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Qualitative Results:

Distorted

Introduction:

® Design of an efficient system for document image rectification from a
single input image. Addresses challenges of image distortions, noise,
complex layouts, text segmentation while optimizing OCR performance.

® Existing SOA algorithms fail to achieve satisfactory rectification in presence
of incomplete boundaries or with regions containing partial text.

® This paper introduces a novel approach to document image rectification
that specifically addresses the issue of handling images with partial or no
document boundaries.

e DocAttentionRect demonstrates versatility by handling all types of
documents, regardless of their boundary visibility. Extensive experiments
validate the effectiveness and state-of-the-art performance.

Ours

DocTr++

" !u{ure 1

DocProj Marior

DewarpNet DocGeoNet DocTr

: s'!ufu'res : ] s!uixurez :

PaperEdge

Proposed Architecture:

e The proposed work operates as a 2-Stage Document Rectification
Pipeline, beginning with a Lightweight Segmentation module that performs
robust background removal and document isolation.

® The first rectification stage, uses a Control Point based Coarse Rectification
(CCR) module for initial geometry correction. This coarsely corrected image

Figure 5: Qualitative results of DocAttentionRect on (left) handwritten documents with
missing boundaries and (right) mobile-captured images with wide backgrounds.

Quantitative Results:

Table 1: Quantitative comparison of our work with existing SOTA for the DocUNet dataset.
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: Table 2: Quantitative comparison with other existing methods for the DIR300 test set.
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Figure 1: Brief architecture of our proposed model for document image rectification. Eoregronnd... il Bl s
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Conclusion:
® Our study addresses the challenge of

document image rectification by introducing a
novel approach that specifically targets images
with partial or absent document boundaries.

e By leveraging attention mechanisms and
parallel convolution layers, DocAttentionRect
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Figure 2: Overall steps of Control point based Coarse Rectification (CCR) module. All
stages are unsupervised, ending with a perspective correction using point correspondences.
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Loss Functions:
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