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Fig. 1. Top row: three types of commonly distorted document images based
on the presence of document boundaries: (a) w/ complete boundaries, (b)
w/ partial boundaries, and (c) w/o any boundaries. Middle row: the rectified
results of our method. Bottom row: the distorted image, the original detected
texts, and the rectified one (highlighted), based on DBNet [31], [32].
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Fig. 2. An overview of our DocTr++ for unrestricted document image rectification. Given an arbitrary distorted document image I;, we extract its features
through a CNN backbone and a distortion encoder architecture. Then, the rectification decoder takes a fixed number of learned queries as input that attend to
the encoder’s output. These embeddings are parallelly transformed into per-patch warping flows f; pointing to I;. Finally, we use the predicted f3 to warp
I,; and obtain the rectified image I,- through the bilinear sampling-based warping operation “W”.
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Fig. 3. Detailed architecture of the proposed DocTr++. It takes a hierarchical
architecture that incorporates a distortion encoder for multi-level feature
extraction and a rectification decoder for warping flow prediction.
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def forward(self, imagel):

_fb”1

fmap = self.fnet(imagel)

fmap = torch.relu(fmap)

# fmap = self.TransEncoder(fmap)

fmapl = self._ getattr_ (self.encoder_block[@]) (fmap)
fmapld = self.__getattr__(self.down_layer[@])(fmapl)
fmap2 = self._ getattr_ (self.encoder_block[1]) (fmapld)
fmap2d = self._ getattr__ (self.down_layer[1])(fmap2)
fmap3 = self._ getattr_ (self.encoder_block([2]) (fmap2d)

query_embed® = self.query_embed.weight.unsqueeze(1l).repeat(1,
(self.decoder_block[@]) (fmap3, query_embed®)
(self.up_layer[@])(fmap3d_).flatten(2).permute(2, @, 1)
(self.decoder_block([1]) (fmap2, fmap3du_)
(self.up_layer[1])(fmap2d_).flatten(2).permute(2, @, 1)
(self.decoder_block[2])(fmapl, fmap2du_)

fmap3d_ = self.__getattr__
fmap3du_ = self._ getattr__
fmap2d_ = self._ getattr__
fmap2du_ = self._ getattr__

fmap_out = self._ getattr__
# convex upsample baesd on fmap_out
coodslar, coords@, coordsl =
coordsl.detach()

mask, coordsl =
flow_up =
bm_up = coodslar + flow_up

coordsl =

return bm_up

2. PRIBIELR:

fmap3.size(@), 1)

self.initialize_flow(imagel)

self.update_block(fmap_out, coordsl)
self.upsample_flow(coordsl — coords@, mask)



124 v | class TransEncoder(nn.Module):

125 v def __init__(self, num_attn_layers, hidden_dim=128):

126 super(TransEncoder, self).__init_ ()

127 attn_layer = attnlLayer(hidden_dim)

128 self.layers = _get_clones(attn_layer, num_attn_layers)

129 self.position_embedding = build_position_encoding(hidden_dim)
130

131v def forward(self, imgf):

132 pos = self.position_embedding(torch.ones(imgf.shape[@], imgf.shape[2], imgf.shapel[3]).bool().cuda()) # torch.Size([1, 128, 36, 36])
133 bs, ¢, h, w = imgf.shape

134 imgf = imgf.flatten(2).permute(2, 0, 1)

135 pos = pos.flatten(2).permute(2, @, 1)

136

137 for layer in self.layers:

138 imgf = layer(imgf, [imgf], pos=pos, memory_pos=[pos, posl)
139 imgf = imgf.permute(1, 2, 0).reshape(bs, c, h, w)

140

141 return imgf

3. HRIBIRER:

class TransDecoder(nn.Module):
def __init_ (self, num_attn_layers, hidden_dim=128):
super(TransDecoder, self)._ init_ ()
attn_layer = attnLayer(hidden_dim)
self.layers = _get_clones(attn_layer, num_attn_layers)
self.position_embedding = build_position_encoding(hidden_dim)

def forward(self, imgf, query_embed):
pos = self.position_embedding(torch.ones(imgf.shapel[@], imgf.shapel[2], imgf.shapel[3]).bool().cuda())

bs, ¢, h, w = imgf.shape

imgf = imgf.flatten(2).permute(2, @, 1)

# query_embed = query_embed.unsqueeze(1).repeat(1, bs, 1)
pos = pos.flatten(2).permute(2, 0, 1)

for layer in self.layers:
query_embed = layer(query_embed, [imgf], pos=pos, memory_pos=I[pos, posl])

query_embed = query_embed.permute(1, 2, @).reshape(bs, c, h, w)

return query_embed

BRER:

TABLE I
TABLE II QUANTITATIVE COMPARISONS WITH EXISTING METHODS ON THE
QUANTITATIVE COMPARISONS WITH EXISTING METHODS ON THE DOCUNET BENCHMARK DATASET [39]. “4”” INDICATES THE HIGHER THE

PROPOSED UDIR TEST SET. “4”” INDICATES THE HIGHER THE BETTER AND BETTER AND "} MEANS THE OPPOSITE.

“}” MEANS THE OPPOSITE.

Methods | Venue |MSSIMt LD| ED] CER/

Distorted |/ | 025 2051 155222 0.5089
Methods | Venue |MSSIM-Mt LD-M| ED| CER|

DocUNet [39] | CVPR’I8 0.41 1419 1259.83  0.3966
Distorted | 7/ | 031 18.87 1181.47 0.3986  DocProj [48] T0G'19 | 029 1801 116593 03818

FCN-based [41] | DAS’20 0.45 784 103140 0.3156
DocProj [48] TOG’19 0.31 19.11  932.11 0.2995 gewTam[I;IGe; [34] Iﬁclgl‘{;f g-‘g 232 Zéigg 8-%;22

) oC 1T . - = -

DewarpNet [34] | ICCV'19 0.36 o gt 0 | BEiEts | e | G bl ab G
DocTr [36] MM’21 0.38 13.830  840.67 0.2988 DDCP [40] ICDAR’21 | 047 899 74535 0.2626
DDCP [40] ICDAR’21 0.36 19.26 984.63 0.3324 DocGeoNet [44] | ECCV'22 0.50 7.71  379.00 0.1509
DocGeoNet [44] | ECCV’22 0.38 18.60  872.69 0.3024 Marior [47] MM’22 0.48 744 593.80 02136

RDGR [37] CVPR’22 0.50 851 42025 0.1559

DocTr++ I / | 0.45 12.47 666.49 0.2288 DocTr++ | / | 0.51 752 44747  0.1695




