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Abstract
Blind motion deblurring methods are primarily responsible for recovering an accurate estimate of the blur kernel.
Non-blind deblurring (NBD) methods, on the other hand,
attempt to faithfully restore the original image, given the
blur estimate. However, NBD is quite susceptible to errors
in blur kernel. In this work, we present a convolutional neural network-based approach to handle kernel uncertainty
in non-blind motion deblurring. We provide multiple latent
image estimates corresponding to different prior strengths
obtained from a given blurry observation in order to exploit
the complementarity of these inputs for improved learning.
To generalize the performance to tackle arbitrary kernel
noise, we train our network with a large number of real
and synthetic noisy blur kernels. Our network mitigates
the effects of kernel noise so as to yield detail-preserving
and artifact-free restoration. Our quantitative and qualitative evaluations on benchmark datasets demonstrate that
the proposed method delivers state-of-the-art results. To
further underscore the benefits that can be achieved from
our network, we propose two adaptations of our method to
improve kernel estimates, and image deblurring quality, respectively.

1. Introduction
Motion blur is a common and unpleasant corruption that
occurs in hand-held photography and is difficult to undo.
Blind image deblurring methods aim to recover the blur kernel as well as the clean image. Since the dimension of the
kernel is much smaller than the image size, one can better
constrain the estimation of the blur kernel rather than the
image [21]. Hence, most existing blind deblurring (BD) approaches [10, 5, 38, 17, 40, 32, 35, 25] try to recover an
accurate motion estimate from the blurred image [19]. This
is eventually used to recover the latent image using an offthe-shelf non-blind deblurring (NBD) method.
The objective of NBD is to recover a sharp latent image from a known blurred image and a given blur estimate.
Over the last decade, there has been significant progress

in this direction. Recent works [21, 16, 44] have come
up with new image priors that can model the statistics of
natural images which helps in suppressing ringing artifacts.
Few works have even attempted to handle outliers such as
noise [6, 7, 39, 14] and saturated regions [6, 39] to improve
the quality of the deblurred result. Most of the existing
non-blind methods are tailored to perform well under the
assumption that the motion is known accurately. Consequently, they tend to underperform when the motion estimate is noisy. Because of the highly ill-posed nature of BD,
an approach that can deliver accurate (close to ground truth)
motion estimate is still far from reality [19]. The blur estimates from BD come with varying degrees of noise which
can introduce unacceptable artifacts in the restored output.
In this paper, our focus is on improving restoration quality in the presence of noisy blur kernel. The approach
that we propose consists of a conventional non-blind deblurring unit followed by a deep convolutional neural network (CNN) to remove undesired artifacts caused by errors
in motion estimate. Recent works on single image restoration ([8, 9, 39]) have already revealed the potential of CNN
based feature learning. The fact that we need discriminatory
feature learning from multiple inputs renders CNN as a natural choice. Our approach is based on the premise that deblurred images obtained with different prior strengths carry
complementary information. The complementarity lies in
the fact that restored images with low prior weight preserve details but suffer from artifacts. On the other hand,
a large prior weight helps in artifact removal but at the cost
of image details. Hence, we are motivated to use multiple
images obtained from the same blurred image-kernel pair,
but with different prior strengths as inputs to our network.
This we believe allows the network to perform better feature discrimination and restoration as compared to the single input image case. To handle arbitrary kernel noise, we
also propose an approach to generate synthetic noisy kernels that can closely mimic the behavior of noise in real
kernel estimates. We employ thousands of such synthetic
noise kernels to improve the performance of our network
and its generalization capability. Finally, as natural benefits
that stem from our framework we advocate two adaptations
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to improve the restoration quality further. We showcase the
potential of our network to: i) reduce residual noise present
in kernel estimate and ii) improve the performance of an
existing BD algorithm.
Our main contributions are summarized below.
• We analyze the negative impact of residual noise in
blur kernel estimates on image restoration quality, and propose an elegant solution based on CNN.
• We propose a systematic approach to synthetically generate noisy blur kernels that can closely mimic the behavior
of real kernel estimates while simultaneously circumventing alignment issues associated with the training.
• We train our CNN with large numbers of synthetic and
real noisy kernels to achieve state-of-the-art performance in
non-blind deblurring.
• We propose two different adaptations of our trained
network, both of which are intended to reduce the noise
(which in turn results in better deblurring quality) associated with the kernel estimates from existing BD methods.

of their network is limited to a single specific blur kernel.
Some of the recent works on NBD employ machine learning frameworks such as Gaussian conditional random fields
[29], shrinkage fields [28], whereas the most recent work
in [18] uses CNN based regularization. However, none of
these methods can handle noisy blur kernels.

3. Non-blind deblurring: Role of image prior
In a convolutional model, the latent image l is related to
the blurred image b through blur kernel k as
b=l∗k+n

where ‘*’ refers to the convolution operation and n is Additive White Gaussian (AWG) noise. Most of the existing
NBD methods adopt a MAP formulation, where an estimate
of the latent image is obtained from kernel estimate b
k by
solving an optimization framework of the form
λ
b
k − b||2 + P (l)
l = arg min ||l ∗ b
l 2

2. Related works
Classical methods such as Wiener filter [36] and
Richardson-Lucy deconvolution [27] are known to cause
ringing artifacts. Most of the works on NBD resort to maximum a posteriori (MAP) estimation, with differences in the
type of the image prior they employ. While most existing
works use global image priors [20, 33, 16] (typically in the
form of ||▽l||α , where ▽l represents image gradient), the
use of local (patch-based) priors [44] has been more effective in non-blind deconvolution. The work in [33] has
shown that Laplacian prior (α = 1) is more effective than
a Gaussian prior (α = 2), and can produce good results
in reasonable time. However, according to recent studies
[20, 16], the gradients of natural images are actually wellmodeled by a hyper-Laplacian [20, 16] (0.5 ≤ α ≤ 0.8).
The work in [44] is based on expected patch log likelihood
(EPLL), a form of patch prior learned from natural images
to yield state-of-the-art results.
Few other works have tried to handle the effects of outliers. The works in [6, 35] account for the presence of saturation in images. Works in [7, 14] have tried to remove
deconvolution artifacts introduced by image noise, but the
restored results are significantly affected by ringing artifacts
induced by kernel errors. [13] proposes a new regularization
method for removing artifacts produced by kernel errors but
fails to retain high-frequency details.
Recent works using deep neural networks have shown
promising results. [39] trained a deep CNN to perform inversion of a single kernel in the presence of non-linearities
in the blurred image. The work in [30] has used multilayer perceptron to perform outlier-robust image restoration by learning to predict the latent image from an initial estimate obtained using L2 norm prior. But the scope

(1)

(2)

where P determines prior on the latent image, and λ is the
weight of the data cost over the prior term. One of the most
commonly adopted approaches is to enforce global priors as
P (l) = ||▽l||α

(3)

where ▽l represents image gradient. Recent studies shows
that the distribution of natural image gradients can be wellmodeled by a hyper-Laplacian [20, 16] (0.5 ≤ α ≤ 0.8).
Apart from the use of global image priors, the state-of-theart work in [44] uses a local patch based prior given by
X
log p(Ei l)
(4)
P (l) =
i

where Ei is a matrix which extracts the ith patch from the
image, and log p(Ei l) is the likelihood of the ith patch under the prior defined by p.
Our proposed approach is built on the observation that
irrespective of the nature of prior employed in Eq. 2, λ has
a crucial role to play in the final image restoration quality.

3.1. Prior weight and restoration quality
In this section, we will discuss the impact on the restoration results from Eq. 2 with respect to variations in λ. For
noisy blur kernels, existing prior based NBD works deliver
artifact-free images by keeping the prior weight high (i.e., a
low λ in Eq. 2). However, this comes at the cost of loss of
details. To illustrate this impact, we will consider the cases
of 3 different priors: Eq. 3 with α = 2 and α = 2/3, and
Eq. 4. To differentiate, we denote the weight of the data
cost for each method as λ2 , λ2/3 , and λp , respectively. Fig.
1 illustrates the differences in the restored images while we
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Figure 1. Impact on the restored image quality with varying λ. (a) Latent image. (b) Ground truth kernel. (c) Blurred image generated
using (a) and (b). (d) Noisy kernel obtained from [32]. Estimated images using kernel in (d) with λ2/3 = (e) 2e4, (f) 2e3, and (g) 2e2, with
λ2 = (h) 1e4, (i) 1e3, and (j) 1e2, and with λp = (k) 64e5, (l) 64e4, and (m) 64e3. (n) Average MSE of restored images for varying λ values.

vary the value of λ. The restored images using the noisy
kernel in Fig. 1(d) corresponding to the three NBD methods are shown in Figs. 1(e-m). For all the methods, while
a higher value of λ results in more details, it also introduces artifacts. Decreasing λ increases the influence of the
prior term, reduces ringing artifacts but results in loss of
high-frequency details. When the prior weight goes high,
while Gaussian prior (Figs. 1 (f-g)) results in blurry edges,
α = 2/3 and [44] preserve sharpness of strong gradients.
However, loss of details is a common issue with all priorbased methods. This is due to the fundamental limitation of
image priors in representing the contents of natural images
in their full generality. Often, this leads to partial restoration
i.e., the restored contents will be close to the ground truth
only for those areas which respect the prior distribution.

4. Proposed approach
In this paper, we propose an elegant approach for detailpreserving restoration of blurry images under the assumption of a noisy blur kernel. Our approach for image restoration consists of two modules: a conventional NBD unit to
obtain multiple initial estimates of the latent image followed
by the use of a deep CNN to remove any undesired artifacts
present in the initial estimates, and to provide enhanced details. We use multiple initial estimates as inputs to the network since the complementarity among the inputs leads to
improved restoration performance. In this paper, our primary focus is on training the CNN by initializing from restored results of [16] (i.e., Eq. 3 with α = 2/3). We use
[16] for initialization since among the works that employ
global priors, [16] gives the best restoration results, and as
compared to the state-of-the-art work of [44], the performance of [16] is the closest (among all existing prior-driven
NBD methods) while being much faster. For the hyperLaplacian prior, we use α = 2/3, the value at which the
restoration quality was found to be the best as reported in
[16]. Our approach can be applied to initial estimates from

other weight dependent prior based NBD approaches too.
To assess the performance improvement when our approach
is used in conjunction with other NBD methods, we also include analysis for the case when the inputs to our network
come from a Gaussian prior-based NBD approach (i.e., Eq.
3 with α = 2).
Noisy kernel

Blurred image

Non-blind
Deblurring

Network inputs

Feature extraction

Feature discrimination and recombination

Network output

Figure 2. Our network structure. We use the deblurred images
obtained from a standard NBD scheme corresponding to different
prior strengths as inputs to our FCN.

4.1. Motivation
Our idea of using deep CNN to improve the output from
a deconvolution unit is motivated by the fact that λ plays a
crucial role in deciding the restoration quality. As depicted
in Fig. 2, instead of giving the blurry observation, we provide as input the restored images obtained from an existing
NBD approach. The network is then trained to learn kernelindependent features. However, this alone does not solve
the problem entirely. This is because, unlike the type of artifacts addressed in previous works on denoising [3, 37] or
dirt removal [9], the variability of the artifacts introduced by
blur kernel noise is much more complicated. Hence, direct
use of deep networks designed for afore-mentioned applications does not work for our scenario.
To analyze this point further, let us consider different
cases that are possible in our scenario. If we use a single
restored image (refer to Figs. 1(g,j,m)) obtained using low
λ alone as input, the role of the network will be to restore
the lost details. While this appears similar to single image
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super-resolution [8], ours is a more difficult task since the
degradation is relatively complicated for NBD. This is also
reflected in our attempts to improve restoration by training
on such inputs, which did not lead to any significant improvements in the restoration quality. On the other hand,
we observed that using as input the restored image obtained
with high λ leads to better restoration. This is because the
objective of the network is then limited to removing undesirable artifacts present in the image. Our key finding is that
the restored outputs corresponding to low and high values
of λ contain complimentary information.

4.2. Network architecture
The proposed network structure for NBD is shown in
Fig. 2. First, we use the blurry image and noisy kernel estimate to generate multiple estimates (corresponding to different values of λ) of the latent image using a conventional
NBD scheme. These multiple image estimates are passed
through individual feature extraction units formed from two
convolutional layers. The extracted features are then combined and passed through a number of convolutional layers
which act as a feature discrimination unit using which the
desired artifact-free features are integrated to yield the final
restored image. Since CNN can learn feature discrimination
as well as patch specific priors from the training data, our
approach also attempts to restore enhanced details in output.
The feature extraction unit corresponding to each input
consists of two convolutional layers, with 64 and 128 filters in the first and second layer, respectively. Thus when
we train with m inputs, the feature discrimination unit takes
128m feature maps from the feature extraction unit as input.
Our feature discrimination unit consists of 7 convolutional
layers with the number of filters in each layer being 512,
512, 512, 512, 128, 64, and 1, respectively. At the output of
every convolution layer, we apply batch-normalization followed by ReLu [11]. For all the layers, we use filters of size
3 × 3 with a stride of 1 and zero-padding by 1, to maintain spatial resolution over the entire network. The hyperparameter settings that we use are partially motivated from
the encoder-decoder architecture used in [12], although our
network has significant differences in terms of structure. A
detailed discussion on the various architectures that were
attempted has been provided in the supplementary material.

5. Training
We use L2 norm of the difference between the network
output and the ground truth sharp image to define the loss
for training. For optimization, we used ADAM [15] with
learning rate 0.0002 and momentum 0.5.

5.1. Data generation
As we have already discussed, we use the images obtained with different values of λ as inputs to our network.

Images from the BSD 500 dataset [1] are used as latent images for generation of training and test data. While the first
400 images were used for training, the remaining 100 images were used for testing. In order to learn a network which
can generalize well to arbitrary noises in the kernels, we
need to use a large number of realistic noisy kernels to generate the training data. As noisy kernel estimates, we used
3200 kernels returned by 5 BD methods ([17, 22, 32, 4],
[32] has 2 BD methods) while deblurring 640 blurry images
(formed using 80 sharp images and 8 ground truth (GT) kernels) from [32]. Of these, we use 1.6K from the first 4 GT
kernels for training and the remaining for testing (mutually
exclusive). We followed patch-wise training in which randomly cropped patches of size 101×101 from the estimated
images were used as inputs to our network. More details on
our training is provided in the supplementary material.

6. Optimal input identification
In order to identify the input images that can deliver best
restoration quality, we trained our network with different
input combinations. We began our experiments by training
with single image inputs and then proceeded to add more inputs to the network. To find the set of input parameters that
can be used for this analysis, we quantitatively measured
the restoration accuracy of a set of test images for different
values of λ. We used the images from set14 dataset of [41]
as latent images, and eight ground truth kernels from [22]
to generate 100 blurred images. These images were then
restored using kernel estimates returned by the BD methods
in [10] and [22] to obtain a set of 200 restored images corresponding to α = 2 as well as α = 2/3, while varying λ over
a suitable range. For each value of λ, we compute the average mean squared error (MSE) for all the restored images.
A plot of the average MSE over this test set is shown in Fig.
1(n). As expected, for both methods the MSE achieves a
minimum value at an intermediate value of λ and gradually
increases as λ starts to move away from this point.
Based on visual inspection of image quality and our
quantitative evaluation in Fig. 1(n), we chose λ2/3 = 2e4,
2e3, and 2e2 to generate multiple inputs corresponding to
[16]. This is because: (i) [16] has shown that λ2/3 = 2e3
yields optimal restoration quality, which is also supported
by the results from our experiments (as in Fig. 1(n)), and
(ii) the restored results corresponding to λ2/3 = 2e2 and
2e4 had significant quantitative and qualitative differences
with respect to the optimal λ2/3 which is 2e3.
Fig. 3 illustrates differences in the restoration quality
when we train the network with the best performing 1, 2,
and 3 input cases. Fig. 4 displays the average peak signalto-noise ratio (PSNR) value (averaged over all images in
the test data) of the network outputs while training with different input combinations. Out of all possible single-input
cases, the output of network trained with input correspond-
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Figure 3. Performance of our network with different input combinations. Inputs to the network with (a) λ2/3 = 2e2, (b) λ2/3 = 2e3, and
(c) λ2/3 = 2e4. Output of the network trained using (d) λ2/3 = 2e4, (e) λ2/3 = 2e3, 2e4, and (f) λ2/3 = 2e2, 2e3, 2e4.
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λ2/3 = 2e2
λ2/3 = 2e3
λ2/3 = 2e4
λ2/3 = 2e2 + 2e3
λ2/3 = 2e2 + 2e4
λ2/3 = 2e3 + 2e4
λ2/3 = 2e2 + 2e3 + 2e4
λ2/3 = 5 inputs
λ2 = 1e2 + 1e3 + 1e4

changing both λ and α to produce inputs is certainly possible, we rely on the principle assumption that regions with
fewer artifacts and high-frequency details must go as inputs
to the network. This is satisfactorily achieved by keeping α
constant and changing only λ.

7. Synthetic vs real noisy kernel

Figure 4. Network performance as a function of inputs.

ing to λ2/3 = 2e4 yielded the highest PSNR. Among all the
input pairs, it was found that 2e2 + 2e3 performed the worst
(mainly due to lack of details in both the inputs) whereas
2e3 + 2e4 performed the best with a marginal improvement
over 2e2 + 2e4. When we use a single input corresponding to λ2/3 = 2e4, the network was able to achieve only
partial artifact removal (Fig. 3(d)). Whereas with 2 inputs
(2e3 + 2e4) most of the artifacts went away (Fig. 3(e)).
While the PSNR improvement for the 2-input case was significant, this was not true when we moved from 2 to 3 inputs. Fig. 3(f) reveals the importance of the third input
(λ2/3 = 2e2) in removing artifacts in Fig. 3(e). We also
conducted experiments by adding more inputs to the network. However, it was observed that further addition of
inputs yields only a marginal improvement in PSNR. This
is evident from Fig. 4, where the network output PSNR
corresponding to 5 inputs (2e2 + 5e2 + 2e3 + 5e3 + 2e4)
can be observed to be very close to that of the 3-input case.
Among all possible input combinations, the 3-input network
was observed to yield best performance overall (Fig. 3(f))
and was hence adopted for analyzing our network further.
Our experiments to identify the optimal inputs for α = 2
also lead to very similar observations. The best 3 input
combination for this case turned out to be λ2 = 1e4, 1e3,
and 1e2. While the overall performance improvement over
the inputs was quite good for the case of α = 2, the results were marginally inferior (refer Fig. 4) as compared to
that of α = 2/3. Therefore, the performance of the network output depends on the initialization, and hence there
exists scope to further improve the performance by adopting NBD approaches with better priors. This is an added
advantage since the performance of our approach scales up
along with improvements in image-prior-driven restoration
schemes. Note that while adding further combinations by

To obtain real noisy kernels, one can use the blur kernels
returned by conventional BD algorithms. However, this has
several issues. First of all, the centroid of kernel estimates
returned by BD algorithms may not be consistent with the
centroid of the ground truth kernels. This will introduce random misalignments between the deblurred image and corresponding latent image, thus hindering the learning capability of the network. Secondly, it is impossible to obtain
a large number of real noisy kernels since the generation
of real kernels is very time-consuming. To address these issues, we attempt two different strategies to use noisy kernels
for training. Our first approach is to use the real kernels for
training, and account for any misalignments introduced by
the kernel noise by performing affine registration [2] of the
estimated image with the ground truth image. The second
is to generate synthetic noisy kernels.

7.1. Generation of synthetic noisy kernels
We used an optimization framework to generate synthetic noisy kernels. To make the network generalize wellenough to handle real kernels, the generated synthetic noisy
kernels must mimic the characteristics of real noise encountered in practice. Typical kernel priors used by BD methods
(L2 or L1 norm on kernels) tend to deliver smoothly varying
kernel estimates, while suppressing isolated noises which
might get generated otherwise. We have tried to analytically
model and adhere to these properties in our synthetic kernel generation scheme. To resolve the issue with respect to
changes in the centroid between ground truth and noisy kernels, we perform centroid-preserving noise addition i.e., we
first align the ground truth kernels (kgt ) such that their centroid is zero. Then, we generate zero-centroid synthetic kernel noise (b
n) using our optimization framework (discussed
next) and add it to the ground truth kernel to yield the desired noisy kernel. This ensures that both the restored image
and the ground truth image are perfectly aligned.
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b , we solve the optimization problem
To generate n

b = arg min{||n − λ1 Wv ni ||2 + λc ||Mc Wv n||2 +
n
n

λp (||Wv Px n||2 + ||Wv Py n||2 )}

8. Results and comparisons
(5)

Here, ni is an initial estimate of kernel noise which we obtain using a random number generator. While λ1 determines
the depth of the noise, Wv is the mask for selecting only the
valid region over the neighborhood of the ground truth kernel. Mc is the centroid computation matrix, and λc is the
weight for centroid enforcement term. Px and Py are matrices for gradient computation along x and y, and λp is the
smoothness weight over the gradients of kernel noise. We
also enforce an additional non-negativity constraint on kernel noise. In Eq. 5, the first term ensures randomness of
the generated noise by enforcing it to be closer to ni . The
bs is formed by adding n
b to the
final synthetic noisy kernel k
ground truth kernel followed by Gaussian low-pass filtering
(with variance vg ) as
bs = fv ∗ (kgt + n
b)
k
g

In this section, we evaluate the performance of our network by comparing with the state-of-the-art works in the
literature. For all the experimental results presented here,
we use a network trained with synthetic and real, as well as
low and high-noise kernels. To evaluate the performance of
our proposed method, we use the publicly available datasets
in [22, 32, 19].
Table 1. Average PSNR on dataset of [22]

NBD
method
[13]
[14]
[7]
[18]
[20]
[16]
[28]
[44]
CNN2/3 (1)
CNN2/3 (3)
CNN2 (3)

(6)

Low-pass filtering enforces the desired smoothing effect.
We chose λc = 1e3, and λp = 1 for all our experiments.
For training, we used synthetic noisy kernels obtained with
6 ≤ λ1 ≤ 9 and 0.5 ≤ vg ≤ 0.7. To form the training
data corresponding to synthetic noisy kernels, we used the
approach in [4] to generate ground truth kernels. 1
The average PSNR gain (in dB) obtained on our test data,
with networks trained using real and synthetic kernels individually was found to be 0.89 and 0.91. Although the
synthetic noisy kernels were obtained from a larger variety
of GT kernels as compared to real kernels, the PSNR gain
using only the synthetic noisy kernels was just comparable
to that of real kernels. This is probably because the noisy
kernels which we generated despite being visually similar
to the real kernels, may not represent the behavior of real
kernels in their complete generality. However, when we
used synthetic kernels and real kernels together for training, the PSNR gain improved to 1.15. Our proposed kernel generation scheme delivers a large number of synthetic
kernels quickly allowing us to incorporate a larger set of
noisy kernels generated by a wide variety of GT kernels
into our training process. Since the collections of real and
synthetic kernels have differences in terms of variations in
kernel noise and nature of GT kernels, combined training
enabled the network to generalize better. To the best of our
knowledge, this is the first attempt of its kind to systematically generate noisy blur kernels, with implicit alignment.
Potential exists to harness this capability in a variety of related image restoration tasks such as blind deblurring.
1 An illustration of the closeness between real noisy kernels and our
synthetically generated kernels is provided in the supplementary material.

Method for kernel estimation
[10]
27.28
27.12
28.61
28.74
28.86
29.08
29.29
29.51
29.50
30.40
29.91

[5]
28.55
28.07
28.84
28.99
29.32
29.39
29.50
29.66
29.64
30.62
30.25

[22] [5]+refinement
28.79
28.92
28.11
28.78
29.20
29.45
29.51
29.75
29.49
29.63
29.55
29.81
29.66
29.90
29.85
30.01
29.91
30.22
30.87
31.19
30.30
30.69

The most desirable property of an NBD algorithm is to
maintain good restoration quality for kernel estimates returned by arbitrary BD methods. To verify this generalization capability of our method, we perform extensive quantitative and qualitative evaluation using real kernels returned
by several BD methods. For a particular BD method, we
use the corresponding set of kernels to obtain the restored
images using different NBD methods. The quality of these
deblurred images is used to assess performance. For the
dataset in [22], we used kernel estimates obtained from
[10, 5, 22], whereas for [32] we used kernel estimates returned by [5, 38, 23]. Since [19] comprises of many challenging examples, there exist examples on which BD algorithms ([38, 40, 32, 26]) fail to recover the blur kernels. To
avoid the damaging influence of such bad kernel estimates,
we excluded them while testing performance in Table 2.
To evaluate the performance of our proposed approach,
we compared with existing NBD approaches in [20, 16,
44, 13, 7, 28, 14, 18] and used PSNR, SSIM ([34]), and
IFC [31] as metrics. We used online-available implementation of these NBD methods with optimal parameters settings as specified in the respective works. For [16], we used
λ = 2e3, as given therein. Use of IFC for [19] is motivated
by the fact that on the images from this dataset, IFC has
the highest correlation with respect to human subject scores
[19]. As can be observed from Tables 1 and 2, our method
significantly outperforms the state-of-the-art works with respect to all the metrics. In Table 1, for our proposed method,
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Figure 5. Example from the dataset in [22]. (a) Ground truth (top) and estimated kernel (bottom). (b) Input blurred image. Restored images
using (c) [16] (d) [20], (e) [28], (f) [44], and (g) proposed approach (CNN2/3 ). (h) GT image.

(a) Input

(b) [16]

(j) Input

(k) [16]

(c) [13]

(d) [7]

(e) [28]

(f) [14]

(g) [44]

(h) Ours

(i) GT

(l) [13]

(m) [20]

(n) [7]

(o) [28]

(p) [18]

(q) [44]

(r) Ours

Figure 6. Synthetic (Row 1) and real (Row 2) examples from the dataset in [19].

the number in parentheses indicates the number of inputs
used for CNN. While with a single input (Table 1, CNN2/3
(1)), the performance of our method is only comparable to
other works, the addition of more inputs results in significant improvement in PSNR. Furthermore, although the performance of CNN2 is better than the competing methods,
CNN2/3 performs the best.
For visual comparisons, we show few randomly chosen
representative examples.2 Fig. 5 shows a low resolution example from [22]. We used the kernel estimate shown in Fig.
5(a) to deblur the image in Fig. 5(b). As is evident from
Fig. 5(g), our approach restores the image without artifacts
while achieving significant improvement in the recovery of
details over competing methods. Fig. 6 reveals performance
on high resolution images from [19]. While our approach
(Figs. 6(h,r)) is able to deliver an artifact-free and yet detailpreserving image, the competing methods (Figs. 6(b-g,kq)) either fail to recover the details or generate significant
artifacts. Similar observations can be found from our extensive comparisons on kernels from various BD methods
([10, 5, 38, 22, 17, 40, 32, 42, 43, 23, 26, 24, 25]) revealing
the generalization capability of our trained network.
2 Our supplementary material contains discussions on few other training
experiments which we have conducted, analysis on generalization capability of our network to other NBD methods, run-time comparisons for the
NBD methods, additional quantitative comparisons and extensive visual
comparisons on more examples.

9. Other improvisations
In this section, we demonstrate that there are further benefits to be derived from our proposed framework. We first
show how our NBD method can be employed in an iterative
fashion to reduce the residual noise in the kernels and improve restoration quality further. Next, we reveal how our
NBD method can be used as a plug-in inside an existing BD
method to mitigate local minima issues which is at the core
of erroneous blur kernel estimates.

9.1. Iterative restoration for kernel noise reduction
As discussed earlier, kernel estimate from BD methods is
often affected by noise. The noise level specific training experiments that we have conducted with our network (details
are provided in the supplementary material) reveal that the
average PSNR is higher for test data corresponding to lessnoisy kernels. While our approach performs significantly
better than the existing NBD methods, the performance of
our trained network is fundamentally limited by the noise
level in the input kernel (akin to other NBD methods). We
explored the possibility of reducing the kernel noise level by
employing our NBD approach in an iterative fashion. More
specifically, we treat the input kernel as the initial kernel estimate b
k1 and solve the following optimization problem to
obtain refined estimates of blur kernel.
t
b
k t+1 = arg min ||(F ◦ ▽b
lnet
) ∗ k − ▽b||2 + β||k||2 (7)
k
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Table 2. Performance comparison on dataset of [32] and [19]

NBD method

[20]
[16]
[28]
[44]
CNN2/3

BD method for kernel estimation
PSNR/SSIM for images from [32]
SSIM/IFC for images from [19]
[5]
[38]
[23]
[38]
[40]
[32]
[26]
[40] + CNN2/3
28.02/0.81 29.56/0.83 28.87/0.80 0.72/2.17 0.72/2.00 0.69/1.92 0.69/1.91
0.75/2.31
28.29/0.83 30.15/0.85 29.27/0.82 0.73/2.40 0.73/2.16 0.71/2.08 0.71/2.13
0.75/2.50
27.22/0.78 28.34/0.81 27.90/0.78 0.66/1.70 0.67/1.60 0.65/1.60 0.63/1.50
0.70/1.88
28.46/0.83 30.51/0.86 29.59/0.82 0.75/2.52 0.74/2.28 0.72/2.20 0.72/2.20
0.76/2.59
29.54/0.88 32.60/0.91 30.69/0.85 0.78/2.58 0.76/2.30 0.75/2.31 0.75/2.41
0.80/2.81

t
where t denotes the iteration number, ▽b
lnet
is the gradient
of the restored image obtained using our NBD method (Fig.
2) from the corresponding kernel estimate b
k t . We apply
an additional bilateral filtering operation (denoted as F ◦) to
t
remove small noisy gradients present in ▽b
lnet
that can be
detrimental to kernel estimation. We iteratively repeat our
network-based restoration (Fig. 2) and kernel estimation
steps to yield improved restoration quality. We empirically
found the number of required iterations for convergence of
this alternating minimization to be about 5. We used β = 20
in our experiments. The last column in Table 1 corresponds
to quantitative evaluation of our proposed kernel refinement
scheme, while attempting to reduce the noise levels from
kernels returned by [5]. Clearly, the refined kernels from
our approach result in significant performance improvement
over the kernels returned by [5].

z=

(

0,
▽b
l,

if ▽b
l<ǫ
otherwise

(9)

Both Eq. 8 and Eq. 9 are alternatively solved by varying
ǫ ∈ {1, 2−1 , 4−1 , 8−1 } from 1 to 8−1 . The work in [40]
uses α = 2 for optimization. We note that convergence
directly depends on the initial estimate obtained for the
case of ǫ = 1. Furthermore, for ǫ = 1 both Eq. 8 and Eq.
9 are equivalent to Eq. 2, since z will be 0. Hence, as an
improvisation, we replace the initial estimate obtained for
the case of ǫ = 1 with our NBD approach corresponding to
α = 2/3 to ensure better convergence. We name the corresponding BD approach as ‘[40] + CNN2/3 ’. Quantitative
evaluation in Table 2 clearly reveals that our proposed BD
approach ‘[40] + CN N2/3 ’ is able to deliver significant
improvements in restoration as compared to [40] alone.3

9.2. Plug-in for blind deblurring
Most existing BD approaches employ an alternating
minimization scheme for kernel estimation where they alternatively estimate image and blur kernel until convergence. The main difference between different BD methods lies in the prior employed for image and/or kernel estimation. One of the main problems associated with BD
methods is that the alternating minimization scheme often
gets stuck in local-minima due to continuous accumulation
of kernel errors. Therefore, such BD methods (which employ a latent image estimation unit akin to ours) can harness the potential of our trained network to improve their
performance. Since our approach can produce restored images devoid of artifacts, we propose to replace the latent
image estimation unit of such BD methods with our NBD
approach to alleviate local-minima issues associated with
kernel errors.
To validate this possibility, we incorporated our NBD approach within the BD approach of [40]. To perform intermediate image estimation, [40] enforces L0 sparsity on the
gradients of the image by solving the following set of equations.
λ
b
k − b||2 + ||▽l − z||α
l = arg min ||l ∗ b
l 2

(8)

10. Conclusions
We presented a deep CNN-based framework for nonblind restoration of motion blurred images. Unlike existing works, we investigated a very relevant scenario which
is the unavailability of exact ground truth kernel. By using
multiple latent image estimates obtained with different prior
strengths as inputs, our network exploits the complementarity present in the input data to yield high-quality restoration
results. To remove kernel noise-specific artifacts in the deconvolved results, we trained our network with real kernels
obtained from existing blind deblurring methods as well as
synthetically generated noisy kernels. Our method is able
to deliver state-of-the-art performance in non-blind deblurring. Furthermore, as indicated by our proposed improvisations, one can further reduce the noise level in kernel
estimates via our NBD approach and improve the overall
restoration quality.
Acknowledgements: The first author thanks Sunil Kumar for his help in running some comparisons. The authors gratefully acknowledge the travel grant support from
Google Research India.
3 Qualitative comparisons on our improvisations are provided in the
supplementary material.
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