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Abstract—The dynamic nature and structural heterogeneity of
proteins are essential for their functions in live organism. More
and more researchers are paying attention to learn the structure
of proteins, so obtaining the protein image has become a mean-
ingful problem. During cryo-EM image acquisition, the radiation
dose is limited due to several reasons. The electron-beam-induced
radiation damage is one of the most important causes of artifacts,
sometimes the misinterpretation of micrographs. In the view of
above reasons, it is difficult to obtain the complete image through
physical methods.

Aiming at the problem above, we proposed a feature learning
based contextual spectrum inpainting method, which was used
to inpaint the missing region of an image through inpainting
the image spectrum. Based on the common Deep Convolutional
Generative Adversarial Net and simplified Context Encoders,
we customized an encoding-decoding generator to minimize the
deviation of the generated image spectrum with regard to its
latent ground truth. The encoder hierarchically learned the
contextual visual features, and the decoder recovered the missing
parts of the spectrum with the recombination of the chosen
feature maps. The L2 loss function calibrated the error generated
by the decoder between original images and recovered images.
The recoveries of corrupt image spectrum was presented as an
evaluation standard to demonstrate the superiority of our method
over some widely used inpaining strategies, and the experiment
on the face images from Olivetti Face database [1][2] were
performed to validate the generalization of our methods for the
face image completion.

Index Terms—Spectrum inpainting, Convolutional neural net-
work, Encoder-decoder, L2 loss

I. INTRODUCTION

The dynamic nature and structural heterogeneity of proteins
are essential for their functions in live organism, which has
been attracting more and more attention from researchers
and becomes one of active and challenging research topics.
Therefore the method of obtaining the protein image turns out
to be a meaningful problem. Although the radiation dose is
limited, the electron-beam-induced radiation damage is one
of the most important causes of artifacts and, sometimes,
the cause for misinterpretation of micrographs. In view of
above reasons, obtaining the complete image through physical
methods is rather challenging. Aiming at the aforementioned
problems, we use a feature learning based contextual spectrum
inpainting method which could inpaint the missing region of
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image through inpainting the image spectrum to obtain the
complete images.

The main issue is to recover the corruption of image to
alleviate the electron-beam-induced damage. Given the cor-
rupt image spectrum that is sampled at the 5-degree stride,
we design an encoding-decoding neural network based on
Deep Convolutional Generative Adversarial Net and Context
Encoders to recover the image spectrum. The encoder hierar-
chically extracts the contextual feature maps from the corrupt
images, and the decoder fabricates the missing pixels with
the aforementioned hierarchical features to weave the missing
regions.

The contributions of our paper are:
1) We propose a dedicated framework for spectrum recov-

ery with regard to 5-degree rotating sampling, which is
demonstrated to be effective in spectrum inpainting.

2) We simplify the cumbersome architecture of Context
Encoders, and specialize a lightweight architecture to
satisfy the requirements of biological image recovery.

3) We validate our framework on the task of spectrum
inpainting, and test the generalization of our framework
on Olivetti Face database [1][2].

This paper is organized as follows. Section II presents some
related work concerning image inpainting and convolutional
neural network, section III proposes our network architecture
and implementation, section IV shows the experiments and
superiority of our method, and section V concludes the whole
paper.

II. RELATED WORK

The convolutional neural network (CNN) has attracted re-
searchers’ attention in recent decades in image classification,
object detection, and image retrieval [3]. More and more deep
formulated CNN architectures tended to reach the accuracy
limit - especially in image classification in ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) competitions
[4], such as AlexNet [5], VGGNet [6], GoogLeNet [7], and
ResNet [8], which could exceed human-level performance of
5.1% top-5 test error [9]. These breakthrough CNN archi-
tectures automatically extracted latent features from a large-
volume image database, approximately reorganized these la-
tent features and estimated the likelihood, which category the
image belongs to, and the feature extraction layers could be
employed as preprocessing in stylization transfer.
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Some breakthrough methods based on CNN have been
introduced for largely corrupt image inpainting. In particular,
Context Encoders [10] provided an innovative architecture for
directly predicting missing pixels in the central area of a
corrupt image, which combined the reconstruction loss and
adversarial loss derived from the state-of-the-art Generative
Adversarial Network (GAN) [11] and Deep Convolutional
Generative Adversarial Network (DCGAN) [12] when cal-
ibrating the fabrication of missing area. Even though the
prediction from Context Encoders was encouraging and ade-
quate to recover the corrupt central field, the major drawbacks
could not be ignored that the cumbersome architecture may
prolong the time consumption in training and test stage when
inpainting some specified images that maintained sufficient
contextual features. Our method simplified Context Encoders
to satisfy the requirements of spectrum inpainting.

III. METHODOLOGY

In this section, we present our formalized method for
spectrum inpainting, which utilizes the convolutional neural
network and simplified Context Encoders to complete the
missing pixels. We first review the delicate structure of Con-
text Encoders in subsection III-A, and we further exhibit
our simplified network architecture for predicting specified
missing area in spectrum and loss function in subsection III-B
and III-C, respectively. At last we give some implementation
details regarding our network architecture in subsection III-D.

A. Context Encoders

The Context Encoders have been proved to be very effective
in semantic inpainting tasks, as well as in CNN pre-training on
classification, detection and segmentation tasks [10]. Derived
from Generative Adversarial Net (GAN) [11] and Deep Con-
volutional Generative Adversarial Network (DCGAN) [12],
they show encouraging results of filling in the regions that
are “dropped out”. First Context Encoders take as input a
corrupt image, propagate forward the input image, hierarchi-
cally extract the semantic features by convolutional layers,
normalize the inputs or feature maps, and finally reshape the
feature maps as a feature bottleneck layer for generating the
recovering images in the next step. At the second half of the
pipeline, the latent feature representation vector is deconvolved
to be moderately up-sampled, namely, to expand themselves
to become a full-size images, where corrupt regions are filled
with pixels inferred from the surroundings.

The vanilla Context Encoders are trained to predict the
pixel distribution for filling the corrupt regions. Loss func-
tion accounts for the deviation with respect to the ground
truth content and the prediction. Aiming at declining the
deviation, Reconstruction (L2) loss function is employed to
capture the overall differences between the original region
and the prediction, while the adversarial loss, derived from
the discriminator in GAN architecture, tries to confuse the
discriminator, i.e. make the prediction look real. The joint
loss function linearly combine the reconstruction loss and the
perceptual loss, balancing the proportion of these two losses
with the given weight λ. The joint loss iteratively calibrates

the Context Encoders to predict accurately and confusingly,
making the prediction more real and confusing.

B. Network Architecture

Inspired by Context Encoders and Deep Convolutional Gen-
erative Adversarial Network, we design a generating sketch,
defined as encoding-decoding generator, to recover the corrupt
images, which could fill the missing pixels with the latent
features learned from the residual images. We also devise
an encoding part that takes as input the corrupt images
with missing regions and hierarchically extracts the feature
maps. At the decoding part, the latent hierarchically-extracted
features are properly integrated to fill the missing regions, i.e.
the generating sketch reconstructs the corrupt images. Figure
1 shows the overall architecture of our generating sketch as
well as the training strategy.

1) Encoder: The encoder takes as input the mini-batches
of the corrupt images, propagates forward the mini-batches
of the corrupt images or feature maps that are filtered by the
convolutional layers. The ith convolutional layer convolves the
mini-batches by x× i× 64 trainable 4× 4-sized convolutional
kernel in which the stride and the pad of convolution is 2 and
1, respectively; i.e. the width and the height of the corrupt
image are halved when passing each convolutional layer. The
batch normalization layers normalize the mini-batches after
these mini-batches are convolved by each convolutional layers.
The corrupt image is compressed to a bottleneck vector after
being convolved by 5 convolutional layers. Figure 2 shows
the compression of the size of images and the augmentation
of feature maps via the encoder.

2) Decoder: The decoder executes a reverse deconvolution
for the bottleneck vector, namely, the bottleneck vector is
moderately up-sampled by the deconvolutional layers and is
expanded to a mini-batches of recovering images that have
the same size as the corrupt ones. The deconvolutional layers
take as input the bottleneck vector or the mini-batches of
the feature maps; it propagates forward them to make an
expansion in which the deconvolution scans the the feature
maps with fractional stride [13], or fills the surroundings of
each pixel with zero-padding [14]. The ith deconvolutional
layer deconvolves the mini-batches by 2×(5−i)×64 trainable
4 × 4-sized deconvolutional kernel in which the stride is 2
and the pad is 1, respectively; i.e. the width and the height
are doubled when passing each deconvolutional layer. The
batch normalization layers also exist to normalize the mini-
batches behind the deconvolutional layers. The mini-batches
of recovered images are generated in which the missing pixels
are inferred by the decoder compared with the corrupt images.
Figure 3 shows the expansion of the bottleneck vector and how
decoder works.

C. Loss function

We first present the L2 loss function as the reconstruc-
tion loss, which captures the overall differences between a
reconstructed image and its ground truth, which is defined in
equation (1).
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Fig. 1. The pipeline of our method. The encoder takes the corrupt images as input, and the decoder reorganizes the latent feature representation to generate
the recoveries.

Fig. 2. Our encoder. The encoder convolves the residual image to extract the
latent feature representations.

Fig. 3. Our decoder. The decoder reorganizes the latent feature representations
to generate the recovery.

LRi = ||y(i) − (M� x(i) + (1−M)� F(x(i)))||22 (1)

Note that the operand M is defined as a 0 − 1 mask
that performs sampling, and the operator � is defined as a
pixel-wise product operator. The operation M � · represents
a sampling procedure that maintains the uncorrupt context
and removes the corrupt part from x(i), while the operation
(1−M)� · filters out the uncorrupt context from F(x(i)) and

maintains the recovered filling pixels; the pixel-wise sum of
M�x(i) and (1−M)�F(x(i)) reconstructs the corrupt image.

D. Implementation Details

Derived from the open source code from [10], we implement
our model with Theano [15] and Lasagne [16]. The number
of convolutional layers is adjusted corresponding to the size
of input images, which convolve the input images with 5× 5-
sized trainable filter kernels, a 2-pixel stride, a 1-pixel padding
around the images or feature maps, and are followed batch
normalization layers. The number of bottlenecks is set at 2560
and the non-linearity activation function are set with ReLU
[5]. The mini-batch size is set at 100, and it can be elastically
adjusted corresponding to the scalable training dataset.

IV. EXPERIMENTS AND RESULTS

Experiments on image spectrum are given to demonstrate
the effectiveness of our method, i.e. the missing intervals can
be predicted properly by our method using the recombination
of latent feature representations and hierarchically extracted
features. Furthermore, experiments on Olivetti Face database
[1][2] are presented to validate the generalization of our
method in inpainting face image. The correlation, normalized
root mean-squared error (NRMSE), and peak signal-to-noise
ratio (PSNR) are employed to quantitatively evaluate the
quality of predictions from our method, Field of Experts [17],
and Navier-Strokes based method [18].

Figure 4 shows the experimental results on the image spec-
trum dataset. The original image spectrum (ground truth), sam-
pled image spectrum, inpainted results by our method, Field
of Experts, and Navier-Strokes based method are presented in
subfigure (a), (b), (c), (d), and (e), respectively. We can find
that the encoder-decoder can recombine the hierarchical latent
feature representations to inpaint the image spectrum, fill the
missing regions, and recover the major perceptual contents,
which can demonstrate the effectiveness of our method. We
can also find that our method can capture some latent content
details, such as the parallel high-frequent lines, and manifest
these details on the inpainted spectrum.

7th International Conference on Information Society and Technology ICIST 2017



296

4

(a)

(b)

(c)

(d)

(e)

Fig. 4. Original image spectrum (ground truth) (a), sampled image spectrum (b), and inpainted image spectrum by our method (c), field of experts (d) and
Navier-Strokes based method (e)

TABLE I
COMPARISON OF CORRELATION, NRMSE, PSNR AMONG OUR METHOD, FIELD OF EXPERTS, AND NS-BASED METHOD ON IMAGE SPECTRUM

Method Correlation NRMSE PSNR
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Our method 0.933 0.949 0.932 0.923 0.917 0.211 0.213 0.212 0.216 0.215 28.94 31.00 28.89 27.96 27.93
Field of experts 0.909 0.913 0.912 0.870 0.898 0.250 0.275 0.243 0.263 0.241 27.47 28.78 27.69 26.24 26.94
NS-base method 0.908 0.923 0.913 0.869 0.894 0.251 0.259 0.240 0.263 0.245 27.43 29.30 27.78 26.25 26.81
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(a)

(b)

(c)

(d)

(e)

Fig. 5. Original Olivetti face images (a), sampled face images (b), and inpainted face images by our method (c), field of experts (d) and Navier-Strokes based
method (e)

TABLE II
COMPARISON OF CORRELATION, NRMSE, PSNR AMONG OUR METHOD, FIELD OF EXPERTS, AND NS-BASED METHOD ON OLIVETTI FACES DATABASE

Method Correlation NRMSE PSNR
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Our method 0.958 0.965 0.951 0.971 0.969 0.084 0.076 0.086 0.079 0.076 25.89 26.68 24.87 26.88 27.15
Field of experts 0.777 0.803 0.735 0.822 0.812 0.180 0.178 0.211 0.171 0.181 19.21 19.36 17.10 20.12 19.56
NS-base method 0.938 0.939 0.950 0.938 0.939 0.095 0.095 0.084 0.098 0.101 24.74 24.77 25.10 24.93 24.66
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Table I shows the correlation, NRMSE and PSNR between
the recovered images and their ground truth. The correlation
is the principal evaluation in 3D reconstruction during the
cryo-EM image acquisition, which is employed to demonstrate
the superiority of our method. As shown in table I, we
can see that our method achieves the strongest correlation
between the inpainted image and its ground truth, and our
method dramatically performs well in NRMSE as well, which
demonstrate that our method outperforms these traditional
methods in spectrum inpainting.

Figure 5 shows some results from image inpainting. As we
can see, the image spectrum inpainted by our method recover
the principal characteristics after fine-tuned by the Olivetti
Face images, such as the central high-frequent features, and
alleviate the blur compared with other traditional methods;
Our method quantitatively achieves great recoveries on the
face inpainting, which is demonstrated in table II.

V. CONCLUSION

We propose a model that is derived from Context En-
coders [10] and DCGAN [11] to inpaint corrupt images that
are rotating-sampled at 5-degree interval. The convolutional
encoder takes as input the uncorrupt context, hierarchically
extracts the contextual features, and fills the missing area with
the generated pixels associated with the contextual features.
We use the L2 loss function to capture the overall similarity
between uncorrupt ground truth and corrupt context, which
can generally calibrate the fabrication of missing pixels. The
experimental results show that our model outperforms the
common inpainting method, such as Field of Experts and
Navier-Strokes based method, and achieves the feasible results
qualitatively and quantitatively on image spectrum and Olivetti
Face database.

In future, we plan to investigate a novel texture inpainting
method to enhance the textural details of the inpainted im-
ages since the corruption strongly devastates the almost all
of high-frequent details that our decoder cannot recover. A
universal inpainting method should also be aggregated into
our pipeline to ameliorate the generalization of our method
when a common corruption (such as central corruption in an
image) occurs.
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