
A Unified Framework for Document Restoration using Inpainting

and Shape-from-Shading

Li Zhanga,1, Andy M. Yipb,1, Michael S. Brownc,1, Chew Lim Tand,1

aSchool of Computing, National University of Singapore
bDepartment of Mathematics, National University of Singapore

cSchool of Computing, National University of Singapore
dSchool of Computing, National University of Singapore

Abstract

We present a restoration framework to reduce undesirable distortions in imaged documents.

Our framework is based on two components: 1) an image inpainting procedure that can

separate non-uniform illumination (and other) artifacts from the printed content; and 2) a

Shape-from-Shading (SfS) formulation that can reconstruct the 3D shape of the document’s

surface. Used either piecewise or in its entirety, this framework can correct a variety of

distortions including shading, shadow, ink-bleed, show-through, perspective and geometric

distortions, for both camera-imaged and flatbed-imaged documents. Our overall framework

is described in detail. In addition, our SfS formulation can be easily modified to target

various illumination conditions to suit different real-world applications. Results on images

of synthetic and real documents demonstrate the effectiveness of our approach. OCR results

are also used to gauge the performance of our approach.

Key words: document image restoration, shading distortion, perspective distortion,

geometric warping, digital inpainting, RBF-based smoothing, shape-from-shading,

physically-based flattening.

1. Introduction

Document imaging is a fundamental application of computer vision and image processing.

The ability to image printed documents has contributed greatly to the creation of vast digital
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collections now available from libraries and publishers. While traditional document imaging

has been performed using flatbed scanning devices, a trend towards more flexible camera-

based imaging is also emerging. The goal of document imaging, either via flatbed scanners

or digital cameras, is to capture an image that is a reasonable substitute for the original

printed content. However, with both approaches unavoidable distortions can be present in

the resulting image due to the printed materials’ construction (e.g. non-planar), the imaging

setup, or environmental conditions, such as non-uniform illumination. Such distortions can

make the document difficult to read as well as adversely affect the performance of subsequent

processing, namely Optical Character Recognition (OCR) and Document Layout Analysis

(DLA).

In this paper, we show how an image inpainting procedure can be combined together

with Shape-from-Shading (SfS) to solve a variety of common distortions found in imaged

documents. Our framework is reasonably generic and suitable for use with traditional flatbed

scanner imaging as well as less-restrictive camera-based imaging. We demonstrate the ef-

fectiveness of our framework on four types of distortions: 1) shading/shadow, 2) ink-bleed

and show-through, 3) perspective distortion (from camera-imaged materials), and 4) geo-

metric distortion arising in non-planar documents. Examples of these distortions are shown

in Figure 1. The inpainting routine can be used by itself to address shading and ink-bleed.

However, combined with the SfS approach, we can also correct perspective and geometric

distortions.

(a) (b) (c) (d)

Figure 1: Document images with (a) shadows; (b) background noise; (c) geometric and shading distortions;

(d) perspective distortions.

Conference versions of portions of this work have appeared in [1, 2, 3]. In this paper,
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Figure 2: An overview of the restoration framework for (a) shadings, shadows and background noise; (b)

perspective and geometric distortions.

we collate these shorter versions and provide more details to the individual components as

well as additional experimental results to demonstrate the effectiveness of our framework.

In addition, we have extended the application domain to address various background noise

as well as perspective distortions.

Figure 2 shows an overview of the various components of our system. To correct shading

distortions and background noise from ink-bleed and show-through, we first extract a back-

ground layer image based on digital inpainting, which is then used to derive the foreground

reflectance image based on the notion of intrinsic images. When dealing with documents

with ink-bleed, we show how we can tune our edge detector so that the bleed-through pixels

are treated as background and thus separated from the foreground stroke pixels.

If the image contains only smooth shading without other background noise or shadows,

we can use a RBF-based smoothing technique to extract a smooth shading image. This
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shading image can then be used to reconstruct the surface shape of the document based on

the SfS methodology. Here we propose a generic SfS method considering the perspective

projection model and various lighting conditions. Our SfS is based on a viscosity framework

by solving the image irradiance PDE using Lax-Friedrich Hamiltonian and fast sweeping

strategy. The geometric distortions are then removed by mapping the 3D surface back to

a plane. Since geometric and photometric distortion are often found together, we can use

the photometrically corrected image in the geometric correction step and obtain the final

corrected image. Compared to our previous framework proposed in [2, 3], the current frame-

work extends the application domain to a wider range of distortions including background

noise and perspective distortions. Compared to the SfS method proposed in [1], the current

method is more generic and more accurate attributing to the additional incorporation of

the illumination direction. In addition, more comprehensive experiments and comparisons

have been conducted to evaluate the proposed methods with a large set of synthetic and

real document images displaying various types of distortions.

1.1. Previous Work

Shading distortions in scanned document images can be corrected using binarization

techniques such as local thresholding [4], global thresholding [5] or based on the surface

shape of the document, typically cylindrical book spines, with the knowledge of the scan-

ner’s structure [6]. Shading artifacts in camera-based imaged document are generally more

complex especially when they are combined with geometric distortions in arbitrarily warped

document images [7]. Boundary interpolation has been used to correct both shadings and

geometric distortions on images of warped art materials with iso-parametric folding lines [8].

Sun et al [9] present a system to restore both geometric and photometric artifacts of arbitrar-

ily folded documents by classifying the intensity changes to either illumination changes or

reflectance changes based on the notion of intrinsic images [10]. More studies about intrinsic

image extraction are done on real-scene images, which treat both shadings and shadows as

the illumination intrinsic image and try to separate it from the reflectance image based on

color and gradient information [11, 12, 13, 14]. Despite all these efforts on deriving the
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intrinsic images, there is no single exact solution because the decomposition of the intensity

image into its two intrinsic components is theoretically not unique.

Background noise as part of the image degradations in historical documents have been

tackled in various directions among the document image analysis community. One direction

is based on binarization techniques such as the multi-stage binarization method proposed

by Bar-Yosef et al to restore and recognize ancient Hebrew calligraphy documents [15].

Leedham [16] et al have investigated three global thresholding algorithms and a multi-stage

thresholding algorithm to separate text from background in degraded document images and

concluded that the given global algorithms do not work well with difficult documents due

to over-thresholding while the multi-stage algorithm can do a better job by incrementally

remove the noise. Another direction is to separate different layers using classification tech-

niques especially in addressing the bleed-through problem. For example, Drira et al [17]

proposed to solve the bleed-through problem by classifying the pixels of an image to back-

ground, original text and interfering text, and then replacing the last class with an average

background value. Boussellaa [18] et al use a hybrid method to separate foreground from

background in Arabic historical documents . There are also other techniques based on

wavelet reconstruction [19], color decorrelation [20], to address the bleed-through problem.

These latter methods required two registered images from front and back in order to achieve

good results.

Perspective distortions are more pervasive in daily imaging applications. Various meth-

ods have been proposed in the document image domain based on the presence of orthogonal

lines such as parallel text lines, page or paragraph boundary lines, etc. For example, Clark

and Mirmehdi [21] used an extension of the 2D projection profile to locate horizontal vanish-

ing point followed by the vertical vanishing point based on the change of line spacings. The

vanishing points are then used to recover a frontal-parallel view of the document suitable

for OCR. Pilu also proposes a method to extract horizontal and vertical features from the

image based on text blocks [22]. Myers et al [23] presented a novel system that extracts

text from real-world scenery images and performs perspective rectification. This approach

assumes a weak perspective projection in the vertical direction and rectified foreshortening
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and shearing using the top line, base line and vertical edge directions.

Often perspective and shading distortions are accompanied with geometric distortions

due to a non-planar surface shape of the document. The geometric correction problem

has been studied extensively for both scanned and camera-based document images. The

proposed methods range from purely 2D-based image processing techniques to 3D-based

shape manipulation techniques. Most 2D-based methods try to find spatial transformations

between the input and the output images by analyzing the 2D textual content such as

known reference points [24], text lines [4], document boundaries [8], and so on. 3D-based

methods utilize the shape information to get a more accurate representation of the physical

warping. To obtain the surface shape, methods have been proposed to capture it using

special setups such as structured lighting [25, 26, 27], laser scans [28] or even CT scans for

opaque objects [29]. The captured 3D model is then mapped to a plane through various

numerical methods to obtain the restored image. Moreover, approaches are also proposed

to reconstruct the shape based on special surface properties [30] or features of the imaging

devices such as flatbed scanners [6, 31], stereo vision systems [32] and video cameras [33].

In this paper, we present a generic restoration framework that corrects a wide range

of distortions in different types of document images. The photometric distortions such as

shading and background noise are addressed using an inpainting based method. Inpainting

algorithms have long been used for image restoration applications. Here, we apply them

to document images for background noise removal and furthermore combine them with an

RBF-based smoothing technique to extract qualitative shading images for both photometric

correction and geometric correction. We also propose a SfS model specially formulated

for the light-controlled document imaging environment and solve it using a propagational

approach followed by minimization-based enhancement. The reconstructed shape is then

flattened to a plane using a physically-based flattening method that we proposed earlier. This

restoration framework has applied several conventional methodologies such as inpainting and

RBF-based surface fitting for photometric correction, and also proposed a hybrid SfS method

to reconstruct the surface shape for geometric correction. Encouraging results have been

obtained as shown in the subsequent sections.
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2. Shading and Background Noise Correction

Document shading is caused by changes of the surface normal with respect to the il-

lumination direction. However, due to the intricate light sources in the normal imaging

environment and the inconsistent properties of the surface materials, shadings in real-world

images, especially camera acquired images, are often too complicated to be defined by a

uniform model. Shadows and background noise are even more irregular, which could be

in any shape, color and intensity. This makes it difficult to build a universal model that

fits in all sorts of situations. Nevertheless, common properties still exist in a sense that all

these distortions can be treated as a layer different from the foreground strokes. The task

is therefore to separate this layer from the foreground layer effectively. To do this, we have

carefully designed the following procedures which first reconstruct a background layer using

edge detection and inpainting techniques and then separate it from the foreground layer

based on the notion of intrinsic images. The reconstructed background layer can be further

refined to produce a smooth shading image that resembles the actual shading as closely

as possible when shadows and background noise are non-existent. This shading image can

then be used to reconstruct the document’s surface shape for geometric correction purposes

if needed.

2.1. Inpainting Mask Generation

To reconstruct a background layer, we first identify pixels that do not belong to this

layer. Here we assume that in most images foreground text (or handwritten stroke) pixels

are relatively darker than shadings, dim shadows and other noise such as bleed-through

and water stains. The task is similar to text localization except that we are interested

in all the pixels that may indicate a reflectance change including text and graphics. Text

localization has been a widely researched area either on document images or digital videos.

The techniques can be broadly classified as component-based [34, 35] or texture-based [36,

37]. The component-based methods usually try to analyze the geometrical arrangements of

edges or uniform colored components of the characters. The texture-based methods utilize

the texture characteristics of text lines to extract the text. Here we use a component-based
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method as the first step to identify pixels that are of high contrast to the background. Next,

morphological operations are applied to the edge-detected image to generate a mask of the

foreground pixels. The detailed procedure is as follows:

1) Convert color images into gray-scale using the luminance channel from the YUV color

model.

2) Detect edges using canny edge detector. Different thresholds can be chosen to better

distinguish foreground strokes and unwanted noise such as bleed-through;

3) Perform morphological dilation followed by closing. The purpose of this step is to mask

all the foreground pixels as completely as possible to avoid noise after the inpainting process.

The size of the structuring element can be tuned manually or adjusted automatically based

on an estimated average character height when applicable.

2.2. Harmonic/TV Inpainting

Digital inpainting was introduced by Bertalmio et al[38] and has since been applied to a

variety of image processing applications. Here we use it to recover the background layer of

the input image which can be further refined to produce a smooth shading image in certain

situations. The idea is to fill up the masked foreground regions using the neighboring

background pixels. In the case of an image with a uniformly colored background, this

essentially recovers the shading in the masked regions based on the assumption that the

local shading variation is small. On the other hand, if our main focus is on recovering the

foreground content, the quality of the background layer is therefore not so crucial. For

example, we probably do not need to recover a fine detail of the bleed-through and water

stain pixels. To this purpose, we look into the two non-texture inpainting models - harmonic

inpainting and Total Variation (TV) inpainting [39].

Mathematically, inpainting can be considered as a local interpolation problem: Given an

image I0 with a hole ΩH inside, we want to find an image I that matches I0 outside the hole

and has consistent information inside the hole. To do this, we try to find I that minimizes

the following energy in a continuous domain Ω:

E(I) =

∫
Ω

χ · (I − I0)
2dx + λ

∫
Ω

|∇I|2dx (1)
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where λ > 0 is a smoothness parameter and χ denotes the characteristic function:

χ(x) =

⎧⎪⎨
⎪⎩

1, x ∈ Ω\ΩH

0, otherwise

(2)

To minimize the energy in Eq. 1, we solve the Euler-Lagrange equation for the functional

F (I, Iu, Iv) = χ(I − I0)
2 + λ|∇I|2 corresponding to Eq. 1:

∂E

∂I
=

∂F

∂I
− ∂

∂u

∂F

∂Iu

− ∂

∂v

∂F

∂Iv

= 2[χ(I − I0) − λ(Iuu + Ivv)] = 0 (3)

By applying a gradient-descent method and a discretization using finite difference, we

obtain the iterative update formula:

In+1
i,j = In

i,j + Δt

(
λ

h2
(In

i+1,j + In
i−1,j + In

i,j+1 + In
i,j−1 − 4In

i,j) − χi,j(I
n
i,j − I0i,j)

)
(4)

where h is the grid size and λ is the smoothness parameter which is chosen through trial and

error. The time step Δt can be any small constant that makes the iteration stable, which is

chosen as 0.2 in our experiments.

We notice that the harmonic inpainting constructs a smooth solution which may cause

problems when the foreground pixels at the image boundaries are completely masked or

when the interior edges such as folds are occluded due to the overlaid stroke pixels. The

edges at these places are often missing after being inpainted with a smoothly filled interior.

This can be mitigated with the use of TV inpainting. Instead of using a penalty term∫ |∇I|2dx in Eq. 1, which is infinite for discontinuous functions, we use
∫ |∇I|dx which

allows discontinuous functions as minimizers. The energy function now becomes:

E(I) =

∫
Ω

χ · (I − I0)
2dx + λ

∫
Ω

|∇I|dx (5)

where λ = 2σ2/ν. A minimizer for this energy function can be computed using a similar

scheme as for harmonic inpainting.

Note that both harmonic and TV inpainting are local models, in which the inpainting is

mainly determined by the existing information I0 in the vicinity of the inpainted domain ΩH .

We can also choose to retain the original background pixels and only inpaint the masked
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regions to minimize computational cost. Moreover, Eq. 1 has a built-in denoising capacity

so that it is robust to noise. The main difference is that harmonic inpainting builds very

smooth solutions and thus does not cope well with edges, while TV inpainting is able to

restore narrow broken smooth edges which often exist in document images due to overlaid

stroke pixels.

2.3. Smoothing with RBF

Although the inpainting process is able to remove all the masked foreground pixels and

return an estimated background layer image, the result is not perfect due to the errors in the

extracted mask. This is acceptable if our purpose is mainly to remove the background noise

and extract the foreground strokes such as bleed-through and water stain removal. However,

if we need a smooth shading image for the sake of a subsequent surface reconstruction

process, additional refinement step is then necessary.

One way to remove the pepper noise in the inpainted image is to iteratively improve

the mask and compute the inpainted image until all the foreground pixels are completely

covered. More specifically, the first iteration extracts a mask from the original input image

while the subsequent iterations extract masks from the inpainted images constructed in

the previous step. Figure 3 shows an example of improving the inpainted image using an

iterative approach. In this example, the line strokes are of variable size and thickness. In

other scenarios where creases or folds exist, to distinguish reflectance edges from illumination

edges caused by creases or folds, the edge detector may need to be tuned specifically to avoid

confusions. Nevertheless, even if some creases or folds are mis-identified as reflectance edges,

the inpainting algorithm is still able to provide a close estimation of the original edge based

on the neighboring pixel values to a certain extent.

Alternatively, we can smooth out the errors by using a smoothing algorithm with radial

basis functions (RBF) [40]. This is especially useful when the background layer mainly

comprises of shadings caused by smoothly warped surfaces. Consider the pixels in the

inpainted image as a set of noisy 3D points {(xi, I(xi)), i = 1, 2, · · · , m} where m is usually

equal to width×height, our goal is to find an approximate fitting to these 3D points by using

10



(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 3: Background layer improvement using an iterative approach: (a) A map image with synthetic

shadings; (b) Inpainting mask (Iteration 1); (c) Inpainted image (Iteration 1); (d) Inpainting mask (Iteration

2); (e) Inpainted image (Iteration 2); (f) Inpainting mask (Iteration 3); (g) Inpainted image (Iteration 3);

(h) Final restored image.

a selected subset of points as the collocation points that uniformly span the whole image

horizontally and vertically denoted by {yj, j = 1, 2, · · · , n}. The interval Δd between these

collocation points can be adjusted to achieve different smoothness. In our experiments, we

set it to 40 pixels. The task is therefore to find the coefficients αj that minimize the least

squares error defined as:

e = min
α1,··· ,αn

⎧⎨
⎩

m∑
i=1

(
n∑

j=1

αjh(xi − yj) − f(xi)

)2
⎫⎬
⎭ (6)

with optional boundary conditions. The kernel function used here is Multiquadrics defined

as:

h(x) =
√

||x||2 + c2 (7)

where c is a constant with empirical values of 10 for all our experiments. Other kernel

functions can also be used such as Gaussian, thin-plate spline, etc.

Figure 4 shows a typical example of how the RBF-based smoothing technique helps

improve the shading image using a smoothly warped document page. In particular, the
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one-step inpainted image as shown in Figure 4 (c) contains obvious pepper noise due to

unmasked ink pixels. To apply the smoothing technique, we first select 12×12 collocation

points that uniformly sample the image plane as shown in Figure 4 (d). Next, we compute

a smooth fitting to the original noisy data points based on the selected collocation points

and the multiquadrics kernel function. A cross section view of the fitted surface at v = 50

is shown in Figure 4 (e). Finally, the smoothed shading image is shown in Figure 4 (f).

(a) (b) (c)

(d) (e) (f)

Figure 4: RBF-based smoothing: (a) A warped document page with smooth shadings; (b) Inpainting mask;

(c) Inpainted image; (d) Selected collocation points; (e) Cross section view of the fitted surface at v = 50 ;

(f) Smoothed shading image.

2.4. Background Layer Removal

Once the background layer is extracted, the foreground layer image can be derived based

on the notion of intrinsic images [10]. For Lambertian surfaces, the intensity image is equal

to the product of the shading image and the reflectance image. Therefore, the idea is to treat

the foreground layer as the reflectance image and the background layer as the illumination

image. Consider the luminance component of the HSV model, we have I = Is · Ir. Now

given the background layer image Is, the foreground layer image Ir can be computed as:

Ir = elog I−log Is. The photometrically restored image can be computed as: Ip = k · Ir, where

k ∈ [0, 1].
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3. Experimental Results for Photometric Correction

To demonstrate the performance of the aforementioned restoration procedures, we have

conducted experiments on a data set including 18 synthetic images with smooth shading dis-

tortions and 35 real images with different types of distortions ranging from smooth shadings,

non-smooth shadings to shadows and background degradations. The images we are dealing

with are mainly text documents without large photos or graphical regions. The synthetic

images are generated by adding controlled illumination such as an off-centered spot light

source over an original clean document image. The real images are captured using either

normal digital cameras or mobile phone cameras under unconstrained imaging conditions.

In addition, the images include both modern documents and historical manuscripts which

are either in color or gray-scale. The inpainted images are produced using the harmonic

inpainting algorithm with at most two iterations.

3.1. Results on Synthetic Document Images

Figure 5 demonstrates the performance of the proposed method using a synthetic example

picked up from the synthetic image set. The original clean image is a digital image of a

textual document containing mainly text information. The distorted image is obtained by

simulating bad illumination conditions using an off-centered spot light source with large

distance attenuations. The inpainted image shown in Figure 5 (d) is obtained after two

iterations of the inpainting process. The final restored reflectance image in Figure 5 (e) is

shown to be a close resemblance of the original clean document image.

3.2. Results on Real Document Images

Figure 6 demonstrates the restoration results of two real images with smooth shading

distortions due to a flash light source applied on the warped surface shape. Figure 6 (b1)(b2)

show the inpainting masks and (c1)(c2) show the inpainted background layer images pro-

duced using the harmonic inpainting algorithm after one iteration. Figure 6 (d1)(d2) are the

smooth shading images obtained after the refinement step using a RBF-based smoothing

technique. Clearly, the refined images contain less noise than the inpainted image after
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(a) (b) (c)

(d) (e)

Figure 5: Restoration results of document images with synthetic shadings: (a) Original clean document

image; (b) Distorted image with synthetic shadings; (c) Inpainting mask; (d) Inpainted image; (e) Photo-

metrically restored image.

one iteration. Finally, Figure 6 (e1)(e2) show the restored images after photometric cor-

rection, which are visually more legible notwithstanding the geometric distortions. We will

demonstrate how these refined shading images can be used to reconstruct the surface shape

effectively for further geometric correction in the next Section.

Figure 7 (a1)(a2) show two images taken using mobile phone cameras with normal indoor

lightings. Shadows of the mobile phone or neighboring articles are cast on the document

and result in large shading variations across the image. Our method is able to separate

the shadows effectively from the original image and produce a set of much more machine-

processable restored images as shown in Figure 7 (d1)(d2).

Figure 8 shows the results of two sample document images provided by the National

Archive of Singapore with distortions including ink-bleed, water stains or smudges. The

original images are seriously distorted and hard to read due to the ink bleed-through prob-

lems and material degradations. Figure 9 shows an enlarged portion of the original image

(a1) in figure 8. It can be seen from the enlarged image in figure 9 that after restoration,

the written text is much more readable which facilitates various scholarly studies and inves-
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(a1) (b1) (c1) (d1) (e1)

(a2) (b2) (c2) (d2) (e2)

Figure 6: Restoration results of real document images with smooth shadings: (a1)(a2) A real document image

with shading distortions; (b1)(b2) Inpainting mask; (c1)(c2) One-pass inpainted image; (d1)(d2) Smooth

shading image extracted after RBF smoothing; (e1)(e2) Photometrically restored image with k = 0.9.

tigations. In particular, the reconstructed background layer contains all the bleed-through

pixels, water stain noise and smudges, which is then extracted from the original image to

obtain the foreground reflectance image.

Figure 10 demonstrates the restoration of different degrees of show-through effects in

duplex printed document pages using two typical examples. As we can see from the original

images shown in Figure 10 (a) that some pixels from the back-side of the page are so strong

that they interfere with the recognition of the foreground pixels. On the other hand, they are

still relatively of low intensity which makes them distinguishable from the foreground strokes.

Figure 10 (b) and (c) show the extracted inpainting mask and the inpainted background

layer image, respectively. It is clear that the show-through effects are mostly captured in

the background layer image which leaves a clean foreground image as shown in Figure 10

(d).

To demonstrate the computational complexity of the proposed restoration procedure,

Table 1 tabulates the time taken for each of the restoration steps on the eleven images

shown in Figure 6, 7, 8 & 10. All the experiments are run on an Intel Pentium III 996MHz

PC (512 MB RAM) with implementations using Matlab. The surface smoothing step is only
15



(a1) (b1) (c1) (d1)

(a2) (b2) (c2) (d2)

Figure 7: Restoration results of real document images with non-smooth shadings or shadows: (a) Original

distorted image; (b) Extracted inpainting mask; (c) Reconstructed background layer image; (d) Restored

image.

(a1) (b1) (c1) (d1)

(a2) (b2) (c2) (d2)

Figure 8: Restoration results of real degraded historical document images with background noise: (a)

Original distorted image; (b) Extracted inpainting mask; (c) Reconstructed background layer image; (d)

Restored image.
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(a) (b) (c) (d)

Figure 9: Restoration results of an enlarged portion of the image shown in Figure 8 (a1).

applicable to the two images with smooth shadings shown in Figure 6. Therefore, the time

of this step is only measured for the first two images. In particular, the time of the mask

extraction step and the RBF smoothing step mainly depends on the size of the image. The

time of the inpainting step depends on both the size of the image and the density of the

masked regions.

(a1) (b1) (c1) (d1)

(a2) (b2) (c2) (d2)

Figure 10: Restoration results of duplex printed document images with show-through effects: (a) Original

distorted image; (b) Extracted inpainting mask; (c) Reconstructed background layer image; (d) Restored

image.

3.3. Comparisons with Existing Methods

In this experiment, we use a synthetic image to compare our result with those from two

existing binarization methods. In particular, Niblack’s method [41] is a typical representative

of the local adaptive thresholding methods and Lu and Tan’s [5] global thresholding method
17



Table 1: Running time of each restoration step on the images shown in Figure 6, 7, 8 & 10.

Images Size Mask Gen. (s) Inpainting (s) RBF (s) Total (s)

Figure 6 (a1) 634×816 3.72 141.13 39.74 184.59

Figure 6 (a2) 570×578 1.47 42.12 21.81 65.40

Figure 7 (a1) 597×467 1.33 19.60 - 20.93

Figure 7 (a2) 1056×928 3.64 102.59 - 106.23

Figure 8 (a1) 640×1026 2.34 125.56 - 127.90

Figure 8 (a2) 1104×597 2.35 97.54 - 99.89

Figure 10 (a1) 480×320 1.04 11.91 - 12.95

Figure 10 (a2) 1112×1134 4.22 107.01 - 111.23

is specially designed to deal with badly illuminated document images which is similar to

our focus here. For comparable reasons, we only choose images with smooth shadings

since Lu and Tan’s method only works on shadings that fit in a polynomial distribution. In

particular, the variance gains and the window size for Niblack’s method are set to be -0.2 and

20, respectively. The parameters used in Lu and Tan’s method follow the suggested values as

given in their paper [5]. Following this setup, Figure 11 (b)(c)(d) show the restoration results

of the distorted textual image obtained from our method, Niblack’s method and Lu and

Tan’s method, respectively. It is observed that Niblack’s method produces a large amount

of background noise at regions with uniform pixel intensities such as the white margins. This

is because when such white margins fully occupy a local window, the local threshold will be

determined by the shading variations instead of the uniform reflectance and thus results in

an erroneous classification. Lu and Tan’s method produces a better restored image but some

text pixels in the upper right portion are eliminated due to over-thresholding. In contrast,

our method achieves better result both visually and in term of OCR performance. Typically,

the average word precision rates achieved for ten similar textual document images on their

restored images using the three methods (namely, our method, Niblack’s, and Lu and Tan’s)

are 96.8%, 77.5% and 90.4%, respectively.
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(a) (b) (c) (d)

Figure 11: Restoration result of a badly illuminated textual document image and its comparison with the

results from existing methods: (a) Input image with shading distortions; (b) Restored foreground reflectance

image using our method; (c) Result from Niblack’s method; (d) Result from Lu and Tan’s global thresholding

method.
4. Geometric and Perspective Distortion Correction

Shape-based geometric correction methods have achieved rather promising results in the

past decades. All these attribute to the critical shape acquisition step which provides an

accurate 3D model to represent the actual physical warpings. Besides capturing shapes

using special setups such as structured lighting or laser scanners, efforts have been made

to reconstruct shapes using various shape recovery techniques. Here, we look at how SfS

techniques can be used with a physically-based flattening method to rectify both geometric

and perspective distortions in real document images.

4.1. Shape Recovery

Shape recovery is a classic and fundamental problem in computer vision. Its goal is to

derive a 3D scene description from one or more 2D images. Over the years, researchers have

developed a variety of techniques to tackle this problem known as Shape-from-X where X

can be shading, stereo, motion, texture, etc. In particular, Shape-from-Shading tries to

make use of the shading variations in a single 2D image to reconstruct the surface shape of

the object. The research in this field was pioneered by Horn who first formulated the SfS

problem as to find the solution of a nonlinear first-order PDE called the brightness equation

[42]. Following this, a series of variational methods [43, 44, 45] are developed, which try to

minimize an energy function that often comprises of an integral of the brightness error to
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find the solution. Later Oliensis and Dupuis [46] propose to cast the SfS problem as an

optimal control problem and directly find the depth map of the surfaces. This brought out

a new set of propagation approaches based on the theory of viscosity solutions to Hamilton-

Jacobi equations [47, 48, 49]. According to the numerical schemes used to estimate the

viscosity solutions, these methods can be further divided into two categories. The first class

of methods are based on the monotonicity of the solution along the characteristic direction

including level set and fast marching methods [50, 51, 52, 53]. Various adaptations of the fast

marching method have been developed to handle oblique light source [54] and perspective

projection [55, 56]. On the other hand, the second class of methods make use of iteration

strategies. Rouy and Tourin [47] exploit an upwind and monotone scheme to solve the

discretized Eikonal equation iteratively and the convergence property is shown. Tsai et al

combine the upwind monotone Godunov Hamiltonian with a Gauss-Seidel iteration method

to reconstruct surfaces with good efficiency [57]. More comprehensive surveys can be found

in [58, 59].

As discussed earlier, perspective distortions are caused by the perspective projection

property of the pinhole camera model, which makes the faraway points appear smaller than

those closer to the camera. When the document being imaged has a non-planar surface

shape such as a thick bound book, the resultant image will often appear warped because

the distances from the surface points to the camera vary. The surface shape can thus be

represented as a depth map that records the distance from each surface point to the image

plane. We can treat pure perspective distortions on planar surfaces as geometric distortions

too. The goal of the SfS method here is to recover the depth map of the document surface

based on the shading variations in the image so that this shape can be used for subsequent

restoration procedures.

4.1.1. SfS Formulations in Document Imaging Domain

To formulate the SfS problem in the document imaging domain, we make the assumption

that the document surfaces follow Lambertian reflection, no interreflections exist and sensor

noise is not considered. In general, we use z(x, y) to represent the depth value of a surface
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point (x, y, z(x, y)) whose projection is denoted by (u, v) in the image plane Ω. By definition,

z(x, y) ≡ z(u, v). Depending on the illumination conditions, the image irradiance equation

is formulated in different forms. In particular, we discuss the following two illumination

situations: distant point light source and close point light source.

Distant point light source

Given a Lambertian surface, the reflectance map under a distant point light source, also

known as a directional light source, is defined as:

I(u, v) = N ·L =
(−p,−q, 1)√
p2 + q2 + 1

· (α, β, γ)√
α2 + β2 + γ2

(8)

where I(u, v) is the image irradiance at the image point (u, v) corresponding to the surface

point (x, y), (α, β, γ) is the illumination direction and (−p,−q, 1) is the surface normal at

point (x, y) with p = ∂z
∂u

and q = ∂z
∂v

. This is the general image irradiance equation under a

distant oblique light source. In particular, if the light source is right on top of the surface

with L = (0, 0, 1), the image irradiance equation becomes the Eikonal equation:

√
p2 + q2 =

√
1

I(u, v)2
− 1 (9)

Close point light source

Distant point light source is often difficult to obtain in real-life situations. In fact, it is

easier and more practical to capture images using close point light sources such as the on-

camera flash than under specially-built lighting environment. The on-camera flash can be

modeled as a close point light source with known position in the camera’s coordinate system.

More generally, this can be any point light source with a known location in reference to the

optical center. Now, we can represent the document’s surface S(u, v) with respect to the

image domain Ω as: {
S(u, v) =

z(u, v)

f
· (u′, v′, f) (u, v) ∈ Ω

}
(10)

where z(u, v) is the distance from x − y plane to the surface point (x, y), f is the camera’s

focal length, (u0, v0) is the principle component and u′ = u − u0, v′ = v − v0. The intrinsic
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parameters of the camera can be obtained using some simple camera calibration procedures

[60].

To find the surface normal at each point (u, v), we calculate the tangent vectors in both

u and v directions, respectively and compute their cross product. The downward normal

can thus be derived as:

N(u, v) = (
pz

f
,
qz

f
,−z(u′p + v′q + z)

f 2
) (11)

where p = ∂z
∂u

and q = ∂z
∂v

.

Suppose a close point light source is located at (α, β, γ), the illumination direction for

each point (u, v) can be written as:

L(u, v) = (l1, l2, l3) = (α − x, β − y, γ − z)

= (α − u′z
f

, β − v′z
f

, γ − z) (12)

Using Eq. 11 and 12 with the assumption of Lambertian reflection, the image irradiance

equation can thus be derived from Lambert’s cosine law as:

I(u, v) =
N(u, v) · L(u, v)

‖N(u, v)‖ ‖L(u, v)‖ =
n1l1 + n2l2 + n3l3√

n2
1 + n2

2 + n2
3

√
l21 + l22 + l23

(13)

where (n1, n2, n3) = (pf, qf,−u′p − v′q − z).

4.1.2. Lax-Friedrichs Based Viscosity Solution

To solve the image irradiance equation in Eq. 8 & 13, we first write it in the form of a

static Hamilton-Jacobi equation:⎧⎪⎨
⎪⎩

H(u, v, z,∇z) = R(u, v), (u, v) ∈ Ω

z(u, v) = b(u, v), (u, v) ∈ Γ ⊂ Ω

(14)

where Ω denotes the image plane, Γ denotes a set of points whose value z(u, v) is known to

be b(u, v), although they may be located in the interior of Ω.

In the case of a distant oblique light source as given by Eq. 8 [1], we have:⎧⎪⎨
⎪⎩

H(u, v,∇z) = I
√

p2 + q2 + 1 + pᾱ + qβ̄ − γ̄

R(u, v) = 0

(15)
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where (ᾱ, β̄, γ̄) is the normalized illumination direction and ∇z = (p, q).

Similarly, for a close point light source as described by Eq. 13 [3], we have:⎧⎪⎨
⎪⎩

H(u, v, z,∇z) = I
√

n2
1 + n2

2 + n2
3

√
l21 + l22 + l23 + Ap + Bq + C

R(u, v) = 0

(16)

where A = f(αf − γu), B = f(βf − γv), C = −fz(γ − z).

To solve Eq. 15 & 16, we use an iterative sweeping strategy [57] to solve for z(u, v) with

an update formula based on Lax-Friedrichs Hamiltonian [61] given as:

zn+1
u,v =

1
σu

Δu
+ σv

Δv

(R(u, v) − H(u, v, z, p, q) + σuum + σvvm)

p =
zu+1,v − zu−1,v

2Δu
q =

zu,v+1 − zu,v−1

2Δv
(17)

um =
zu+1,v + zu−1,v

2Δu
vm =

zu,v+1 + zu,v−1

2Δv

where (Δu, Δv) is the grid size, σu and σv are artificial viscosities satisfying σu ≥ max |∂H
∂p

|
and σv ≥ max |∂H

∂q
|.

In particular, for Eq. 15, we let

σu = max
u,v,p,q

∣∣∣∣∂H

∂p

∣∣∣∣ = max
u,v

{max{|I + ᾱ|, |I − ᾱ|}}

σv = max
u,v,p,q

∣∣∣∣∂H

∂q

∣∣∣∣ = max
u,v

{max{|I + β̄|, |I − β̄|}} (18)

Similarly, for Eq. 16, we let

σu = max
u,v,z,p,q

∣∣∣∣∂H

∂p

∣∣∣∣ = max
u,v

{max{|pmIp + A|, |pmIp − A|}}

σv = max
u,v,z,p,q

∣∣∣∣∂H

∂q

∣∣∣∣ = max
u,v

{max{|qmIp + B|, |qmIp − B|}}

pm = max
p,q

∣∣∣∣∂H

∂p

∣∣∣∣ =
√

f 2 + u′2 (19)

qm = max
p,q

∣∣∣∣∂H

∂q

∣∣∣∣ =
√

f 2 + v′2

where Ip = I
√

l21 + l22 + l23.

An iterative sweeping strategy is applied to sweep through the image grid in four al-

ternating directions to update the values of z(u, v) which are initialized with the boundary
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values b(u, v). Height values are re-calculated at the four boundaries where the update for-

mula fails to compute. The complexity of the fast sweeping algorithm is O(N) where N is

the number of grid points.

4.2. Physically-based Shape Flattening

Once the surface shape z(u, v) is obtained, we will construct a uniform sampled mesh

and map the image that has gone through shading correction to the reconstructed shape

based on the perspective projection principle: x/u′ = y/v′ = z/f . Next, the shape will be

flattened to a plane through a numerical simulation process [26, 28, 62] which subsequently

corrects the geometric distortions to produce the final restored image.

5. Experimental Results for Geometric Correction

To evaluate our SfS formulations and the performance of the viscosity framework, we

first conduct several experiments on synthetic surfaces which are either parametric surfaces

generated using mathematical functions or geometric surfaces captured from range scans.

Synthetic shadings computed using our formula are compared with real shadings and show

very similar patterns. The reconstructed shapes based on synthetic shadings are also shown

to be close resemblances of the ground truth shapes. Moreover, we use several real document

images to demonstrate how effectively our SfS method and digital flattening procedures can

handle both geometric and perspective distortions in real situations.

5.1. Results on Synthetic Surfaces

First, to evaluate the accuracy of our shading extraction routine and the correctness of

our image irradiance equation, we use an analytical cylindrical shape to generate a synthetic

shading image using Eq. 13 and compare it with the real shading image extracted using our

inpainting and RBF-based smoothing algorithm. Figure 12 (a) is a camera image captured

from a real cylinder textured with a document page. The extracted shading image is shown

in Figure 12 (b). On the other hand, Figure 12 (d) is an analytical cylindrical shape used

to simulate the real cylinder. Figure 12 (e) shows the synthetic shading image generated
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using the same camera’s focal length and the same light source location as the real imaging

condition. The shading meshes shown in (c) and (f) demonstrate a high similarity. This

shows that our shading extraction procedure is fairly accurate and the general image irra-

diance equation in Eq. 13 can be used to model real imaging situations effectively. Finally,

Figure 12 (g) and (h) show the reconstructed shape based on the real shading image in (b)

and the corresponding restored image, respectively.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 12: (a) Image of a real cylinder with a document texture; (b) Extracted shading image; (c) Color

mapped shading mesh of (b); (d) Analytical cylinder; (e) Synthetic shading image produced under the same

imaging condition; (f) Color mapped shading mesh of (e); (g) Reconstructed surface shape from (b); (h)

Final restored image. (Color in print)

Next, we evaluate the viscosity framework by using three synthetic shading images gen-

erated from known parametric surfaces. First, the synthetic vase is generated using the

formula provided in [58] as shown in Figure 13 (a1). The grid size is set to be Δx =

Δy = 0.00625 with an image of size 161 × 161. The second shape is given by Tankus [63]:

z(x, y) = 2cos(
√

x2 + (y − 2)2 +100 as shown in Figure 13 (b1). The third shape is obtained

from [64]: f(x, y) = 2π
√

[cos(2πx)sin(2πy)]2 + [sin(2πx)cos(2πy)]2 as shown in Figure 13

(c1). The shading images are generated based on Eq. 9 under a distant frontal light source
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L = (0, 0, 1) and 8 under an oblique light source L = (1, 0, 1) as shown in the second and

fourth column of Figure 13, respectively. In addition, p and q are discretized using the

forward difference of the surface height z.

In the case of a distant frontal light source, we use the formulation described in Eq. 15

with (α, β, γ) = (0, 0, 1). By applying the iterative sweeping scheme based on Lax-Friedrichs

Hamiltonian, we obtain the reconstructed surface as shown in the third column of Figure 13.

In particular, the vase surface is initialized with z = 0 along the two vertical boundaries. The

second shape is initialized with its four boundary values. The last shape is initialized with

the five singular points at (0.25, 0.25), (0.75, 0.75), (0.25, 0.75), (0.75, 0.25) and (0.5, 0.5). As

we can see that the results are close resemblances of their original surfaces. In addition,

we also tried to apply a high order WENO scheme [64] to solve our SfS formulation in the

case of an oblique light source. This is in comparison with the low order Lax-Friedrich

Hamiltonian. The results are visually closer to the original images as shown in the fifth

column of Figure 13. The number of iterations and the total time taken to converge to

the solution are given in Table. 2. The convergence criterion used in our experiments is

maxu,v |zn+1
u,v − zn

u,v| ≤ 0.01.

Table 2: Efficiency evaluation on the three synthetic surfaces shown in Figure 13.

First order Lax-Friedrichs scheme High order scheme

Surfaces Frontal light source Oblique light source Oblique light source

Iterations Time (s) Iterations Time (s) Iterations Time (s)

Figure 13(a1) 17 3.6007 77 19.7733 81 27.6636

Figure 13(b1) 45 5.0929 93 16.3444 192 39.3084

Figure 13(c1) 26 5.1727 177 50.9447 195 73.7268

5.2. Comparisons Using Mozart Bust

To compare our results with those of existing approaches, we use the classic example

of Mozart Bust provided by Tsai [58]. The true depth map is captured using a range

scanner as shown in Figure 14 (a). Using the same shading generation method described

in Section 4.1.1, we obtain the shading image under an oblique light source L = (1, 0, 1) as
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(a1) (a2) (a3) (a4) (a5)

(b1) (b2) (b3) (b4) (b5)

(c1) (c2) (c3) (c4) (c5)

Figure 13: (a1)(b1)(c1) Original surface (ground truth); (a2)(b2)(c2) Shading image with a distant

frontal light source L = (0, 0, 1); (a3)(b3)(c3) Reconstructed surface based on Lax-Friedrichs Hamiltonian;

(a4)(b4)(c4) Shading image with an oblique light source L = (1, 0, 1); (a5)(b5)(c5) Reconstructed surface

based on a high order WENO scheme. (Color in print)

shown in Figure 14 (b). Figure 14 (c) gives the reconstructed shape based on the Hamilton-

Jacobi equation solver discussed in Section 4.1.2 with an initialization of the singular point on

the nose tip. To evaluate the accuracy of the reconstructed shape, we measure its absolute

distance from the original true depth map. The result shows that most regions are well

aligned with an average distance of 1.18 mm. In addition, we compare our method with

all the algorithms reported in [58]. Figure 14 (d)(e)(f) show the results on three selected

approaches. We can see that the current method gives a relatively better reconstruction.

5.3. Results on Real Document Images

Moreover, we have conducted experiments on both scanned and camera-captured real

document images with various perspective or geometric distortions. One typical geometric

distortion in scanned images is the spine warping that often appears when scanning thick

bound documents. In our experiments, an Espon color scanner is used to get scanned

images from thick bound conference proceedings. In particular, the scanner’s uniform light
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(a) (b) (c)

(d) (e) (f)

Figure 14: (a) Original depth map of Mozart Bust; (b) Shading image generated with L = (1, 0, 1); (c) Shape

reconstructed using the viscosity framework; (d) Shape reconstructed using Tsai’s linear approximation

method; (e) Shape reconstructed using Lee and Rosenfeld’s method; (f) Shape reconstructed using Bichsel

and Pentland’s method. (Color in print)

ray is modeled as an oblique directional light source with L = (1, 0, 5.67). The lens follows

perspective projection along the spine direction and the focal length is obtained through

a calibration process. On the other hand, all the camera images are taken in a relatively

dark environment. The light source used is either the on-camera flash or a small halogen

light both simulating a close point light source. The location of the light source is measured

with respect to the camera’s optical center. The camera’s focal length f and the principle

component (u0, v0) are obtained through a camera calibration process. Typically, for an

image of size 1600×1200, we get f = 1286 and (u0, v0) = (820, 585) in pixel size. The

images are cropped to avoid lens distortions near the corners. The shading image is often

normalized to a certain dynamic range for effective SfS processing. Harmonic inpainting

algorithm is used to generate the inpainted image.

Figure 15 shows an example of scanned thick bound document with geometric distortions

at the spine region. Because of the constraint imaging environment of the scanner, we have

a fixed light source and a frontal imaging view. Images of thick bound books obtained from
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(a) (b) (c)

(d) (e) (f)

Figure 15: (a) Scanned thick bound book image; (b) Shading image obtained after one-step inpainting;

(c) Shape reconstructed using the viscosity framework with an oblique light source; (d) 3D mesh of the

reconstructed surface; (e) 3D mesh textured with the shading corrected image; (f) Final restored image.

this typical setup therefore have similar properties. Figure 15 shows a typical example of the

restoration process and some of the intermediate results. As we can see from Figure 15 (d),

the reconstructed surface shape is a close estimation of the cylindrical warping of the book

spine. Some minor uneven surface patches due to water creases are also detected near the

page boundary in accordance to a slight change of shading. Finally, the restored image as

shown in Figure 15 (f) demonstrates a great improvement over the original distorted image

and also gives a representative result when applying our framework on common scanned

thick bound document images.

Figure 16 shows three examples of geometrically distorted document images with dif-

ferent types of contents captured under the halogen light source at arbitrary locations. In

particular, Figure 16 (a1) is an arbitrarily warped document page captured under a light

source at L = (−25, 0,−34). Figure 16 (c1) is the reconstructed surface shape by initial-

izing the singular points with an estimated distance from the surface to the camera set as

b0 = 35.2. Next, Figure 16 (e1) shows the uniformly sampled mesh with the original image
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(a1) (b1) (c1) (d1) (e1)

(a2) (b2) (c2) (d2) (e2)

(a3) (b3) (c3) (d3) (e3)

Figure 16: (a1)(a2)(a3) Distorted real document images; (b1)(b2)(b3) Extracted shading image; (c1)(c2)(c3)

Reconstructed surface shape; (d1)(d2)(d3) 3D mesh of the surface shape; (e1)(e2)(e3) Final restored image

with all the distortions removed.
as the texture and Figure 16 (f1) gives the final restored image.

Figure 17 shows three examples of real document images with pure perspective distortions

or mixed perspective and geometric distortions. The light source used here is the on-camera

flash at position (−1.8,−2.4, 0) with respect to the camera’s coordinate system. Figure 17

(a1) is a planar page image with pure perspective distortions. The reconstruction shape

in Figure 17 (c1) is obtained by initializing the bottom of the page to be at a distance of

b0 = 10 to the camera. The black background is computed as faraway from the camera.

Next, Figure 17 (d1)(e1) show the uniformly sampled mesh and the one with the shading-

corrected image as the texture. Finally, Figure 17 (f1) gives the restored image. In addition,

Figure 17 (a2)(a3) show that the proposed method is also able to handle images with both

perspective and geometric distortions.

Both Figure 16 and 17 show that the restored images are greatly improved compared
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(a1) (a2) (a3)

(b1) (b2) (b3)

(c1) (c2) (c3)

(d1) (d2) (d3)

(e1) (e2) (e3)

(f1) (f2) (f3)

Figure 17: (a1)(a2)(a3) Camera-captured document images with distortions; (b1)(b2)(b3) Extracted shading

image; (c1)(c2)(c3) Reconstructed surface shape; (d1)(d2)(d3) 3D mesh of the surface shape; (e1)(e2)(e3) 3D

mesh with the shading-corrected image as texture; (f1)(f2)(f3) Final restored image with all the distortions

removed.
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to the original images although some distortions still remain due to the inaccurate surface

reconstruction based on irregular real-world shadings. The OCR performance is greatly

improved on the restored images with an average increase of 48.6% in terms of word precision

over a set of 30 document images with approximately 3,500 words. Table 3 gives the word

precision Pw and character precision Pc on the six examples shown in Figure 16 and 17. One

thing worth mentioning is that Figure 17 (a3) does not achieve a good OCR performance

even after restoration because a great loss of pixel values results in a blurring effect after the

rectification. This can be improved by using a super resolution technique to further enhance

the quality of the image.

6. Discussion

Despite the good performance the proposed photometric correction procedure on a gen-

eral set of document images, it may also produce less satisfactory results in some extreme

cases or on certain types of images. For example, in the case of the bleed-through removal, if

the degradations are so severe that the bleed-through pixels are even more intense than the

foreground pixels, confusions will arise. Figure 18 (a1) gives an example of a degraded image

with serious bleed-through distortions. After applying the inpainting method, the restored

image as shown in Figure 18 (d1) is still difficult to read because many bleed-through pixels

are detected incorrectly as foreground pixels while many original foreground pixels are elim-

inated. Another situation is when the original image contains large color figures, some parts

of the figures will not be correctly masked due to their large sizes and thus the shadings

around the figures will not be correctly approximated. This results in errors in the final

restored image at the figure region. One way to remedy this problem is to detect large figure

components beforehand and mask them as a whole. The inpainting method will then fill

in the whole region accordingly. Although there are still some errors in the approximated

shadings inside the filled region, the restored image is overall satisfactory if the primary

concern is not on the fine-grained details of the figure itself as shown in Figure 18 (a2).

The SfS method we propose here is able to effectively recover smoothly warped surfaces

when the extracted shading image is of good quality. Due to the unconstrained imaging
32



(a1) (b1) (c1) (d1)

(a2) (b2) (c2) (d2)

Figure 18: Restoration results of real document images with severe background noise or large embedded

figures: (a1)(a2) Original distorted image; (b1)(b2) Extracted inpainting mask; (c1)(c2) Reconstructed back-

ground layer image; (d1)(d2) Restored image.

environment when using digital cameras and the difficulty in extracting a perfect shading

image, it is hard to obtain a very accurate reconstruction from real images as in the syn-

thetic case. However, our objective is to be able to use a single input image to produce a

rough estimation of the physical warping so that it can be used to restore the geometric and

perspective distortions. As our experiments demonstrate, the restored images based on this

approach are greatly improved compared to the original images in terms of the OCR per-

formance. In addition, the SfS approach integrates well into our full restoration framework,

which performs all the restorations at one go including shadings, shadows, perspective and

geometric distortions. Despite the simplicity and effectiveness of the SfS method, there are

still limitations. In particular, the approach targets smooth surface variations better than

irregular folds or crumples, although it is still able to recover the ridges to a certain smooth-

ness level as shown in Figure 17 (c2). Furthermore, due to the importance of the shadings

in the reconstruction process, certain requirements on the imaging environment need to be

followed such as the use of a single point light source in camera imaging. Some boundary

values need to be predefined in order to compute the viscosity solution. Inter-reflections
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Table 3: OCR results on both original images and restored images in Figure 16 & 17.

OCR Results Figure 16 Figure 17

(a1) (a2) (a3) (a1) (a2) (a3)

Original Pw 65.9% 58.3% 27.3% 69.8% 73.0% 37.6%

image Pc 68.6% 62.4% 21.6% 70.3% 76.8% 38.2%

Restored Pw 95.7% 91.7% 84.8% 96.5% 94.6% 70.2%

image Pc 96.3% 93.1% 83.4% 97.3% 95.5% 74.8%

also need to be avoided because they may affect shadings significantly. Last but not least, if

large text blocks or figures are masked, the inpainting method may not be able to estimate

an accurate shading image and therefore cause errors in the reconstructed surface shape.

Nevertheless, we can always substitute the SfS method with any other shape recovery meth-

ods such as methods based on Shape-from-Stereo, Structure-from-Motion or even use special

setups to capture the surface shape if they are available. With all the above substitutes,

the other components of the whole framework are not affected, which demonstrates great

flexibility and modularity.

7. Conclusion

We have presented a restoration framework based on inpainting and Shape-from-Shading

that can be used to correct a variety of distortions in imaged documents. The inpainting

component can be used to separate out the illumination from the printed content. This is

useful for illumination rectification as well as aiding in the reduction of noise such as show-

through and ink-bleed. SfS is used to acquire a 3D approximation of the document surface

which can be used to correct geometric and perspective distortions. The whole framework is

tested on various real document images for each of the component and shows good results.

Although the restored images are not perfect due to various restrictions in the document

contents or the imaging environment, this framework does demonstrate a functional solution

to restore various distortions of a single input image without the help of any special setups.

Further improvements of the inpainting method and the SfS method are being explored,
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which will allow an even better performed system.
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