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Abstract. In video surveillance application, grayscale image often influences the image processing results. In order to
solve the colorization problem for surveillance images, this paper propose a fully end-to-end approach to obtain a
reasonable colorization results. A CNN learning structure and gradient prior are be used for chromatic space inferring.
Finally, our experimental results show our advantage.

1 Introduction
Image colorization is the process of adding colour to
grayscale image. Because of lacking of prior colour
information，image colorization is an ill-posed problem
which is intractable to solve. And, colour propagation
across different image semantic region is often produced
during image colorization. How to obtain a reasonable
colour for a grayscale image is a challenging problem.
For the image surveillance application, a lot of network
cameras produce many grayscale images, which greatly
affect image application such as tracking, recognition etc.
Traditional colorization approaches include scribblebased and non-scribble based way. In scribble-based
methods, many strategies are proposed such as
optimization-based, geodesic distance based, texture
similarity based and texture classification colorization etc.
[1-10] Non-scribble colorization often utilizes colours of
reference image and transfers the target colour to input
image. For this way, colour mapping functions between
reference image and target image is computed. Moreover,
supervised learning scheme is also exploited for predict
low-level features. In this paper, our algorithm is
implemented on Lab colour space. For a given
illumination, we try to infer the a and b colour channels
of input images based on a convolutional neural networks.
[11-13]
In the rest part of this paper, CNN-based colorization
scheme will be introduced in section 2. Experimental
results are provided in section 3. And finally section 4
concludes the paper.

2 Proposed algorithm
We use a VGG network with repeated conv, ReLU and
BatchNorm layers. In our algorithm, pooling is not
adopted in the network. Image resolution transformation
is obtained by downsampling and upsampling. Inspired

by Zhang’s method [9], we build a more reasonable
object function to getting plausible colours. For a given
^

^

illumination L, we try to learn a mapping I  F ( L) , I
represents the colour probability distribution in ab colour
space. Here, a cross entropy loss function is provided as
following,
^

Loss( I , I )   W  I  log( I )

(1)

Where, W is a weighting coefficients of gradient
probability distribution. A Gaussian kernel is used for
computing final weighting coefficients. After we get the
colour probability distribution by an end-to-end training,
we use a point estimation to obtain final colour value C
as following,
Ca,b 

exp(log( I ) / V )
 exp(log( I ) / V )

(2)

Where, V is regularization controlling parameter.

3 Experiments
In this section, different colorization results are
demonstrated. Our training database is close to 1M
surveillance images.
Figure1 shows a colorization example using our
algorithm. Figure1(a) and Figure 1(b) are original
grayscale images. And, Figure 1(c) and Figure 1(d) are
the colorization results. It can be seen that our method
performs a good colorization, which closes to real
surveillance scene. Figure 2 is another example, which
also illustrate our advantage. In our last example, school
bus and kindergarten are shown as following. From all of
the experimental results, the colour of results can not
show variability comparing with real application. This
will be solved in our future work.
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Figure 1. The effect of colorization for surveillance images. a
and b are grayscale images, c and d are colorization results.

(d)
Figure 2. The effect of colorization for surveillance images. a
and b are grayscale images, c and d are colorization results.
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Figure 3. The effect of colorization for surveillance images. a
and b are grayscale images, c and d are colorization results.

4 Conclusions
In this paper, we presented a CNN-based self-supervised
colorization method inspired by gradient prior fused endto-end training. Experiment results demonstrate the
benefits of colour probability weighting colorization.
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