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Abstract—The feature extraction network based on convo-
lutional neural network has a strong ability to extract local
features, but it is insufficient to connect the information of
different spatial regions in global scope. To solve this problem,
a document image object detection model using Transformer as
the feature extraction backbone network is proposed. On the
one hand, Transformer extracts image features and utilizes self-
attention mechanism to establish global information connections.
On the other hand, Mixed-MLP network consisting of channel
mixing (C-Mix) layers and spatial mixing (S-Mix) layers explores
information communication in spatial dimension and channel
dimension. The extracted image features are represented by
multi-scale hierarchical network, and feature pyramid is built
to detect objects of different scales. The experimental results
show that the precision of detection on PubLayNet and ICDAR-
POD are 0.958 mAP and 0.952 mAP respectively, which achieve
competitive results.

Index Terms—deep learning,object detection,document im-
age,Transformer,layout analysis

I. INTRODUCTION

Document image object detection is a process of geometric
segmentation and logical understanding of page elements such
as text, formula, figure, table, and list, etc. It segments page
into different regions, and then realize logical recognition
according to the content of the regions. It is also the pre-
step of document retrieval, text recognition, text segmentation
and other automatic applications.

Traditional document object detection methods mainly fall
into two groups: bottom-up and top-down methods. The for-
mer [1] is gradually connected from a small image region to
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the larger, and the calculation is relatively complex. The latter
[2] divides the image from large to small until it reaches the
scale of page elements. Generally speaking, traditional meth-
ods rely on complex handmade features and heuristic rules,
which is difficult to guarantee generalization for document
images with complex layouts and diverse page elements.

Compared with traditional methods, deep learning model
has a strong feature extraction and representation ability.
Convolutional neural network (CNN) is able to extract more
detailed features with complex structure and deep layers.
Many document image object detection methods adopt CNN
as backbone network to extract image features. The method
proposed by He et al. [3] uses VGG Net [4] to extract image
feature information, and Fully Convolutional Network (FCN)
[5]for page segmentation and table detection. In [6], they
compared the influence of network size on the performance
of detection models based on AlexNet [7] and VGG-16 [4].
As a milestone innovation of CNN, ResNet [8] achieves better
performance of layout analysis algorithms by establishing
multi-scale feature output in [9] [10].

CNN focuses on the correlation of local information and has
a strong ability to extract local features. For object detection
task, the global context information of image is significant.
Based on the success of Transformer in NLP, some efforts
have attempted to introduce Transformer into computer vision
tasks. The self-attention mechanism [12] is used to improve
the ability to connect global context information of network.
In [13] [14], they focus on the interdependence of pixels
in global field and obtain global context information by
convolutional calculation and matrix multiplication. There are
some methods [15] [16] replaced multiple the convolutional
layers with self-attention layers in ResNet network, which
evaluated the effectiveness of self-attention mechanism in

45

2023 IEEE 6th International Conference on Electronic Information and Communication Technology (ICEICT)

979-8-3503-9905-9/23/$31.00 ©2023 IEEE July 21-24, 2023 • Qingdao, China

20
23

 IE
EE

 6
th

 In
te

rn
at

io
na

l C
on

fe
re

nc
e 

on
 E

le
ct

ro
ni

c 
In

fo
rm

at
io

n 
an

d 
Co

m
m

un
ic

at
io

n 
Te

ch
no

lo
gy

 (I
CE

IC
T)

 |
 9

79
-8

-3
50

3-
99

05
-9

/2
3/

$3
1.

00
 ©

20
23

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

IC
EI

CT
57

91
6.

20
23

.1
02

45
71

6

Authorized licensed use limited to: Trial User - Qingdao University of Science & Technology. Downloaded on August 27,2024 at 09:32:45 UTC from IEEE Xplore.  Restrictions apply. 



image feature extraction. ViT [17] is the first attempt to apply
pure Transformer framework to visual classification tasks. It
split an image into fixed-size patches as similar to word vectors
of sentences in language tasks. ViT performs well in multiple
image processing tasks, but it focuses more on the connection
of local information. In addition, large-scale training data is
required for good performance. Therefore, DeiT [18] adopts
distillation way which made models based on Transformer
learn inductive bias of CNN models, and improves the pro-
cessing ability of image data. DETR [19] chooses to combine
CNN with Transformer. The input of Transformer network
is the image features extracted by CNN. In order to obtain
global context information, Liu et al. [20] limit self-attention
calculation into non-overlapping local windows with fixed
size, and realize global information interaction by constantly
shifting window locations for cross-window connection.

Hence, there are some researches focus on Transformer
of Natural language processing (NLP), which utilize self-
attention mechanism to explore global feature dependency
of images. LayoutLM [11] is one of the very first attempts
to design a pre-training model for document image under-
standing based on Transformer layers. LayoutLM 2.0 [30]
is a multimodal Transformer encoder network with spatial
awareness self-attention mechanism, which accepts text, im-
age, and layout as the input and improves the performance of
document image understanding. In this paper, our proposed
object detection model pay attention to explore connection
among different regions image features in global scope. The
image feature extraction network is based on Transformer to
improve the perception ability of global feature information.
In addition, Multi-Layer Perceptron (MLP) structure is used
to design a Mixed-MLP network, which integrates information
in spatial and channel dimensions. The works of our paper are
summarized as follows:
• The backbone network is established based on Trans-

former. Each stage consists of multiple Transformer
blocks and each Transformer block realizes the compu-
tation of self-attention mechanism. The output features
build a multi-scale feature pyramid which adapts to the
detection of page elements with different scales.

• Mixed-MLP network is embedded between backbone
network and multi-scale feature pyramid. With feature
map patches as input, Mixed-MLP network allow com-
munication in channel dimension with channel-mixing
layers, and realize communication in spatial dimension
with spatial-mixing layers. Mixed-MLP focus on empha-
sizing information communication in spatial and channel
dimension.

II. METHOD

The overall framework of document image object detection
based on Transformer is shown in Fig. 1. Swin Transformer
is introduced as an image feature extraction network, which is
a four-stage structure with multi-scale outputs. Each stage is
composed of several pairs of Swin Transformer blocks. The
output feature maps are split into image patches by Tokensize

operation. Mixer-MLP network takes as input a sequence
consisting of multiple non-overlapping image patches. Mixer-
MLP consists of multiple layers of identical size, and each
layer consists of two MLP blocks. It aims at allowing com-
munication between different channels and spatial locations.
The multi-scale feature pyramid is constructed by feature maps
outputted by Mixer-MLP network. The detailed information of
each part is described as following sections.

A. Transformer feature extraction network

In order to obtain information communication within chan-
nel and spatial dimension of images, Swin Transformer net-
work is adopted as backbone network to extract image fea-
tures and build multi-scale feature representation pyramid.
Compared with other visual Transformer structures, Swin
Transformer takes image patch partition as its input. The self-
attention is computed within each non-overlapping window
and global information connections is realized by shifting win-
dows. As shown in Fig.2, a Swin Transformer block includes
a Multi-head Self-Attention (MSA), a Multi-Layer Perceptron
(MLP). A LayerNorm (LN) layer [21] is applied before each
MSA module and each MLP, and a residual connection is
applied after each module. Each MLP module includes two
fully connected layers and GELU [22] activation function.
A skip connection is also applied after each MSA and MLP
layer. The computation of global self-attention mechanism is
unaffordable for an image with large resolution. Hence, Swin
Transformer designs a shifted window mechanism to reduce
the complexity of computation.

As illustrated Fig.2, the global self-attention computation
is realized in two successive Swin transformer blocks. In the
first block, window based multi-head self-attention(W-MAS)
means the self-attention score is only computed among patches
in the same window. In this case, the self-attention mechanism
is limited in each local window and lacks connections across
windows. The next block including shifted window based
multi-head self-Attention(SW-MSA) layer realizes windows
shifting based on last block. The patches belonging to same
window in last block are displaced into different Windows.
Then, the self-attention mechanism is computed again to
among the patches within shifted window. The shifting win-
dow strategy extends the self-attention computation within lo-
cal windows to the global scope of the image. With the shifted
window partitioning approach, consecutive Swin Transformer
blocks are computed as:

p̃l = W −MSA
(
LN
(
pl−1

))
+ pl−1,

pl = MLP
(
LN
(
p̃l
))

+ p̃l,

p̃l+1 = SW −MSA
(
LN
(
pl
))

+ pl,

pl+1 = MLP
(
LN
(
p̃l+1

))
+ p̃l+1.

(1)

Where p̃l represents the features of W-MSA or SW-MSA
output in the lth block, and pl represents the output features
of MLP layer in the lth block. The design of shifted window
mechanism requires that Swin Transformer blocks always
connect in pairs. The number sequence of Stage1 to Stage4
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Fig. 1. The overall architecture of our network.
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Fig. 2. Two successive Swin Transformer blocks.

shown in Fig. 1 is (2,2,6,2), which is the miniature version
of Swin Transformer (SwinT). The formula of self-attention
computation is as follows:

Gattntion (Q,K, V ) = softmax
(
QKT

/√
d+B

)
V (2)

Where Q ∈ RM2×d,K ∈ RM2×d and V ∈ RM2×d represent
query vetor, key vector and value vector in Transformer
respectively, d equals query/key. M2 is number of patches

in the window, and B is a relative position bias. The self-
attention mechanism is used to build the relationship between
image patches, and extract image features containing more
context information.

B. Mixed-MLP Network

Self-attention mechanism convolution operation are able to
establish information connections in a global or local scope. In
this paper, MLP is used to design Mixed-MLP networks for in-
formation communication in channels and spatial dimensions
respectively.

As shown in Fig.3, Mixed-MLP network includes channel-
mixing(C-Mix) and Spatial-mixing(S-Mix) layers which are
implement by MLP layers.The output feature map of backbone
network with resolution of (H,W ) is the input of Tokensize
module. The feature map is split into non-overlapping patches
of same size in spatial dimension. The size of each patch is
p × p, and there are Npatches,where N = HW

/
p2 . Then,

all patches are projected linearly with same projection matrix
and input as a sequence S ∈ RC×N into the following Mixed-
MLP network. Each row of S is a linear projection of a patch.
The formula is as follows:

L = {l|Tokensize (p)} (3)

S = Proj (L) (4)

Where L represents the set of patches after Tokenize op-
eration. Mixed-MLP network allow communication between
different spatial locations and different channels. Firstly, each
row of S is inputted to a single C-Mix layer, which obtain
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the information communication within a patch. Then, S is
transposed and it can be seen that the input of S-Mix layer
is the row of transposed S. Therefore, the information of
patch channels can be connected. Finally, the ST is transposed
to obtain a feature map S′ which has same resolution with
original feature map S. The formula can be written as follows:

ST = [w2ϕw1 (LN (S))]
T

(5)

S′ =
[
w4ϕw3

(
LN
(
ST
))]T

(6)

where LN represents LayerNorm [21] layer and ϕ represents
GELU [22] nonlinear activation layer. In addition, there is
a standard architectural component: skip-connections from
initial input features S to the output features Y :

Y = S ⊕ S′ (7)

Y is the feature output through Mixed-MLP network.
Document images have diverse page elements with different

scales. Hence, a multi-scale feature pyramid is established to
adapt to the detection of different scale objects. Mixed-MLP
network is embedded in the connection between backbone
stage and layer of the feature pyramid. The formula is de-
scribed as follows:

Ci = Ci+1 ⊕GMixed−MLP (Zi) , i = 3, 2, 1 (8)

Which Zi represents the ith output feature map of the back-
bone network stage. C5 is obtained by down-sampling C4. In
this way, a multi-scale feature pyramid containing five layers
of feature maps is obtained, which is used to detect document
objects across scales.

III. EXPERIMENTS

A. Datasets

In this section, experiments are conducted on available
publicly datasets PubLayNet [10] and ICDAR-POD [23] to
evaluate the effectiveness of our network.
• PubLayNet is a large document dataset with more than

300,000 document images. Its content is based on over
one million PDF articles publicly available on PubMed
Central™. The data set annotates five types of document
layout elements with bounding boxes and polygons: text,
title, list, illustration, and list. The evaluation metric
is as same as COCO competition which is the mean
average precision (AP) @ Intersection over Union (IoU)
[0.50:0.95].

• The ICDAR-POD dataset contains 2,412 document im-
ages scanned from contemporary magazine and technical
articles. The data set is annotated with three classes:
formulas, tables, and illustrations.

B. Implement details

The experiment environment of is Ubuntu 20.04 system. All
the models are implemented under the PyTorch framework and
trained on one Nvidia GTX 2080Ti GPU by the Stochastic
Gradient Descent (SGD) optimizer with a momentum of 0.9
and weight decay of 0.0001. PubLayNet is trained 3 epochs at
a basic learning rate of 0.0009, which is divided by 10 every
epoch. The training epochs of ICDAR-POD are 30, which
is divided by 10 every 10 epochs with the basic learning
rate of 0.0025. All of the experiments are conducted on an
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Ubuntu 20.04 workstation with an Intel(R) Xeon(R) Silver
4210 2.20GHz CPU 64GB RAM.

C. Results discussion

TABLE I
PERFORMANCE COMPARISONS ON PUBLAYNET DATASET.

Method Text Title List Table Figure mAP
Mask R-CNN [24] 91.6 84.0 88.6 96.0 94.9 91.0

ATSS [25] 96.9 84.3 94.3 97.1 94.0 93.3
CDDOD [26] 92.3 91.3 91.3 93.4 92.7 92.2

YOLOACT++ [27] 90.9 62.1 85.1 88.0 91.4 83.5
VSR [28] 96.7 93.1 94.7 97.4 96.4 95.7

Our Method 96.8 91.4 95.8 98.1 97.0 95.8

1) PublayNet dataset: PubLayNet is one of the largest
document image data sets, containing nearly 360,000 docu-
ment page images. As shown in TableI, our method has the
best performance in the categories of list, table and figure,
reaching 95.8%, 98.1% and 97.0% AP respectively. Among
them, the list category has higher increase with 1.1%AP.
A list object includes both the text content and the small
bullets or numbers, such as black dot symbol, numeric number
or letter number. This kind objects needs to fully consider
the global information in spatial dimension. When extracting
image features, Swin Transformer network focus on capture
global context information and the shifting window mecha-
nism allows the information communication among different
regions of image. In addition, Mixed-MLP network is capable
of establishing the relation in spatial dimension and channel
dimension information through computation of MLP layer.
They are contribution to the information interaction in a global
field.

2) ICDAR-POD dataset: In general, our method achieves
high precision on the ICDAR-POD dataset. When the thresh-
old of IoU (Intersection over Union) was 0.6 and 0.8, mAP
reaches 95.2% and 91.2%, respectively. When the IoU equals
0.6, the results increases by 10.7% AP on Formula, 2.3%
AP on Table, 1.9% AP on Figure. When the threshold of
IoU increases to 0.8, the categories of formulas and tables
increase by 7% and 2.5%AP, respectively. It can be observed
that our model achieves better performance on Formula cat-
egory. ICDAR-POD dataset detects three objects: formulas,
tables, and illustrations. Among them, formula has obvious
appearance compared with other text regions.As can be seen
from TableII, in an internal comparison of the same method,
precision of formula is lower than other two categories. One
of the factors is that the formula object consists of two
parts: formula and formula number, which may result in
some inaccurate detection box. Mixed-MLP network can not
only consider the relation within image patches in spatial
dimension, but also emphasize the feature relation within the
formula to detect the object. It is necessary to capture the
context relation between formula and formula number. Mixed-
MLP provides information communication and the features of
different detection objects can be distinguished. The detection
precision of each category can be improved.

3) Ablation study: In this section, ablation experiments
conducted on PubLayNet are designed to evaluate the effect
of different number of Mixed-MLP networks to the detection
precision. As shown in TableIII, the number of Mixed-MLP
increase from 0 to 8 with a step of 2. Intuitively, when the
number increases to 8, the method achieves highest perfor-
mance. When the number is between 0 and 6, the detection
accuracy is slightly improved compared with the benchmark
model. When the number of embedded Mixed-MLP is small,
it is not sufficient to establish internal and external information
communication of images relying on fewer MLP modules.
Convolution operation, due to the limitation of convolution
kernel size, has a strong extraction ability for image local
features. While previous self-attention mechanism contribute
to capture long dependency of image information, it computa-
tional complexity is quadratic for the image with higher resolu-
tion. Compared with convolution operation and self-attention,
MLP mainly relies on the fully connected layers within the
feature map patches. A few MLP layers is inadequate to
build contextual connections in global scope. After MLP layer
computation, the information of each image patches of the
image can be fully integrated, and explore the relationship in
different channels and spatial regions.

IV. CONCLUSION

This paper proposed a document object detection model
which utilizes Transformer as feature extraction network and
integrates Mixed-MLP network. Transformer is able to ex-
plore feature representation in global scope, and Mixed-MLP
enhances information communication in spatial and channel
dimension. The self-attention mechanism and MLP operation
explore the connection of information in non-local field of
image and aggregates global contextual information. The ex-
periment results demonstrate that our method improves the
precision of document object detection, which is expected to
provide inspiration for following works on document image
object detection based on Transformer.
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