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Abstract

Automated document processing systems are crucial tools for processing large volumes of document
images. The primary visual elements present in these documents include stamps, logos, and
signatures, which serve various purposes. This research proposes a novel multipath architectural
network for simultaneous and accurate recognition of visual objects. This architecture uses deep
learning and image patches as core components through three basic paths. The image characteristics
extracted from these paths are combined to achieve the final feature vector, which is subsequently
processed to determine the class of each image patch. The proposed architecture is validated through
experiments conducted across four scenarios using the SPODS and Tobacco 800 datasets. The
comprehensive evaluations demonstrate remarkable outcomes, achieving precision, recall, and
accuracy rates of (99.54%). Furthermore, the results demonstrate that visual object recognition tasks,
including the identification of signatures (100%), stamps (99.10%), and logos (99.30%), are executed
with exceptional accuracy. In addition, the non-visual object recognition of text objects achieves a
perfect score of (100%). To sum up, the findings of these evaluations showed significant
improvements in accuracy compared with competitors.

Keywords: Multipath Network; Visual Objects Recognition; Image Patches; Deep Learning,
Documents.

INTRODUCTION

Written documents serve as the most effective means of conveying intended
information among humans. For example, clay tablets were used in ancient times as a
means of communication, whereas paper documents were used in recent times to exchange
thoughts more simply [1]. The emergence of computing devices in recent decades marks
the starting point for using digital documents in our daily lives. The digital revolution has
proven extremely powerful in acquiring, storing, processing, and transmitting various
types of digital documents [2]. The combination of recurrent neural networks (RNNs),
convolutional neural networks (CNNs), and deep learning artificial intelligence (AI)

algorithms into document processing systems aims to enhance their efficiency,
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performance, security, and automation [3-5]. Text document reduction, language
translation, summarization, generative text creation, search capabilities, change tracking,
intelligent automation, and detection of misinformation are some applications of Al for
analysing and comprehending document content in practical settings such as legal
documents and digital archives [6-8]. Many establishments, despite these technological
advancements, continue to rely heavily on large volumes of paper documents, which must
be scanned, transmitted, and stored on large storage devices. These documents include
letters, contracts, memos, tenders, orders, and more [9]. In the current era of Al, the need
for automated archiving and retrieval systems to manage vast volumes of documents has
become imperative due to the widespread use of the internet and the emergence of 6G
networks [10]. In addition, locating documents in such extremely large volumes of data is
a tedious task, necessitating the reduction of search time as much as possible. To expedite
the identification of targeted documents, text and visual elements in document images play

significant roles in the search process [11].

Main components such as stamps, logos, and handwritten signatures significantly aid
in matching documents. A logo provides a unique identity to the source of a document,
whereas a stamp confirms its authenticity, and handwritten signatures serve as
behavioural biometrics to verify individual identity [12,13]. Ultimately, signatures, logos,
and stamps are the primary visual tools for executing crucial document-processing tasks
such as identification, retrieval, verification, indexing, detection, and authentication [14].

The summary of the contributions in this manuscript is:

e A task-specific hybrid multipath feature fusion framework (DMPN-VOR) has been
proposed and designed from primary concepts to tackle the unique characteristics
of the aimed challenging problem. It is used to recognize various visual objects in
the complex document images. These visual elements encompass handwritten
signatures, logos, and stamps.

¢ Four unique deep learning models based on CNNs are developed from the ground
up, with each model reflecting a distinct experimental scenario (with a different
number of paths). Particularly, the developed architectures do not depend on any
pre-trained backbone models such as ResNet, VGG or EfficientNet. Instead, a
specific CNN branch was trained and created from scratch to acquire unique
representations directly from the input image data with complementary description
fusion.

e An extensive series of experiments is conducted on deep learning, patch-based
techniques under four distinct experimental scenarios to identify the optimal
scenario for effective visual object recognition in the difficult document images. The
comparison with various approaches is presented, along with an ablation study of
the proposed architecture.

e The SPODS dataset is labelled by tagging each object (visual and non-visual) in the

document image.
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The remainder of this paper is organized as follows: the section on related work
provides an overview of the visual object recognition literature. The outline of the
proposed methodology and materials is described in the next section. Details of the
experimental results and their discussion across four scenarios is presented in the
following section. Comparative analysis results and ablation study analysis are also
presented in the next sections. The conclusions and the outline of potential future research
directions related to the proposed method are presented at the end of the paper at last

section.

RELATED WORKS

In document processing systems, the main tasks of detection, recognition, and retrieval
of data are typically automated [15]. Visual and textual objects constitute the primary
components used by these systems. The commonly present visual elements in document
images are logos, stamps, and signatures [16]. To start, it is essential to explain the
approaches employed to verify and detect signatures in document images, which poses a
significant challenge in document image processing. This difficulty is because of their
broad spectrum of structures in the same class and fragmented parts scattered across
different curves in the image, necessitating highly precise detection algorithms to identify
them within complex backgrounds of document images [17, 18]. In addition, the manual
inspection of signature samples by officials is a process that is prone to errors, is time-
consuming, and requires significant effort [19, 20]. In [19] used signatures of users,
recurrent neural networks (RNN) and deep learning to authenticate the identity of users.
The basic shortcoming of this method is its assumption that signatures can be used directly
without segmenting from image. Authors at [12] improved the recognition accuracy of a
handwritten signature system using deep CNN models and incorporated augmentation
methods. This approach suffers in case the signatures overlap with other components in
the image. Authors in [21] introduced a novel approach for handwritten signature
identification and forgery verification, which utilizes explainable deep CNNs. The
limitation of this approach is that accuracy will decrease noticeably with scarcity of
balanced data. Authors at [22] proposed segmentation and recognition of offline
signatures using CNNs and the performance of this approach relies on the quantity of
training data. Researchers at [23] suggested real-time signature recognition by employing
convolutional autoencoder (CAE) and deep learning and achieved good verification
results even with insufficient signature data. Authors at [17] suggested an innovative
method for detecting and identifying signatures using a multiscale saliency metric. This
method’s effectiveness relies on the effective recognition of salient textures in document
images. Authors in [24] employed image patches for the detection and verification of
signature forgery. The lack of this approach is based on one class classification idea for
forgeries. Authors in [25] introduced a creative approach to find visual and textual objects
in document images using Adaboost classifiers and well-known feature detectors. This

approach suffers from low verification accuracy for handwritten signatures and acceptable
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detection accuracy for other graphical objects. Researchers at [26] proposed a new scheme
to detect handwritten signatures using refinement layers and CNNs. Authors in [27]
developed a method using full CNNs to detect and segment stroke-based signatures. The
last two methods need large amounts of data to train CNN models. Researchers in [28]
developed a creative two-phase approach to detect various visual and textual objects in
document images using deep learning. To sum up, these schemes demonstrated
sufficiently accurate identification and extraction of signatures in cases where there is no
overlap with other elements within the document. However, their performance decreased

significantly when there are overlaps with other visual and textual objects in the document.

The logo is the second important visual object primarily employed in the tasks of
retrieving documents. Authors at [29] suggested using logos structures and their
geometrical details in developing an innovative scheme to recognize them. The limitation
of this scheme is the inability to recognize well the logos whenever overlapped with other
document elements. Researchers in [30] proposed a creative approach to recognize and
detect logos using local binary pattern (LBP) apparatus however its performance will suffer
significantly in case of bad logo segmentation. Authors in [31] developed a new scheme to
localize and identify logos in the document images using gray level co-occurrence matrix
(GLCM) and curvelet transform. The limitation of this technique is relying on the accuracy
of segmentation algorithms. Researchers in [29] proposed a novel architecture using
optimization algorithms and geometrical reconstruction to verify logos. In [32] it has been
proposed an innovative method based on the document image contours to detect and
recognize logos. However, the lack of this scheme is dependence on the performance of
segmentation algorithms. Authors in [33] created a novel method using speeded up robust
features (SURF) algorithm to discover and identify logos in the images of documents.
Additionally, authors in [34] devised a creative logo localizing and recognizing scheme by

utilizing texture data and FCM clustering.

Stamp is the third significant visual component within document image. Authors at [35]
proposed a new approach to verify document stamps on restricted power devices as
mobile phones. This method is not tested on real mobile phone datasets hence still its
performance not well verified. Researchers in [36] employed Viola-Jones object detection
algorithm to create an approach to distinguish stamps in the images. The main
shortcoming of this approach is that it requires to select accurately the parameters to train
classifiers. Authors at [37] developed an innovative approach using part-based features to
segment and identify stamps. The stamp in this scheme is recognized regardless of
geometry, colour and shape of stamps however the drawback of this method is that its
performance relies on the results of segmentation. In [38] it has been developed a creative
scheme by utilizing a group of intriguing properties for lines, shapes and regions in the
document image to detect and classify stamps. Authors in [39] proposed a new method to
localize and identify stamps in the ancient depositories. It employed a generative
adversarial network (GAN) to select significant features of stamps from ancient records

and then recognize them using their diverse properties. The disadvantage of these last two
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approaches is that their performance depends on the quality of the extracted features from

the document image.

The writings or publications on the simultaneous localization and recognition of several
visual objects are scarce on a par with single visual object identification. For example,
Authors at [40] utilized spectral filtering schemes to design a novel approach to
simultaneously verify and locate stamps and logos in the document images. Researchers
in [41] suggested a creative approach using deep learning to retrieve documents based on
identifying their logos and signatures. In [42] it has been employed spectral filtering to
develop new scheme to discriminate graphics and text in aim to recognize logos and
stamps objects. Authors in [43] devised an innovative approach using outlier contents to
localize and recognize stamps and logos. In [44] it has been designed a new office dataset
and proposed a novel method to localize and identify logos, stamps and signatures in the
document image using this dataset. Authors at [16] devised a creative two-stages scheme
to localize and recognize visual components in the documents. In same vein, authors at
[15] developed a new deep learning-based method to localize logos and seals in the ancient

documents.

The investigation and analysis of up-to-date approaches for visual objects recognition,
itis obvious that these techniques are created mainly to identify single objects. Hence, they
may not perform as effectively in identifying multiple objects simultaneously in document
images. In addition, these methods are constrained by specific shapes, colours, or training
datasets, whereas visual objects themselves can present a wide range of shapes and
colours. By leveraging deep learning techniques and image patches, our proposed
multipath architecture effectively mitigates the aforementioned challenges by eliminating
the need for preprocessing steps such as binarization and layout analysis in the system
pipeline. Most of the previous methods focus on detecting and recognizing individual
visual objects in documents. In addition, the major limitation of these approaches is that
they rely solely on global structural and geometrical relationships to localize and verify
visual objects. Our research aims to address the limitations by accurately and effectively
recognizing visual objects within documents by introducing special framework that
integrating CNN learned features representations by two supplementary feature streams
to catch domain-relevant attributes not obviously formed by convolutional filters alone

(i.e. slope-based descriptors and histogram-based descriptors).

THEORETICAL FRAMEWORK, RESEARCH HYPOTHESES AND GAPS
Let set a theoretical formalization for the proposed DMPN-VOR as follows:

e Input: patch x

e Feature streams:
»  fenn(x)
» fslope(x)
»  fhist(x)
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e Fusion:
z = ¢([fenn(x), fslope(x), thist(x)])
e (lassification:

y = softmax(Wz + b)

The suggested multipath architecture is created on the presumption that various
feature extraction algorithms catch complementary issues of visual elements in document
images. Deep CNN are highly effective at learning hierarchical and discriminative feature
representations directly from image data (i.e. shape, local texture and spatial patterns).
However, additional statistical and structural information can be provided by handcrafted
descriptors that may not be fully extracted by learned representations alone. Primarily, and
structural and directional variations are characterized by slope descriptors, whereas the
statistical distribution of visual content is captured by histogram descriptors. Hence,
combining these heterogeneous feature representations is supposed to produce a more
informative feature scope, leading to enhanced class separation and recognition accuracy.
Based on this theoretical justification, the following research hypotheses are proposed:

H1: CNN features catch discriminative local patterns that are not fully extracted by

handcrafted extractors.

H2: inserting histogram-based features marginally improves classification accuracy

over CNN-only baseline.

H3: Slope-based features improve classification for text and handwritten categories but

not for logos/stamps visual objects.

H4: The multipath framework boosts robustness under overlapping objects in relative

to single-path CNN.

These hypotheses are assessed experimentally by ablation and comparative studies,
where the performance of individual feature paths is contrasted against the proposed fused
representation. Despite the important advancements reached in visual object recognition
and document image analysis, several challenges (or research gaps) still insufficiently
approached in existing literature:

e Adequately recognizing multiple visual objects in the hard document images.

¢ Minimizing reliance on preprocessing functions such as layout analysis and

binarization.
e Utilizing complemental statistical, local and structural information concurrently.

e Keeping robustness under hard conditions including clutter, image degradation,

occlusion and overlap.

METHODS AND MATERIALS

This section elucidates the proposed novel method of visual object recognition in the
document images. Figure 1 illustrates the proposed multipath network architecture, which

comprises three primary paths for recognizing individual image patches and classifying
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them into one of four categories: signature, logo, stamp, or text. The first path uses a deep
convolutional neural network to identify salient textures (features) in image patches and
classify them. In the second path, the slopes of lines in the image patches serve as
supplementary information to determine whether or not a patch corresponds to a
handwritten signature, or text. The third path utilizes histogram of patch information to
differentiate logos and stamps from other visual objects. These paths are subsequently
concatenated to recognize the visual objects (logo, stamp, or/and signature) of a labelled
document (or documents) with ID(s) of (1...n) in a document image database. The
subsequent sections explain this architecture in detail. Additionally, Figure 2 in the
subsection Path 2 (Slope Path) illustrates thoroughly the slope localization process of this

architecture.

E
X

Input - 64 ' |
Output - 32

Sigeatuee Patch of
Labeled Documend

Outpor (64)

Topmt | (0,0,32) , (8,3) |

Dense submodule [1ad]

Stuaip Patch of
Labeled Documerd

¥
ConviD
(—

Logo Pelch of
Labeled Documend

Ceacalenation ( Input [ 32,5],outpat [40] )

( Deene Saboaodale [ 1 x 3 |, RelU + softma, Inpat = 40, outpat= 4 )

Teid Palch of
Labeled Documend
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Output - 8

_____________________________________________________ ! G -

Figure 1. Structure of the deep multipath network for recognizing visual objects (DMPN-VOR)

in the labelled document images

Path 1 (Deep Learning Path)

In the proposed architecture, deep convolutional neural networks serve as the
foundational framework for identifying meaningful features in image patches and
subsequently classifying them into one of the four categories. The deep convolutional
neural network topology comprises multiple layers, each assigned a specific function that
is crucial to the network’s overall performance, as illustrated in Figure 1. An image patch
of size (224 x 224 x 3) is fed to Path 1, and the output from this path is the feature vector of
size (49 x 49 x 32).

Path 2 (Slope Path)

The second path in the proposed deep multipath architecture is designed to obtain the
slopes of lines within visual objects. The slopes in the geometry and structure of

handwritten signatures, for example, can be subsequently used for their recognition. In
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addition, these slopes can be used to identify other visual objects such as stamps and logos.
Although the slopes of lines are certainly beneficial for identifying textual objects, these
lines can sometimes appear similar but with differing angles of rotation. Hence,
recognizing such lines in image patches using only a deep learning path is challenging,
and an additional slope-localization process is required to address object similarity. An
image patch of size (224 x 224 x 3) is fed into the slope localization process shown in Figure
2 and then converted to grayscale (224 x 224).

Va= f(x+1y)—f(ay)

4| sl==c]t2 o= 2
' ] 1 Vx
L |t ] ] Slope O = arctan(G)
48|20 ac |87
'— - -
Convert Cid Wl ol 6|5 |---| 5 6| 4 3
SAIE6| <5589 Color — - TR [
10 (1 image T B e 224 x 224
. 5 into 0 2 2|3 |---|] 3
67 |B51|| S5 |8 Gray =2l
B 8| 5|---| 6 1
5 [---| 5 Image 2 | 30fGsin] 4
3 TEN (T I 224 x 224
224x224x3 224 x 224 D g
6] | =z 2 %
Input Image Patch to AR Padding Zeros

the Slope Localization {}
Process 224x224

[
6| 4

Vy = flxy+1) - flxy)

slw | --lw H

it
20|53
a2

224x224x3

Input Slope Patch to
the ConvNet of Slope
Path

Figure 2. The slope localization process in the deep multipath network architecture (DMPN-VOR)

Afterword it is processed by gradient operators in both X and Y directions using
equations (1) and (2) to get all changes in the lines within the image patch. Next, these
gradient images are used to compute a gradient-magnitude image patch using equations
(3), thereby obtaining the net change in lines within the patch. Then the resultant image is
employed to calculate the slope image of size (224 x 224) using equation (4). This final array
of angles in the range [-mt, 1] represents the slope of all lines within image path measured
by radians. Additionally, the slope image is of size (224 x 224x3) processed through the

slope path to obtain the desired features.

Gradient in X-direction Vx =f(x+1,y) — f(x,y) @)

Gradient in Y-direction Vy = f(x,y+ 1) — f(x,y) 2)

Gradient Magnitude G =2 ©)
Vx

Slope @ = arctan(G) 4)
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Path 3 (Histogram Path)

The image histogram serves as a significant tool for illustrating key characteristics
within a document image. As certain visual segments are challenging to differentiate, the
existing deep and slope features lack the necessary strength for effective discrimination.
To overcome this limitation, a third histogram analysis path is incorporated into the
proposed architecture. This enhancement is crucial as it encompasses distinctive patch
features that can be utilized for the identification of specific categories of document image
patches. The probabilities of gray levels are combined into a single feature vector of size
(256) for a particular patch in the image document, which is subsequently fed into the
multipath architecture to yield an output feature vector of size (8) from this path. The patch

histogram is computed using equation (5).

n
p, (1) = ;k where k = 0,1,2 ..., L — 1 ()

py: gray level (r) probability of the in the image patch.

1.: gray level (k).

n;: number of the gray level (k) occurrences of in the image patch.

n: total count of pixels of the image patch.

L: count of distinct gray levels of the image patch.

A detailed summary of the proposed Deep Multipath Network architecture (DMPN-
VOR) and its workflow for recognizing visual objects in labelled document images is
presented as follows:

Step 1. Input document image patches (Ip) of size (224x224,3) of documents (1......n).

Step 2. Do slope localization process on (Ip) to find slopes of lines within visual and text
objects in the document image where and output slope patches (S1) of size = (224x224x3)

as below:

Step 2.1. Convert colour image into grayscale image.

Step 2.2. Compute gradient in X-direction Vx= f(x+Ly)-f(xy).
Step 2.3. Compute gradient in Y-direction Vy = f(xy+1)-f(x,y).
Step 2.4. Compute gradient magnitude is G= Vy/Vx

Step 2.5. Compute slope @= arctan (G).

Step 3. Do histogram analysis process to find the frequency of distinct pixels within
input image patches and output histograms (H1) of size = (256).

Step 4. Send simultaneously image patches (Ip, S1 and H1) to Path 1 (Deep Learning,
Ip), Path 2 (Slope, S1) and Path 3 (Histogram, H1) respectively.

> Use (Ip) by deep learning path (Pathl) to derive vector of features of size (49x49,32).
> Use (S1) by slope path (Path2) to generate vector of features of size (49x49,32).

> Use (H1) by histogram analysis process in the path (Path 3) to produce vector of
features of size (8).
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Step 5. Concatenate feature vectors produced by Path 1 and Path 2 to get concatenated
feature vector (C1) of size (98x49,32).

Step 6. Reduce the size of concatenated feature vector (C1) from (98x49,32) to (32) to get

reduced feature vector (R1).

Step 7. Concatenate feature vector R1 of size (32) with the output feature vector from
Path3 of size (8) to obtain the final feature vector (C2) of size (40).

Step 8. Do classification process by utilizing C2 to obtain the type of image patches

(Logo, Stamps, Signatures, Text) within labeled document images.

RESULTS AND DISCUSSION
The effectiveness and reliability of the proposed architecture (DMPN-VOR) for the

simultaneous recognition of handwritten signatures, logos, stamps, and text were
evaluated through series of experiments conducted on two widely used datasets. The
subsequent sections elaborate on the experimental procedures, datasets, and evaluation of
the experimental outcomes. Note that for the experiments, no preprocessing operations
were accomplished on the images from the discussd datasets below, and the introduced

deep learning-based models were designed from scratch using the two datasets.
Spods Dataset

The scanned pseudo-official data set (SPODS) is a complex collection of various
document classes [44], freely and publicly available to the research community. It has been
designed to evaluate the simultaneous identification of visual objects (stamps, logos,
handwritten signatures) and text in the official document images. It is composed of 1088
images of different types of documents (12 documents, 32 signatures, 32 logos, and 32
stamps) as shown in Table 1. Additionally, there are 11 font types in the SPODS dataset,
with various font sizes (10, 11, 11.5, 12, 14). All document images were created using
Microsoft Office. Two ground truth sets (G1 and G2) were used as references to evaluate
performance. G1 contains binary document images used to calculate detection
performance metrics, whereas G2 contains metadata information in an Excel file for logos,
signatures, stamps, and text. Figure 3 shows some examples of visual objects from the

images in this dataset.

\ ff“:i? Dy.Manager
& l*a-f. &‘E ; rb:E aast Zone
& &-000666

o e Sl g o

Figure 3. Visual object examples of the SPODS dataset




1321 Deep Multipath Network Architecture for Recognizing Visual Objects in Document Images

Table 1. Kinds of documents in the SPODS dataset

Document Type Definition Count of

1 Invitation for tender pre-qualification ~ 32

2 Call for bid 32

3 Contract 32

4 Tender 32

5 Employment advertisement 32

6 memo 32

7 Letter (copy to many correspondence) 128
8 Letter (one to one correspondence) 288
9 Circular 224
10 Notice 96
11 Order 64
12 Table 96
Total 1088

Tobacco 800 Dataset

The Tobacco 800 dataset created by the Illinois Institute of Technology is a collection of
complex document images [45, 46] that is freely and publicly available to the research
community at Kaggle. It consists of 1290 images representing various types of documents,
designed for the academic research of document analysis and processing. These images
were obtained from 42 million document pages from tobacco companies using different
scanning devices, and they are used as benchmark images. Each document image contains
three categories of visual objects (signatures, logos, and stamps) of varying sizes and
shapes, as well as text. The dataset includes multiple page images that are sequentially
identified, making it a powerful tool for evaluating various document processing tasks.
The images in this subset have a resolution ranging from 150 to 300 DPI, with dimensions
of (1200 x 1600) pixels (height) and (2500 x 3200) pixels (width). A labeled ground-truth
version of this dataset, created by humans, is also available to the public. Figure 4 provides

examples of visual objects within the document images of this dataset.

20
CILY)

PHLP YRR

Yoo 2 fo5h Qe o b

Figure 4. Visual object examples of the Tobacco 800 dataset
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Experimental Setup and Protocol

The experiments were conducted using a laptop with the characteristics: OS (Microsoft
Windows 11 Home), Microprocessor (13th Gen Intel(R) Core (TM) i9-13900HX), Graphics
Card (NVIDIA GeForce RTX 4070 Laptop GPU (8.0 GB) / Intel(R) UHD Graphics (1.0 GB)),
and memory (8 GB and 32 GB). The deep learning libraries employed include TensorFlow,
Keras, and scikit-learn. Our experimental protocol is based on dividing the used datasets
into training (80%) and testing (20%) subsets. Good results are obtained using this protocol
for both SPODS and Tobacco 800 datasets. Hence, the initial values of hyperparameters of

the deep learning models in (Table 2) are used in our experiments.

Table 2. Hyperparameter settings in the deep learning model in the proposed architecture

Hyperparameter Setting
1 Learning Rate 0.001
2 Optimizer Adam
3 Epochs 30
4 Batch Size 32
5 Patch Size 224 x 224
6 Loss Function categorical_crossentropy

Performance Measures

The effectiveness of a visual document object recognition system is assessed using
various established metrics, including the amounts of false positives (FP), false negatives
(EN), true positives (TP), actual values (y_i), predicted values (y") and sample size = N. All
these metrics are important and each represents one aspect of the proposed model
performance. Hence, one metric is insufficient to give us clear understanding of the model

classification performance and always there is a need to use multiple metrics.

o TP (6)
Precision = TP + FP
TP (7)
Recall = TP+—FN

(Precision x Recall) (8)
Flscore=2x —
(Precision + Recall)

(number of correct predictions) 9)
Accuracy = — x 100%
(total number of predictions)

N
1 . (10)
Mean Absolute Error (MAE) = I E ly: — vl

i=1
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1w . (11)
Mean Squared Error (MSE) = m Z(yi - )

i=1

Experimentations were tested to demonstrate the effectiveness of the introduced
architecture (DMPN-VOR) for simultaneous recognition of all visual objects. Four distinct
scenarios were applied to identify the most effective scenario for visual object recognition.

A comprehensive discussion of these cases is provided in the subsections that follow.

First Scenario (Using Only Patches and Deep Learning)

In this series of experiments, only patches and deep learning techniques were employed
in the proposed method. The results of recall, accuracy, precision, loss, MAE, MSE, and
confusion matrix are illustrated in Figure 5 and Tables 3 and 4. The findings indicate high
accuracy in recognizing all objects present in the document images. Furthermore, the error
rates, as measured by MAE and MSE, were notably low, demonstrating the system's ability
to identify signatures, stamps, logos, and text. Nevertheless, Table 3 suggests that the
detection rates for logos and stamps were inferior to those for handwritten signatures and
text, with a precision of (91.17) for logos and a recall of (90.27) for stamps. These results
imply the need for further enhancement of object recognition accuracy in document
images. For the Tobacco 800 dataset, the recall for signatures was (96.72), and the precision
for logos was (97.14), with MSE and MAE values of (01.43) and (01.09), respectively. These
findings indicate that the proposed method achieved a satisfactory level of accuracy in
recognizing signatures and logos; however, there remains substantial potential for

improvement.

Table 3. Total recognition performance of Loss (L), Accuracy (A), MAE (MA), MSE (MS), Precision
(P) and Recall(R) metrics in S1

Dataset L A MA MS P R
) (1 () ) (1) (1)
SPODS 07.82 97.11 01.08 01.83 97.22 97.11

Tobacco 07.34 98.45 01.09 01.42 98.45 98.45

Table 4. Visual object recognition performance of Recall (R), Precision (P) and F1-Score (F1)
measures in S1.

Dataset Visual P R F1
Object (1) (1 §))

SPODS Signature 99.57 99.57 99.57
Stamp 98.48 90.27 94.20
Logo 91.17 100.00 95.38
Text 100.00 98.46 99.22

Tobacco Signature 100.00 96.72 98.33

Logo 97.14 100.00 98.55
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Figure 5. The results of the First Scenario S1. (A) accuracy, (B) precision, (C) recall, (D) loss, (E)
MSE, (F) MAE, (G) confusion matrix SPODS and (H) confusion matrix Tobacco.
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Second Scenario (Using Patches, Deep Learning and Histograms)

A group of experiments is executed in this scenario to test the accuracy of the developed
approach. The deep learning algorithms, image patches and the histogram of patches are
integrated to form the approach in this scenario. Figure 6 and Tables 5 and 6 show the
results of experiments in terms of precision, accuracy, loss, MAE, MSE and confusion
matrix. The findings denote that the recognition accuracy for logos, stamps, signatures and
text existing in the document image is prominently high. Moreover, the noticed error rates
are the smallest permissible. Such an impressive accomplishment is attributed to the

discriminative information contained in the histograms of image patches.

These histograms can be a useful tool for adequately discriminating between different
objects in the documents. Hence, these results reveal the superiority of combining patch
histograms within the multi-path architecture, leading to a significant improvement in
visual object recognition in documents. We can notice from the results of the Tobacco 800
dataset that the recall measure for the signature is (98.36), whereas the precision measure
for the logo is (98.55). Furthermore, the overall accuracy, loss, MSE and MAE values are
(99.23) and (02.55) and (01.23) and (00.79) respectively.

These outcomes of the Tobacco 800 dataset exhibit the strength and adequacy of the

introduced architecture in recognizing logos and signatures.

Table 5. Total recognition performance expressed by Loss (L), Accuracy (A), MAE (MA), MSE
(MS), Precision (P) and Recall(R) metrics in S2

Dataset L A MA MS P R
() (1) () () (1 (1)
SPODS 01.75 99.54 00.23 00.66 99.54 99.54

Tobacco 02.55 99.22 00.79 01.22 99.22 99.22

Table 6. Visual object recognition performance expressed by Recall (R), Precision (P) and F1-Score
(F1) measures in S2

Dataset Visual P R F1
Object ) (1) M

SPODS Signature 100.00 100.00 100.00
Stamp 100.00 90.27 94.20
Logo 98.19 100.00 99.09
Text 100.00 100.00 100.00

Tobacco Signature 100.00 98.36 99.17

Logo 98.55 100.00 99.27
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Figure 6. The results of the Second Scenario S2. (A) accuracy, (B) precision, (C) recall, (D) loss, (E)
MSE, (F) MAE, (G) confusion matrix SPODS and (H) confusion matrix Tobacco.
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Third Scenario (Using Patches, Deep Learning, And Slopes)

In the third set of experiments, image patches, deep learning techniques, and the slopes
of lines within these patches were utilized to recognize visual objects in document images.,
Recall, loss, accuracy, precision , MAE, MSE metrics, and the confusion matrix are used to
illustrate the results in this scenario, as shown in Figure 7, as well as Tables 7 and 8. The
findings reveal that the detection accuracy for all objects within the document image
including signatures, logos, stamps, and text was inferior to that indicated in the last two
scenarios. Furthermore, the error rates were the highest among all scenarios. However, the
system was still able to recognize all signatures, stamps, logos, and text, albeit with lower
accuracy than in the earlier cases. This diminished performance can be attributed to the
limited capability of line slopes within the image patches to distinguish between the
various objects in the document images. The precision for logos was (83.46) and the recall
for stamps was (81.48). These results confirm that incorporating slope features into the
proposed methodology does not improve object recognition accuracy. For the Tobacco 800
dataset, the recall for signatures was (88.52), while the precision for logos was (90.66). The
MSE and MAE were (06.13) and (04.98), and the overall accuracy and loss were (94.57) and
(30.00), respectively.

These results suggest that the introduced method can robustly recognize signatures and
logos with satisfactory accuracy, although there remains significant potential for

improvement.

Table 7. Total recognition performance in terms of Loss (L), Accuracy (A), MAE (MA), MSE (MS),
Precision (P) and Recall(R) metrics in S3

Dataset L A MA MS P R
() (1) () () (1) (1)
SPODS 23.80 9491 02.27 02.66 94.90 94.79

Tobacco 30.00 94.57 04.98 06.14 94.57 94.57

Table 8. Visual object recognition performance expressed by Recall (R), F1-Score (F1) and Precision
(P) measures in S3

Dataset Visual P R F1
Object ™) () 1)

SPODS Signature  100.00 98.31 99.15
Stamp 100.00 81.48 89.79
Logo 83.46 100.00 90.98
Text 99.49 100.00 99.74

Tobacco Signature  100.00 88.53 93.91
Logo 90.66 100.00  95.11
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Fourth Scenario (Using Patches, Deep Learning, And Slopes)

In the fourth set of experiments, patches, line slopes within image patches, histograms
of image patches, and deep learning methodologies were employed to identify different
visual objects in document images. The recall, loss , accuracy, precision, , MAE, MSE, and
confusion matrix are used to illustrate results as shown in Figure 8 and Table 9 and 10. The
findings indicate a notably effective recognition of handwritten signatures and logos;
however, the recognition rates of text and stamps were comparatively lower, with
precision for text recorded at (84.78) and recall for stamps at (81.94). The error rates were
higher compared to the previous scenarios, with MAE at (02.06) and MSE at (02.83). This
decline in overall detection performance can be attributed to the additional information
from line slopes, which may have contributed to increased error rates. Thus, the inclusion
of these features is indicated to adversely affect the proposed method’s effectiveness in
recognizing stamps and text. For the Tobacco 800 dataset, the recall for signatures was
(95.08), while the precision for logos was (95.71), with MSE and MAE values being (04.52)
and (02.21), respectively. The overall accuracy and loss for this scenario were (96.89) and

(06.80), respectively.

These results suggest that although the proposed method demonstrates a satisfactory
ability to recognize signatures and logos, there remains significant potential for

enhancement.

Table 9. Total recognition performance in terms of Loss (L), Accuracy (A), MAE (MA), MSE (MS),
Precision (P) and Recall(R) metrics in S4

Dataset L A MA MS P R

(1) (1) () () (1 (1)
SPODS 23.79 95.25 02.07 02.83 95.25 95.14
Tobacco 06.80 96.89 02.21 04.51 96.89 96.89

Table 10. Visual object recognition performance delivered by F1-Score (F1), Precision (P), and
Recall (R) measures in S4

Dataset Visual P R F1
Object (1) (1) §))

SPODS Signature  99.57 99.57 99.57
Stamp 99.44 81.94 89.85
Logo 98.18 99.53 98.86
Text 84.74 100.00 91.76

Tobacco Signature  98.31 95.08  96.66
Logo 95.71 98.53 97.10

A summary of the above results for the previously explained scenarios of the proposed
multipath architecture is shown in Tables 11 and 12 and Figures 9 and 10 below to aid

understanding of our experimental results.
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Table 11. Summary table comparing the recognition performance in the Four scenarios in terms
of (Loss, Accuracy, MAE, MSE, Precision and Recall) metrics

- o L A MA MS P R

& 8 ) ™) () () ™) ™)

g &

SPODS S1 07.82 97.11 01.08 01.83 97.22 97.11
S2 01.75 99.54 00.23 00.66 99.54 99.54
S3 23.80 9491 02.27 02.66 94.90 94.79
S4 23.79 95.25 02.07 02.83 95.25 95.14

Tobacco S1 07.34 98.45 01.09 01.42 98.45 98.45
S2 02.55 99.22 0.79 01.22 99.22 99.22
S3 30.00 94.57 04.98 06.14 94.57 94.57
S4 06.80 96.89 02.21 04.51 96.89 96.89

Table 12. Summary table comparing visual objects recognition performance in the Four scenarios
shown by Recall, F1-score and Precision metrics

Dataset Visual S1 S2 S3 S4
Object

Precision (1)
SPODS  Signature 99.57  100.00 100.00 99.57
Stamp 98.48  100.00 100.00 99.44

Logo 9117 9819 8346  98.18
Text 100.00 100.00 9949  84.78
Tobacco Signature 100.00 100.00 100.00 98.31
Logo 9714 9855 90.66 9571
Recall (1)

SPODS  Signature 99.57  100.00 9831  99.57
Stamp 90.27 9815 8148 8194
Logo 100.00 100.00 100.00 99.53
Text 9846  100.00 100.00 100.00

Tobacco Signature 96.72 9836 8853  95.08

Logo 100.00 100.00 100.00 98.53
F1 Score (1)
SPODS  Signature 99.57 100.00 99.15  99.57

Stamp 9420 99.07 89.79  89.85

Logo 9538  99.09 9098  98.86
Text 99.22  100.00 99.74  91.76
Tobacco Signature 9833  99.17 9391  96.66
Logo 98.55 99.27 9511 97.10
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The experimental outcomes demonstrate that histogram descriptors exceed slope
descriptors whenever utilized separately. Such behaviour is attributed to the different
types of information extracted by the two feature representations. Histogram descriptors
distinguish the statistical dispersion of visual information within an image patch, forming
them relatively insensitive to local, geometric distortions, partial occlusion, variations in
object shape and noise. In contrary, slope descriptors depend on structural and directional
continuity, which can be essentially influenced by overlapping objects, cluttered
backgrounds cluttered backgrounds, irregular object boundaries and degraded document
quality.

Consequently, histogram representations provide a more distinctive and stable

representation for challenging document images.

COMPARATIVE EXAMINATION

To assess the importance of the suggested approach for recognizing objects of varying
sizes, a comparative analysis was conducted against leading contemporary techniques.
Tables 13 and 14 are given below for the SPODS and Tobacco 800 datasets. These tables
show the results of comparing our proposed methodology with diverse approaches to

visual object recognition.

The results in these tables show that our proposed multi-path architecture methodology
outperforms the SOTA methods. The results reveal that our introduced model, with

specific tasks, achieved the best performance among the compared approaches.

Table 13. The comparative analysis outcomes of SPODS dataset in respect to the F1 score (F1),
Precision (P), Accuracy (A) and Recall(R) metrics

Approach Visual A P R F1
Object M ™M ™M ™M
[49] Signature - 82.00 84.00 85.00
[37] Stamp - 66.00 64.00 67.00
[42] Logo - 99.00  98.00  99.00
Stamp - 69.00 91.00 76.00
[44] Logo - 99.00  98.00  99.00
Stamp - 89.00  90.00 87.00
Signature - 93.00 86.00  90.00
[36] Stamp - 98.50 6285 -
[35] Stamp - 90.60  90.70  90.60
Logo 99.54 98.19  100.00 99.09

Proposed  Stamp 99.54 100.00 98.15  99.07
Signature 99.54 100.00 100.00 100.00
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Table 14. The comparative analysis outcomes of the Tobacco 800 dataset in relation to Recall(R),
Accuracy (A), F1 score (F1), and Precision (P) metrics

Approach Visual A P R F1
Object (D M @ O
[17] Signature 92.80 - - -
[18] Signature 92.80 - - -
[47] Signature 9120 - - -
[48] Logo 9290 - - -
[29] Logo 86.50 9940 86,50 -
[32] Logo 90.05 9298 - -
[33] Logo - 87.00 - -
[50] Signature 9558 - - -
[51] Signature 95.58 - - -
[52] Logo 9150 7525 - -
[53] Logo 9722 - - -
[54] Logo 88.78 91.15 -
[55] Signature - 100.00 84.00 -
[56] Logo 89.52 - - -
[31] Logo 9147 98.10 - -
[57] Signature - 72.00 - -
[41] Signature 89.60 - - -
Logo 89.20 - - -
[30] Logo - 87.80 8220  88.00
[9] Signature 99.68 - - -
Logo 99.50 - - -
[34] Logo 96.86  98.93 - -
[58] Signature 94.04 - - -
[59] Logo 95.00 - - -
[60] Logo - 98.90 89.50 -
[61] Signature 9440 - - -
[62] Signature 78.00 - - -
Proposed  Signature 99.22  100.00 9836  99.17
Logo 99.22 98,55  100.00 99.27

ABLATION STUDY ANALYSIS

The significance of each element in the proposed multipath architecture is quantified

through an ablation analysis. As shown in Table 15, the second scenario (with deep

learning, patches, and histograms) achieved the highest recognition performance among

all scenarios. This remarkable accomplishment (i.e., high accuracy) is due to the efficacy of

histogram features derived from image patches, which facilitate the identification of

various visual objects within the document image. The results presented in Table 15 show

that including image patch slopes negatively affects recognition performance. This effect
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is due to the fact that while handwritten signatures and text are primary objects that exhibit
slopes, other visual elements rarely incorporate slopes in their structural design. A series
of experiments is conducted on both the SPODS and Tobacco 800 datasets to determine
whether adding two additional zero channels affect the performance of the proposed
multipath network topology. The results in Tables 16, 17, 18, and 19 reveal that adding two
additional zero channels to the slope process of the slope path increases the performance
of the first (S1), third (S3), and fourth (S4) scenarios. However, the performance of the
second scenario (S2) is still better with the addition of two zero-padding channels. In
addition to experimental evidence, the study in [60] supports our claim that adding
padding channels improves performance. Hence, we can say that the second scenario (S2),
which adds two zero channels, is the best option if we want the best recognition

performance.

Otherwise, if speed (saving memory and GPU resources) is the objective, the third
scenario (S3), without adding zero channels, is the best option, at the expense of recognition
performance. We note that if two zero channels are not added to the slope path, some
changes are made to this path by fine-tuning the model to handle a one-channel grayscale
input image patch.

Table 15. Evaluation of the proposed architecture in recognizing various elements of document
images by, Precision (P), Recall(R) and Accuracy (A) metrics.

Case Dataset A P R
m m (5]
Path 1 (Deep Learning) SPODS 9710 9722 97.11
Tobacco 98.45 9845 98.45
Path 1 +Path 2 (Deep Learning + Slopes) SPODS 9491 9491 94.80
Tobacco 9457 9457 9457
Path 1 +Path 3 (Deep Learning + Histograms) SPODS 99.54 99.54 99.54
Tobacco 99.23 99.23 99.23
Path 1 + Path 2+ Path 3 (Deep Learning + Slopes + SPODS 9525 9525 95.14
histograms) Tobacco 96.89 96.89 96.89

Table 16. Overall performance of SPODS dataset in case of zero padding.

Metric/Scenario S1 S2 S3 S4

Loss ! 07.82 0175 23.80 23.79
Accuracy 1 9711 9954 9491  95.25
MAE ! 01.08 00.23 0227  02.07
MSE ! 01.83 00.66 02.66 02.83
Precision 1 9722 9954 9490 9525

Recall i 9711 9954 9479 95.14
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Table 17. Overall performance of SPODS dataset in case of without zero padding.

Metric/Scenario S1 S2 S3 S4

Loss ! 10.76 06.16 0620 07.32
Accuracy 1 99.07 98.62 99.07  98.61
MAE ! 01.04 01.12 00.56  01.13
MSE l 00.44 00.54 00.46  00.65
Precision 1 99.07 98.61 99.07  98.60
Recall 1 99.07 98.61 99.07  98.45

Table 18. Overall performance of Tobacco 800 dataset in case of zero padding.

Metric/Scenario S1 S2 S3 S4

Loss ! 0734 0255 30.00 06.80
Accuracy 1 98.45 99.22 94.57 96.89
MAE ! 01.09 0079 0498 02.21
MSE ! 0142 0122 06.14 04.51
Precision 1 98.45 99.22 94.57 96.89
Recall 1 98.45 99.22 94.57 96.89

Table 19. Overall performance of Tobacco 800 dataset in case of without zero padding.

Metric/Scenario S1 S2 S3 S4

Loss ! 1076  06.16  11.52  09.99
Accuracy 1 99.07 98.62 99.22  98.44
MAE ! 01.04 01.12 0093  01.53
MSE ! 00.44 0054 00.78 0147
Precision 1 99.07 98.61 99.22 9844
Recall 0 99.07 9861 99.22  98.44

CONCLUSION

An innovative multi-path architecture framework is created in this research to
recognize various objects in the documents. Deep learning models and image patches are
pivotal components of this framework for detecting, identifying, and distinguishing
variable-sized visual objects. Deep learning, slope localization, and histogram analysis are
the main three paths in this architecture, each performing a distinct job. The second
experimental scenario, which utilizes patch histograms and deep learning techniques,
exhibited a remarkable recognition performance, achieving approximately 100%
recognition rates on the Tobacco 800 and SPODS datasets. However, the proposed
framework architecture has a limitation: it cannot operate in real time on energy-
constrained devices such as tablets and mobile phones. In future work, we will optimize
the proposed multipath architecture to recognize visual objects on power-constrained
devices and to extract handwritten and printed text patches across different document

types. One limitation of this approach is real-time deployment on edge devices. Also, there
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is a need to further investigate the proposed framework's ability to recognize various
document layouts under challenging quality conditions. Such an intelligent investigation

will require more training data and changing the architecture of the proposed framework.

In addition, the architecture and intelligence of DMPN-VOR will be further developed
to analyse and understand the contents of difficult document images, especially those used
in digital archives and legal documents. More experiments, statistical testing,
quantitative/qualitative analysis, and comparisons with recent approaches for document
analysis will be considered in future research. To sum up, the proposed method serves as
an effective alternative tool to recognize visual objects of various sizes, colours, shapes, and

orientations within document images.

NOMENCLATURE
RNNs Recurrent Neural Networks
CNNs Convolutional Neural Networks
Al Artificial Intelligence
DMPN-VOR Deep Multipath Network-Visual Object Recognition

SPODS Scanned Pseudo-Official Data Set

CAE Convolutional Autoencoder

LBP Local Binary Pattern

GLCM Gray Level Co-occurrence Matrix

SURF Speeded up Robust Features

FCM Fuzzy C-Means

GAN Generative Adversarial Network

DP1 Dot Per Inch

MSE (MS) Mean Square Error

MAE (MA) Mean Absolute Error

ID Identification

n Number of labelled documents

XandY Directions

V x Gradient in X-direction

Vy Gradient in Y-direction

G Gradient Magnitude

? Slope

p_r gray level (r) probability of the in the image patch
r_k gray level (k)

n_k number of the gray level (k) occurrences of in the patch
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total count of pixels of the image patch

count of distinct gray levels of the image patch

Ip document image patches
S1 output slope patches

H1 output histograms

C1 concatenated feature vector
R1 reduced feature vector
c2 Final feature vector

Gl and G2 Two ground truth sets
P true positives

FP false positives

FN false negatives

y_i actual values

y" predicted values

sample size

P Precision

Recall
S1 First Scenario
S2 Second Scenario
S3 Third Scenario
5S4 Fourth Scenario
L Loss

Accuracy
F1 F1-Score
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