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Abstract: CycleGAN domain transfer architectures use cycle consistency loss mechanisms to enforce
the bijectivity of highly underconstrained domain transfer mapping. In this paper, in order to
further constrain the mapping problem and reinforce the cycle consistency between two domains, we
also introduce a novel regularization method based on the alignment of feature maps probability
distributions. This type of optimization constraint, expressed via an additional loss function, allows
for further reducing the size of the regions that are mapped from the source domain into the same
image in the target domain, which leads to mapping closer to the bijective and thus better performance.
By selecting feature maps of the network layers with the same depth d in the encoder of the direct
generative adversarial networks (GANs), and the decoder of the inverse GAN, it is possible to
describe their d-dimensional probability distributions and, through novel regularization term, enforce
similarity between representations of the same image in both domains during the mapping cycle.
We introduce several ground distances between Gaussian distributions of the corresponding feature
maps used in the regularization. In the experiments conducted on several real datasets, we achieved
better performance in the unsupervised image transfer task in comparison to the baseline CycleGAN,
and obtained results that were much closer to the fully supervised pix2pix method for all used
datasets. The PSNR measure of the proposed method was, on average, 4.7% closer to the results of
the pix2pix method in comparison to the baseline CycleGAN over all datasets. This also held for
SSIM, where the described percentage was 8.3% on average over all datasets.

Keywords: CycleGAN architecture; feature map regularization; image-to-image domain translation

MSC: 68T07; 68T10; 68T45

1. Introduction

Analogous to automatic language translation, the task of image-to-image domain
translation is to transfer images from one domain to another, preserving at the same time
the content from the original images. For example, photographs could be transferred
to drawings or presented in the style of a famous painter, winter landscapes could be
transformed into summer landscapes and vice versa, while the training itself could be
supervised using pairs of one-to-one matched image representations from both domains,
or unsupervised, using any two images from the source and target domain. Image transfer
found its applications in various image processing tasks, computer graphics, computer
vision, and many other areas, including semantic image synthesis [1–5], style transfer [6–8],
image imprinting [9–11], and image super-resolution [12,13].

Concerning the supervised training scenario, image-to-image domain translation
is mostly conducted using conditional generative adversarial networks (cGANs) [14], a
supervised extension of the concept of generative adversarial networks (GANs) [15], which
uses paired image datasets. The concept was originally proposed in [16] in the form of the
so-called pix2pix algorithm, and further expanded in [17–19]. GANs have found numerous
applications related to generating synthetic datasets, including complex image data such
as multispectral images, as recently presented in [20]. Regardless of its efficiency, there
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are still some drawbacks, such as the inability to capture the structural relationships of
complex scenes through a single translation network, e.g., in the case when two domains
have drastically different views. More importantly, for most real-world domain transfer
tasks, the number of paired training images is seriously restricted [21,22]. In [5], the authors
used the CycleGAN network architecture consisting of two GANs, the first transferring
from the source to the target domain, and the second transferring from the target to the
source domain. The problem arose as the introduced transforms, i.e., mappings were
highly underconstrained. It was resolved by introducing the cycle consistency loss, which
constrains the training so that the mapping does not deviate from bijectivity to a greater
extent. Such a constraint is very efficient in preserving semantic information and important
content of data, not just images in the task of image-to-image domain translation [5],
but also other data types in emotion style transfer [23], speech enhancement [24], voice
conversion [25], image dehazing without paired image data [26], and various other tasks.
The cycle consistency loss used in [5] enforced the bijectivity of the network mappings by
introducing a penalty term into the cost function. Besides the usual unpaired CycleGAN
architectures, a hybrid approach in the form of conditional CycleGAN was also presented
recently in [27].

The term was given in the form of l1 norm between the input image from the source,
i.e., the “left” domain and the cycling image obtained by performing the composition of
“left” to “right”, i.e., the target domain, with “right” to “left” mappings, and vice versa,
averaged by the overall number of image samples.

The idea and thus the novelty behind this paper are the following:

• We impose an additional feature-map-based cycle consistency loss to the overall
optimization objective by introducing similarity measures between probability density
functions (PDFs) modelling the statistics of the feature maps corresponding to “left” to
“right” and “right” to “left” convolutional neural network (CNN) GANs where feature
maps belong to the same level, i.e., a layer in the CycleGAN network architecture.
Thus, an additional cycle consistency type of penalty term in the form of a similarity
measure between PDFs is introduced in the overall cost function. Namely, we compare
the distributions built upon the feature maps in the first network layer of the “left” to
“right” GAN generator (its encoder) and the feature maps in the last network layer
of the “right” to “left” GAN generator (its decoder) in order to achieve the transfer
between the two domains that would be closer to bijective mapping.

• We apply various statistics-based measures and Riemannian-metrics, i.e., geodesic
ground distance measures between the mentioned PDFs, where we impose the as-
sumption that the PDFs are of the Gaussian type. As there exists an embedding of
Gaussians into the cone, i.e., the Riemannian manifold of the symmetric positive defi-
nite (SPD) matrices, it is possible to apply various ground distance measures between
the mentioned SPD matrices. A chosen ground distance is then minimized as the term
in the overall network cost function during the training phase.

This novel approach is called Feature Map Regularized CycleGAN (FMR CycleGAN).
As the number of feature maps, i.e., the depth of the corresponding convolutional network
layers in the direct and the inverse GAN generators, is the same, we used this exact
dimension, denoted by d, as the one over which the feature vector observations are defined,
and the parameters of the two multivariate Gaussian distributions from the proposed
penalty function are estimated for each input sample in the training set. Such feature-
map-based cycle consistency showed good performance throughout the experiments over
different datasets.

The paper is organized as follows. In Section 2, Section 2.2 the architecture of the
baseline CycleGAN network is described and explained. In Section 2.3, various ground
distances between Gaussians modelling the statistics of the feature maps, i.e., the corre-
sponding SPD matrices, are presented and subsequently utilized as an additional term in
the overall cost function. The proposed FMR CycleGAN method is introduced in Section 2.4.
In Section 3, experimental results are presented, proving that the proposed approach ob-
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tained significantly better results than those of the baseline CycleGAN method presented
in [5] and even close to the fully supervised pix2pix method proposed in [16], on three
different datasets. In Section 4, conclusions are drawn. In order to ease the exposition, in
the Appendix A we introduce the list of symbols used in the text.

2. Materials and Methods

In this section, we describe the baseline CycleGAN and the proposed FMR CycleGAN
method, and introduce various ground distances between d-dimensional Gaussians, i.e.,
SPD matrices examined in the paper. Before that, we also discuss some related works.

2.1. Related Works

In general, image-to-image domain translation tasks can be solved in an unsupervised
or supervised manner, and in a semisupervised setting. This implies that, in the case
of supervised methods such as pix2pix [16], DRPAN [17], SPADE [1], or ASAPNet [28],
generative models are trained on a set of paired images from the “left” and “right” domains,
i.e., paired images corresponding to the same content. On the other hand, unsupervised
methods such as UNIT [29], CycleGAN [5], DiscoGAN [30], CoGAN [31], or SimGAN [32]
learn the corresponding mappings by using sets of unpaired images from the two domains.
In the CycleGAN framework, this is accomplished by employing a cycle-consistency
objective that enforces closeness between the original image and the one obtained by a full
cycle of mappings, from the “left” to the “right” domain and backwards.

The proposed method belongs to a class of unsupervised approaches that expand
the original CycleGAN framework, which was modified and applied in various tasks
described in [23–26]. The general problem of unsupervised approaches is that the learned
models usually implement one-to-many mappings, which is less favorable in terms of
domain translation in comparison to the supervised methods that are from the beginning
constrained to learn one-to-one mappings. Recently, there have been some efforts to
improve the performance of unsupervised methods by introducing the regularization of the
adversarial objective, which is the part of the overall cost function in all CycleGAN-based
learning frameworks. Thus, in [33], the authors proposed a novel regularization of the
adversarial objective that penalized the sensitivity of the discriminator in the CycleGAN.
This is achieved through stochastic data augmentation function that perturbs the images,
but in a semantics-preserving manner. In contrast to this type of regularization that targets
the adversarial objective and aims at improving the stability of discriminators (by forcing
them to be invariant to randomly augmented data), the proposed approach introduces
novel-feature-based regularization in the cycle-consistency objective, which results in an
alignment in the feature space. A detailed overview of image-to-image translation methods
was also recently given in [34].

2.2. Baseline CycleGAN Approach

Generative adversarial networks were proposed in [15] as a ground-breaking method
of nonparametrically learning the true data distribution. In an adversarial framework, the
discriminator network D is trying to discriminate between the samples generated by the
generator network G and the ground truth observations. The generative neural network
model implementing the generator G describes the true data distribution, and during
the model training, it learns to confuse the discriminator. Thus, the discriminator and
the generator models compete in order to reach the Nash equilibrium expressed by the
mini–max loss of the training procedure, where the optimization problem is given by:

min
G

max
D

Ex∼p(x) ln[D(x)] +Ez∼p(z) ln[(1− D(G(z)))], (1)

where p(x) represents the true data distribution, while the latent variable z is sampled
by the distribution p(z). Ex∼p(x) corresponds to mathematical expectation with respect
to p(x).
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CycleGAN was designed to capture the special characteristics of one image collection
and establish how these could be translated into another image collection in the absence
of any supervisor, i.e., paired training samples, as using those is not just difficult, but also
expensive in terms of the labelling effort that has to be employed.

Let us denote the source, i.e., the “left” domain by X and the target, i.e., the “right”
domain by Y. In [5], the authors proposed invoking the cycle consistency loss to the overall
loss function using two domain translators in the form of GANs in domainwise mutually
opposite directions, L : X → Y and M : Y → X, thereby encouraging both mappings F and
G to be “close” to bijection, i.e., M(L(x)) ≈ x, and L(M(y)) ≈ y, and thus compensating
the lack of paired data samples. If the mappings L and M are implemented by the generator
networks GX→Y and GY→X, respectively, and the discriminators in the domains X and Y
are implemented by neural networks DX and DY, respectively, we obtain the following
adversarial objectives:

Ladv(GX→Y, DY) = Ey∼pY(y)[ln DY(y)] +Ex∼pX(x)[ln(1− DY(GX→Y(x)))], (2)

Ladv(GY→X , DX) = Ex∼pX(x)[ln DX(x)] +Ey∼pY(y)[ln(1− DX(GY→X(y)))], (3)

and the cycle-consistency objective:

Lcyc(GX→Y, GY→X) = Ex∼pX(x)[‖GY→X(GX→Y(x))− x‖] (4)

+ Ey∼pY(y)[‖GX→Y(GY→X(y))− y‖], (5)

making the full objective be given by:

LCycleGAN(GX→Y, GY→X , DX , DY) = Ladv(GX→Y, DY) + Ladv(GY→X , DX)

+ λcycLcyc(GX→Y, GY→X), (6)

where λcyc controls the relative importance of the objectives.

2.3. Ground Distances

In this subsection, we present the ground distances between d-dimensional Gaussians:
f = N (x; µ1, Σ1) and g = N (x; µ2, Σ2), i.e., SPD matrices, used in our experiments. Sym-
bol N denotes Gaussian or normal multivariate distribution. Besides Euclidean-based
distances, l2-based distance is given by:

dl2( f , g) = ‖Σ1 − Σ2‖F + η‖µ1 − µ2‖l2 , (7)

and robust l1-based distance given by:

dl1( f , g) = ‖Σ1 − Σ2‖l1 + η‖µ1 − µ2‖l1 , (8)

where ‖ · ‖F is the Frobenius norm defined for A = [aij] ∈ Rm×n as ‖A‖F =
√

∑m
i=1 ∑n

j=1|aij|2,

‖ · ‖l2 is l2 and ‖ · ‖l1 is l1 (robust) norm in Rd, and η > 0, the ground distances between d-
dimensional Gaussians could also be divided into two categories: statistics-based distances
and Riemannian manifold-based distances.

Statistics-based distances employ information similarity measures between Gaussians
considered to be as PDFs. There are various statistics-based distances used in the literature,
such as the Chernoff divergence given in [35], Bhattacharyya divergence described in [36],
or the Kullback–Leibler (KL) divergence presented in [37]). The latter is often adopted to
compute the similarity between two probability density functions, especially in the case of
two Gaussian densities. KL divergence between two arbitrary PDFs f and g defined in Rd is
given by dKL( f , g) =

∫
Rd f (x) ln f (x)

g(x)dx. Moreover, there is a closed-form expression for the
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KL divergence between two arbitrary Gaussians f = N (x; µ1, Σ1) and g = N (x; µ2, Σ2),
given by:

dKL( f , g) =
1
2
(µ1 − µ2)

TΣ−1
1 (µ1 − µ2) +

1
2

(
Σ−1

1 Σ2

)
− d (9)

In our work, we used the symmetrized version of the KL divergence given by:

dKLsym( f , g) =
1
2
(dKL( f , g) + dKL(g, f )). (10)

Concerning the Riemannian manifold-based distances, the shape of the Gaussian (SoG)
transforms one Gaussian into a positive definite affine matrix through a positive definite
lower triangular affine transformation (see [38]). Unlike SoG, the Gaussian embedding (GE)
distance identifies each d-dimensional multivariate Gaussian as the SPD matrix P, defined
in the following way by expression (please see [39,40]):

f = N (x; µ, Σ) 7→ P = |Σ|−
1

d+1

[
Σ + µµT µ

µT 1

]
, (11)

where | · | denotes the matrix determinant. N (x; µ, Σ) denotes the d-dimensional multivari-
ate Gaussian distribution with centroid µ and covariance Σ. The cone of SPD matrices forms
the Riemannian manifold, where the log-Euclidean (LE) metric is imposed as the metric
tensor [41], forming the efficient geodesic distance invariant to similarity transformation
given by:

dle(P1, P2) = ‖ ln(P1)− ln(P2)‖F, (12)

for P1, P2 ∈ Sym++(d), where Sym++(d) is the cone of SPD matrices of format d × d.
Improved Gaussian embedding (IGE) distance introduces an additional balance parameter,
ν > 0, by inserting νµ instead of µ into (11), thus balancing between µ and Σ. The product
of Lie groups (PLG) [40] could be used as an alternative to (12), and for embeddings Pi,
i ∈ {1, 2} defined by (11), the PLG is defined as:

dplg(P1, P2) = θ
[
(µ1 − µ2)

T
(

Σ−1
1 + Σ−1

2

)
(µ1 − µ2)

]1/2
+ (1− θ)‖ ln(P1)− ln(P2)‖F, (13)

for mixing coefficient θ ∈ (0, 1). As shown in (13), the first term measures a type of
Mahalanobis distance between the centroids of multivariate distributions, while the second
term corresponds to the geodesic distance between the particular covariances using the
log-Euclidean distance.

2.4. Proposed FMR CycleGAN Approach

The standard cycle consistency objective term in (6), and given by (4) enforces the
bijectivity of mappings GX→Y and GY→X by imposing the robust l1 loss between the
original and transformed images obtained through composition with previously mentioned
mappings. Regularization is performed in the sense that there are no large regions in the
“left” and “right” domains that are mapped to the same image by mappings GX→Y and
GY→X , respectively. We propose adding an additional cycle consistency objective term that
performs a similar regularization of the overall objective, but this time in the feature map
domain.

Let us denote the first and the last feature map tensors in the GAN network generator
GX→Y by F( f ),x̂

X→Y ∈ Rm( f )×n( f )×d and F(l),x̂
X→Y ∈ Rm(l)×n(l)×d, respectively, when the sample

x̂ ∈ X is propagated. Let us also denote the first and the last feature map tensors in the GAN
network generator GY→X by F( f ),ŷ

Y→X ∈ Rm( f )×n( f )×d and F(l),ŷ
Y→X ∈ Rm(l)×n(l)×d respectively,

when the sample ŷ ∈ Y is propagated. In the general case of different neural network
architectures, the value of m( f ) in GX→Y can be different from m(l) in GY→X, and similar
also holds for n( f ) and n(l).
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However, we impose the condition that the third dimension of these feature map
tensors, denoted by d, is the same, as illustrated in Figure 1. We also assumed that the same
network architecture was used for mappings GX→Y and GY→X (in our particular case, we
used a generator network architecture proposed in [42]).

d







( )fm

( )fn

ˆ( ),f x

X YF 

ˆ( ),l y

Y XF 

( ) ( )l lm n d 

( ) ( )f fm n d 

ŷ Y

x̂ X ˆ( )X YG x

" " 

         

left domain

X

" " 

         

right domain

Y

ˆ( )Y XG y

ˆ( ),

,

f x

X Y vctF 

ˆ( ),

,

l y
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( ) ( )
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 
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ˆ ˆ )(X Yy G x

Figure 1. Illustration of feature map tensors forming and reshaping in order to generate necessary
d-dimensional observations for defining the proposed L f mcyc regularization term described in (18).

We can reformat F(q),x̂
X→Y and F(q),ŷ

Y→X , q ∈ { f , l} into matrices:

F(q),x̂
X→Y,vct =

[
f X→Y(q),x̂
1,1 | f X→Y,(q),x̂

1,2 , . . . | f X→Y,(q),x̂
m(q),n(q)

]
, (14)

and
F(q),ŷ

Y→X,vct =
[

f Y→X,(q),ŷ
1,1 | f Y→X,(q),ŷ

1,2 , . . . | f Y→X,(q),ŷ
m(q),n(q)

]
, (15)

where f X→Y,(q),x̂
i,j , f Y→X,(q),ŷ

i,j ∈ Rd, i ∈ {1, . . . , m(q)}, j ∈ {1, . . . , n(q)}, q ∈ { f , l}.
Feature map tensors in the “first” and the “last” layers of the CycleGAN generators,

and the process of obtaining corresponding matrices with d-dimensional feature vectors
(observations) by their reshaping are described in Figure 1.

Thus, we obtain the maximum likelihood (ML) estimates Σ(q),x̂
X→Y and Σ(q),ŷ

Y→X , q ∈ { f , l}
of covariances of unknown PDFs that render the d-dimensional observations (values in the
feature map tensors), i.e., ML estimates are based on the columns of matrices F(q),x̂

X→Y,vct and

F(q),ŷ
Y→X,vct, q ∈ { f , l}, respectively, by imposing the assumption that the underlying PDFs are

d-dimensional multivariate Gaussians. This is also shown in Figure 1, where it is graphically
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indicated that the shape of Gaussians depends on the content of the corresponding feature
map tensors. Therefore, it holds that:

Σ(q),x̂
X→Y =

1
m(q)n(q)

m(q)

∑
i=1

n(q)

∑
j=1

( f X→Y,(q),x̂
i,j − µ

(q),x̂
X→Y)( f X→Y,(q),x̂

i,j − µ
(q),x̂
X→Y)

T ,

Σ(q),ŷ
Y→X =

1
m(q)n(q)

m(q)

∑
i=1

n(q)

∑
j=1

( f Y→X,(q),ŷ
i,j − µ

(q),ŷ
Y→X)( f Y→X,(q),ŷ

i,j − µ
(q),ŷ
Y→X)

T , (16)

where

µ
(q),x̂
X→Y =

1
m(q)n(q)

m(q)

∑
i=1

n(q)

∑
j=1

f X→Y,(q),x̂
i,j ,

µ
(q),ŷ
Y→X =

1
m(q)n(q)

m(q)

∑
i=1

n(q)

∑
j=1

f Y→X,(q),ŷ
i,j , (17)

are obtained by propagating samples x̂ ∈ X and ŷ ∈ Y, and q ∈ { f , l}. On the basis of the
previous assumptions, we can now form the novel feature-map-based cycle consistency
objective term as follows:

L f mcyc(GX→Y, GY→X) = Ex∼pX(x)

[
dgd

(
f ( f ),x
X→Y, f (l),GX→Y(x)

Y→X

)]
+Ey∼pY(y)

[
dgd

(
f ( f ),y
Y→X , f (l),GY→X(y)

X→Y ,
)]

(18)

where dgd denotes some of the ground distances described in Section 2.3, making the full
FMR CycleGAN objective function be given by:

LFMRCycleGAN(GX→Y, GY→X , DX , DY) = Ladv(GX→Y, DY) + Ladv(GY→X , DX)

+λcycLcyc(GX→Y, GY→X) + λ f mcycL f mcyc(GX→Y, GY→X), (19)

where λ f mcyc > 0 is fixed. Concerning ground distances dgd, for the purpose of experiments,
we used Euclidian distance dl1 given by (8), statistics, i.e., information-based distance
dKLsym, given by (10), and Riemannian manifold-based distance dle, given by (12), together
with the embedding described in (13).

3. Results and Discussion

In this section, we deliver the network architecture details and experimental results
obtained by comparing the proposed novel FMR CycleGAN method with the baseline
CycleGAN proposed in [5] and the pix2pix method proposed in [16]. The results are
presented for several image datasets in the task of image-to-image translation, showing
the efficiency of the proposed domain transformation method in comparison to the above-
mentioned baselines.

For our experiments, we used the following datasets that were evaluated over the
corresponding image domain translation tasks: the CityScapes dataset within the semantic
photo2labels task [16,43], containing 2975 training image pairs and an additional 500 image
pairs in the test set (gtFine_trainvaltest.zip and leftImg8bit_trainvaltest.zip were used in
our experiments); the CMP Facade dataset within the architectural photo2labels task [16,44]
containing 400 training image pairs and an additional 106 image pairs used for evaluation
purposes; the Google Maps dataset within the aerial2map task [16] containing 1096 training
image pairs and an additional 1098 image pairs aimed for validation purposes. Images from
the last training set were selected among Google Maps images taken across the Manhattan
region of the city of New York (satellite images were used in pairs with the corresponding
Google Maps images).
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3.1. Network Architecture

Concerning the GAN architecture, for the main neural network architecture of the
GANs corresponding to generator networks GX→Y and GY→X, the original CycleGAN
architecture proposed in [5] was adopted. This architecture, which was also utilized in [24],
contains one stride-1 and two stride-2 convolutions that are followed by several residual
blocks and 2 fractionally strided convolutions with stride 1/2. The network consists of
6 blocks for 128× 128 images and 9 blocks for 256× 256 pixels and images with higher-
resolution. Instance normalization reported in [5,42,45] was also utilized. Since GANs
are adversarial models, the discriminator networks consist of 70× 70 PatchGAN network,
previously reported in [16,46]. Concerning the training details, the L2 loss approach
invoked in [5] was employed instead of the negative log-likelihood loss approach in (1),
as it was documented to be more stable. Moreover, as in [5], we used the history of
50 generated images to calculate the average score. We also used λcyc = λ f mcyc = 10 for
all our experiments. The size of the set of minibatches was always kept at m = 50. The
networks were initialized using a random distributionN (0, 0.02). All of the networks were
trained using the learning rate of η = 0.0002, which was kept constant during the first
100 training epochs and then linearly decayed to zero during the subsequent 100 epochs.

3.2. Evaluation Metrics

In the domain of image-to-image translation tasks, the evaluation of the quality of
synthesized images is still an open research problem. To evaluate the quality of synthesized
images, we used standard and objective reference-based measures such as peak signal-
to-noise ratio (PSNR) and the more advanced structural similarity index (SSIM). As an
energy-preserving measure based on the mean squared error between the ideal and the
obtained solutions (image), the PSNR score expressed in decibels is sometimes overly
optimistic. Therefore, the SSIM index is also used as the objective-perception-based model,
which considers image degradation as perceived change in structural information. It also
incorporates important perceptual phenomena, including both luminance masking and
contrast masking terms. Thus, the SSIM measure is much more appropriate for measuring
image degradation than PSNR is. The PSNR was evaluated as follows:

PSNR = 20 log
MAXI√

MSE
, (20)

where MAXI is the maximal possible pixel value of the ground truth images, while MSE is
the squared Euclidean norm between the generated and ground truth images. The SSIM
measure between images generated by the considered GAN algorithms and the ground
truth images was calculated on various image frames using the following formula:

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
, (21)

where µx and µy are pixel sample means along dimensions x and y of the image, σ2
x and σ2

y
are corresponding variances and c1 and c2 are constants set as reported in [47].

In addition to the above, classical reference-based image quality assessment (IQA)
metrics, fully convolutional neural network (FCN) scores proposed in [48] were also
employed. The FCN scores measure the performance of semantic segmentation algorithms
by computing different quantities corresponding to segmentation accuracy at the level of
individual pixels. Thus, semantic segmentation maps generated by some image domain
translation algorithms can be directly compared against the ground truth semantic labels
provided in the utilized dataset of labeled images. Similar to [48], the same types of
measures assessing the quality of pixel labeling were used in all experiments. However,
instead of obtaining semantic labels by FCN image segmentation model proposed in [48],
the results of presented experiments were obtained by image domain translation using
designed supervised and unsupervised generative models.
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FCN measures or scores include pixel accuracy, defined as ∑i nii/ ∑i ti, mean accuracy,
evaluated as (1/ncl)∑i nii/ti, and the mean region intersection over union (IoU) accuracy,
evaluated as (1/ncl)∑i nii/

(
ti + ∑j nji − nii

)
. nij is the number of pixels of class i predicted

to belong to class j, ncl is the number of classes, and ti = ∑j nij is the total number of pixels
belonging to the class i. These standard measures provided precise comparison of the
proposed algorithm against the baselines.

3.3. Experimental Results and Comparisons

The experimental results of PSNR and SSIM measures between the generated and
the ground truth images are presented in Tables 1 and 2, and provide a direct comparison
between the proposed FMR CycleGAN method, and the baseline pix2pix and CycleGAN
methods. The comparisons were conducted for all three datasets. For ground distance
in FMR CycleGAN, three different similarity measures were examined: dl1 given by (8)
(it performed better than dl2), dKLsym given by (10) and (9) and dle given by (12), using
Embedding (11), where ν was set heuristically to 0.4 for all experiments. pix2pix, as a fully
supervised method, obtained the best results in almost all experiments in comparison to all
considered unsupervised methods, as it was expected. Nevertheless, the proposed FMR
CycleGAN obtained the best results (for various used ground distances) among the con-
sidered unsupervised methods. The best performing algorithms among the unsupervised
methods are highlighted in bold and gray.

Table 1. PSNR measures for the proposed FMR CycleGAN in comparison to the baseline methods
for different used ground distances (the best unsupervised results are highlighted in bold and gray).

Dataset/Task pix2pix CycleGAN
FMR CycleGAN

dl1 dKLsym del
Google Maps 30.01 30.24 31.15 30.85 30.32
CMP Fasade 14.25 10.98 10.81 11.45 11.37
CityScapes 19.51 17.12 17.89 18.86 17.34

Table 2. SSIM measures for the proposed FMR CycleGAN in comparison to the baseline methods for
different used ground distances (the best unsupervised results are highlighted in bold and gray).

Dataset/Task pix2pix CycleGAN
FMR CycleGAN

dl1 dKLsym del
Google Maps 0.69 0.73 0.76 0.74 0.73
CMP Fasade 0.42 0.27 0.31 0.29 0.28
CityScapes 0.59 0.54 0.58 0.65 0.56

The proposed FMR CycleGAN method achieved better results on average regarding
both PSNR and SSIM measures for all used ground distances and over all experiments in
comparison to the baseline CycleGAN method. Moreover, these results were close to those
of the fully supervised pix2pix method.

In Table 3, the FCN accuracy scores of the proposed FMR CycleGAN are com-
pared with those of the baseline supervised and unsupervised methods in the semantic
photo2labels task, which was performed on the CityScapes dataset. The same conclusion
could be drawn as in the case of results in Tables 1 and 2. The proposed FMR CycleGAN
method obtained better results in comparison to the baseline CycleGAN method, and
those of the CoGAN and SimGAN methods, for all unsupervised experiments and ground
distances used; however, the FMR CycleGAN was outperformed by the fully supervised
pix2pix method, as it was expected. Thus, the FMR component L f mcyc, defined by (18)
and invoked within the overall cost function, significantly contributed to the overall per-
formance of the proposed domain translation method for all ground distances within the
proposed FMR framework.
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Table 3. FCN scores of the proposed FMR CycleGAN against the baseline unsupervised and super-
vised methods, for different ground distances utilized in feature map regularization. The results
correspond to semantic photo2label domain translation task performed on the CityScapes dataset
(the best unsupervised results are highlighted in bold and gray).

Image-to-Image FCN Score Type

Translation Method Pixel Acc. Mean Acc. Mean IoU

supervised: pix2pix 0.71 0.25 0.18
unsupervised: CycleGAN 0.52 0.17 0.11

CoGAN 0.40 0.10 0.06
SimGAN 0.20 0.10 0.04

FMR
CycleGAN

dl1 0.59 0.22 0.15
dKLsym 0.56 0.20 0.17
del 0.15 0.17 0.13

When it comes to an overall quantitative comparison of average PSNRs of the proposed
method against the average PSNRs of the baseline CycleGAN, the proposed method was
on average 4.7% closer to the results of the pix2pix method as compared to the baseline
CycleGAN (when relative PSNR differences between the unsupervised method and pix2pix
are averaged over all datasets). This also holds for SSIM, where the described percentage
in favor of the proposed method against the baseline CycleGAN was 8.3%, i.e., SSIM
also indicated that FMR CycleGAN was on average closer to the pix2pix solution over all
datasets.

Besides the quantitative results in Tables 1–3, the performance of the proposed FMR
CycleGAN (with various ground distances) was also assessed against the baseline Cy-
cleGAN (as unsupervised) and pix2pix (as supervised) method by visual comparisons
presented in Figures 2–7.

Thus, for a pair of images from the “left” and “right” domains, i.e., images denoted
as “Real A” and “Real B” in Figures 2–7, respectively, image outputs generated by the
“left” to “right” mappings of the compared algorithms are shown next to each other for
different image domain translation tasks (datasets). These tasks were the following: the
Google Maps aerial2map task in Figures 2 and 3, the CMP Facades photo2labels task in
Figures 4 and 5, and the CityScapes photo2labels task in Figures 6 and 7. Images that were
used as the ground truth for obtaining previously described quantitative performance
measures (“Real B” images in Figures 2–7) also served as the ground truth in order to
objectively assess the visual appearance of all methods.

A visual comparison shows that the proposed regularization feature map term in
the unsupervised FMR CycleGAN resulted in better performance (image outputs visually
closer to “Real B”), when FMR CycleGAN was directly compared against the unsupervised
CycleGAN method, and in an improvement over the CycleGAN when the two unsuper-
vised methods were compared with the performance of the supervised pix2pix method
for all presented tasks and datasets (Google Maps, CityScapes, and Facade). This can be
explained by the fact that the proposed additional alignment between the feature maps
of the direct and the inverse mappings enhanced the overall cycle consistency. Thus, the
proposed FMR CycleGAN method obtained visually and structurally more accurate results
than those of the baseline.
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Figure 2. Visual comparison on the first example of paired images from the Google Maps aerial2map task (denoted as “Real A”, belonging to the source or “left”
domain, and “Real B”, belonging to the target or “right” domain). The Proposed FMR CycleGAN with various ground distances (L1 corresponding to (8), KL
corresponding to (10), and LE corresponding to (12)) was compared against the baseline CycleGAN and pix2pix methods.
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Figure 3. Visual comparison on the second example of paired images from the Google Maps aerial2map task (denoted as “Real A”, belonging to the source or
“left” domain, and “Real B”, belonging to the target or “right” domain). The Proposed FMR CycleGAN with various ground distances (L1 corresponding to (8), KL
corresponding to (10), and LE corresponding to (12)) was compared against the baseline CycleGAN and pix2pix methods.



Mathematics 2023, 11, 372 13 of 21

Figure 4. Visual comparison on the first example of paired images from the CMP Facade photo2labels task (denoted as “Real A”, belonging to the source or “left”
domain, and “Real B”, belonging to the target or “right” domain). The Proposed FMR CycleGAN with various ground distances (L1 corresponding to (8), KL
corresponding to (10), and LE corresponding to (12)) was compared against the baseline CycleGAN and pix2pix methods.
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Figure 5. Visual comparison on the second example of paired images from the CMP Facade photo2labels task (denoted as “Real A”, belonging to the source or
“left” domain, and “Real B”, belonging to the target or “right” domain). The Proposed FMR CycleGAN with various ground distances (L1 corresponding to (8), KL
corresponding to (10), and LE corresponding to (12)) was compared against the baseline CycleGAN and pix2pix methods.
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Figure 6. Visual comparison on the first example of paired images from the CityScapes photo2labels task (denoted as “Real A”, belonging to the source or “left”
domain, and “Real B”, belonging to the target or “right” domain). The Proposed FMR CycleGAN with various ground distances (L1 corresponding to (8), KL
corresponding to (10), and LE corresponding to (12)) was compared against the baseline CycleGAN and pix2pix methods.
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Figure 7. Visual comparison on the second example of paired images from the CityScapes photo2labels task (denoted as “Real A”, belonging to the source or “left”
domain, and “Real B”, belonging to the target or “right” domain). The Proposed FMR CycleGAN with various ground distances (L1 corresponding to (8), KL
corresponding to (10), and LE corresponding to (12)) was compared against the baseline CycleGAN and pix2pix methods.
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4. Conclusions

In this paper, we proposed adding a novel feature map regularization term in the over-
all loss function of the original CycleGAN network, forcing the bijectivity of the mappings
even further, and thus obtaining the Feature Map Regularized (FMR) CycleGAN network
for image domain translation. The proposed FMR term is a type of cycle consistency
loss defined in the space of probability distributions of the d-dimensional column vectors
of the feature map tensors. In order to measure the loss, we introduced several ground
distances, both information-based and Riemannian manifold-based, between Gaussians
representing PDFs of observations belonging to feature maps corresponding to direct and
reverse GANs in the CycleGAN architecture. In the experiments presented on several
real datasets, we obtained better results of image domain translation using the proposed
method in comparison to the baseline CycleGAN method, and much closer to the fully
supervised pix2pix method on all datasets. The overall performance improvement was
only in the framework of the CycleGAN approach and the cycle consistency loss, which
could be a limiting factor in the context of general domain transfer methods. In terms of
implementation, the introduced geodesic and information distances are computationally
complex, which renders the model training phase much more computationally demanding.
However, no computational overhead was introduced in the model deployment phase.
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LE Log-Euclidean
ML Maximum likelihood
PDF Probability density function
PLG Product of Lie groups
PSNR Peak signal-to-noise ratio
SoG Shape of Gaussian
SPD Symmetric positive definite
SSIM Structural similarity index measure

Appendix A

In the following we provide a detailed list of symbols and their descriptions:

x ∈ X sample from the “left” domain X
y ∈ Y sample from the “right” domain Y
G generator network
D discriminator network
p(·) data distribution
Ez∼p(z) mathematical expectation over p(z)
GX→Y, GY→X nonlinear generator mappings (direct and the inverse)
DX(·), DY(·) discriminator networks for domain X and Y
Ladv(·, ·) adversarial loss function
Lcyc(·, ·) cycle consistency loss function
LCycleGAN(·, ·) CycleGAN loss function
N (x; µ, Σ) multivariate normal distribution
µ, Σ centroid and covariance matrix of N (x; µ, Σ)
‖ · ‖F Frobenius matrix norm
‖ · ‖l1 , ‖ · ‖l2 l1 and l2 vector norms
dlp(·, ·) lp distance functions
dKL(·, ·) Kullback-Leibler divergence
d dimensionality of Rd feature space
dKLsym(·, ·) symmetrized Kullback-Leibler divergence
dgd(·, ·) any of the ground distances between d-dimensional Gaussians
|Σ| determinant of covariance matrix Σ
Sym++(d) cone of d× d symmetric positive definite (SPD) matrices
P, Pi matrices in Sym++(d)
m( f ) × n( f ) spatial dimensions of feature map in layer f of network
m( f ), n( f ) f in the superscript denotes the “first” network layer
m(l), n(l) l in the superscript denotes the “last” network layer
F( f ),x̂

X→Y ∈ Rm( f )×n( f )×d feature map tensor of size m( f ) × n( f ) × d in the “first”
layer of generator network GX→Y after processing sample x̂

F(l),x̂
X→Y ∈ Rm(l)×n(l)×d feature map tensor of size m(l) × n(l) × d in the “last”

layer of generator network GX→Y after processing sample x̂

F( f ),ŷ
Y→X ∈ Rm( f )×n( f )×d feature map tensor in the “first” layer of generator network

GY→X after processing sample ŷ

F(l),ŷ
Y→X ∈ Rm(l)×n(l)×d feature map tensor in the “last” layer of generator network

GY→X after processing sample ŷ

F(q),x̂
X→Y,vct d×m(q) · n(q) matrix with d dimensional column vectors

obtained by reshaping the feature map tensor F(q),x̂
X→Y

F(q),ŷ
Y→X,vct matrix of feature map vectors f Y→X,(q),ŷ

i,j , after processing ŷ

f X→Y,(q), x̂
i,j Rd column vector of F(q),x̂

X→Y,vct

Σ(q),x̂
X→Y, Σ(q),ŷ

Y→X ML estimates of covariance matrices of unknown PDFs that
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generated observations (columns) in F(q),x̂
X→Y,vct, i.e., F(q),ŷ

Y→X,vct

µ
(q),x̂
X→Y, µ

(q),ŷ
Y→X ML estimates of d dimensional centroids

f ( f ),x
X→Y f ( f ),x

X→Y ∼ N (x; µ
( f ),x
X→Y, Σ( f ),x

X→Y)

L f mcyc(GX→Y, GY→X) feature map-based cycle consistency loss function

LFMRCycleGAN overall optimization objective with L f mcyc(GX→Y, GY→X) term

λ f mcyc, λcyc weights of regularization terms
SSIM(·, ·) structural similarity index measure between images
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