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Abstract  Grayscale image colorization is an important computer graphics problem with a variety of application-
s. Recent fully automatic colorization methods have made impressive progress by formulating image colorization
as a pixel-wise prediction task and utilizing deep convolutional neural networks. Though tremendous improve-
ments have been made, it is still far from perfect. Specifically, there still exist common pitfalls in maintaining
color consistency in homogeneous regions as well as precisely distinguishing colors near region boundaries. To
tackle these problems, we propose a novel fully automatic colorization pipeline which involves a boundary-guided
CRF and a CNN-based color transform as post-processing steps. In addition, as there usually exist multiple plau-
sible colorization proposals for a single image, automatic evaluation for different colorization methods remains
a challenging task. We further introduce two novel automatic evaluation schemes to efficiently assess coloriza-
tion quality in terms of spatial coherence and localization. Comprehensive experiments demonstrate great quality
improvement in results of our proposed colorization method under multiple evaluation metrics.
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1 Introduction sumption. Interestingly, human can effortlessly

judge suitable colors for different regions just by

Image colorization aims to convert grayscale
images to colorful ones. This task has attract-
ed a lot of research in computer graphics due to
its practical application values, such as coloriz-
ing old photographs and assisting creative work-
s [1-15]. With user-assisted scribbles [1-5] or ref-
erence color images [7-14], traditional research
mainly focuses on developing better colorization
systems with less user interactions and time con-

a quick glance of a grayscale image. In order to
make this process possible for a colorization sys-
tem, recent research focuses on fully-automatic
colorization techniques. Ideally, an automatic col-
orization system takes grayscale images as input
and generates visually plausible color versions di-
rectly. This problem can be readily formulated
as a pixel-wise regression problem in computer
version and the effectiveness has been proven by
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Cheng et al. [16] and Dahl [17]. Over the past
few months, Larsson et al. [18] and Richard et
al. [19] both introduced classification based col-
orization frameworks built on deep convolutional
neural networks (DCNNs). In order to produce
colorization results with higher saturation and fi-
delity, they both learned pixel-wise labeling mod-
els over discrete color bins. Furthermore, Richard
et al. [19] applied class re-balance during training
and achieved state-of-the-art. Though significant
improvement has been made in [18, 19], there are
obvious drawbacks existing in maintaining color
consistency in homogeneous regions as well as in
precisely distinguishing colors near region bound-
aries. For example in Figure 1, in every set of
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Fig. 1: Comparison with leading method proposed by Richard et al. [19]. In every set of three images,
(a): Top-1 color prediction result by Richard et al. [19]; (b): Final result of Richard et al. [19] by calcu-
lating the expectation over color bins; (¢): Our result which improves spatial consistency using CRF and
chromatic resolution by color transform CNN.

three images, (a) shows the top-1 color predictions
produced by [19]. Inconsistent color assignments
can be commonly observed even in simple images
with single object and uncomplicated background.
Furthermore, poor localization of object bound-
aries often leads to color bleeding. Hence, even
though the color prediction for major parts of im-
age are correct, people can easily discover unre-
al colorization from such phenomena. Obviously,
such existing shortages reveal that high quality au-
tomatic coloriztion remains a challenging task.

In this paper, we propose a novel pipeline
which aims to improve the spatial coherence and
boundary localization in colorization. Fully con-
nected conditional random field (CRF) has been
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widely used to improve the spatial accuracy in
general DCNN based image labeling tasks, such
as semantic segmentation, in which inputs are usu-
ally color images. However, colorization models
only take grayscale images as input without any
chromatic information, making it extremely hard
to capture edge details and local consistency for
a fully-connected CRF. To address this problem,
we present a boundary-guided local CRF which
is capable of improving pixel-wise color label-
ing results of DCNNs. Since the ultimate goal
of colorization is to predict suitable color values
for each pixel instead of fixed color category, one
essential step at the end is to infer continuous val-
ues from labeling result. Current colorization sys-
tem simply calculates the expectation [19] or takes
the median value [18] over histogram bins. How-
ever, as shown in column (b) of Figure 1, such
method brings no improvement but a blurry effec-
t. In this paper, we introduce a color transform
CNN to learn a better inference. As shown in col-
umn (c¢), our final results achieve significantly im-
proved quality both locally and globally.

We further introduce two novel evalua-
tion schemes to automatically evaluate coloriza-
tion quality in terms of regional consistency
and boundary localization respectively on large
datasets.

In summary, our contributions in this paper
can be summarized as follows:

e We introduce a novel automatic coloriza-
tion framework based on DCNN. With a
boundary-guided local CRF and a color
transform CNN as post-processing steps,
our system is not only capable of capturing
detailed edge information from grayscale
images to facilitate better color labeling, but
also learns a mapping from labeling results
valued in fixed color bins to final color val-
ues;

e We develop two novel schemes for efficien-
t quality evaluations through large numbers
of automatic colorization results. Our pro-
posed evaluation schemes reflect human’s

common preference for high quality col-
orizations. Experimental results illustrate
our colorization method achieves much bet-
ter performance than previous methods un-
der both evaluation schemes.

2 Related work

We review recent automatic colorization sys-
tems and existing evaluation criteria in this sec-
tion.

Automatic colorization Fully automatic col-
orization could be formulated as a pixel-wise pre-
diction problem which is targeted at transform-
ing one gray image to its color version. Cheng
et al. [16] first attacked this problem by exploring
a combination of different levels of handcrafted
features for each pixel. They attempted to predic-
t chromatic values using neural network with L,
regression loss. Recently, end-to-end deep CN-
N features demonstrate considerably superior per-
formance than traditional handcrafted ones in ex-
tensive vision tasks [20-26]. Hence it is not sur-
prising with state-of-the-art deep CNN architec-
tures, Dahl [17] obtained better results than [16]
even though the loss function is still L, regres-
sion. lizuka et al. [27] generated promising re-
sults on scene centered photographs through tak-
ing advantage of a two steam DCNN architecture
where a joint training strategy is used to fuse scene
classification cues. More recently, [18, 19] further
address the underlying label uncertainty problem
in automatic color prediction by formulating col-
orization as a pixel-wise labeling problem instead
of regression. Typically, they first divided color
space into discrete bins and then trained a DCN-
N to predict the probability distribution over bin-
s. Their DCNN architectures are close in spirit:
Larsson et al. [ 18] use hyper-columns [28] of mul-
tiple feature maps while Richard et al. [19] adopt
dilated convolutions [29] and layer concatenation.
In addition, Richard et al. [19] figure out the prob-
lem of extremely unbalanced distribution over col-
or bins through introducing class-rebalancing dur-
ing training which helps to boost the performance
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to the state-of-the-art.

Evaluation criterion The ultimate goal of
an automatic evaluation is to determine the con-
sistency of the generated colorization results with
human expectation. It’s a non-trivial task specially
because in most cases, there exist multiple reason-
able color schemes which appear to be both real-
istic and vibrant for one grayscale image. Though
each grayscale image in the testing set [18,19] has
corresponding color version as ground-truth, sim-
ply expecting exactly the same colorization result-
s as ground-truth is overly strict. Here we sum-
marise existing evaluation criteria for automatic
colorization systems.

Direct pixel-wise comparison:

- PSNR: Peak signal-to-noise ratio in RGB
color space. [16, 18]

- RMSE and Raw Accuracy: Root mean
square error in ab color space over all pixels.
[18,19]

- Rebalanced Raw Accuracy: Re-weight
the raw pixel distance inversely by color class
probability . [19]

Semantic interpretability:

- Image classification: Feed automatical-
ly colorizated images and corresponding ground-
truth images respectively to an off-the-shelf im-
age classifier which is trained on real color im-
ages. Compare their results in classification accu-
racy. [19]

User-assisted evaluation:

- Naturalness: Users are asked to answer
“Does this image look natural to you?” after ob-
serving each sample image within a limited time.
[27]

- Color Turing Test: One real image and
the recolorized counterpart are presented to par-
ticipants together, then ask them to point out the
fake one. [19]

Among existing evaluation criteria, evalua-
tion methods based on direct pixel-wise compari-
son expect same color values as ground-truth thus
they are overly strict. Moreover, it’s hard to prove
the consistency between image classification ac-
curacy and colorization quality. User involved
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studies directly reflect human’s observation but
are too costly when dealing with large dataset-
s. As far as we know, no existing criterion has
taken into consideration common artifacts like re-
gional inconsistency and color bleeding which are
widespread in current colorization models. To ad-
dress these limitations, we propose two novel e-
valuation schemes which consider regional incon-
sistency and color bleeding artifacts into quality
evaluation of colorization.

3 Algorithm

Our full pipeline can be formulated as a func-
tion F, which maps a single channel input image
X € RIXWXL 1o two color channels ab Y €

R7>*Wx2 in CIELab color space, where H, W are
spatial dimensions:

Y = F(X).

Denote Y as the ab channels of the ground-truth
color image. Y is expected to be close to Y dur-
ing the learning procedure. The overview of the
proposed pipeline is illustrated in Figure 2. It con-
sists of three main phases: an initial colorization
model, boundary-guided conditional random field
(CRF) and a color transform convolutional neu-
ral network (CNN). Firstly, the target grayscale
image is fed to a classification based colorization
model which generates a probability distribution
over discrete color bins for each pixel. Second-
ly, we calculate the unary term of CRF based on
the predicted probability distribution. When cal-
culating the pairwise affinity of CRF, we involve
boundary cues which are obtained by an off-the-
shelf boundary detector from input grayscale im-
age. With such boundary-guided CRF, we aim to
improve the spatial coherence of the initial label-
ing result. Subsequently, to infer final continuous
color values, we adopt a CNN to learn a transfor-
mation from discrete color bins to continuous col-
or values. In the reminder of this section, we will
elaborate three phases sequentially.
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Fig. 2: (a): Overview of our full pipeline for automatic colorization. (b): Example images of each phase

in our pipeline.

3.1 Initial colorization

To obtain a good initial prediction result over
color bins, we adopt a state-of-the-art deep col-
orization CNN [19] as our initial colorization
model. Following [19], we divide ab two dimen-
sional plane into () = 313 bins and learn a pixel-
wise classification model from input grayscale im-
age via deep CNN in an end-to-end manner:

where G denotes the deep CNN and P €
[0, 1]#*W*Q represents the predicted probabili-
ty distribution over color bins. Unlike in [19]
where the expectations over color bins are calcu-
lated as the final color values, we further adopt a
boundary-guided CRF to improve spatial coher-
ence in labeling result.

3.2 Boundary-guided CRF

Let ¢(7) be the expected color label for pixel
pi, and ID\W(Z-) be the probability of assigning color
label ¢(1) to pixel p;. H ;) can be predicted by
the initial colorization DCNN. The standard ener-
gy function of local CRF is defined as follows.

E((b) = Eunary + ryEpaim (1)
Z log Py,  (2)

where  Eypary =

Epair =Y, Y wiT(0(i),0(7), (3
i PiE€NK(p)
where wij:exp( H‘fl202fj||2>, 4)

F((0), 6()) = { Lot #000):

0, otherwise,

where Ny (,,) is a h x h neighborhood centered at
pixel p;, and fi represents the feature of pixel p; in
the target image.



_The unary term in Eq.2 is calculated based
on FP; 4(; while the pairwise term in Eq.3 models
the spatial coherence of current labeling scheme,
which is conventionally measured by the similari-
ty between neighboring pixels. By this probabilis-
tic graphical model, it is much desired to suppress
artifact color predictions in homogeneous regions
and keep color boundaries aligned with intrinsic
changes perceived from grayscale input. Howev-
er, due to the lack of chromatic values, f; and f;
become scalars thus the distance space of f; and
f; is seriously compressed compared with that in
color images. This significantly increases the dif-
ficulty in discovering detailed edges from an im-
age with only one gray channel. With this consid-
eration, we modify conventional pairwise affini-
ty in Eq.4 to Eq.6 to explicitly involve boundary
cues:

wij = min (exp (_ ||f12_o-éfJHg) ,(1 . gij)p>
(6)

where p is a constant and g;; represents the maxi-
mum boundary response value along the line seg-
ment between pixels p; and p;. To obtain salient
boundaries in grayscale images, we fine-tune the
model of state-of-the-art boundary detector HED
[26] using gray scale images and adopt an edge-
thinning operation.

7(9(i), (7)) = ll6(i) — ¢(7)I3 )

Furthermore, since class labels are coordinates in
a two-dimensional space spanned by a, b chromat-
ic channels, we model the relation between differ-
ent labels using the Euclidean distance shown in
Eq.7 instead of Eq.5. We obtain the color labeling
results by minimizing the energy function in Eq.1
using graphcuts [30]. In our implementation, we
set A = 0.5 and p = 10.
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Fig. 3: Architecture of color transform CNN.

As aforementioned, color labeling should not
be treated as the final result for colorization due to
the fact that realistic color images are composed of
large variety of color values in nearly continuous
space. Thus inferring continuous values from CR-
F labeling results is important for final coloriza-
tion quality. In this section, we introduce a CNN-
based color transform model accounting for final
color inference.

As shown in the last phase in Figure 2, pro-
posed color transform model takes CRF result im-
ages in RGB color space as input and outputs t-
wo transform parameter cubes for a, b chromatic
channels respectively. Compared with deep col-
orization network which consists of 22 convolu-
tional layers, our proposed color transform CNN
only requires 4 convolutional hidden layers which
slightly increases the computational complexity
but gains obviously better color inference result-
s than previous methods. The detailed architec-
ture of proposed color transform CNN is shown in
Figure 3 and Table 1. Specifically, first 3 hidden
layers are shared while the last layer contains two
separate branches for learning transform parame-
ter cubes of a,b color channel respectively. We
adopt the Parametric Rectified Linear Unit (PRe-
LU) [31] as the non-linear activation function be-
tween convolutional layers.

Let @ be the color transform CNN. Let Z,4,
and 7., represent the initial colorized image
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outputted by boundary-guided CRF in RGB and
CIELab color space respectively. We use U to
denote the feature extracted from Z;,;, in which
a quadratic color feature [I%,a?, b%,1 * a, * b, a *
b,1,a,b,1]7 is calculated for each pixel. There-
fore, U is a H x W x 10 dimensional feature cube,
where H, W are spatial dimensions of Z;,,. The
proposed color transform CNN can be formulated
as:

Q" = 9({61,02,0,},Z,4)
Q" = ®({01,02,0,}, L)

where Q® and Q° are H x W x 10 dimension-

al color transform parameter cubes for channel

a, b respectively. O, O, represent the weights of

first two convolutional layers while ©,, ©, are the

weights of last layer for channel a, b respectively.
The loss function is defined as follow:

| H W10
L= 3 Z Z[(Z Q: ;Ui — Y5)?
i k=1

J
10

+0) QUi — Y1)
k=1

where Y and Y represent a,b channels of
ground-truth color image respectively. We imple-
ment this color transform CNN based on the pop-
ular open source framework Caffe [32] and solve

- B e < ‘ T‘, _ (i
Fig. 4: Colorization results with and without CNN-based color transform. (a): Color labeling results
from CREF. (b): Colorization results from color transform CNN.

the energy minimization using standard stochas-
tic gradient descent with learning rate 0.001 and
weight decay 0.0005;

Layer Kernel Stride Dilation Outputs
data 3
convl 3 1 1 512
conv2 3 1 1 512
conv3 1 1 1 256
conv4_a/b 1 1 1 10

Table 1: Color transform CNN architecture.

Figure 4 shows examples of our colorization
results with or without applying CNN-based col-
or transform. The comparison shows CNN-based
color transform infers continuous chromatic val-
ues from discrete labeling results without signifi-
cantly shifting color values, making our final col-
orization more natural and realistic.

4 Spatial-consistency evaluation

In this section, we introduce two novel evalu-
ation schemes to efficiently measure color consis-
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tency and boundary contrast consistency in gener-
ated colorful images.

4.1 Regional color consistency

Regional color consistency is one of the key
factors for plausible colorization results. In real
color images, different levels of chromatic varia-
tions can be observed in variant semantic region-
s: some regions are visually homogeneous while
others may contain textures or be photographed
under complex lighting environment. Though not
knowing about the ground-truth, people can ef-
fortlessly judge unreal colorization once capturing
inconsistent colors in homogeneous regions. Such
observation indicates that measuring color varia-
tions in homogeneous regions is a promising strat-
egy for evaluating colorization quality. Based on
this, we propose to evaluate colorization quality
by sampling a pixel group in each homogeneous
region then calculating its color variation.

One example of the proposed evaluation
scheme is shown in Figure 5. For each testing im-
age, the ground-truth color version is transformed
to CIE Lab color space, in which L dimension rep-
resents lightness and a, b represent color-opponent
dimensions. We first perform graph based seg-
mentation [33] to generate superpixels. Note that
in order to weaken the interference of lightness
variations, graph based segmentation is operated
on pixelwise color vectors f,. = [kx*[, a,b]” where
k is used for controling the weakening degree of
L channel. We collect one representative pixel
which is spatially closest to its centroid, from each
superpixel. Due to large color variation in the w-
hole image, it is unreasonable to directly calcu-
late color consistency over all representative pix-
els. Thus, we merely evaluate on pixel groups
which locate in homogeneous regions.

J. Comput. Sci. & Technol., Mon.. Year, ,

Fig. 5: One example of color consistency evalua-
tion. (a): Ground-truth color image; (b): Super-
pixels generated by graph based segmentation on
pixelwise color vectors f. = [k * [,a,b]T (shown
in random colors); (c): Hierarchical image seg-
mentation results (shown in random colors); (d):
Selected point group for consistency evaluation
(shown in blue asterisks); (e): State-of-the-art col-
orization result by [19], " = 7.91; (f): Our result,
o" = 1.43.

Subsequently, we perform a fast hierarchi-
cal segmentation using MCG [34] to each ground-
truth image and discard small segments which are
below the average spatial size. In each remaining
segment, we select one group from representative
pixels with identical color value that is closest to
the mean value of this segment in ab channels. We
further discard pixel groups which contain fewer
than S, pixels. Finally, repeat the same selection
scheme for all testing images, thus obtaining all
pixel groups.

We denote the ith pixel group in image j as



Wei Zhang et al.: Colorization with improved spatial coherence 9

G;. Our regional color consistency evaluation is
defined as follow:

1L 1 &
We =37 25, 2
7j=1 =1

Tij

1
~ b S~ o2
where 0¢;; = \/P'» E (€ — He,i)?,
7/7]
p

1€Gij

= Oaij + Obij

- 1 ~
Heig = 5 Z ¢y C€{a,b}

b peGy;

where . ; ; denotes the standard deviation of pixel
group G;; in channel a (or b) in the generated col-
orization image j. P, ; denotes the pixel number
in group G;; and ¢,, is the color value of pixel p;
in a (or b) channel. M is the number of total test-
ing images and N; is the number of pixel groups
in image j. We use £ = 0.3 and S, = 10 in our
evaluation.

4.2 Boundary localization

Poor color discrimination along boundaries is
another key factor which leads to the unreality of
the generated colorization results. For example,
image (c) in Figure 6 shows the generated col-
orization result of [19]. This model predicts suit-
able color for dog, sofa and carpet respectively but
color bleeding across boundaries can be observed,
e.g. colors for the dog bleeds over its boundary.
Hence, we propose another approach to evaluate
colorization quality in terms of boundary localiza-
tion.

Figure 6 illustrates one example of our
boundary localization evaluation scheme. For
each ground-truth color image, we obtain its
boundary map via HED [26] boundary detector,
then threshold the resulted boundary map by 0.5
followed by an edge thinning operation. We sub-
sequently divide boundaries into short sections us-
ing a boundary subdivision method [34] which in-
volves a recursive boundary breaking procedure.
Among the results, boundary sections with less
than S, pixels are not considered. Afterwards, for

each pixel located on resulted boundary sections,
we sample r pixels along the local boundary nor-
mal on both sides. In this way, two pixel groups
are sampled on both sides of each selected bound-
ary section. We calculate the variation of the ¢-th
boundary section as bellow,

OL; =O0Lja T OLib
OR; = ORj,a T OR,ib

0; =0Li; T ORy

where o1, ; and op; represent the stand deviation
of selected pixel group from left and right hand
side of boundary section ¢. The subscript a, b de-
note color channels in Lab color space respective-
ly. We further filter out boundary sections with
large variations by setting a low threshold 7%, for
0;. Resulted boundary sections and sampled pixel
groups on both sides provide the target locations
for evaluation.

Finally, we define a localization evaluation
criterion by calculating the color variation in col-
orized images according to target evaluation loca-
tions:

j=1 9 =1

where N; denotes the number of boundary
sections selected in image 7 and M denotes the
number of images for evaluation. We set .S, = 10
,7 =10 and T§;; = 50 in our evaluation.
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Fig. 6: One example of color bleeding evalua-
tion. (a): Selected boundary sections for evalua-
tion from ground-truth color image; (b): Selected
pixel groups (shown in green color) on both sides
of boundaries; (c¢): state-of-the-art colorization re-
sult by [19]; (d): Our result.

5 Experimental results

5.1 Experimental settings

We use the same dataset as in [19]: all the
training images (around 1.3M) in ImageNet [35]
are used as our training data, while the first 2k and
last 10k images in the validation set of ImageNet
are used as validation and testing data respective-
ly in our experiments. For each testing image, it
takes around 5 seconds to calculate the CRF label-
ing result and less than 1 seconds for all remaining
steps in our proposed pipeline using a Nvidia Ti-
tan X GPU.

Since single evaluation criterion is not ad-
equate for a comprehensive measurement of the
colorization quality, we use multiple criterions to
draw an overview of colorization results. Besides
the proposed evaluation methods for color consis-
tency and color bleeding, we further adopt the raw
accuracy measure method [19] to provide a pixel-
wise comparison with the corresponding ground-
truth color images.

J. Comput. Sci. & Technol., Mon.. Year, ,
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Fig. 7: Compare rebalanced Euclidean distance in
ab color channels. A sub-figure that locates in the
up-right corner shows the enlarged curve.

We employ the rebalanced variant of the AuC
(area under curve) CMF (conditional mass func-
tion) metric [19] for a raw accuracy evaluation.
This measurement first calculates the rebalanced
pixel-wise Euclidean distance in ab color chan-
nels between colorized image and its correspond-
ing ground-truth color image. Then the curve
is formed by calculating the percentage of pixel-
s within certain distance from 0 to 150. Hence,
higher AuC score indicates smaller distance be-
tween colorization results and ground-truths. The
evaluation results are shown in Figure 7. As
shown in Figure 7, except [17] and grayscale im-
ages, the AUC score of all the other three meth-
ods(including ours) are almost equal, with varia-
tion within 0.5%. So we conclude that regional
color inconsistency and color bleeding phenome-
na, which apparently bring great visual defect, can
not be reflected under the AuC metric. A visual
comparison is demonstrated in Figure 9 and 10.

5.3 Consistency evaluation results

Following the proposed point group selection
scheme introduced in section 4.1, 5525 images are
selected from testing images for evaluation. Then
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our proposed color consistency measurement is
performed on locations of selected pixel groups in
each testing image.

Name W,
Dahl [17] 3.71
Tizuka et al. [27] 3.16
Richard et al. [19] 6.54
Ours without color transform  2.84
Ours full pipeline 2.63

Table 2: Color consistency evaluation results.

Table 2 lists the evaluation results using pro-
posed criterion. As shown in the table, our col-
orization results significantly achieve the lowest
color variations in homogeneous regions when
compared with other leading colorization method-
s. Besides, we observe that the CNN-based col-
or transform slightly improves the regional color
consistency, although it is not initially designed
for this purpose. This can be understood from
the additional spatial smoothness that CNN-based
color transform introduces.

5.4 Boundary localization evaluation results

Based on the proposed selection criterion in-
troduced in section 4.2, 21156 boundary sections
are selected for our color bleeding evaluation. The
results of quantitative measurement on the select-
ed boundary sections is illustrated in Table 3.

Name W,
Dahl [17] 5.20
lizuka et al. [27] 5.50
Richard et al. [19] 8.57
Ours without color transform 5.33
Ours full pipeline 5.16

Table 3: Boundary localization evaluation results.

Table 3 reveals that our colorization results
give rise to much smaller chromatic variations on
both sides of selected boundary sections. Mean-
while, we also observe CNN-based color transfor-
m slightly benefits boundary localiztion.

In general, our method achieves significant
improvement in colorization quality by enhancing
regional color consistency and eliminating color
bleeding.

5.5 User study

In order to evaluate the colorization results
quantitatively, we perform a user study. The user
study is conducted by showing a pair of colorized
images at a time, which are generated from one
grayscale image using our proposed method and
Richard et al. [19] respectively. The user is asked
to choose ”Which image looks more natural to y-
ou?” after comparing the two results. Unlike the
user studies in Richard et al. [19] and lizuka et
al. [27], which only allow users to take a quick
glance of each image pairs, we do not limit the
time for each comparison and encourage users to
combine their gut feeling with detailed observa-
tions. Besides, we provide a third option ”Hard to
decide” for each comparison in case users could
not decide their preference. We invite 16 different
participants in our user study, each shown 40 pairs
of different images. All images are randomly cho-
sen from testing dataset and randomly shown on
the left or right hand-side to avoid bias.
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I Ovurs is better
[ Hard to decide
I Richard et al.[19] is better

18

Fig. 8: Results of user study. We compare
our method and a state-of-the-art method from
Richard et al. [19] in terms of naturalness. The
X-axis is the user ID while the Y-axis is the num-
ber of image pairs.

Figure 8 shows the result of the user study.
We can see our method receives more user’s satis-
faction than state-of-the-art colorization method.
Besides, during our user study, several partici-
pants mention that they clearly decide their prefer-
ence by capturing the color bleeding phenomena,
which is consistent with our proposed evaluation
schemes.

6 Conclusion

In this paper, we propose post-processing
steps for automatic image colorization, which in-
volve a boundary-guided CRF and a CNN-based
color transform model. Extensive experimental
results demonstrate that our proposed methods
greatly improve the colorization quality compar-
ing with current leading methods. To prove the
effectiveness of our proposed methods, we further
introduce two novel evaluation schemes to quanti-
tatively measure the quality of automatically col-
orized images in terms of color consistency and
boundary localization.
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Fig. 9: Comparison with leading automatic colorization methods. (a): Dahl 2016 [17]; (b): lizuka et
al. [27]; (¢): Richard et al. [19]; (d): Ours; (e): Ground-truth;
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Fig. 10: Comparison with leading automatic colorization methods. (a): Grayscale input; (b): Dahl 2016;
(c): lizuka et al.; (d): Richard et al.; (e): Ours;



