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Research on Newspaper Layout Segmentation

Method Based on Transformer

Zhu Yifan,Gao Hua, Ye Ning

(College of Information Science and Technology & Artificial Intelligence , Nanjing Forestry University , Nanjing 210037, China)

Abstract : The retrieval and research of information in the context of big data poses a challenge to the digitalization of
massive traditional paper media. Thanks to the continuous development of computer vision and artificial intelligence
methods, DETR model can be applied to newspaper layout segmentation. In view of the problems existing in the original
model in layout segmentation,such as slow detection speed,large number of parameters and inaccurate classification, this
paper proposes an improved model using ShuffleNet V2 lightweight backbone network, which can effectively improve
computing efficiency and reduce the number of model parameters, thus easing the computing pressure of Transformer
structure. At the same time, through the feature pyramid structure,the model can fully integrate the global information
and detail information,and significantly enhance the recognition ability of multi-scale targets. In addition,the model also
introduces Efficient Channel Attention ( EAC) module to exiract key target features to effectively suppress irrelevant
background information and achieve lightweight design while ensuring segmentation performance. The experimental
results show that the parameter number of the improved model is 38.5 M, the frame rate( FPS)is up to 47.5 img/s, and
the mAP, is up to 0.806. Compared with the original DETR model, the improved model reduces the number of
parameters by 2.8 M, increases the frame rate by 28.3 img/s and improves mAP,, s by 3.2%. The model proposed in this
paper can provide early technical support for OCR recognition of newspaper layout.

Key words: layout segmentation, DETR, ShuffINet V2,Feature Pyramid Networks( FPN) ,ECA
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Fig.1 Types of newspapers published in the country and total print run,1978—2023
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Character Recognition, OCR ) 4R 1] LUA A HEFE AU ) 807 k. G5, AR IR 1) 88 A 75 28 48 g W e 4
E SO AR A S [ LA AR IR 3 EE S RO AR ) — A R HE
B I B R4 ( Object Detection ) i 7 =R 1 MG b Fir A IR 48R (1) B A%, 1 B AT TR 2800 Az & XA B
T E Al Z TR OC F R (T Ak 5 2 o0 A AR B B i 52 2

S, 20 M SCRY A JR A BT 22 SR TR 3 TR0 %) 9kt ik B Ty T TR O BT RN AT i 224 3
B, AR SAE T8 B, (8 T PRA AR, SR, % & % ol AR AR v A JR) I SCRYS B, 3o S0 0U) AT e s
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Table 1 Experimental result
i Y Params/M FPS/(img/s) mAP mAP 5 mAP ;5 Recall
Faster-RCNN 41.4 14.2 0.563 0.725 0.618 0.642
SSD 357 42.9 0.410 0.684 0.428 0.509
YOLO v3 61.5 44.6 0.568 0.801 0.604 0.642
DETR 41.3 19.2 0.532 0.774 0.606 0.629
Deformable DETR 39.8 9.3 0.531 0.779 0.623 0.668
SFE_DETR 38.5 47.5 0.560 0.806 0.629 0.652
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Fig. 8 Heat map of spatial attention for each head
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Table 2 Comparative experiments with different data sets

AR HR H i

LAY
mAP 5 Recall mAP 5 Recall
Faster-RCNN 0.783 0.589 0.791 0.637
SSD 0.697 0.501 0.730 0.512
YOLO v3 0.816 0.591 0.858 0.645
DETR 0.801 0.576 0.849 0.680
Deformable DETR 0.816 0.608 0.841 0.643
SFE_DETR 0.821 0.598 0.864 0.654

AT LIEZZ 2 SFE_DETR #5588 75 A [R] 28 B4 4% 0 R 1 43 HUAE 55 rh 3 R Bl 1 s i 1R, 31X 7853 R W
TR RS RAF Iz fLEE ).
3.3 HBLLIE
X B 1) S EABS TR A 7 V0 il ST 6, 300 TF SR VA B S A AT & k. 2 4E ShuffleNet V2 FPN Fll ECA 15
e, IFid sk T RO Rl B SEIRAE R, LA R N 3 K.
53 EETRER

Table 3 Ablation experimental results

A Params/M FPS/ (img/s) mAP mAP s mAP, ;5 Recall
DETR 41.3 19.2 0.532 0.774 0.606 0.629
+FPN 61.7 17.8 0.542 0.793 0.621 0.640
+FPN+ECA 61.7 17.6 0.576 0.813 0.655 0.663
SFE_DETR 38.5 47.5 0.560 0.806 0.629 0.652
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