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Abstract: The image-to-image translation is one of the deep learning applications using image data. In
this paper, we aim at improving the performance of object transfiguration which transforms a specific
object in an image into another specific object. For object transfiguration, it is required to transform
only the target object and maintain background images. In the existing results, however, it is observed
that other parts in the image are also transformed. In this paper, we have focused on the structure of
artificial neural networks that are frequently used in the existing methods and have improved the
performance by adding constraints to the exiting structure. We also propose the advanced structure that
combines the existing structures to maintain their advantages and complement their drawbacks. The
effectiveness of the proposed methods are shown in experimental results.
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[Fig. 1] Cycle-GAN: There are two domains (A, B) to perform
object transfiguration, and a pair of generator and discriminator
for learning transfiguration from each domain to a relative
domain. Cycle-consistency loss is caused by the difference
between the real image and the reconstructed image transformed
back into original domain
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[Fig. 2] Input-residual: We added the connection to make a
result by adding the input and output of the generator. This
constrains the object transfiguration to be performed through
mask generation
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[Fig. 3] Residual-net: The composition of the residual-net can
be roughly divided into an encoder, a decoder, and a
transformer. Among them, the residual block is used as a
transformer
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[Fig. 4] U-net: U-net compensates for the loss of spatial
information by concatenating the information of the encoder.
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[Fig. 5] w-net: U-net, which has advantage in terms of
encoding-decoding, is used as a basic skeleton, and we
supplemented the concept of transformation by adding a
residual block between the encoder and the decoder.
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0<AE, <1 Observer does not notice the difference.
1<AB, <2 iny experienced observer can notice the
difference.
U ienced observer also notice the
1< AE, <35 Inexperi
difference.
35<AE, <5 Clear difference in color is noticed.
5<AE, Observer notice two different colors.

[Fig. 6] Input-residual: The leftmost image[é] is the input image,
and the second image is the result of object transfiguration
through residual-net. The third image shows the mask generated
by the generator after connecting input-residual to residual-net.
This mask is added to the input image and the fourth image is
the final result. We can see the background is better maintained
with input-residual

[Fig. 7] Residual-net vs. w-net: These are some examples of
comparing the results of residual-net and w-net. Input-residual is
applied to both neural networks. In residual-net, we can see through
the second column images that background noise is still generated
even though input-residual is applied. In third column images, we
can see this tendency is relatively improved by w -net

[Fig. 8] U-net vs. w-net: These are some examples of comparing
the results of u-net and w-net. Input-residual is applied to both
neural networks. In u-net, there are some examples that do not
transfigurate well like the second column images, while we can see
these examples can be transfigurated well by w -net (third column
images)
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[Fig. 9] This graph shows the result of evaluating background
maintenance for each structure through the metric presented in
this paper. In all three structures, we can see that the background
maintenance are improved through input-residual. Here, the
combination of u-net and input-residual shows the highest
performance, but there is a problem that the transfiguration is
relatively insufficient ([Fig. 10])

[Fig. 10] U-net's failure case: The combination of u-net and
input-residual shows the best performance in the background
maintenance, but there is a problem that the transfiguration is
relatively insufficient as in third column images.
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