
without any text is File folder and in total, the text from 16,040 document images is not
available after applying OCR and performing preprocessing.

The images are divided evenly into the following 16 classes: letter, form, email,
handwritten, advertisement, scientific report, scientific publication, specification, file
folder, news article, budget, invoice, presentation, questionnaire, resume, and memo.
Figures 1.1 and 1.2 both show example images from this dataset, as well as Figure 2.2,
with an example image from each class.
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2. Datasets
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Figure 2.1: Number of files per category, where no text is left, after applying OCR and
text preprocessing.

Harley et al. [11] chose the categories based on earlier work on document categorization
and on the Tobacco3482 [21] dataset that existed already. Each document in RVL-CDIP
belongs to exactly one class. However, since the IIT-CDIP Test Collection has sometimes
multiple classes per document, the final categories in RVL-CDIP are not perfectly distinct.
See Figure 1.2, for an example of this scenario.
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2.1. RVL-CDIP

(a) Letter (b) Form (c) Email (d) Handwritten

(e) Advertisement (f) Scientific report (g) Scientific publica-
tion

(h) Specification

(i) File folder (j) News article (k) Budget (l) Invoice

(m) Presentation (n) Questionnaire (o) Resume (p) Memo

Figure 2.2: An example document image for each class from the RVL-CDIP [11] dataset.
Notice the visual similarities, for example in (c) Email and (p) Memo, showing a low
interclass variability.
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2. Datasets

2.2 Tobacco3482
The Tobacco3482 [21] dataset, created from the same dataset as RVL-CDIP, the IIT-CDIP
Test Collection, contains 3,482 grayscale document images. These images are split into
10 classes, which are not evenly distributed as in the RVL-CDIP dataset. Figure 2.3
shows the classes and their distribution for this dataset.
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Figure 2.3: Class distribution of the Tobacco3482 [21] dataset.

There is not a predefined training test and validation split, as in RVL-CDIP. To make
the results comparable with other works, the same dataset splits are used. The approach
to this is described in detail in Section 4.4. Furthermore, unlike in the RVL-CDIP dataset,
the document images in this one are not resized in any way.

Similarly as in the RVL-CDIP dataset, the text of some document images is not
available after applying OCR and performing preprocessing. In total, the text for 27
document images is not available, with 21 document images being from the class Note
and 6 from the class Advertisement.

2.3 Summary
The proposed approach in this work is evaluated on two datasets: RVL-CDIP and
Tobacco3482. The RVL-CDIP dataset is more than 100 times larger than the Tobacco3482
dataset, in terms of the number of document images (400,000 vs 3,482) and has 6 more
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2.3. Summary

classes (16 vs 10). RVL-CDIP has an even class distribution, unlike Tobacco3482. Both
datasets are based on the IIT-CDIP Test Collection.
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CHAPTER 3
Related work and background

Generally, the problem of document image classification can be tackled through approaches
that differentiate based on the chosen features and the learning algorithms [22].

This chapter gives an overview of both features and learning algorithms. First, an
overview of strategies of the pre-deep learning era, as well as an overview of the current
SOTA methods. Common strategies, and in particular differences are pointed out. A
few strengths and weaknesses of the methods and fundamental concepts are discussed.

Second, the features used in document image classification systems are explained and
their connection is summarized as a tree.

3.1 Pre-deep learning approaches
Taylor et al. [23] focus on business documents and design a two-layer hierarchy method.
The first layer uses a column detection algorithm, similar to [24], which uses all text and
image blocks to detect column boundaries. The second layer is a classifier based on rules.
If the classifier finds a certain number of landmarks for a class, it is categorized as that
class. A landmark is for instance a salutation, a closing or a date. These landmarks are
extracted by an OCR system.

Byun et al. [25] suggest to use a partial matching method in which form structure
recognition and form classification are performed for only some areas of the input form.
A document is divided into n × m areas, where horizontal and vertical lines are extracted.
The difference of coordinates between two neighboring lines is computed, which serves
as the feature. To compute the similarity of an input document and a predefined form
model, a weighted graph is calculated using Dynamic Programing (DP) matching. The
input form is then classified as one of N known model forms.

In another, mainly rule-based approach, Kochi and Saitoh [26] propose a system,
which can handle semi-formatted documents, that is, a format which is not fixed, but

13



3. Related work and background

does have recurring textual elements, such as title or authors. This makes it robust
against noise in the target document. A model is created by segmenting the first page of
a document. Then, textual elements are manually added to those segmented areas, like
author and title. A number of such models are created. A document is then classified by
computing the minimum distance to those created models in the first step. The main
difference of this approach, compared to [23] and [25] is that it is not fixed to particular
document types, but it can handle arbitrary different types of documents, depending on
how many models are created in the first step.

The following machine learning based approaches mainly emerged after the just
described rule-based systems. Shin and Doermann [27] first perform a connected com-
ponent analysis on foreground and background pixels as a preprocessing step. From
those connected components, statistics, such as the count, sum, median or variance are
computed. Additional features, such as the percentages of text and non-text (graphics,
image, table, and ruling), column structures, variations in the point sizes of fonts or the
density of content area, are computed. These features are the input for a decision tree
classifier, specifically for the Oblique Classifier 1 (OC1) [28] decision tree.

Shin et al. [29] have a similar approach to [27]. Document features for layout classifi-
cation, such as content type (text, graphic or image), foreground pixel window density,
foreground pixel bounding box density, foreground bounding box density, foreground
to background pixel ratio, foreground connected component statistics or foreground
connected component bounding box statistics are used for the classification. In total, 21
features are used for the OC1 decision tree classifier.

Hu et al. [30] use a spatial layout representation, which encodes region layout
information in fixed-length vectors and thus capturing structural characteristics of the
image. These features are used in a Hidden Markov Model (HMM) to classify document
images. In addition to classifying document types, the layout is also classified to
distinguish between, for instance, a one column letter or a two column letter.

Bagdanov and Worring [31] approach the problem of classifying documents into genres,
using Attributed Relational Graphs (ARGs) and First Order Random Graphs (FORGs).
They use ARGs to represent the layout structure and FORGs to represent document
genres. On their test data set of 130 documents, they report a 24 % higher accuracy,
compared to a decision tree.

Reddy and Govindaraju [32] compute features in a pyramidal decomposition. In
particular, the black pixel density in each recursive cut is calculated. The first level
denotes the black pixel density for the whole image, the second level for 4 regions, the third
for 16 regions, etc. For example, a 5 level cut returns a 341 dimensional feature vector (1
+ 4 + 16 + 64 + 256). The authors then apply Principal Component Analysis (PCA) on
these vectors, and feed them into an Adaptive Boosting (AdaBoost) training algorithm,
where the weak learner consists of the k-means algorithm. That is, the k-means algorithm
is repeatedly called. Like [25], this approach is limited to forms.

Kumar et al. [33] use a Bag-of-words (BOW) model to classify document images. A
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Support Vector Machine (SVM) is used in their work for each segmented zone, with Triple
Adjacent Segment (TAS) features as input, a special type of the k-Adjacent-Segment
features [34], where k=3. The zones are obtained by applying the Voronoi++ [35]
method. For the final page classification, a zone-wise voting is conducted. However,
their classification is restricted to classifying whether an image is machine printed or
handwritten.

In another BOW model, Kumar et al. [36] propose a method based on statistics of
patch-codewords over different regions of an image. They start by extracting patches
from unlabeled images to learn a codebook. To model the spatial relationships between
patches, the image is recursively partitioned horizontally and vertically, and a histogram
of patch-codewords is computed in each partition. A Random Forest (RF) model is
trained with the extracted features.

Kumar et al. [37] extend the approach of [36]. The downside of the approach of
Kumer et al. [36] is, that raw image-patch based features, albeit fast to compute, are
not invariant to scale or robust to noise. Thus, in the extended approach, Kumar et al.
[37] use Speeded up Robust Features (SURF), which are several times faster and more
robust to noise than Scale-Invariant Feature Transform (SIFT) features. The features
are the input for a RF and SVM.

Table 3.1 provides an overview of the main methods of each described pre-deep
learning work in this section, with their corresponding used features.

Paper Method Feature(s)
[23] 2 layer classifier predefined Landmarks
[25] Similarity to N form templates with DP matching Lines
[26] Similarity to N templates with a matching distance Image segments
[27] OC1 classifier Image features
[29] OC1 classifier Image features
[30] HMM Interval encoding
[31] Graphs (ARGs and FORGs) Layout
[32] AdaBoost with k-means as weak learner Black pixel density
[33] SVM on Voronoi++ segments and zone-wise voting TAS
[36] RF Image-patch based
[37] RF and SVM SURF

Table 3.1: Overview of different methods and their used features.

3.2 Deep Learning Approaches
The methods in all of the following works are tested on the RVL-CDIP test set. The
most used class of neural networks present in all deep learning approaches is the CNN.
The CNN is either being used as a whole document image classification system, or as a
part of such system.
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Harley et al. [11], who have created the RVL-CDIP dataset, stack 5 CNNs, one
of which is trained on the whole document image, and the others are trained over the
header, footer, left body and right body. These CNNs are either trained from scratch
or transfer-learned from AlexNet [38]. The feature vectors of each model are then
compressed via PCA [39], which is a dimensionality reduction technique. Das et al. [9]
use a similar technique. However, their CNNs are transfer-learned from Visual Geometry
Group (VGG)-16 [40]. A Multi layer perceptron (MLP), a class of artificial neural
networks, is then found to perform as the best ensemble technique.

Transfer learning refers to applying the knowledge of a neural network from one
domain to another, related domain by transferring information [41]. Generally, transfer
learning on a pretrained network, such as the VGG-16 works well due to effectiveness
and generality of the learned representations [42]. However, note that the domain, on
which the VGG-16 is trained, is the ImageNet dataset [43], and thus not related to the
RVL-CDIP dataset. Afzal et al. [15] show that even though these two datasets have
different domains, a pretrained network on ImageNet has a better accuracy score on
the RVL-CDIP test set than no pretraining. In particular, AlexNet, GoogLeNet [44],
VGG-16 and Residual Network (ResNet)-50 [45] show a better accuracy score when
pretraining, with VGG-16 having the best test set accuracy on RVL-CDIP.

Tensmeyer and Martinez [13] train CNNs from scratch, i.e., randomly initialized.
Various modifications are performed, such as changing the network depth, i.e., removing
or adding convolutional layers, changing the width, i.e., changing the number of neurons
in each layer or changing the input size. The input size has a significant impact on the
performance, and it is found that a CNN, which can handle varying input sizes from 320
to 512 pixels, achieves a higher accuracy than smaller input sizes.

Sarkhel and Nandi [46] utilize a spatial pyramid model to extract highly discriminative
multi-scale feature descriptors from a visually rich document by leveraging the inherent
hierarchy of its layout. The spatial pyramid model in this work is a hierarchical construct
of components at various layout level abstractions of the document, where each level of
the pyramid corresponds to an anonymized equivalent image at that level of abstraction.

Ferrando et al. [10], Jain and Wigington [7] and Audebert et al. [3] combine image
and text features by utilizing a CNN for image and an embedding for text. Jain and
Wigington [7] use the VGG-16 to get image features, and 3 different methods to extract
text features. These 3 text features represent text at the sequence, word and character
level, which are combined using an ensemble method, which in turn is combined with
the image features. Audebert et al. [3] utilize the MobileNetV2 [47] for image feature
extraction, which has a similar performance in terms of accuracy, compared to VGG-16,
while being significantly faster. As in [7], word level text features are generated with
FastText [48], a word embedding technique. Ferrando et al. [10] combine EfficientNet
[49] for image features and a reduced version of Bidirectional Encoder Representations
from Transformers (BERT) [50], a transformer model, for text features.

A transformer [51] architecture for document image classification is used in the work
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of Xu et al. [8]. More specifically, this architecture is an extended version of BERT [50].
However, the model is pretrained on the IIT-CDIP Test Collection, which contains more
than 11 million scanned document images. Another major difference, compared to all
other approaches, is that this method is not only suitable for classifying document images,
but also for example for form understanding, where the goal is to extract key-value pairs
from document images.

Finally, Xu et al. [16] extend [8]. It integrates visual information in the pre-training
stage and uses 2-D relative position representation for token pairs, instead of absolute
2-D position embeddings, which Xu et al. [8] use to model the page layout. This model is
the current SOTA model and is also pretrained on the IIT-CDIP Test Collection. Just as
its predecessor, this model is also suitable for other tasks outside of classifying document
images.

Table 3.2 provides an overview of the main methods of each described deep learning
work in this section, with their corresponding used features.

Paper Main method(s) Feature(s)1

[11] 5 stacked CNNs based on AlexNet I
[9] 5 stacked CNNs based on VGG-16 I
[15] CNN based on AlexNet, GoogleNet, VGG-16 and ResNet-50 I
[13] CNN without pretraining I
[46] CNN with ImageNet weights initialized and spatial pyramid I
[10] CNN based on EfficientNet + transformer based on Bert I + T
[8] BERT with additional features, pretrained on IIT-CDIP I + T
[16] Extension to [8] using visual information in pre-training I + T
[7] CNN based on VGG-16 + 3 textual features I + T
[3] CNN based on MobileNetV2 + FastText I + T

Table 3.2: Overview of different methods and their used features on the RVL-CDIP
dataset.

1 I = Image, T = Text

3.3 Features
The features used for document image classification can either be image based, text
based or a combination of both [22]. Some approaches use only image based features,
like [15], [9] or [11], while other approaches use a combination of image and text based
features, such as [10], [8], [16], [7], [3] or [52]. However, not a single SOTA paper on the
RVL-CDIP dataset uses only text based features, which suggests that text based features
alone are not as promising and do not perform as well as image based features.

Every paper from those mentioned in the previous paragraph, which use textual
features, use the tesseract OCR system [53] to extract the text, except the current SOTA
[16], which uses the OCR system from Microsoft. The free and open source tesseract
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OCR System in its ≥ 4.0 version is based on the Long Short Term Memory (LSTM)
network [54].

According to Audebert et al. [3], one reason why using only text based features does
not perform well is because the extracted text in all state-of-the-art papers mentioned
above is based on the tesseract OCR system [53], which outputs noisy text. Salt-and-
pepper noise may be one reason for that, which can be seen in Chapter 5, Figure 5.1.
This, however, is a conjecture and is not verified. The term salt-and-pepper noise refers
to a wide variety of processes, resulting in image degradation, where a few pixels are very
noisy; similar to sprinkling black and white (salt and pepper) pixels on an image [55].
Moreover, the quality of the OCR output depends on the quality of the original image,
on the device used to digitize documents and on the nature of the document, e.g., text
generated from recent or historical newspapers do not usually have the same quality [56].

Text based features, e.g., the presence of keywords, may be computed from the OCR
output, or directly from document images [6]. For embeddings, however, only the textual
output of an OCR system can be used [7]. Word embeddings, such as word2vec, are
vector representations of words, which are trained on very large data sets (1+ billion
words) [57]. Other text features, such as sentence level or character level embeddings,
may also be used.

Image based features can further be divided into structural/layout features and visual
features [6], [8]. Structural features define the relationships between objects on one page.
For example, given a key in a document, e.g., "Birthday:", the corresponding value is more
likely to be on the right or below, instead of on the left or above. Visual features typically
contain some features, which signal the importance of some segments in a document.
They can either be extracted at a global level or a local level. Global level visual features
are extracted from the whole image, and can represent e.g., the density of black pixels,
while local level visual features are extracted from regions in an image, and can represent
e.g., the number of horizontal lines in a segmented block, or even word-level features,
such as bold or underline [6]. Figure 3.1 summarizes the different features that can be
used for a document image classification system.

3.4 Summary
Rule-based approaches for document image classification systems work with techniques,
such as template matching [23], [32]. This technique allows to match an input document
image to a set of N predefined templates. The matching process is carried out by
computing the similarity of an input document image to each model or template. It is
commonly used in cases where document images are formatted or at least semi-formatted,
such as forms or business letters [6], which also depicts the disadvantage of this approach.
Another disadvantage is that designing templates is a cumbersome task and requires one
to have knowledge in the document layout of a certain class [58].

Machine learning based approaches overcome the former disadvantage of rule-based
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Figure 3.1: Overview of different features for a document image classification system,
adapted from [6].

approaches. However, similar to designing a template, features need to be designed, or
engineered, first. As for example in [27] or [29], various features, such as pixel densities in
a certain window size or connected component statistics are first computed, which serve
as input for a classifier. BOW models are another machine learning approach, which
have shown promising results in document image classification [33], [36], [37]. A decision
tree based classifier is a common choice for document image classification, such as the
OC1 classifier [27], [29] or the RF [36], [37].

Deep learning based approaches overcome the requirement to perform feature engi-
neering. Kumar et al. [37] achieve the highest accuracy on the Tobacco-3482 dataset, a
subset of IIT-CDIP, using a machine learning approach. In contrast, Kang et al. [59]
use a CNN, to automatically learn the necessary features to classify document images.
In that paper, a significant increase of more than 22 percentage points in classification
accuracy is reported by the authors. Subsequent approaches use a CNN, together with
additional techniques, such as transfer learning and/or an ensemble for at least 2 models.
Approaches, utilizing image and text features are also introduced. The current SOTA
approach [16] uses a transformer instead of a CNN. However, in that work, the IIT-CDIP
Test Collection dataset is used as a pretraining step. The metric for each of the described
works is the overall accuracy. The overall accuracy is the number of correctly predicted
document images divided by the total amount of document images.
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CHAPTER 4
Methodology

This chapter elaborates the approach developed to classify document images. First,
the methodology for the image stream is discussed, covering the basic building blocks
of a CNN, the selected architecture and the training strategy. Next, in a similar way,
the methodology for the text stream is explained. Finally, the method to combine the
image and text stream to form the final piece of the whole document image classification
system is covered. For all three major parts, i.e., the image stream, text stream and
meta classifier, a hyperparameter tuning is conducted to find the optimal hyperparameter
setting.

4.1 Image stream
Compared to textual features, image features are preferred for the problem of document
image classification [14]. This can also be concluded from Table 3.2., since every SOTA
method based on the RVL-CDIP dataset uses image features. Based on the related
work section, the current SOTA CNN architecture is used for the image stream. The
image stream and text stream are two independent parts of the whole model, which
are combined in a later stage. In the following, first the general CNN architecture is
reviewed. Thereafter, the base classifier of the image stream is discussed, followed by the
preprocessing steps, the hyperparameter tuning and the training strategy and architecture
itself.

4.1.1 Convolutional Neural Networks
CNNs are a type of a feedforward neural network and are able to extract features without
any human intervention. The architecture of a CNN was inspired by the visual cortex [60].
In 1998, Lecun et al. [61] were one of the first who developed a CNN and successfully
trained it using the backpropagation algorithm, the central algorithm in deep learning,
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which was first described in a neural network setting in 1970 [62]. It was applied to
handwritten character recognition, and its architecture is depicted in Figure 4.1. However,
at that time it could not exceed the SVM and as a result, it did not get much attention
[63].

The breakthrough of CNNs and deep learning in general arguably happened in 2012,
when Krizhevsky et al. [38] proposed a CNN architecture, AlexNet, which won the
ImageNet 2012 competition [43]. It was demonstrated that a GPU can be used to
accelerate the training process. Furthermore, it was shown that data augmentation can
be employed, to improve the generalization ability and reduce overfitting. Since AlexNet,
a variety of CNN models have been proposed, both deeper and wider [63].

Figure 4.1: The architecture of LeNet-5 [61].

To build a CNN, four components are typically needed [63]:

Convolution Layer

A convolutional layer consists of kernels. A CNN kernel (also known as filter) represents
different receptors that can respond to various features, such as lines and edges [63].
The kernel is slid over the input image and other subsequent layers in a CNN, starting
from the top left and ending at the bottom right. The extracted features of a kernel
represent a feature map. The depth of the feature map depends on the number of kernels
used in a 1:1 ratio. That is, if 10 kernels are used, the feature map has a depth of 10.
The convolution operation provides an advantage, compared to a general MLP. Due to
the convolutional layer, weights are shared. Thus, a group of weights within one filter
stays fixed, when sliding across the whole input image (or any other subsequent layer),
reducing the amount of parameters and thus speeding up the training process.

Padding

A kernel has a certain size, with which to slide over a certain input, for example, a 3 × 3
kernel. When applying the sliding window technique, information on the border gets lost.
With a kernel of size k and an input of size (m × n), the resulting feature map is of size
((m − k + 1) × (n − k + 1)), where m is the number of rows and n the number of columns.
For CNNs in document image classification, it is common to have m equal to n [13]. To
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prevent losing information from the borders, images are padded with zeros. Additionally,
this keeps the height and width of the input size the same as the resulting feature map.

Stride

Stride is another way to control the size of the convolved input. The stride is the step
size of the kernel. It determines, how many pixels between the applied kernels on an
input should exist. Thus, the larger the stride, the smaller the resulting feature map in
terms of height and width.

Pooling layer

The pooling layer of a CNN consists of pooling operations and is applied on a feature
map, the same as a kernel on an input. It has two basic functions: reducing the size of a
feature map, in terms of height and width, and reducing the amount of overfitting. This
is because a pooling layer omits unnecessary information, while retaining information
that is useful for a CNN. What is useful for a CNN to perform well on a classification
task is determined automatically. Moreover, padding and stride can be applied on the
pooling layer as well. Figure 4.2 summarizes the described components. First, an input
image is padded, followed by deciding for a stride. Then, it is convolved with a kernel,
and finally a pooling operation (in this case: max pooling) is applied. Max pooling takes
the largest activation in a specified window.

Figure 4.2: The four components described and their general procedure, for a 2D input.
[63].

4.1.2 Base classifier
The architecture of the image stream is based on the EfficientNet [49], which is a family
of CNN models. EfficientNets have shown to achieve SOTA results [49] on the ImageNet
dataset. First introduced in 2019 by Tan and Le [49], there have been more than a dozen
different variants proposed since then for the EfficientNet, especially in the training
strategy of EfficientNets. As of April 2022, an EfficientNet trained with Meta Pseudo
Labels [64] is the best CNN, in terms of the test set accuracy on the ImageNet dataset.
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The main contribution of the EfficientNet model family is the compound scaling
method, which uses a compound coefficient φ to scale the depth (d), width (w) and
resolution (r) in the following way: d = αφ, w = βφ and r = γφ, subject to the constraints
α · β · γ ≈ 2, and α � 1, β � 1, γ � 1. The constants α, β and γ are found in a small
grid search first, which determine the baseline model EfficientNet-B0. These constants
are then taken and scaled up by φ, to obtain the EfficientNet models B1 to B7. The
baseline model, EfficientNet-B0, has about 5 million parameters, while the largest model,
EfficientNet-B7, has about 67 million parameters, which is still notably smaller than the
138 million or 144 million parameters in the VGG-16 or VGG-19, respectively.

4.1.3 Preprocessing steps
In this work, the image stream consists of five EfficientNets, each focusing on a different
part of the input. The preprocessing steps partly follow the work of [11]. However, one
simple and key difference in the preprocessing steps is the size of the image. As is found
by [13], using a larger input size significantly impacts the performance and leads to the
biggest performance gain, compared to other preprocessing techniques, such as mirroring
the image, rotating the image, applying shear transformation, etc. Unlike other studies in
document image classification, such as [11], [9], [15], [7], [18], [14], [46], [65] or [21], which
use an input image size of either 227 × 227 or 224 × 224, Tensmeyer and Martinez [13]
have found that an image size of 384 × 384 leads to the best results on the RVL-CDIP
dataset. The accuracy with different image sizes constantly increases up to 384 × 384,
the second largest size tested. 512 × 512, the largest size tested, yields worse results.

The preprocessing steps are as follows. First, all images are resized to 936 × 720.
Then, 5 regions are defined for an image; holistic, header, footer, left body and right
body. The holistic region is simply the whole image itself. The header is defined as the
first 307 pixel rows. Similarly, the footer is defined as the 307 pixel rows. The left body
is defined as the 480 central pixel rows and the first 360 pixel columns and similarly,
the right body is defined as the 480 central pixel rows and the last 360 pixel columns.
Therefore, a slight intersection exists between the left and right body areas with the
header and footer. Finally, each image is resized to 384 × 384. These resized image parts
are scaled by a factor of 1.2 compared to the resized image parts in [11]. This results in
less resizing when performing the final resize to 384 × 384, which in turn retains more
image quality, since resizing an image is degrading the image quality [66].

For resizing an image, different methods and implementations are available, such as
nearest neighbor, bilinear, bicubic, bicubic b-spline or lanczos. The nearest neighbor
is the simplest of all these mentioned interpolation algorithms and the fastest in terms
of processing time. This method, however, would not be an appropriate option for
document image classification, especially for this dataset, due to the low interclass
variability, as explained in Section 1.1. To distinguish between documents with a low
interclass variability, the details should be preserved as much as possible, when resizing.
For that reason, the lanczos interpolation is chosen, since it has the best properties in
terms of detail preservation [67]. The other interpolation methods, except the nearest
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neighbor, would be a legitimate choice, but are not considered for this work, except for
the bilinear interpolation.

The focus on specific regions of a document follows from the fact that certain categories
show a low interclass variability. Figure 1.1 provides an example for that. It shows two
documents from different classes, memo and letter. They typically differ on the header
of a document. While memos often have a full address section, letters typically have a
"To:", "From:", often also either "Subject:" or "RE:". Even though a holistic CNN will
probably learn these differences, having a CNN to classify documents using only this
region will much more likely learn those differences [11]. Similarly to the header region,
different CNNs are implemented to each region described in the previous paragraph.

Due to the size of the dataset, data augmentation is not performed. On the contrary,
data augmentation techniques, such as resizing and cropping, would likely decrease the
performance. This is because the most discriminative parts of document images may
reside in the outer part of an image, for instance the header or the footer of a document,
as can be seen in examples in Figure 1.3. Moreover, this justifies the reason to focus on
different parts of the images with different CNNs.

Normalization of input images is widely used as a data preprocessing step [68], such
as centering or scaling the data. However, since the EfficientNet expects the pixel values
in the range [0 − 255], no normalization is performed. Instead, the normalization is
performed internally in the range [0 − 1].

The last preprocessing step is to transform the input into images with three channels.
Since the data is present in a single channel with grayscale values, it is copied two times
and stacked depth wise, along the third axis.

4.1.4 Hyperparameter tuning
Three restrictions are set for the hyperparameter tuning in order to reduce the computa-
tional complexity. First, the tuning is carried out only on the classifier that is added on
top of the base classifier, i.e., on the classification head. Second, a smaller subset of the
training data, as well as the validation data is taken. The training data consists of 10,016
files, and the validation data of 5,024 files, following the class distribution of the whole
training data set. Third, the input size of the document images is reduced to 224 × 224.
This, however, is increased to 384 × 384 in the second part of the tuning process. After
first experiments, the hyperparameters that are considered in this work are the following:

• Batch Normalization (BN): True, False
• Base model: EfficientNet-B0, EfficientNet-B4, EfficientNet-B7
• Dropout: 0.1, 0.3
• Fully connected (FC) layer: True, False
• Number of neurons in the FC layer: 50
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• Optimizer: Adaptive moment estimation (Adam), Stochastic gradient descent
(SGD)

• Learning rate: 0.0001, 0.001

The classification head consists of the following layers:

GlobalAveragePooling2D → BN → Dropout → FC layer (50 neurons) → Output layer

The GlobalAveragePooling2D layer receives an input of size (height × width ×
channels) and computes the average of the values across each channel, such that the
output of this layer would be a one dimensional vector of size (channels). This layer
greatly reduces the number of parameters and thus the computational complexity. For
instance, if instead of the GlobalAveragePooling2D the input is flattened after the BN
layer as depicted above, the number of parameters increases from around 6.5 million to
almost 16 million, assuming the EfficientNet-B1 model as the base classifier. The BN
layer normalizes each mini-batch by subtracting the mini-batch mean and dividing by
the mini-batch variance. After the normalization step, the input is scaled by a factor γ
and shifted by an offset β [69]. Both γ and β are learnable parameters. The dropout
layer addresses the problem of overfitting by randomly droping neurons, as well as their
connections, from the neural network during training [70].

The hyperparameter values "True" and "False" mean that either that hyperparameter
is considered or not. In particular, it is considered, whether adding an additional FC layer
with 50 neurons increases the validation accuracy or not. The same set of hyperparameters
is considered on all five image models, and the best hyperparameters on average is taken
for all. As an example, if for four models, the best dropout rate is 0.3, but for the fifth it
is 0.1, then 0.3 is taken for all models. This is because the results between 0.1 and 0.3
on the fifth model are too close, so that it would be more stable and beneficial to have
a general set of hyperparameters for all models. The same applies to the other sets of
hyperparameters. The tuning is done with an early stopping setting, and a patience of
10 on the validation loss, i.e., if after 10 epochs the validation loss does not decrease, the
training is stopped. The loss in this tuning, and in fact in all models in this work, is the
categorical cross entropy loss, which is defined as

Loss = −
C�

i=1
yi log ŷi, (4.1)

ŷi = softmax(s), (4.2)

where s denotes the output scores from the last layer, yi the label for class i, ŷi the
prediction for class i and C the number of classes.

In addition to finding the best base classifier, a different set of weights for initialization
is considered. The model architecture for those different weights1 is exactly the same,

1https://github.com/tensorflow/tpu/tree/master/models/official/efficientnet
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which makes it possible to use them. In particular, the noisy student version [71] of
EfficientNet is tested. The noisy student training requires a set of labeled and a set
of unlabeled images. First, a teacher model on the labeled data set is trained. The
teacher model then generates pseudo-labels on the unlabeled dataset. A student model is
subsequently trained on the labeled and pseudo-labeled data. The student then becomes
the teacher and makes again predictions on an unlabeled dataset, which are again taken
as pseudo-labels, etc. This procedure achieves a test set accuracy on the ImageNet
dataset of 86.9% with an EfficientNet-B7 model, an improvement of 2.5 percentage points,
compared to the original EfficientNet-B7 model.

Further tuning

During this work, a few other hyperparameters and considerations are taken into account.
These are BN (whether or not to update its weights), the interpolation method for
resizing document images (bilinear vs lanczos) and the evaluation metric for training
neural networks. That is, whether it is better to use the model with the highest validation
accuracy, or the model with the lowest validation loss, in terms of accuracy.

However, to reduce the computational complexity, the impact of BN and the interpo-
lation method have only been tested on the holistic model. Regarding the evaluation
metric, the region based image models with the highest validation accuracy and the
lowest validation loss are each tested, to find out, how it impacts the test set accuracy.
The results lead to the decision to choose the models with the highest validation accuracy.

4.1.5 Training strategy and architecture
The training strategy and architecture on the full dataset is inspired by [9]. The main
benefit of the following training strategy is to reduce the computational complexity. This
is achieved by a three level transfer learning and can be seen in Figure 4.3.

The first level of transfer learning is initializing the weights of the holistic model
from the corresponding EfficientNet-B1 model, trained on the ImageNet dataset. The
EfficientNet-B1 is chosen because of the highest validitaion accuracy, as shown in Section
5.1. To train the holistic model, only the classifier added on top of the EfficientNet-B1
model is trained first, and all the other weights of the model are frozen, such that they are
not updated during backpropagation. This model’s weights are then used for initialization
of the same model, but with all layers unfrozen, including the batch normalization layers.
Now, all weights can be updated to further increase the prediction accuracy.

The L1 holistic model is trained with the optimal hyperparameter setting as described
in Section 5.1. The weights of this model are then taken to initialize the remaining four
models, i.e., the models for the header, footer, left body and right body region. Similar
to the holistic model, these four models are trained with early stopping on the validation
loss and a patience of 10 and the optimal hyperparameter setting as described in Section
5.1. The Rectified Linear Unit (ReLU) [72] is used as the activation function. In each
epoch, the model is evaluated on the validation set and the model is saved after each
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epoch for further analysis. Specifically, it is analyzed whether using the model with the
lowest validation loss or the model with the highest validation accuracy has a noticeable
impact on the test accuracy.

Figure 4.3: The training strategy for the image stream 1.
1 EN = EfficientNet

4.2 Text stream
Even though image features are preferred compared to textual features when it comes
to document image classification [14], the recent development in this field suggests that
textual features are necessary to achieve SOTA results. In the following sections, the
transformer architecture is first reviewed. Then, the base classifier of the text stream is
discussed, as well as the text extraction, preprocessing steps and the hyperparameter
tuning.

4.2.1 Transformer
Transformers have achieved a great success in many areas, such as Natural Language
Processing (NLP) and computer vision [73]. The transformer architecture originated
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from [51] and is depicted in Figure 4.4.

Figure 4.4: The vanilla transformer architecture [51].

The vanilla transformer architecture [51] is a language model, consisting of N encoder
and N decoder blocks, where N = 6 in the original implementation. Recurrent neural
networks (RNN) based models, such as the LSTM [54], were once SOTA approaches. Their
arguably biggest disadvantages are computational complexity when dealing with long
sequences, and the lack of parallelization due to its sequential nature in the architecture
[73]. In the following, the most important modules of the vanilla transformer architecture
are described.

Attention module

Unlike the RNNs, the transformer architecture, however, is able to perform computations
in parallel. It relies mainly on the attention mechanism, which occurs in the attention
module (see the orange boxes in Figure 4.4). The attention is defined as
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Attention(Q, K, V ) = softmax

�
QKT

√
dk

�
V (4.3)

where Q ∈ RN×dk are the queries, K ∈ RN×dk are the keys and V ∈ RN×dv are the values,
with N denoting the sequence length, and dk and dv denoting the dimensionality of the
queries, keys and values. QKT is divided by

√
dk to counteract the vanishing gradient

problem due to large values of dk and thus a large dot product QKT [51].

The Q, K and V matrices are the result of applying weight matrices W Q ∈ Rdmodel×dk ,
W K ∈ Rdmodel×dk and W V ∈ Rdmodel×dv to the input data matrix X ∈ RN×dmodel , where
dmodel denotes the embedding size. The input data matrix X refers to any of the three
inputs to the orange boxes, as seen in Figure 4.4. In the Encoder, X is the same in
each multiplication with the weight matrices, i.e., Q = K = V . This is referred to as
self-attention. In the Decoder, the upper orange Box in Figure 4.4, X refers to the values
and keys from the Encoder, which are the same, and queries from the Decoder, which
are different to the values and keys, i.e., K = V but K, V �= Q. This is referred to as
cross-attention. In the lower orange Box in the Decoder in Figure 4.4, X also refers to
the same for all three inputs, but a mask is applied to the self-attention, which masks
the input that appears later in the sequence, i.e., it sets it to -∞.

Multi-head attention

Typically, not just one such computation, as described in (4.3), is performed per attention
module, but rather h such computations. In this case it is referred to as multi-head
attention, with h heads. The queries, keys and values get linearly projected h times with
h different sets of learned projections. That means, h heads are employed. On each such
projection, the attention is computed according to (4.3). The outputs of the attention
mechanism are then concatenated and projected once again with a weight matrix WO ∈
Rdmodel×dk back to the original dimension:

MultiHeadAttention(Q, K, V ) = Concat(head1, ..., headH)W O, (4.4)

headi = Attention(QW Q
i , KW K

i , V W V
i ) (4.5)

where W Q
i ∈ Rdmodel× dk

h , W K
i ∈ Rdmodel× dk

h , W V
i ∈ Rdmodel× dv

h and W O ∈ Rdk×dmodel .

Multi-head attention allows the model to learn richer representations, because different
parts of the embeddings can learn different meanings of the words, and each head can
focus on particular aspects of the language [51]. The h different matrices for Q, K and
V are only logically separated. Thus, a single matrix multiplication can compute the
attention score for all h heads.

In addition to the multi-head attention, the encoder and decoder contain a second
sublayer, the FC feed forward neural network. The exact same feed forward neural
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network, with a ReLU activation function, is independently applied to each position.
In other words, the weights of this network are shared, because it is applied to each
word embedding. After each sublayer, a residual connection and layer normalization
is applied. That is, the output of each sublayer is first added with the output of the
previous sublayer, and then normalized across all channels and spatial dimensions [74].

The original transformer, as depicted in Figure 4.4, uses an encoder and a decoder,
making it a sequence-to-sequence model. Other types of transformers include autoencod-
ing and autoregression. Autoencoding models, such as BERT, use the encoder part of the
original transformer. These models mask some portion of the input, which the model tries
to predict. Autoregressive models, such as the Generative Pre-trained Transformer (GPT)
model family (e.g., [75]), use the decoder part of the original transformer. These models
try to predict the next token based on all the previous tokens, while masking the future
tokens.

4.2.2 Base classifier
A distilled version of BERT is used in this work, called DistilBERT [76], whose architecture
is based on BERT [50]. BERT, at the time it was published, has achieved eleven SOTA
results in NLP tasks, and still is SOTA in tasks, such as common sense reasoning and
question answering. However, it requires more computational resources for training
compared to DistilBERT. The pre-training of the BERT model takes 4 days on 16 TPU
chips [50], while DistilBERT was trained on 8 16GB V100 GPUs for approximately 90
hours [76].

DistilBERT is 40% smaller in size, compared to the BERT model, while retaining
97% of its language understanding capabilities. This is achieved by knowledge distillation
[77], which tries to compress a large model or an ensemble of models into a smaller model,
such that the smaller model is not significantly worse in terms of a certain metric, e.g.,
accuracy. To achieve distillation, the DistilBERT model is trained on three different
objectives:

• Distillation loss: DistilBERT learns to output the same class probabilities as BERT.

• Masked language modeling loss: To learn a bidirectional representation of the input,
a percentage of the input tokens, in this case 15, are masked randomly. These
masked tokens are then predicted.

• Cosine embedding loss: This loss makes the DistilBERT model generate hidden
state vectors as close as possible to the ones from BERT.

However, the next sentence prediction loss, as it is used in BERT, is not implemented
in DistilBERT. Apart from that, DistilBERT has the same general architecture as BERT,
but with half as many layers (6). It has 66 million parameters, compared to 110 million
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in the case of the base model of BERT, and 340 million parameters in the case of the
large variant of BERT.

Both models are pretrained on English Wikipedia2 (2,500M words) and on BooksCor-
pus (800M words) [78]. For this work, the uncased version of DistilBERT3 is used , i.e.,
it sets all text to lowercase.

4.2.3 Text extraction
When performing a NLP task, some text to train a model is generally needed4. This
is not a difficult task. For example, GPT-3 was trained on more than 570GB of data,
scraped from the internet.

Since this work is based on document images, the text has to be extracted first, in
order to use it for classification. This is done by applying an OCR system on those
document images. Many commercial OCR systems exists, such as those from Google5,
Amazon6 or Microsoft7. In this work, the open-source tesseract OCR System8 is used,
like in other papers in the field of document image classification, as mentioned in Section
2.3.

First developed at HP between 1984 and 1994, the tesseract OCR system supports
over 100 languages. In this work, version 4.1.1 of tesseract is used.

4.2.4 Preprocessing steps
After performing OCR on document images, the second step is to preprocess the extracted
text before feeding it into a neural network. This is even more important, when the
text is extracted from document images, instead of, for instance, scraping the text from
the web. Noise in the extracted text from the web will generally be much higher due to
reasons mentioned in Section 2.3. The goal of this step is not only to remove noise, but
also to remove non-discriminative characters, such as punctuation. Non-discriminative
elements depend on the task [80].

Vijayarani et al. [81] describe key steps of text preprocessing, which are tokeniza-
tion, stop words removal and stemming. Tokenization refers to splitting the text into
separate tokens, as words or numbers. The idea of stop word removal, is to remove
non-discriminative characters, i.e., characters which appear frequently over different sets
of documents. There are different collections of stop words available9. The best one
depends on the task [80]. Other text preprocessing techniques include lower casing,

2Only text passages are extracted; lists, tables and headers are ignored
3https://huggingface.co/distilbert-base-uncased
4with exceptions, such as [79], moving closer to building a ’textless NLP’ application
5https://cloud.google.com/vision/
6https://aws.amazon.com/textract/
7https://docs.microsoft.com/en-us/azure/cognitive-services/computer-vision/overview-ocr
8https://tesseract-ocr.github.io/tessdoc/Home.html
9for example, https://www.ranks.nl/stopwords has different stop word lists for english
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stemming and lemmatization [82]. Lower casing puts all words in lower case. Stemming
and lemmatization are both techniques, which produce different normalized forms of
a word. Lemmatization normalizes a word to its basic form, while stemming produces
an approximated basic form. For example, lemmatization transforms the word "was"
into "be", while stemming would return the word "fast" for the words "fast", faster" and
"fastest".

Uysal and Gunal [80] investigate the impact of different preprocessing steps on the
text classification. They report that removing stop words can have a negative effect on
the accuracy and suggest that stop words have a higher importance in contrary to what
most of the text classification studies suggest.

Following that result, and the analysis of the extracted text of this dataset, the decision
not to remove stop words is made. Other preprocessing steps, that are undertaken in
this work, are the following:

• Removing "NaN". These are larger regions of the document, where tesseract outputs
a bounding box, but not the corresponding text.

• Remove everything that is not a letter or a digit, since tesseract outputs a lot of
noise, i.e., characters like &,",},!,?,*, etc., which are not supposed to be output.

• Perform lower casing.

• Ignore text, which consists only of whitespace. This is another noisy output.

• Ignore text, which is zero or one characters long, but keep single digit numbers,
since they have a much better discriminative power than one character long strings.

There are some pages where no text can be extracted by tesseract. In this case, or
in cases where the whole extracted text of a document image is removed due to the
preprocessing steps, the extracted text is set to "", i.e., a string of length zero.

4.2.5 Hyperparameter tuning
Due to the relatively large size of the transformer model, the tuning is reduced to a
minimum in order to prevent a large computational complexity. Like in the image stream,
the same subset is taken for the training and validation set, since tuning on the whole
training set is not feasible. The tuning is done in two steps. First, the maximum sequence
length is taken as a hyperparameter. Based on initial experiments, a tuning over the
following set of hyperparameters is conducted, with the bold values being set as fixed in
the first step of the tuning:

• Dropout: 0.3, 0.5
• Number of neurons in the FC layer: 256,512
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• Learning rate: 0.00003, 0.00001

The maximum lengths 128, 256 and 512 are considered. The maximum length is the
number of tokens one document image is represented with. If, for example, the maximum
sequence length is set to 256, then document images with more than 256 tokens are
truncated, while documents with less than 256 tokens are padded. Once the optimal
maximum length is found, the hyperparameters mentioned above (dropout, number of
neurons in the FC layer and learning rate) are tuned.

4.2.6 Training strategy and architecture
Following the results from the image stream, the training strategy in the text stream
takes a similar approach. Here, the DistilBERT model is taken as the base model. Only
the classification head added on top is trained first, with the features extracted from the
base model.

DistilBERT, as well as the original BERT model, has two special tokens: [CLS], a
classification token, and [SEP], a separator token. The [CLS] token is used for classification
tasks and is added in front of every sequence, i.e., in front of each extracted text from a
document image in this work. Specifically, the last hidden state representation of the
[CLS] token is used, which in this case is a 768 dimensional vector. This hidden state
representation is then used as an input to the classification head.

Like in the image stream, first the classification head is trained. To train the
classification head, a hyperparameter tuning is conducted with an early stopping strategy
and a patience of 10. Following the tuning procedure, all layers of the DistilBERT model
are unfrozen in order to change the weights of these layers. The final model is trained
with early stopping and a patience of 10, using the hyperparameters found in the tuning
step and the Adam optimizer. ReLU is used as the activation function for all models. As
in the image stream, the model is evaluated in each epoch on the validation set and a
model is saved after each epoch for further analysis.

4.3 Stacked generalization
The last part of the document image classification system is to train a meta-classifier,
which outputs the final predictions. This technique is called stacked generalization and
was first introduced in 1992 [83]. It is adopted in document image classification models,
such as in [9], [3], [10], [7], [52], and works by combining the (intermediary) output of one
or more classifiers and feeding that as an input to a meta-classifier. To reduce overfitting,
the meta-classifier is trained on the validation set. Thus, the input for the meta-classifier
consists of the (intermediary) outputs of base classifiers from the validation set. The
goal of stacked generalization is to provide a lower generalization error than the base
models, which in this work are the region based CNN models and the transformer. It
is demonstrated by Das et al. [9], that stacked generalization achieves a better test
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set accuracy than a single model. However, Harley et al. [11] report, that the stacked
generalization achieves a worse test set accuracy than a single model. Both results are
based on the RVL-CDIP dataset. The meta-classifier is the last module of the document
image classification system, and the full architecture is shown in Figure 4.5.

Figure 4.5: Proposed architecture for document image classification based on SOTA
architectures, with an image - and text stream and utilizing different levels of transfer
learning.

The input for the meta-classifier could either be the class probabilities (i.e. the
softmax output) or some extracted features on the validation set from the base classifiers.
The final class predictions could also be taken (i.e. the predicted class with the highest
probability or argmax(softmax output)). However, this results in a worse overall accuracy,
as shown by Ting and Witten [84]. In this work, the meta-classifier combines visual
and textual features, and produces the final output of the document image classification
system. This is done by trying both the class probabilities and the extracted features as
an input to the meta-classifier.

Das et al. [9] explore different machine learning models for feature combination on
the RVL-CDIP dataset, such as linear regression, ridge regression, k-nearest neighbours,
SVM, bootstrap aggregating with SVM, extreme learning machine and a multilayer
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neural network. They report that a neural network achieves the highest validation
accuracy, followed by bootstrap aggregating with SVM, and SVM. Thus, in this work,
only a neural network as the architecture for the meta-classifier is considered.

The dataset to train the meta-classifier is based on the validation set, containing
40,000 document images, with even class distribution. Instead of doing a train and
validation split, a k-fold cross-validation is performed, where k = 5. Based on intial
experimentation, the set of hyperparameters to tune on are the following:

• Dropout: 0.1, 0.3, 0.5
• Number of neurons in the FC layer: 128, 256, 512
• Number of FC layers: 0, 1, 2, 3
• Learning rate: 0.0001, 0.0005, 0.00005

Adam is chosen as the optimizer. To get more stable predictions, the same hyperpa-
rameter set is evaluated on all 5 folds and the average validation accuracy is reported.
Moreover, not only different hyperparameters are tested, but also different combinations
of features, and thus different region based models are taken into account. Since this is
a modular model, this task can be done by leaving out certain vectors. This ablation
study investigates the influence of the text features, as well as the region based CNNs.
The following model combinations are tested

• Full model
• Holistic + text
• Holistic + header
• Holistic + header + text
• Holistic + text
• Holistic + header
• Holistic + header + text
• Holistic + header + footer
• Holistic + header + footer + text
• Holistic + header + left body
• Holistic + header + left body + text
• Holistic + header + left body + right body
• Holistic + header + left body + right body + text
• Holistic + header + footer + left body + right body
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where text refers to the textual features extracted from DistilBERT. Due to having a
much smaller dataset to train on and a much smaller model in terms of parameters,
this extensive tuning is feasible. The following two sections describe the two distinct
approaches for generating the input data for the meta-classifier in more detail.

4.3.1 Features from the last convolutional and hidden layer
This approach, which is also used in [11], uses features extracted from the last convolutional
layer. In this case, the last convolutional layer from each region based CNN model has
the shape 7 × 7 × 1, 280 . In order to transform that into a vector, each of these 1,280
channels is averaged, generating a 1,280 dimensional vector. This is done for all five CNN
models, and each vector is then concatenated, creating a 5 × 1, 280 = 6, 400 dimensional
vector. Additionally, a feature vector from the transformer model has to be generated.
The last hidden layer of the text model has a dimension of 256 × 768, where 256 is the
sequence length, which is found in the hyperparameter tuning. As mentioned in Section
4.2.6, the last hidden state representation of the [CLS] token is used, which is a 768
dimensional vector. This vector is concatenated with the features from the CNN models
and thus the final input vector with dimension 7,168 is generated.

4.3.2 Class probabilities
Using class probabilities as an input for the meta-classifier is a simpler approach, since it
does not require any preprocessing of the data. Because this proposed document image
classification system contains 6 different classifiers and this dataset has 16 classes, the
input vector has a maximum dimension of 6 × 16 = 96. The 16 dimensional vectors from
each model are concatenated and used as an input for the meta-classifier.

4.4 Tobacco3482
The document image classification model is also trained, or rather finetuned, and evaluated
on the Tobacco3482 dataset. To make results comparable with other works, such as [11],
[59], [21], [37] or [10], the dataset is split as follows. From 3,482 images, 100 images per
class are randomly selected. This constitutes the training set, and the remaining 3,482
images are the test set. This process is repeated 10 times, such that there are 10 different
training and test sets, from which the median test set accuracy is reported. From the
1,000 training images, 200 are used for the validation set.

The training approach first uses the pretrained models on the RVL-CDIP dataset
and then finetunes on the Tobacco3482 dataset. No hyperparameter tuning is performed.
Instead, a new classification head is added on top of the pretrained models since this
dataset has 10 classes instead of 16. Moreover, only the added classification head on top
is trained.

The classification head for the image stream consists of the following layers:
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GlobalAveragePooling2D → Dropout (0.3) → FC layer (50 neurons) → Output layer

In contrast, the classification head for the text stream consists of these layers:

FC layer (512 neurons) → Dropout (0.5) → Output layer

In both streams, the output layer refers to a FC layer with 10 neurons, one for each
category, and a softmax activation function.

Additionally, a meta-classifier is trained, to combine the outputs of the image models
and the text model. However, no tuning is performed and only the class probabilities are
taken as input for the meta-classifier. The meta-classifier consists of 2 hidden layers, each
with 256 neurons, and a dropout with a 0.30 dropout rate is applied after each hidden
layer. In addition, two combinations for the whole document image classification system
are tested. The first one with all image models and the text model and the second one
with just the image models.

According to Wolpert [83], when performing stacked generalization, the meta-classifier
should be trained on another dataset, e.g., the validation set. However, in the case of
Tobacco3482, the validation data consists of 200 images. Setting aside 10% from that
validation set to evaluate the meta-classifier during training means, that training is done
on 180 images, while it is evaluated on just 20 images. This number is significantly
smaller, compared to the 36,000 images, on which the meta-classifier for the RVL-CDIP
dataset is trained on. Thus, the training set of Tobacco3482 is chosen to train the
meta-classifier. However, to test whether overfitting occurs and what the impact of
using the class probabilities of the training set as an input for the meta-classifier is, the
validation data is also used to train the meta-classifier.

All models are trained with the Adam optimizer, and ReLU is used as the activation
function. Based on initial experimentation, the learning rate for the image models is set
to 0.001, for the text model to 0.0005, and for the meta-classifier to 0.001. All models
are trained with early stopping on the validation loss and a patience of 3. The model of
the last epoch is taken each time to predict on the training, validation and test set. Only
the base classifiers have performed predictions on the training set in order to generate
the data set for the meta-classifier to train on.

4.5 Summary
The methodological approach to answer the main research question, as described in
Section 1.1, consists of building a two stream neural network with a meta-classifier, which
is another neural network. All models in this work are developed and evaluated on the
RVL-CDIP dataset, as well as finetuned and evaluated on the Tobacco3482 dataset.

The first stream is based on image features, whereby multiple CNNs are used. These
CNNs are based on the EfficientNet [49] architecture, a SOTA CNN architecture. One
CNN takes the whole document image as input, while the remaining CNNs focus on
the header, footer, left body and right body region. First, a hyperparameter tuning
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is conducted, to find the optimal settings for the CNNs. To reduce the computational
complexity, the hyperparameter tuning is split into two parts. To further reduce the
computational complexity, the training is done via a three level transfer learning. This
way, the CNN models focusing on the header, footer, left body and right body region
can be trained in parallel. When training the holistic model, first its classification head
is trained, then the whole model.

The second stream is based on textual features, whereby DistilBERT, a transformer,
is used. DistilBERT is based on BERT, but 40% smaller in size, while retaining 97%
of its language understanding capabilities. Similarly to the image stream approach, a
two stage hyperparameter tuning is first conducted to find the optimal hyperparameters.
These are then used to train the DistilBERT model. Moreover, the training is split as
well, such that the classification head is trained first before the whole model is trained.

The output of both streams is combined, which is used as an input for a meta-classifier,
which outputs the final prediction. The input for the meta-classifier consists of either the
softmax outputs of both streams, or the features from the last convolutional layer (CNN)
and hidden layer (transformer). Additionally, to test the impact of the different CNNs
as well as the transformer, different combinations of submodels are tested. Moreover,
further experiments are done, such as measuring the impact on the test set accuracy of
different interpolation methods.

These trained models are then finetuned and evaluated on the Tobacco3482 dataset.
Apart from initial experimentation, no hyperparameter tuning is conducted. It is
evaluated, whether an image only system achieves a higher test set accuracy compared
to a multimodal system, i.e., a system using visual and textual features. Additionally, it
is evaluated, whether using the softmax output of the base models on the training set or
the validation set to train the meta-classifier, leads to a higher test set accuracy.
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CHAPTER 5
Results

This chapter consists of the final results on both datasets, as well as the meta-classifier
results on the RVL-CDIP dataset. Furthermore, results are compared to past and
present SOTA document image classification methods. The runtimes of modules are
also presented, along with their number of parameters. The results are presented and
compared, using the overall accuracy as metric. The system and libraries used to get the
results are described in the Appendix, Section D.

5.1 Hyperparameter tuning
This section contains all hyperparameter tuning results, which are performed with a subset
of the RVL-CDIP dataset. The results are shown first for the image stream, then for the
text stream and finally for the meta-classifier. For the image stream and text stream, the
hyperparameter tuning consist of two parts each, while for the meta-classifier, different
combinations of submodels are considered in the hyperparameter tuning approach, to
evaluate their impact on the overall accuracy.

5.1.1 Image stream
Table 5.1 presents the hyperparameter tuning results on the image stream, i.e., on all 5
image models, using an image size of 224 × 224. Only the hyperparameter settings which
lead to the best validation accuracy for each image model are shown. Note that the
Adam optimizer is better than the SGD optimizer in each of the best hyperparameter
settings.

From Table 5.1 it can be observed, that the best set of hyperparameters, on average,
is the following: Dropout = 0.3, Learning rate = 0.0001, Batch normalization = True
and FC Layer = True (with 50 neurons), with Adam being the best optimizer for every
image model. This set of hyperparameters is used in the next step, to find the best
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Optimal hyperparameters

Image model Base model Dropout Learning rate BN FC layer 1 Validation accuracy

Holistic EfficientNet-B0 0.3 0.0001 True True 67.70

Header EfficientNet-B0 0.3 0.0001 True True 61.15

Footer EfficientNet-B0 0.3 0.001 False False 58.90

Left Body EfficientNet-B7 0.3 0.0001 True True 62.64

Right Body EfficientNet-B0 0.1 0.0001 True True 60.77

Table 5.1: Hyperparameter tuning results on a RVL-CDIP subset (10,016 training
set, 5,024 valiation set), using a 224 × 224 image size. Adam is the best optimizer
for all image models. The validation accuracy is rounded to two decimal places.

1 Each FC layer contains 50 neurons

base classifier. The EfficientNet models B0, B1, B2 and B3 are only considered due to
memory restrictions, since larger EfficientNet models can not be loaded in memory with
a batch size of at least 32. The batch size of 32 is fixed for all models in this work, since
it generally provides a better generalization ability than larger batch sizes [85], and is
an appropriate default value to start with [86]. Intuitively, it makes sense to have the
highest validation accuracy on the holistic model, while the footer model, i.e., the model
which focuses on the footer region of document images, has the lowest. This also holds
true for the test set, once all weights of the model are unfrozen, which is explained in
Section 5.3.

As a second hyperparameter tuning step, noisy student weights along with different
EfficientNet base classifiers are considered. Even though the noisy student training
increases the prediction accuracy on the ImageNet test set for EfficientNets by more
than 3 percentage points, no such improvement is observed, when applying the noisy
student weights for EfficientNets on the RVL-CDIP dataset, as Table 5.2 shows. In order
to reduce the computational complexity, only the holistic model is considered, but the
image size is increased to 384 × 384.

Table 5.2 shows that the noisy student weights actually reduce the validation accuracy.
The base classifier EfficientNet-B1, with weights from ImageNet, achieves the best results.
Thus, this classifier, along with the best hyperparameters shown in Table 5.1, is used
to train on the full RVL-CDIP training dataset. First, only the classification head is
trained, and then the training is performed on the whole model.

The results for further tuning, which includes the BN, interpolation method and the
evaluation metric (validation loss vs validation accuracy), can be seen in the Appendix,
Section A. In particular, the result in the evaluation metric leads to the decision to choose
the submodels with the highest validation accuracy.
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Different base classifiers and weight initialization

Classifier Weight initialization Validation accuracy

EfficientNet-B0 ImageNet 78.80

EfficientNet-B1 ImageNet 79.18

EfficientNet-B2 ImageNet 78.66

EfficientNet-B3 ImageNet 78.65

EfficientNet-B0 Noisy student 78.56

EfficientNet-B1 Noisy student 78.60

EfficientNet-B2 Noisy student 78.09

EfficientNet-B3 Noisy student 78.33

Table 5.2: Comparison of different base classifiers (EfficientNets) and weight initializa-
tions, evaluated on a RVL-CDIP subset (10,016 training set, 5,024 validation set), using
a 384 × 384 image size. The validation accuracy is rounded to two decimal places.

5.1.2 Text stream

Similarly to the image stream, the text stream follows a two part hyperparameter tuning.
Due to restricted GPU memory size, however, only the maximum sequence lengths 128
and 256 can run; 512 is not possible. Setting the hyperparameters, as described in Section
4.2.5 fixed, the validation accuracy for the maximum sequence length of 128 is 73.57%,
compared to 74.15% for 256 (rounding to two decimal places). Thus, 256 is chosen as
the sequence length. Next, a hyperparameter tuning is conducted to find the optimal
dropout rate, number of neurons in the FC layer and learning rate. Table 5.3 depicts the
optimal set of hyperparameters, which leads to the highest validation accuracy:

Optimal hyperparameters

Dropout Neurons in FC layer Learning rate Validation accuracy

0.3 512 0.00001 75.56

Table 5.3: Hyperparameter tuning results on a RVL-CDIP subset (10,016 training set,
5,024 valiation set). The validation accuracy is rounded to two decimal places.

These hyperparameters are then used to train the model on the full RVL-CDIP
training dataset. Only one FC layer is used on top of the base DistilBERT model
(excluding the final output layer with a softmax activation). As in the image stream,
only the classification head of DistilBERT is trained first, followed by a training on the
whole model. While training the classification head, the validation loss turned out to
decrease too slowly with a learning rate of 1e-5. After 50 epochs it is still decreasing with
no sign of slowing down. Thus, the learning rate is increased by a factor of 10, to 1e-4.
Even then, the validation loss is decreasing very slowly. However, after 120 epochs, the
training is stopped after no significant change in the loss is observed.
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5.1.3 Meta-classifier results on RVL-CDIP

The results in this section are from those different meta-classifier architectures, as well
as different inputs for the meta-classifiers, mentioned in Section 4.3. Those different
meta-classifiers are evaluated on the RVL-CDIP dataset. An early stopping with a
patience of 3 is used. From each fold, the last reported accuracy is taken, and then
averaged over all folds. Only the highest validation accuracy on average is reported. The
results can be seen in Tables 5.4 and 5.5, respectively.

Meta-classifier results

Models Dropout FC layers Neurons in
FC layer

Learning
rate

Validation
accuracy

Full model 0.5 4 512 0.0001 94.63

Holistic, text 0.3 2 1024 0.0001 93.87

Holistic, header 0.5 3 1024 0.0001 92.89

Holistic, header, text 0.3 4 512 0.0001 94.16

Holistic, header, footer 0.1 3 512 0.00005 93.37

Holistic, header, footer, text 0.3 4 256 0.0001 94.49

Holistic, header, left body 0.3 1 128 0.0005 93.23

Holistic, header, left body, text 0.5 3 256 0.0005 94.34

Holistic, header, left body, right body 0.1 3 512 0.0001 93.37

Holistic, header, left body, right body, text 0.3 3 1024 0.00005 94.44

Holistic, header, footer, left body, right body 0.3 3 128 0.0005 93.72

Table 5.4: Results from the meta-classifier on the validation set, using the class prob-
abilities as input. The validation accuracy is rounded to two decimal places and ’text’
refers to the DistilBERT model.

The approach for Table 5.4 is also done in [9], while the approach for Table 5.5 is
done in [11]. Clearly, the results from Table 5.4 are better. In fact, for each model
combination, the results are better, except for the combination of holistic + header +
left body + text. Moreover, in Table 5.5, the dropout rate is generally higher and the
learning rate is generally lower, compared to all other models in Table 5.4 on average.
Lastly, the number of FC layers is generally lower for Table 5.5. This is due to the much
larger input size for the meta-classifier. For Table 5.5, the input vector has a dimension
of 7,168, while for Table 5.4, the dimension is 96 (assuming the full model for each case).
Thus, this result shows that one should use class probabilities when working with a
stacked model. This might also explain, why Harley et al. [11] report worse results on
the RVL-CDIP test set for a stacked model, compared to a single holistic model.
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Meta-classifier results

Models Dropout FC layers Neurons in
FC layer

Learning
rate

Validation
accuracy

Full dataset 0.5 1 512 0.00005 94.54

Holistic, text 0.5 1 256 0.0001 92.37

Holistic, header 0.5 1 512 0.00005 92.56

Holistic, header, text 0.3 1 256 0.00005 94.14

Holistic, header, footer 0.5 1 512 0.00005 93.20

Holistic, header, footer, text 0.5 1 512 0.00005 94.39

Holistic, header, left body 0.5 1 256 0.0001 93.11

Holistic, header, left body, text 0.3 2 256 0.00005 94.35

Holistic, header, left body, right body 0.5 0 512 0.00005 93.25

Holistic, header, left body, right body, text 0.3 1 256 0.00005 94.39

Holistic, header, footer, left body, right body 0.3 1 256 0.00005 93.64

Table 5.5: Results from the meta-classifier on the validation set, using features from the
last convolutional and hidden layer as input. The validation accuracy is rounded to two
decimal places and ’text’ refers to the DistilBERT model.

5.2 Results on Tobacco3482
Table 5.6 shows the results on the Tobacco3482 dataset, along with the number of
parameters.

Results on Tobacco3482

Author Accuracy # Parameters

Harley et al. (2015) [11] 79.90 220.97

Kang et al. (2014) [59] 65.35 4.21

Kumar et al. (2014) [37] 43.27 -

Ferrando et al. (2020) [10] 94.04 73.86

Afzal et al. (2015) [15] 91.13 25.60

Proposed approach (full model, train) 96.25 99.96

Proposed approach (full model, val) 96.17 99.96

Proposed approach (image models, train) 95.65 33.20

Proposed approach (image models, val) 95.75 33.20

Table 5.6: Tobacco3482 test set results. Accuracy in %. The number of parameters (in
million) is either explicitly stated in the work or an estimation. Otherwise, it is omitted.

The proposed approach includes 4 different results. The full model refers to the
architecture which is depicted in Figure 4.5. The image models refer to the 5 region based
CNNs. The meta-classifier of both types of models are trained on either the training
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set or the validation set. Table 5.6 shows that SOTA performance is achieved on all 4
different approaches. It can be seen, that the full model, i.e., image and textual features,
achieves the highest test set accuracy. Concerning the model size, all models have less
than 100 million parameters. The difference in the number of parameters between the
full model and image models is due to DistilBERT.

Contrary to what is mentioned by Ting and Witten [84], using the class probabilities
from the training set to train the meta-classifier has little impact in this case. Table
5.6 shows the results, using the class probabilities from the training set and from the
validation set, for 2 different approaches. In the full model, using the class probabilities
from the training set results in a slightly higher accuracy, while for the other approach
it is the other way around. This suggests, when working with small datasets, such
as Tobacco3482, using class probabilities from the training set as an input for the
meta-classifier is justifiable.

More detailed results, which include a confusion matrix and the accuracies per class
can be found in the Appendix, Section B2. These results refer to the overall best approach,
i.e., the full model using the training set for the meta-classifier.

5.3 Results on RVL-CDIP
The results on the RVL-CDIP test set include the results from the base models, the results
from the meta-classifier on the test set (i.e. model combinations) and the comparison
with other SOTA approaches. Table 5.7 depicts the test results of only the base models.

Results of base models on RVL-CDIP

Model Das et al. (2018) Proposed approach

Holistic 91.10 91.81

Header 86.00 88.10

Footer 81.20 82.88

Left body 85.20 86.71

Right body 82.20 83.95

DistilBERT - 85.12

Table 5.7: Comparison of the test accuracy of base models with Das et al. (2018) in %,
rounded to two decimal places. Das et al. (2018) use only image models.

Table 5.7 clearly shows the advantages of using an EfficientNet as a base model,
compared to a VGG-16 model. Each base model in this proposed approach has a higher
test accuracy. Note that Das et al. [9] have not used a NLP model in their work.

The final results in Table 5.8 might be counterintuitive. The full model has a lower test
accuracy (93.50%) than all image models combined (93.70%). This "issue" is considered
in great detail in Chapter 6. However, what makes intuitively sense is, that each added
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Meta-classifier results on RVL-CDIP

Models Dropout FC layers Neurons in
FC layer

Learning
rate

Test
accuracy

Full model 0.5 4 512 0.0001 93.50

Holistic, text 0.3 2 1,024 0.0001 89.36

Holistic, header 0.5 3 1,024 0.0001 90.48

Holistic, header, text 0.3 4 512 0.0001 91.69

Holistic, header, footer 0.1 3 512 0.00005 92.81

Holistic, header, footer, text 0.3 4 256 0.0001 92.71

Holistic, header, left body 0.3 1 128 0.0005 92.91

Holistic, header, left body, text 0.5 3 256 0.0005 93.29

Holistic, header, left body, right body 0.1 3 512 0.0001 93.50

Holistic, header, left body, right body, text 0.3 3 1,024 0.00005 93.15

Holistic, header, footer, left body, right body 0.3 3 128 0.0005 93.70

Table 5.8: Results from the meta-classifier on the test set, using class probabilities
as input. The test accuracy is rounded to two decimal places and ’text’ refers to the
DistilBERT model.

image model increases the accuracy. Generally speaking, in almost all cases, when adding
the DistilBERT model, the test accuracy is lower.

Table 5.9 shows the comparison of the proposed approach to other works, in terms of
accuracy and parameters.

Results on RVL-CDIP

Author Accuracy # Parameters

Afzal et al. (2017) [15] 90.97 138.36

Das et al. (2018) [9] 92.21 691.87

Audebert et al. (2020) [3] 90.60 3.64

Ferrando et al. (2020) [10] 92.31 85.47

Harley et al. (2015) [11] 89.80 58.35

Jain and Wigington (2019) [7] 93.60 138.36

Sarkhel and Nandi (2019) [46] 92.77 -

Tensmeyer and Martinez (2017) [13] 91.03 -

Xu et al. (2020) [8] 94.42 160.00

Xu et al. (2021) [16] 95.64 426.00

Proposed approach 93.70 40.72

Table 5.9: RVL-CDIP test set results. Accuracy in %. The number of parameters (in
million) is either explicitly stated in the work or an estimation. Otherwise, it is omitted.
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The proposed approach has the third highest test set accuracy on RVL-CDIP, and the
second lowest number of parameters. More detailed results, which include a confusion
matrix and accuracies per class, can be found in the Appendix, Section C. These detailed
results are available for the final model, as well as for each base model. Figure 5.1 shows
wrongly classified example predictions for each class.

5.4 Parameters and runtimes

Table 5.10 gives an overview of the different runtimes from each module. As seen in
Figure 4.5, a total of 9 models are used to train the document image classification system.

Runtimes and # parameters for the proposed architecture

Model # Total
parameters

# Trainable
parameters Epochs Seconds per epoch

Holistic (classification head) 6,645,225 67,426 33 7,500

Holistic (whole model) 6,645,225 6,580,610 14 13,300

Header 6,645,225 6,580,610 13 13,300

Footer 6,645,225 6,580,610 15 13,300

Left body 6,645,225 6,580,610 14 13,300

Right body 6,645,225 6,580,610 12 13,300

DistilBERT (classification head) 66,764,816 401,936 120 3,200

DistilBERT (whole model) 66,764,816 66,764,816 8 8,180

Meta-classifier (class probabilities) 845,840 845,840 6 2

Table 5.10: Runtimes and number of parameters for the proposed document image
classification architecture.

Note that in inference mode, only 7 of those models are used. The models, in which
only the classification head is trained (Holistic and DistilBERT), are not used in inference
mode. Ignoring these 2 models, the total number of parameters of this model amounts
to 107,785,110.

However, not only the training of the models, but also the text preprocessing took
a significant amount of time. The text preprocessing is done locally, on an Intel i7-
10750H CPU machine, with 24GB of RAM. The following analysis is only based on
the Tobacco3482 dataset. The total preprocessing run time is 5,307 seconds, with an
average runtime of roughly 1.5 seconds per document image and a huge variability. The
maximum time for a file is more than 9 seconds, while the smallest time is around 0.2
seconds. The 9 second difference in preprocessing is due to the noise in the document
image. The more noise, which in this case is mostly salt-and-pepper noise, the longer
the preprocessing time. Extrapolating these numbers to the RVL-CDIP dataset, the
preprocessing took around 169.4 hours, or approximately one week.
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0 / 1 0 / 2 0 / 3 0 / 11 0 / 13 0 / 15

1 / 0 1 / 3 1 / 5 1 / 7 1 / 11 1 / 13

2 / 0 2 / 9 2 / 10 2 / 12 2 / 13 2 / 15

3 / 0 3 / 1 3 / 4 3 / 7 3 / 13 3 / 13

4 / 3 4 / 6 4 / 8 4 / 9 4 / 12 4 / 13

5 / 1 5 / 3 5 / 6 5 / 9 5 / 10 5 / 12

6 / 1 6 / 4 6 / 5 6 / 8 6 / 9 6 / 12

7 / 0 7 / 1 7 / 3 7 / 5 7 / 6 7 / 13

Figure 5.1: Example predictions. Blue represents the actual class, red represents the predicted
class. 0 = Letter, 1 = Form, 2 = Email, 3 = Handwritten, 4 = Advertisement, 5 = Scientific
report, 6 = Scientific publication, 7 = Specification, 8 = File folder, 9 = News article, 10 =
Budget, 11 = Invoice, 12 = Presentation, 13 = Questionnaire, 14 = Resume, 15 = Memo.
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8 / 1 8 / 4 8 / 5 8 / 6 8 / 12 8 / 13

9 / 4 9 / 5 9 / 6 9 / 8 9 / 12 9 / 12

10 / 1 10 / 3 10 / 5 10 / 8 10 / 11 10 / 12

11 / 0 11 / 1 11 / 3 11 / 8 11 / 10 11 / 13

12 / 4 12 / 5 12 / 8 12 / 9 12 / 10 12 / 14

13 / 0 13 / 1 13 / 3 13 / 4 13 / 5 13 / 12

14 / 1 14 / 5 14 / 6 14 / 9 14 / 12 14 / 13

15 / 0 15 / 1 15 / 5 15 / 8 15 / 10 15 / 12

Figure 5.1 (cont.): Example predictions. Blue represents the actual class, red represents the
predicted class. 0 = Letter, 1 = Form, 2 = Email, 3 = Handwritten, 4 = Advertisement, 5 =
Scientific report, 6 = Scientific publication, 7 = Specification, 8 = File folder, 9 = News article,
10 = Budget, 11 = Invoice, 12 = Presentation, 13 = Questionnaire, 14 = Resume, 15 = Memo.
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5.5 Summary
This chapter shows the hyperparameter tuning results and the results of each submodel
for the image stream and text stream. It further shows the results of different submodel
combinations, e.g. holistic model + header model. Additionally, the results of the
finetuned models on the Tobacco3482 dataset are displayed.

The hyperparameter tuning results for both streams are obtained by performing a
two stage tuning, in order to reduce the computational complexity. In both streams, the
tuning is performed only on the added classification head on top. Moreover, a separate
smaller dataset is created for the tuning process, which follows the class distribution of
the original dataset. It consists of 10,016 training files and 5,024 validation files. The
best validation accuracy during the tuning process is 79.18% for the holistic model, and
75.56% for the DistilBERT model.

Once the best hyperparameter settings are found, a training on the whole dataset is
conducted. The ranking of the best to the worst submodel is the same as in [9], i.e. the
holistic model is the best, followed by the header, left body, right body and footer model.
The DistilBERT model achieves a test set accuracy of 85.12%.

In total, 11 different combinations of submodels (including the full model) are
evaluated, by feeding the outputs of the submodels into a meta-classifier. Using only
image submodels leads to a higher test set accuracy than the full model (93.70% vs
93.50%), i.e., the text submodel (DistilBERT) reduces the final test set accuracy. More
about this result in Chapter 6.

These submodels are then taken to perform a finetuning on the Tobacco3482 dataset.
No hyperparameter tuning is performed. The hyperparameters, such as learning rate, are
chosen after an initial experimentation. It is evaluated, whether the full model achieves a
higher test set accuracy than only the image submodels. Moreover, it is evaluated, what
impact the choice of the dataset on the test set accuracy has. This dataset is used to
train the meta-classifier, which consists of either the softmax output of the submodels on
the training set or on the validation set. The full model with the training set achieves
the highest test set accuracy, 96.25%.

Additionally, results about the number of parameters and runtimes are reported. The
total number of parameters of the model in inference mode is 107,785,110. One epoch on
one of the image models takes about 220 minutes, while on the text model it takes about
136 minutes on the RVL-CDIP dataset, using the system as described in Section D of
the Appendix. The time to preprocess the text of the RVL-CDIP dataset is about one
week. This, however, is done locally on a i7-10750H CPU machine with 24GB RAM.
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CHAPTER 6
Discussion

This proposed model achieves a test set accuracy of 93.70% on the RVL-CDIP test set,
and a test set accuracy of 96.25% on the Tobacco3482 test set (both rounded to two
decimal places). Even though there are minor differences in the datasets between the cited
document image classification papers in this work due to the overlap of document images
between the RVL-CDIP and Tobacco3482 datasets, these differences are insignificant. In
total, the overlap would be 258 images between the training set of RVL-CDIP and the
Tobacco3482 dataset. In this work, the overlap is not removed since the majority of the
cited document image classification papers in this work use the full RVL-CDIP dataset
[18], and this work is more focused around the RVL-CDIP dataset. The newest SOTA
models published on document image classification use only the RVL-CDIP dataset, to
test their algorithms, such as [8] and [16].

Working with a large dataset, such as RVL-CDIP, requires either huge computational
resources or a lot of compute time. Since in this work, the computations are done on a
NVIDIA T4 GPU, the proposed model has to be more efficient than the SOTA model.
For comparison, the second best model in terms of overall accuracy, [8], uses 8 NVIDIA
Tesla V100 32GB GPUs, where their BASE model takes 80 hours to finish one epoch on
11 million documents, while their LARGE model takes nearly 170 hours to finish one
epoch on the same dataset, or approximately one week.1

The huge dataset is the primary reason why the hyperparameter tuning for the image
and text stream is done on a smaller subset and only on the classification head. Moreover,
the tuning is done in two parts for both streams to further reduce the complexity.
Interestingly, when the tuning is done on the image stream on all 5 image based models,

1As of April 2022, training the LARGE model for one epoch would cost around 4,900€ on an aws
p3dn.24xlarge instance (8 NVIDIA Tesla V100 32GB), in the Oregon region. The Oregon region is,
together with Nord-Virgina, the cheapest for this instance type as of April 2022. In Ireland, for example,
one epoch would cost around 5,300€.

53



6. Discussion

almost the same set of hyperparameters on all these models turned out to achieve the
highest validation accuracy. Moreover, by far the biggest influence on the validation
accuracy is the image size. This can be seen when comparing Table 5.1 and Table
5.2. The holistic model in Table 5.1, with image size 224 × 224, achieves a validation
accuracy of 67.70%, compared to the same model with an image size of 384 × 384,
achieving 78.80%. Table 5.2 further shows that bigger models do not necessarily perform
better on this dataset, and that EfficientNet-B1 achieves the highest validation accuracy,
which is the base model of the final proposed approach in Figure 4.5. On the other
hand, in the text stream, the hyperparameter tuning does not increase the validation
accuracy as much as the image stream. However, similarly to the image size in the
image stream, the maximum sequence length in the text stream has the biggest influence.
The hyperparameter tuning on the meta-classifier, however, is computationally orders
of magnitude faster, which allows for an extensive tuning as well as for testing several
different model combinations.

Due to the modular nature of the proposed system, it can be parallelized. The system
contains 9 modules, 5 of them are image models and based on a CNN, 1 is a transformer
and another one is a MLP which serves as the meta-classifier. The last two modules are
used just for training. In the first step, only the classification head is trained for both
modules, while in the second step, the whole model is trained. 4 of the 5 image based
models can be trained in parallel, i.e., the header, footer, left body and right body part.
Note that these 4 models are initialized with the weights from the holistic model, as can
be seen in Figure 4.5.

The holistic model and the DistilBERT model are initialized with certain weights.
These weights are the weights from the same model, where only the classification head is
trained. As mentioned, these two models with only the classification head trained are
only used during training. It turns out, that the separate training of the classification
head only, plus the subsequent training of the whole model, results in a higher validation
accuracy, than the training of the whole model alone. The training of the whole holistic
model only has a validation accuracy of 91.97% (or 92.04%, respectively, as can be seen in
Figure 1 in Section A of the Appendix), while the other way, of training the classification
head first and subsequent the whole model, has a validation accuracy of 92.13%. This
approach turns out to be even better for the text model. When training the DistilBERT
model without training the classification head, the validation accuracy is 84.64%, while
the other way has a validation accuracy of 85.09 %. Section A in the Appendix contains
the results and analysis of other hyperparameters, such as BN, the interpolation method
for resizing and the validation metric (loss vs accuracy). In summary, the interpolation
method has practically no impact, the BN has some impact, and the validation metric
has the highest impact of these 3 hyperparameters, when evaluating on the test set.

From Table 5.7, it can be seen, that the proposed approach is far better for each
image model, increasing the accuracy up to 2.1 percentage points on the header model.
Das et al. [9] utilize a VGG-16 model, showing that a EfficientNet-B1 model, which is
much smaller in terms of parameters, is superior. Table 5.9 shows the total number of
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parameters. The final model for the proposed approach is over 10 times smaller in terms
of parameters than the approach in [9], while the test accuracy is around 1.5 percentage
points higher. However, regarding the total number of parameters and the training time,
it would be more appropriate to report the number of trainable parameters as well, if the
number of trainable parameters is lower than the number of total parameters, since this
reduces the training time. Unfortunately, this is not reported in the cited papers about
document image classification. Table 5.10 shows that the runtime for the holistic model
and the DistilBERT model is very different, based on how many parameters are trainable.
Training only the classification head for both these models takes roughly half the time.
Table 6.1 shows the accuracies per class from the final model and all base models.

Accuracies for each class from the final model and all base models

Class Final model Holistic Header Footer Left body Right body DistilBERT

Letter 91.23 90.22 86.20 67.57 84.09 76.99 87.30

Form 86.79 84.00 80.09 74.18 80.17 74.94 79.13

Email 99.05 98.85 97.62 96.78 86.37 90.42 95.43

Handwritten 97.04 95.10 93.68 94.00 92.22 91.51 72.16

Advertisement 95.19 93.08 87.83 86.52 88.79 88.35 66.00

Scientific report 89.11 81.06 81.22 73.90 76.18 69.58 78.74

Scientific publication 93.62 92.80 88.91 89.73 90.51 90.90 87.32

Specification 94.86 93.85 92.56 90.49 90.45 89.40 92.96

File folder 97.35 96.16 94.30 89.04 93.75 87.53 89.39

News article 93.99 92.04 86.68 85.63 84.98 83.27 85.22

Budget 92.93 91.82 83.99 80.88 83.59 81.48 82.28

Invoice 94.59 93.34 85.75 85.51 88.05 89.99 90.59

Presentation 88.19 85.74 78.51 75.05 81.20 74.73 81.52

Questionnaire 92.53 89.98 84.15 77.74 85.95 83.41 87.56

Resume 98.15 96.69 95.70 92.12 95.11 94.48 97.67

Memo 94.30 93.94 91.93 66.05 85.47 75.56 88.76

Table 6.1: Test set accuracies on the RVL-CDIP dataset for each class from the final
model and all base models, rounded to two decimal places.

Except for three classes, the test accuracy is always above 90% for the final model.
In all classes, the final model has a higher test accuracy than the holistic model, with
email having the highest accuracy of all classes. Interestingly, in two cases, the holistic
model is worse than a region based model (header) and the DistilBERT. For the scientific
report class, the header model achieves a higher test accuracy, compared to the holistic
model, and for the resume class, the DistilBERT model achieves a higher accuracy. When
comparing only the region based models (header, footer, left body and right body),
it becomes clear that for certain classes, certain region based models perform better,
showing that it is beneficial to focus on certain regions of a document. Among those 4
models, the header model achieves the highest test accuracy 9 times, followed by the
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left body model (4 times), right body model (2 times) and footer model (1 time). The
number of times of highest test accuracies achieved by those 4 models makes sense, when
comparing it with the overall accuracy of the region based models (see Table 5.7). More
detailed results, which contain the confusion matrices for each base classifier and the
final model, can be seen in Section C of the Appendix, in Tables 3 to 9.

Looking once again at Table 6.1, the DistilBERT model has a higher test accuracy
in 6 classes than any of the 4 region based CNN models. This suggests that combining
all models leads to a higher test accuracy. This, however, is not the case. As can be
seen from Table 5.8, the highest test set accuracy is achieved when combining all image
models. Adding the text model decreases the test set accuracy by 0.20 percentage points.
Intuitively, it does not make sense that adding textual information would lead to a worse
test set accuracy. In fact, all recent models and the current SOTA on RVL-CDIP ([8],
[10], [7], [3]) and [16] utilize textual information.

Analyzing the overlap of correct predictions of all models shows that the overlap
between the image models is relatively higher than the overlap between the image models
and the text model. As an example, Table 6.2 shows the overlap between the holistic
model and all other models on the RVL-CDIP validation data.

Absolute and relative overlap of correct predictions

Model Absolute overlap Relative overlap

Header 34,227 97.04

Footer 32,245 96.99

Left body 33,830 97.15

Right body 32,861 97.20

DistilBERT 32,609 95.81

Table 6.2: Absolute and relative overlap of correct predictions with the holistic model
on the RVL-CDIP validataion data.

Table 6.2 shows that the correct predictions of the DistilBERT model have the lowest
relative overlap with the correct predictions of the holistic model. The footer model,
for example, has a lower absolute overlap because its validation set accuracy is almost
2 percentage points lower (as can be seen in Section A of the Appendix), compared to
DistilBERT’s, but it has a higher relative overlap, which considers the number of correct
predictions for the footer model in this case. A more detailed analysis as to why the test
set accuracy decreases when adding textual information can be seen when analyzing the
softmax output of each base model. Figure 6.1 displays this analysis.

The histograms in Figure 6.1 are based on the softmax output of each model on the
RVL-CDIP validation data. Since the validation data has 16 classes and 40,000 images,
this results in 640,000 values for each of the six histograms. The histograms are plotted
on a base 10 logarithmic scale, ranging from 1e-35 to 1, where each histogram contains
100 bins. The last bin ranges from around 0.4431 to 1, which approximately shows the
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number of correct predictions in each histogram. The clear difference in the distributions
can be seen. The image models show approximately a normal distribution, while the
DistilBERT model in the bottom right has a skewed distribution. This might explain
why the model performs worse, once the textual information is added. The same applies
to other model combinations, e.g., Holistic + text vs Holistic. Generally, in most cases,
where the DistilBERT model is added, the test accuracy decreases. However, looking
at Table 5.6, the model on the Tobacco3482 dataset does perform better when adding
textual information. Both full models achieve a higher test set accuracy than the image
models. For a better understanding of why textual information now helps to achieve a
higher test set accuracy, the distributions of the softmax output on both the training and
validation set is plotted and can be seen in the Appendix, Section B2, Figures 2 and 3.
In both cases, the distribution of the DistilBERT model on the bottom right of the graph
is similar to all other image models. Thus, this strongly suggests that the final accuracy,
i.e., the output of the meta-classifier, depends on the softmax output distribution of the
base classifiers.

Another observation that can be seen in Table 5.8, is the fact that adding more and
more region based models to the holistic model increases the accuracy, albeit the increase
is less and less, i.e., it brings diminishing returns. The only exception to that is, that
adding the header model to the holistic model decreases the test accuracy (90.48% vs
91.81%).

Figure 5.1 shows a collection of document images, which are not correctly classified
by the final model. Each row represents one class. The blue number stands for the
correct class, while the red number stands for the predicted class. While creating Figure
5.1, a few issues regarding the data quality of the RVL-CDIP dataset have been found.
Dauphinee et al. [18] find that an estimated 2,259 document images in the RVL-CDIP
dataset are duplicates. Moreover, of these 2,259 document images, the image of 426
document images is not available and displayed as shown in Figure 6.3 (a). Other dataset
quality issues include different languages for the document images. In particular German,
Dutch, Hebrew, Swedish, Spanish and French have been seen while creating Figure 5.1.
Furthermore some document images are rotated by 90°. For example, the image in row 2
and column 3 (with the caption "1 / 5") is rotated by 90°. More rotated examples can be
found in Figure 5.1. Since CNNs are not rotation invariant, these rotated images could
be an issue. However, further study would be needed to determine the exact amount of
different languages and rotated images. When it comes to different languages, it makes
sense that CNNs are largely stable in this regard in contrast to a transformer, since
filters in CNNs focus more on the layout and form of the document. To give an example
of what the filters in a CNN, specifically in the RVL-CDIP dataset, capture, see Figure
6.2. It shows gradient ascent visualizations for filters, where a randomly initialized input
image is modified such that the mean activation of a given filter is maximized [87]. The
filters in Figure 6.2 are from increasing depths in the InceptionV3 [88] network.

Figure 5.1 (cont.) further shows, what kind of image quality is present in the dataset.
For example, the document image in the last row and fourth column in Figure 5.1
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6. Discussion

(cont.) has a lot of noise all over it. The final dataset issue observed concerns the labels
themselves. Of the 2,521 wrongly classified document images by the final model, at least
169 document images are wrongly labeled. One such example can be seen in Figure 6.3
(b), where the prediction of the final model makes more sense than the actual label.

Finally, considering the training architecture, and the fact that training the classi-
fication head first and then the whole model, which is done for the holistic model and
the DistilBERT model, achieves a higher accuracy, one might think about doing this
approach for all image based models. However, this would result in longer training times.
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Figure 6.1: The softmax output distribution from the base classifiers on the RVL-CDIP
validation data.
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6. Discussion

Figure 6.2: Gradient ascent visualization of filters learned from the RVL-CDIP dataset,
where patterns for text lines, columns and paragraphs appear [87].

(a) Image occuring 426 times (b) Label: Questionnaire, prediction: letter

Figure 6.3: Issues regarding the dataset quality.
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CHAPTER 7
Conclusion

The results show that the proposed model can compete with current SOTA methods. In
fact, with a test set accuracy of 93.70% on the RVL-CDIP test set, the proposed method
achieves SOTA, when excluding those models, which use an extra dataset with document
images for training.

This chapter summarizes the work and discusses some limitations. Furthermore, the
contribution and findings are outlined, together with some future work.

7.1 Summary and limitations
The architecture of the proposed model has both advantages and disadvantages in
terms of time complexity. Because it is a stacked model, it requires multiple stages of
hyperparameter tuning to find the best hyperparameters. However, because of the way
transfer learning is used, 4 image based models can run in parallel, which greatly reduces
the time complexity. Nevertheless, the running time is small, compared to the model by
Xu et al. [8], which requires approximately one week on the LARGE model to finish just
one epoch, and using 8 NVIDIA Tesla V100 32GB GPUs. The system used in this work
is mentioned in Section D of the Appendix.

One reason for that long running time is the IIT-CDIP Test Collection, which contains
more than 11 million document images. The current SOTA, [16] and the previous SOTA,
[8], are both based on a transformer architecture without any CNN and have used this
extra training dataset. The dataset size is also the deciding limitation factor. Probably
the most surprising observation in this work is that the test accuracy for the RVL-CDIP
test set gets worse when adding textual information. The reason for that is, that the
distribution of the softmax output probabilities of the image models follow a normal
distribution, while the softmax output probabilities for the DistilBERT model follow a
skewed distribution (see Figure 6.1). However, the current SOTA model [16], as well as
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7. Conclusion

the previous SOTA results, such as [8] or [7], utilize a combination of image and textual
features. Nevertheless, in general, for document image classification, image features are
preferred [14]. This work confirms that, when looking at Table 5.7. The holistic model
achieves a test accuracy of 91.81%, compared to 85.12% for the DistilBERT model. This,
however, is largely due to the image quality and different languages, as discussed in
Chapter 6.

Aside from the dataset size used to train the model and the model size (e.g., a
maximum sequence length of 512 for DistilBERT could not be used due to limited
GPU memory), another limitation is the OCR system itself. All cited document image
classification papers in this work, which are based on the RVL-CDIP dataset and use
textual information, use the tesseract OCR system, except the current SOTA model [16],
which uses the Microsoft OCR system. Further research would be needed in order to
decide which OCR system is the most suitable, considering also other OCR systems,
such as those from Google or Amazon. Finally, the last limitation is the type of input
data that can be processed. Aside from a few document images, the language in this
dataset is English. Thus, if one wants to use this proposed approach or the SOTA model,
it would probably not work well out of the box for other languages. A larger finetuning
step, i.e., more data to finetune with and/or unfreezing more layers, is thus necessary.

7.2 Contributions and future work
The main aim of this thesis is to achieve a high accuracy with a combination of visual and
textual features, which can compete with current SOTA systems, without pretraining on
millions of document images. The high accuracy is achieved, albeit without the use of
textual information. To summarize, the contributions of this work are as follows:

• Developing a model which can compete with current SOTA models on the RVL-CDIP
dataset, without the need of millions of document images. Moreover, the developed
model has over 10 times less parameters than the current SOTA model.

• Improving the SOTA on the Tobacco3428 test dataset by 2.21 percentage points.
• Exploring and finding the most discriminative parts within a document based on

the different model combinations.
• Analyzing the unintuitive result (less test accuracy with textual information), which

could lead to new future work about increasing the test accuracy in a stacked
model.

• Showing dataset quality issues in RVL-CDIP.
• Showing that meta-classifiers can also learn on class probabilities from the training

set, without achieving a lower test accuracy.

Next to these contributions, the findings of this work are the following:
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7.2. Contributions and future work

• Adding textual information to a stacked model of CNNs reduces the test accuracy.
• The interpolation method for resizing the document image has little to no impact

for this dataset (see Figure 1 in Section A of the Appendix).
• The BN has some impact its weights also be updated when unfreezing the model

(see Figure 1 in Section A of the Appendix).
• The model with the highest validation accuracy leads to a higher test set than the

model with the lowest validation accuracy. The difference can be as high as almost
1% (see Table 1 in Section A of the Appendix).

• For the EfficientNet-B1 model, the image size has the biggest influence on the test
set. A size of 384 × 384 is used, instead of 224 × 224 or 227 × 227, which is used in
most papers on document image classification, such as [9], [7], [15], [14], [6], [21],
[46], [65].

• Noisy student weights perform worse than Imagenet weights for RVL-CDIP.
• Adding more and more region based models improves the test accuracy (with

diminishing returns).
• A meta-classifier trained on class probabilities instead of features from the last

layers achieves a higher validation accuracy (see Tables 5.4 and 5.5).

Due the importance of this topic, document image classification has been explored
extensively [15]. One reason for the importance is the fact that document image clas-
sification systems are an initial step in document processing tasks [9]. For example,
first, all incoming documents are classified, and then only those documents, which have
been classified as invoice move to a next system, which extracts the key information
automatically. Due to this importance, the work on document image classification systems
is likely to continue. This work shows how an efficient model, in terms of parameters,
with a high test accuracy is build, and has laid the foundation for further research.

The last two SOTA methods, [8] and [16], suggest that transformer based architectures
might be superior to CNN architectures. However, the last two SOTA methods have
also used much more training data. Thus, future work could look whether training the
SOTA method on the same amount of training data would beat the test accuracy of this
proposed approach of 93.70%.

Moreover, the fact that the softmax output distribution of the DistilBERT model
is different than those softmax outputs from image models (see Figure 6.1), leads to
the following question: What impact would transforming the skewed distribution into
a normal distribution have on the test set accuracy? Given that on the Tobacco3482
dataset, all softmax distributions look similar and that the full model performs better
than the image models, i.e., textual information increases the test accuracy for this
dataset (see Table 5.6), transforming the distribution might help to increase the test
accuracy.
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7. Conclusion

Another area, which could be explored more extensively, is the stacked generalization
architecture for the image stream. More concretely, Table 5.8 shows that each additional
image model, starting from the holistic + header combination, increases the test accuracy.
The following question naturally arises: How many image regions can be added, until
the test accuracy starts to decrease? For example, the document image could be sliced
into 4 equal parts: top left, top right, bottom left and bottom right. What would the
impact on the test set accuracy be, if these 4 image region models are added to the
already 5 proposed image regions? Adding these 4 models would increase the total
number of parameters by about 26.6 million parameters, to a total of around 67.32
million parameters, which is still far below the current SOTA model.

The ideas in the previous two paragraphs could also be combined. Another area for
future work is to look into different OCR systems, or perhaps try the fifth version of the
open source tesseract system. Finally, another possible way to improve the system is to
try other transformer models, such as BERT, which generally has a better performance
than DistilBERT, but contains many more parameters (110 million for the base model
and 340 million for the large model).
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Appendix

A. Further tuning
In this section, some of the effects of other hyperparameters are shown. An extensive
tuning on these hyperparameters is not done due to high computational complexity and,
as it turns out, very little gain in terms of accuracy on one particular hyperparameter.

The three hyperparameters, which are explored additionally are BN, the interpolation
method for image resizing and the evaluation metric for validating the models, i.e.,
whether to use validation accuracy or validation loss. The evaluation of the first two
hyperparameters can be seen in Figure 1. Note that when testing without BN, only one
interpolation method is tested, since there is practically no difference between the lanczos
and bilinear interpolation method. The highest validation accuracy for the bilinear
interpolation method is 92.04%, while for lanczos it is 91.97%. When using no batch
normalization, the highest validation accuracy is 91.74%. Figure 1 shows, that between
the two interpolation methods is practically no difference, while not having the batch
normalization updated is worse. These methods are evaluated on the holistic model,
which is based on the EfficientNet-B1 model. All weights are unfrozen, except in the
no BN case, where, the BN weights of the base model (EfficientNet-B1) are kept frozen.
Moreover, these models are finetuned with unfrozen weights from the beginning, i.e. they
are not finetuned on the classification head first and then on the whole model. On each
epoch, the validation accuracy is lower for the no BN case, compared to the other two
methods.

Table 1 shows the difference in the test accuracy and validation accuracy, when using
models with the lowest validation loss and models with the highest validation accuracy.
A difference in the test set for each model between these two different validation metrics
can be seen. For each image model, the test accuracy is higher when using the model
with the highest validation accuracy. The difference can also be significant, as is in the
case of the header model; the test accuracy is almost 1 percentage point higher when
using the model with the highest validation accuracy. Interestingly, for the DistilBERT
model, the test accuracy is higher in both cases, compared to the validation accuracy.
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Figure 1: Effect of batch normalization and image interpolation methods on the validation
accuracy, using the holistic model, based on EfficientNet-B1.

Validation loss vs validation accuracy

Lowest validation loss models Highest validation accuracy models

Model Test accuracy Validation accuracy Test accuracy Validation accuracy

Holistic 91.50 91.66 91.81 92.13

Header 87.13 87.58 88.10 88.18

Footer 82.44 82.82 82.88 83.11

Left Body 86.18 86.43 86.71 87.05

Right Body 83.71 83.87 83.95 84.52

DistilBERT 84.59 84.53 85.12 85.09

Table 1: Comparison between models with the lowest validation loss and models with
the highest validation accuracy.
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B. Tobacco3482 results

The results for the Tobacco3482 dataset include the confusion matrix from the model
with the highest test accuracy, and the softmax output of base classifiers, both on the
training and validation set. Table 2 shows the confusion matrix, along with the accuracy
from each class, while Figures 2 and 3 depict the softmax output.

B1. Confusion matrix

Actual class

Advertisement Email Form Letter Memo News Note Report Resume Scientific

P
re

di
ct

ed
cl

as
s

Advertisement 124 0 0 0 0 0 0 0 0 0

Email 1 496 0 0 0 0 0 0 0 0

Form 0 0 322 0 0 0 2 0 0 2

Letter 0 2 2 448 1 0 1 6 0 1

Memo 0 1 2 3 516 0 4 2 0 2

News 2 0 0 0 0 85 0 0 0 1

Note 1 0 1 0 2 1 93 0 0 2

Report 2 0 4 16 0 0 0 139 0 7

Resume 0 0 0 0 0 0 0 1 20 0

Scientific 0 0 0 0 1 2 1 17 0 146
Accuracy (%) 95.38 99.40 97.28 95.93 99.23 96.59 92.08 84.24 100.00 90.68

Table 2: Tobacco3482 test set results from the best model (full model, meta-classifier
trained on softmax output of training set). Accuracy in % and rounded to two decimal
places. Overall accuracy: 96.25%.
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B2. Softmax output

Figure 2: The softmax output distribution from the base classifiers on the Tobacco3482
training data.
74



Figure 3: The softmax output distribution from the base classifiers on the Tobacco3482
validation data.
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C. RVL-CDIP results

The results for RVL-CDIP include the confusion matrices of all 6 base models, as well
as the confusion matrix of the overall best model. Tables 3 to 9 display the confusion
matrices along with the accuracy for each class. To fit the confusion matrices on a page,
the classes are encoded as follows: 0 = Letter, 1 = Form, 2 = Email, 3 = Handwritten,
4 = Advertisement, 5 = Scientific report, 6 = Scientific publication, 7 = Specification,
8 = File folder, 9 = News article, 10 = Budget, 11 = Invoice, 12 = Presentation,
13 = Questionnaire, 14 = Resume, 15 = Memo.

Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 2,248 47 4 7 2 3 0 13 1 3 1 20 5 14 2 36
1 26 2,175 4 9 7 47 3 33 3 2 18 59 5 33 4 25
2 19 1 2,492 1 0 2 0 4 0 3 1 0 2 1 0 1
3 41 28 0 2,457 18 11 1 13 2 0 4 16 0 31 0 3
4 9 17 0 16 2,394 9 9 4 6 31 11 5 24 29 2 5
5 6 40 0 1 2 2,226 61 24 11 12 34 2 100 18 9 10
6 5 2 0 0 5 29 2,407 6 2 25 1 0 4 2 3 0
7 7 24 1 6 0 11 2 2,345 0 0 2 0 0 3 1 7
8 10 10 0 0 10 22 22 2 2,460 11 17 5 38 9 1 14
9 6 5 4 1 38 9 43 1 2 2,315 12 0 43 3 6 2

10 4 22 1 0 2 23 0 4 4 2 2,328 20 38 8 2 16
11 10 65 0 0 0 8 1 5 0 1 25 2,343 0 2 0 5
12 5 10 2 1 17 67 17 3 27 51 37 2 2,195 22 11 10
13 18 41 3 33 17 9 1 12 6 1 6 3 17 2,253 4 2
14 2 1 0 0 1 8 3 0 2 2 0 0 10 1 2,490 6
15 48 18 5 0 2 14 1 3 1 4 8 2 8 6 2 2,350

Accuracy (%) 91.23 86.79 99.05 97.04 95.19 89.11 93.62 94.86 97.35 93.99 92.93 94.59 88.19 92.53 98.15 94.30

Table 3: RVL-CDIP test set results from the best model (meta-classifier with only the
image models as base classifiers). Accuracy in % and rounded to two decimal places.
Overall accuracy: 93.70%.
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Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 2,223 45 10 21 8 10 0 14 1 5 2 17 13 22 4 53
1 43 2,105 5 23 8 76 5 32 4 2 22 63 8 57 6 18
2 19 3 2,487 3 1 0 0 5 1 1 0 1 2 5 0 2
3 24 16 0 2,408 13 0 1 9 2 1 3 12 0 27 0 0
4 9 15 0 18 2,341 5 14 7 7 46 10 6 20 21 3 5
5 12 38 1 0 2 2,025 66 31 10 17 36 1 116 19 20 7
6 6 1 0 0 8 44 2,386 3 9 22 2 1 9 6 8 1
7 11 42 1 12 3 24 8 2,320 0 0 6 2 6 13 2 8
8 4 8 0 0 11 18 13 0 2,430 3 10 5 33 9 1 10
9 8 5 1 1 37 26 35 2 2 2,267 8 3 36 2 7 3

10 8 29 1 0 8 46 3 9 12 6 2,300 37 51 16 4 12
11 24 107 0 8 6 13 0 9 2 2 22 2,312 2 8 1 4
12 19 11 3 1 40 125 28 6 36 69 60 5 2,134 30 18 19
13 24 51 4 37 25 38 6 20 10 9 14 3 32 2,191 8 5
14 3 3 0 0 2 29 5 3 1 4 1 2 21 4 2,453 4
15 27 27 3 0 2 19 1 2 0 9 9 7 6 5 2 2,341

Accuracy (%) 90.22 84.00 98.85 95.10 93.08 81.06 92.80 93.85 96.16 92.04 91.82 93.34 85.74 89.98 96.69 93.94

Table 4: RVL-CDIP test set results from the holistic model. Accuracy in % and rounded
to two decimal places. Overall accuracy: 91.81%.

Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 2,124 62 12 21 19 11 5 18 6 17 15 77 20 29 9 75
1 33 2,007 6 17 16 53 3 34 3 13 39 83 22 63 7 24
2 19 6 2,456 3 1 1 0 5 4 5 0 3 0 1 1 4
3 40 26 3 2,372 21 4 0 11 4 0 2 15 1 41 1 3
4 19 26 3 25 2,209 15 32 10 20 78 16 10 37 39 6 4
5 22 63 3 7 12 2,029 88 22 21 37 78 16 152 35 21 15
6 9 6 0 0 16 49 2,286 6 4 61 6 2 17 9 8 1
7 5 44 1 9 5 23 3 2,288 2 1 17 17 16 17 2 11
8 16 38 16 10 63 43 31 5 2,383 22 52 35 89 28 6 22
9 11 14 4 2 57 17 73 9 3 2,135 19 7 48 9 10 7

10 11 32 2 4 9 36 6 12 9 6 2,104 43 53 27 4 10
11 47 71 2 6 9 26 2 7 6 12 46 2,124 14 10 2 6
12 32 27 2 8 49 135 29 13 42 65 77 20 1,954 57 23 12
13 28 48 1 45 26 21 6 19 9 3 18 10 35 2,049 2 4
14 5 8 1 1 1 13 4 5 3 5 1 2 14 6 2,428 3
15 43 28 4 2 2 22 3 8 8 3 15 13 17 15 7 2,291

Accuracy (%) 86.20 80.09 97.62 93.68 87.83 81.22 88.91 92.56 94.30 86.68 83.99 85.75 78.51 84.15 95.70 91.93

Table 5: RVL-CDIP test set results from the header model. Accuracy in % and rounded
to two decimal places. Overall accuracy: 88.10%.
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Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 1,665 89 13 39 20 33 5 37 11 10 15 37 35 64 14 141
1 103 1,859 10 14 13 92 15 48 17 25 43 83 42 86 10 74
2 24 15 2,435 1 51 10 2 3 21 14 9 14 22 18 8 14
3 56 40 2 2,380 41 4 2 31 7 0 2 17 0 56 2 1
4 18 17 4 24 2,176 12 20 6 16 46 9 10 26 46 3 14
5 50 73 8 1 14 1,846 67 30 43 34 72 30 140 44 33 127
6 18 10 0 1 12 31 2,307 3 11 26 3 5 9 4 22 8
7 51 41 3 22 6 13 2 2,237 1 0 3 6 7 26 4 24
8 21 18 4 1 25 27 19 4 2,250 16 26 24 48 11 9 31
9 24 29 3 1 46 45 56 3 15 2,109 39 13 71 15 20 48

10 22 27 1 0 8 36 3 5 10 11 2,026 32 35 20 4 50
11 59 124 4 8 23 31 17 16 34 30 52 2,118 25 35 9 75
12 62 54 4 0 40 146 21 15 32 78 79 23 1,868 53 36 164
13 48 42 3 38 19 15 7 15 7 8 20 21 29 1,893 4 38
14 48 10 8 1 3 44 20 4 11 17 5 9 30 4 2,337 37
15 195 58 14 1 18 113 8 15 41 39 102 35 102 60 22 1,646

Accuracy (%) 67.57 74.18 96.78 94.00 86.52 73.90 89.73 90.49 89.04 85.63 80.88 85.51 75.05 77.74 92.12 66.05

Table 6: RVL-CDIP test set results from the footer model. Accuracy in % and rounded
to two decimal places. Overall accuracy: 82.88%.

Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 2,072 57 16 15 5 18 1 12 2 6 8 37 16 27 6 109
1 55 2,009 11 21 15 69 8 43 7 6 39 97 12 66 1 40
2 40 15 2,173 5 7 2 0 9 8 9 6 3 8 13 4 10
3 35 28 3 2,335 24 19 2 15 11 3 8 11 4 30 0 10
4 11 11 3 27 2,233 17 18 9 13 77 10 7 27 29 2 9
5 18 60 8 7 8 1,903 65 44 20 27 76 14 127 24 23 59
6 7 6 3 0 19 66 2,327 3 6 91 5 0 19 7 11 1
7 7 42 6 11 2 21 5 2,236 1 1 17 8 8 10 1 7
8 16 20 240 29 47 35 34 7 2,369 29 48 22 56 19 9 26
9 13 6 6 3 59 15 74 4 7 2,093 14 2 49 4 13 5

10 5 44 3 14 11 70 2 26 14 3 2,094 65 46 30 13 18
11 19 98 2 9 4 15 4 11 4 4 63 2,181 3 11 1 8
12 34 21 22 13 57 127 18 7 43 85 71 5 2,021 40 25 39
13 30 52 6 39 18 36 7 20 20 8 13 5 40 2,093 5 15
14 8 7 2 2 4 17 5 5 0 6 11 9 14 8 2,413 6
15 94 30 12 2 2 68 1 21 2 15 22 11 39 24 10 2,130

Accuracy (%) 84.09 80.17 86.37 92.22 88.79 76.18 90.51 90.45 93.75 84.98 83.59 88.05 81.20 85.95 95.11 85.47

Table 7: RVL-CDIP test set results from the left body model. Accuracy in % and
rounded to two decimal places. Overall accuracy: 86.71%.
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Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 1,897 79 28 30 20 51 7 32 2 23 11 23 37 43 13 264
1 58 1,878 13 40 10 82 7 51 10 10 37 63 14 72 3 44
2 42 19 2,275 6 7 15 11 7 108 24 29 4 37 17 12 34
3 39 44 8 2,317 18 17 1 10 23 1 9 19 5 35 1 8
4 10 18 1 29 2,222 9 20 8 17 62 9 5 33 32 3 8
5 48 82 31 19 17 1,738 56 49 23 20 49 15 155 29 27 104
6 15 10 2 2 29 74 2,337 5 12 120 9 2 27 6 12 7
7 11 62 3 1 4 34 4 2,210 2 3 17 14 10 18 3 9
8 14 20 40 10 22 37 22 5 2,212 20 49 19 50 19 5 12
9 14 10 13 2 70 19 49 5 13 2,051 15 3 58 8 13 12

10 10 40 16 13 10 65 7 20 19 3 2,041 59 47 22 2 18
11 17 97 3 6 6 17 0 13 6 3 106 2,229 4 8 0 12
12 32 14 25 18 48 143 22 13 58 68 71 5 1,860 48 18 41
13 38 71 11 35 20 33 7 12 18 8 18 3 42 2,031 5 20
14 17 15 10 0 6 40 14 6 2 15 7 2 32 4 2,397 16
15 202 47 37 4 6 124 7 26 2 32 28 12 78 43 23 1,883

Accuracy (%) 76.99 74.94 90.42 91.51 88.35 69.58 90.90 89.40 87.53 83.27 81.48 89.99 74.73 83.41 94.48 75.56

Table 8: RVL-CDIP test set results from the right body model. Accuracy in % and
rounded to two decimal places. Overall accuracy: 83.95%.

Actual class
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P
re

di
ct

ed
cl

as
s

0 2,151 43 22 17 10 8 6 8 1 9 3 20 7 18 4 77
1 31 1,983 10 29 21 67 7 32 3 5 33 45 16 33 0 35
2 24 5 2,401 3 3 5 2 1 2 5 3 1 2 5 0 4
3 30 42 5 1,827 102 34 7 23 50 7 38 24 4 48 1 9
4 20 24 3 92 1,660 23 14 3 107 72 32 10 40 34 2 12
5 8 51 10 11 5 1,967 67 33 17 9 14 3 71 12 7 12
6 4 12 1 8 11 83 2,245 4 7 88 1 1 14 5 5 3
7 6 49 2 12 7 27 6 2,298 3 0 5 6 3 8 0 13
8 38 54 7 408 490 81 52 24 2,259 50 118 57 110 80 17 54
9 22 15 11 14 112 29 137 3 9 2,099 35 5 97 21 5 12

10 7 39 4 16 18 39 2 11 12 14 2,061 48 48 7 3 10
11 21 101 5 23 9 23 1 15 7 10 99 2,244 5 11 0 11
12 11 22 17 8 36 82 14 6 34 79 45 4 2,029 13 12 21
13 19 39 7 59 29 14 4 8 6 10 13 4 32 2,132 2 7
14 1 1 0 1 1 3 6 0 7 3 1 1 4 0 2,478 0
15 71 26 11 4 1 13 1 3 3 3 4 4 7 8 1 2,212

Accuracy (%) 87.30 79.13 95.43 72.16 66.00 78.74 87.32 92.96 89.39 85.22 82.28 90.59 81.52 87.56 97.67 88.76

Table 9: RVL-CDIP test set results from the DistilBERT model. Accuracy in % and
rounded to two decimal places. Overall accuracy: 85.12%.
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D. System and Libraries and used
The training is performed on a g4dn.2xlarge aws instance. This instance is equipped with
a NVIDIA T4 GPU, 8 virtual CPUs and 32 GiB of RAM. The CPUs are aws-custom
Intel Cascade Lake CPUs, which are optimized for machine learning inference and small
scale training. However, text preprocessing with the tesseract OCR system is done locally
on an Intel i7-10750H CPU machine, with 24GB of RAM.

The implementation is done in the Python programming language, version 3.8. Table
10 depicts the libraries, 1 which are used in this work, along with their version.

Library Version
keras-tuner 1.0.4
numpy 1.20.3
matplotlib 3.4.1
opencv-python 4.5.3.56
pandas 1.3.3
Pillow 8.3.2
pytesseract 0.3.7
scikit-learn 1.0.1
tensorboard 2.4.0
tensorflow 2.4.1
tesseract 4.1.1
tqdm 4.62.3
transformers 4.11.2

Table 10: Libraries used in this work and their version.

1excluding the python standard library, which contains modules such as statistics that are used in
this work
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