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Improving Synthetic to Realistic Semantic
Segmentation with Parallel Generative Ensembles
for Autonomous Urban Driving
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Abstract—Semantic segmentation is paramount for au-
tonomous vehicles to have a deeper understanding of the sur-
rounding traffic environment and enhance safety. Deep neural
networks (DNN) have achieved remarkable performances in
semantic segmentation. However, training such a DNN requires
a large amount of labelled data at pixel level. In practice, it is
a labour-intensive task to manually annotate dense pixel-level
labels. To tackle the problem associated with a small amount
of labelled data, Deep Domain Adaptation (DDA) methods have
recently been developed to examine the use of synthetic driving
scenes so as to significantly reduce the manual annotation cost.
Despite remarkable advances, these methods unfortunately suffer
from the generalisability problem that fails to provide a holistic
representation of the mapping from the source image domain to
the target image domain. In this paper, we therefore develop
a novel ensembled DDA to train models with different up-
sampling strategies, discrepancy and segmentation loss functions.
The models are, therefore, complementary with each other to
achieve better generalisation in the target image domain. Such a
design does not only improve the adapted semantic segmentation
performance, but also strengthen the model reliability and robust-
ness. Extensive experimental results demonstrate the superiorities
of our approach over several state-of-the-art methods.

Index Terms—Autonomous vehicles; Image processing; Deep
learning; Domain adaptation; Semantic segmentation; Genera-
tive adversarial network;

I. INTRODUCTION

A deep neural network (DNN) is powerful for extracting
rich hierarchical feature representations [1, 2]]. The supe-
riority of feature extraction helps DNN based approaches
to make compelling achievement on semantic segmentation.
Deep learning based image segmentation model [3} 4] has been
utilised to understand the surrounding traffic environment of
the autonomous vehicle to enhance its driving safety. When
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deploying such a model, each pixel of an image is assigned
to one of the semantic classes, such as car, truck, tree, or
pedestrian. Since a fully convolutional network (FCN) [5]
was proposed, it has significantly outperformed traditional
computer vision methods. Recently, many studies, including
U-Net [6] and SegNet [7], have extended the idea of FCN and
achieved top-performance in semantic segmentation. However,
these methods require a vast amount of labour-intensive work
to label the dense image at pixel level. For instance, it
takes about one and a half hours to annotate an image from
Cityscapes dataset, which is unaffordable for the most of real-
world applications.

Deep domain adaptation (DDA) [8l 9] is one of the most
promising paradigms to achieve a generalised model without
committing intensive manual labelling. The underlying idea
is to minimise the discrepancy between two domains, i.e. the
source and target domains. Assuming that there exists a huge
amount of free annotated data in the source domain, e.g. syn-
thetic driving scenes, while no labelled data is available in the
target domain, e.g. realistic driving scenes. DDA approaches
seek to find domain invariant feature representations or domain
transformation functions, so that generalised models can be
trained based on the data from the source domain and deployed
in the target domain.

Many DDA methods [9H11] have been proposed to narrow
the domain gap, which can be broadly categorised into two
types [12]]. The first category is known as a feature distribution
alignment between the source and target domains. In these
methods [13, [14], the similarity of the feature distribution
from these two domains is maximised by measuring certain
predefined distance metrics. The second category improves
the quality of domain alignment via adversarial learning
[9, 12} [15], where the generative adversarial network (GAN)
is used at either pixel-level, feature-level, or output-level to
ensure that the source and target domains share common
characteristics across the deep learning based segmentation
pipeline.

Despite the popularity of generative adversarial networks,
a common failure pattern is observed while training GANs
is the collapsing of large volumes of probability mass onto a
few modes as highlighted in [16], where it can model one
part of the data distribution well but fail to represent the
entire distribution in the target domain. For a single generative
network, it is difficult to guarantee the generalisability of
all cases in the target domain due to insufficient learning of
diversity. To deal with the problem, the concept of ensembles
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could be introduced to better represent the data distributionre@ent work on semantic segmentation is mainly conducted
that generative networks can explore the diverse alignmerttsough deep neural networks, such as fully connected network
between source and target domains, at the global level (adW€N) [17], U-Net [6], and Seg-Nel [18]. To extract ef cient
sarial learning), category level (co-training), and local levééatures, these advanced networks need to be trained by a
(ensemble scheme). substantial amount of dense pixel annotations while it is
In this paper, we develop parallel generative ensemblesdif cult to obtain a large number of pixel-level labels in
GAN (PGE-GAN) to improve the performance and reliabilityeal-word applications. To deal with this problem, annotated
of traditional DDA algorithms in the semantic segmentatiodata can be collected from a simulator, where the pixel-level
applications. In particular, several GANs are trained in parallahnotations can be achieved automatically. Although some
with different discrepancy loss and segmentation loss functioadvanced simulators can synthesise high- delity data, there
under different upsampling strategies. The idea behind is tisill exists a gap between synthetic data and real-world data
concept that different discrepancy loss functions, segmentatamd the gap can be bridged through a technique known as
loss functions, and upsampling strategies have their owlomain adaptation
strengths to recognise speci c semantic classes in a driving
scene, so that the ensembles of them is likely to provide a more
holistic distribution in the target domain. In light of this, thes®. Domain Adaptation
ensembles such as ensembles for discrepancy loss, ensemblﬁsIS noted that most existing machine learning algorithms
for segmentation loss, and ensembles for upsampling, are 9 g alg

incorporated to enhance the model generalisability. The maip- o e that the training and testing data are drawn from the

contributions of this paper are summarised below: same underlying distribution [19]. However, such an assump-

tion is not always true in practice [20]. This issue often occurs
We develop a novel ensemble based DDA method Byhen transferring knowledge from synthetic images to real

integrating multiple GAN networks. The ensemble schemg,aqes [T0[2122], because the domain shift exists between
achieves remarkable performance on adapted semantic s training and testing datal[9,111]. Domain adaptation, a
age segmentation applications when comparing to othgkihod intending to solve this issue, learns the transformation
advanced DDA methods. . to align cross-domain data with the class regularity so as to
When training the parallel models in our framework, we adgl-hieve a better generalisation in the target doniain [12]. Some
new optimisation targets in loss functions. These includg,, oaches minimize the discrepancy of domain distribution
(i) the generalised dice loss term in the segmentation 19g3oygh learning domain-invariant representations, where the
function and (i) the Pearson similarity in the discrepancyomain distribution discrepancy can be calculated by maxi-
loss function. It is noted that the generalised dlce. lo$Sum mean discrepancy or mean and covariance of feature
can reduce over tting problem for those classes with gisyripution [13/14]. Unfortunately, it is usually not suf cient
small number of training data, gnd the Pgarson similarity match source and target data by solely aligning mean
can alleviate the effect of scaling and shifting when thgng covariance (i.e. low order moments) of the distribution.
dimensions of variables are signi cantly different and theif, (ecent year, adversarial learning is adopted in domain

values may be noisy or random. o adaptation as it is insensitive to the feature distribution.
For each GAN model, a mixture co-training framework

is adopted to learn the multi-views of the same inputs

via maximising the divergence of different classi ers. Bothx  adversarial Learning

Pearson and cosine similarities are mixed with co-training

framework to derive various views. Then, more diversity is Adversarial learning can minimise the discrepancy of dif-
introduced to generalise better in the target domain. ferent domains by using an adversarial objective with regard
Comprehensive comparison and ablation study are pé-a domain discriminator [12]. GAN is one of the most
formed to demonstrate the Superiority of our proposéﬂ)pular adversarial Iearning methods, which consists of a
method against state-of-the-art domain adaptation meth@gerative networks and a discriminative networl . These

on transferring from GTA5 and SYNTHIA synthetic image$wo networks pit against each other during the training phase,
to Cityscapes realistic images. whereG dedicates to generating more realistic synthetic data

and D aims to distinguish the synthetic data from the real
data. In[23], the adaptation loss function is designed with the
expected loss in the source domain, the domain divergence
compared to the target domain, and the shared error of the
Semantic segmentation predicts pixel-level labels for adeal joint hypothesis on these two domains. In category-level,
image to distinct objects. In previous decades, hand-craffdd] improves semantic consistency in the target domain by
features were commonly used to achieve the task of semaitiigning the distribution shift in the latent feature space. At
segmentation. These hand-crafted features are de ned with the pixel-level, style transfer is widely adopted as it aims to
help of domain experts. An alternative way is to extract feanake data indistinguishable across domdins[[24, 25]. Different
tures by deep neural networks, which is able to extract ef ciefiom the above studies[1[9, 11] consider the alignment of
features automatically. Since deep learning based methadsegory-level with pixel-level simultaneously to enable the
reveal their outstanding performance in feature extractigojnt optimisation for the representation and the prediction.

Il. RELATED WORK
A. Semantic segmentation
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[1l. PARALLEL GENERATIVE ENSEMBLES OF GAN network, the diversity comes from the weights of specic
(PGE-GAN) layers. One popular way, to obtain the difference between co-

Driving scene translation can be formulated as f0||OW§r.aining classi ers, is to calculate their Cosine similarity as
given a source domain images with the corresponding mentioned i_n [_26]_. Here, the discrepancy loss can be measured
ground truthys drawn from the source sétXs:Ysg and a PY cosine similarity as follows.
target _dorr_1ain_ image; from the target seX + without Iabe_:ls, L cosine = % 1)
the objective is to learn a generative mo@efor transferring | d )
knowledge from the source domain to the target domain ¥§1€réwi andw, are attened and concatenated weights of
that G can correctly predict labels (e.g. road, building, Sigrgonvqlut|onal kernels, which belong to the two co-training
etc.) at the pixel-level in the target domain. classi ers. _ . _ _

Our proposed PGE-GAN method is illustrated in this sec- Taking into consideration the variable weight scales and
tion, which can learn more transferable knowledge across tifdomness, we also measure divergence of the two classi ers
domains. We enhance the co-training framework by usi the Pearson similarity, which is a scale-free metric [27]. The
the ensemble scheme. Each model in PGE-GAN is trainB§arson similarity is de ned as follows.
based on different types of upsampling strategies under various (W1 W) (Wp Wp) )

L = = —
. . . ) pearson
discrepancy loss and segmentation loss functions to obtain Ky Wakkws, w2k _
i icti wherew; andW, are the means ofy; and w,, respectively.
iverse predictions.

Segmentation LossA source domain images with the
) size of H W and a label mapys are given, where the
A. Architecture of PGE-GAN shape ofys is C H W and C is the number of
Our network architecture of each model consists of a gesemantic classes. Here, different kinds of segmentation loss are
erative networkG and a discriminatoD, whereG is a fully- discussed including multi-class cross-entropy loss, generalised
convolutional segmentation network aBdis a convolutional dice loss, and their combination. The de nition of multi-class
classi cation network. As illustrated in Fig. 15 is separated cross-entropy loss can be computed by Equation (3).

into feature extractoF and two classiersC,; andC,. F is e HX W
used to extract features from input images and BemandC, Lee(G) = Gic 10g pic 3)
predict pixel-level labels by using the extracted features. To =1 i=1

der_ive thg divgrgence of co-training classi.er_s,_ we conduc;t tIWherepiC is the predicted probability of clagson pixeli and
weight diversity ofC; andC, through maximising the cosine is the ground truth of pixel. That is, gc is assigned 1
or Pearson distance loss for different ensembles in the train@ﬁen pixeli belongs to class otherwiseci:;- CiS assigned 0

. . . ) IC .
phase. Subsequently, the distinct views of a feature can rhe dice loss is a measure of labelled regions of images

pm\é'_d?d by(lll andC, EO as to Lnake (;ntl)rhe rethablel Sermm'(&\/hich is used to evaluate segmentation performance. The dice
predictions. In our work, eacteth) model has two classi ers loss outperforms other loss functions in the case of a severe

N o . . L o
_(r:rl] andIC:2 ag.d tt_he|r corr;a?pon?rl]ng p(;e(ldl_ctml;]ts _épieda?hd P2 h class imbalance. However, traditional dice loss can only deal
€ nalprediction magp for e-th model IS oblained througn 1, binary problems. To overcome this issue, we use the

i o o
gddlng ILip th? [I:)r?dlpno;s qﬁtﬁnd P2 'The netwo;kg andh neralised dice loss to access multiple class segmentation
are afternately frained until the maximum €poch 1S Teachefyy, 5 single score, which is given in Equation (4).

Given a source domain image 2 Xs; feature extractoF

provides a feature map for classi e@5 andC5 so as to derive Pc Pu w
the semantic prediction mas. Thep® is not only the input to - o =1t We iz TicPic

. . . . Lng(G) - 1 2I' C TR W (4)
D for computing adversarial loss, but also is compared with oo We  iog o (Fic * Pic)

the ground-truth labeys 2 Ys to derive segmentation loss.
Given a target domain image 2 X, it is the input toG
and then a semantic prediction mpp is generated fronG.
For the target data ow, we adopt the discrepancy between
two predictionsp] and p§ of ensemblep® as an indicator to
weight the adversarial loss.

wherew, is the weight of invariance for semantic clasand

ric is the ground truth. To address the issues of small object
etection and class imbalance, their combination is introduced
Fderive the loss [28]. According to Equation (3) and (4), the

combined loss function of segmentation is given by

Lee gal (G) = Weelce + Wgdi L gal |

, X HX W
B. L Function
0SS Func O. . = Wee Oic |og Pc +
The loss function of the proposed network consists of three c=1 izl | (5)
losses: (i) discrepancy loss, (i) segmentation loss, and (iii) P C w P HoW Pic '
adversarial loss. Woa 1 2p=Lp 1= A
Discrepancy LossAs explained in [12], the co-training 1 We iz (Tie + Pic)

framework can provide different views of the same featuraherewe is the weight of cross entropy loss angq is the

To increase diversity, two similarity metrics are introducedveight of generalised dice loss for multi-class segmentation.
Cosine [26] and Pearson [27]. Two classi ers of the co-training Adversarial Loss Adversarial learning is to train a genera-
framework need to have diverse parameters. For a deep netival modelG that generates target domain samples to confuse
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Fig. 1. Architecture of PGE-GAN. It illustrates the overall pipeline of the proposed ensembling framework, including the feature extractor, co-training
classi ers, and the options of loss functions to train the ensembling GANs in our method.

the domain discriminatoD, whereD is able to distinguish models in our PGE-GAN, both cosine and Pearson similarity
between samples of source (synthetic images) and targedtrics are drawn to compute the discrepancy loss of co-
(realistic images) domains [12]. In order to learn domairraining classi ers. Therefore, two ensembles are derived by
invariant features;; needs to minimise the divergence betweeconsidering diverse discrepancy loss. One of the corresponding
the source and target domaind. needs to maximise thetraining objectives is given in Equation (7) with bicubic
classi cation performance. This property is achieved througlpsampling and the other one is provided in Equation (8).

minimaxing an adversarial loss as shown below: N = ; + _
G :D =arg min mDax[Lce(G) di L cosine (G)

Laav(G;D) = E[log(D(G(X5s)))] (6) + advlaa (G;D)] )
E( 1ocar S(PT:P2) + )log(l  D(G(X7))]
where p$ and p$ are predictions of the co-training frame- G D =argmin maxLce(G) + aiLpearson (G) ®)
work for ensemblee. S(p§;p5) denotes the similarity of +  advlagv (G;D)]
the two predictions. The similarity can be computed b
cosine or Pearson, which is determined by the ensem (3 :
. i L h f loss.
type. [ 1ocat S(PS; PS) + ] represents the adaptive weight o d Lpearson (G) are the two types of discrepancy loss

; : i . dv (G; D) is the adversarial loss. Moreoveryg and gy
adversarial loss. The impact of adversarial loss is controll(gﬁi‘e the weights of discrepancy loss and adversarial loss
through |ocar in overall training objective. is used to

. . - X respectively, which control the relative importance of different
improve the stability of training processing. kinds of losses.
Ensembles for Segmentation Las€ross entropy is com-

C. Description of Ensembles monly used to calculate the segmentation loss, which evaluates
Ensembles for Discrepancy Los®#A mixture co-training the class predictions for each pixel individually and then
framework is used to formulate distinct views of features asverages over all pixels. However, cross entropy underper-
suggested in [12]. Our proposed method trains two co-trainifigms in handling imbalanced data. To address this issue,
classi ers for each individual model, and the divergence of thbe combination of cross entropy and generalised dice loss
two classi ers is measured through discrepancy loss. Cosiise proposed to achieve better results for those imbalanced
and Pearson are two similarity metrics as the loss functisemantic classes. To keep diversity in the ensembles for both
terms. Their main difference is that one is scaling-relatdzhlanced and imbalanced semantic classes, two segmentation
and the other is scaling-free. To guarantee the diversity loss functions are designed in our method. One uses cross

hereL .(G) is a multi-class cross entropy lodseosine (G)
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entropy and the other one uses the combination of cross TABLE |
entropy and dice loss. Therefore, Equation (9) and Equation THE CONFIGURATION OF NETWORKS
(10) are the overall training objectives of the two ensembles. Network Type Generative networls | Discriminative networkD
. Optimiser SGD Adam
G ;D =argmin max[Lce gai(G) Initial learning rate 2.5 10 4 5 10 °
G o . (9) Momentum 0.9 -
+ dilpearson (G) + advLlaa (G;D)] 1 - 0.9
2 - 0.99
. _ ; Decay 5 10 ¢
G .,D =arg min mDax[LCe qdl (G) (10) o 40
+ diLcosine (G) + advLadv (G;D)] d 0.01 3
adv 1 10
whereL G) is the segmentation loss measured by the 0.4
ce gal (G) 9 y Max Epoch 1 10°

combination of cross entropy and generalised dice loss.
Ensembles for upsamplingln the previous work, only

one upsampling strategy is utilised to derive the originglherep; is the nal pixel-level prediction of semantic class,

.Size O.f images. Ther_e are three popu_lar ups_ampling Stratg%e% the number of co-training classi ers for each ensemble
including nearest neighbour upsampling, bilinear upsamplmgﬂd E is the number of ensembles® is the weight ofe-

and bicubic upsampling. However, it is dif cult to determine_th ensemble angt¢ is a vector ofi-th co-training classi er

which upsampling strategies should be used. To determ%t]a e-th ensemble. Such vector corresponds to all semantic

an interpolated p_|er, .'t mainly relies on the neares_t plxgl lasses and each element of the vector is the prediction value
several surrounding pixels, even on more surrounding pixe

, . _ "its corresponding semantic class. In our model, the weights
To this end, three ensembles are trained corresponding to g?g chosen based on the upsampling methods, so different

nearest neighbour, bilinear, and bicubic upsampling Strategiﬁﬁsampling methods lead to different weights. Speci cally,
Such ensemble decision scheme improves the performance fﬁngur proposed method, the setting of the GAN networking
reliability of upsampling. _ o combines 1 nearest neighbouring, 1 bilinear and 4 bicubic
The ne_arest “e'ghpour upsampling S"ategy_'s s ',nterp‘)l?fﬁsampling method together, which rely on 1, 4, and 16 pixels,
a new pixel according to the nearest existing pixel. Thesnectively. Thus, one interpolated pixel in our proposed
bilinear and blt;ublc up§amplmg strategies mentioned in [2 ethod is determined by 69 existing pixels. The weight of
are presented in Equation (11) and (12). prediction model with bicubic upsampling method is 4 times
G=Gu(xy)=(1 t)[(L S)gj + SG + SG+1] tha}t of the bilinear one, and 16 times that of the nearest
+t[(1 S)Gij+1 + SG+1:+1] neighbour one.
(11)
where G is a two-dimensional digital imageG(x;y) is a IV. EXPERIMENTAL EVALUATION
upsampling function to pixel at the position @f;y) in the  |n this section, experimental evaluation is conducted on
upsampled imageg is an raw output without upsampling.the proposed method for synthetic-to-realistic translation. The
Gpil ( ; ) is the bilinear upsampling function, whe(&;y) experiments are evaluated by synthetic and realistic datasets,

is a interpolated pixel and= x Xi,t=1y V. which are described in Section IV-A. The implementation
N details are discussed in Section IV-B, where the settings of
G = Gpic(Xy) = Gi+mj +nPm+1(S)Pn+1 (t) generative and discriminative networks are clari ed along with
n= 1m= 1 the explanation of platform. To quantitatively evaluate the
(12)  performance of synthetic-to-realistic translation, our proposed
whereGyic ( ; ) is the bicubic upsampling functio®o(z) =  method is compared against other methods in Section IV-C.
( 224272 9)=2,p1(2)=(B82% 5z2+2)=2, andps(z) =
(Z° z%)=2. A. Datasets
In the experiments, three benchmark datasets are used. The
D. Weights of Ensembles GTAS5 synthetic dataset [30] and SYNTHIA [31] are chosen

Different upsampling strategies rely on different numbeas the source domains and the Cityscapes realistic dataset [32]
of existing pixels to interpolate a new one. For instance, i# chosen as the target domain. In particular, GTA5 contains
requires different number of existing pixels for nearest neig@4,966 high-resolution vehicle-egocentric images, where these
bour, bilinear, and bicubic upsampling strategies to interpolaggnthetic images are produced by using a photorealistic open-
a new pixel. As suggested by [29], it results in a bettevorld computer game called “Grand Theft Auto V”. In addi-
upsampling when using more existing pixels. To this ention, SYNTHIA is also a synthetic collection of imagery and
we determine the weight of each ensemble with regard awnotations, a large-scale collection of photo-realistic frames
its upsampling strategy and the nal prediction of a pixel isendered from some virtual cities. In SYNTHIA dataset, there
derived from a set of weighted ensembles as below. are two image datasets and seven video sequences with a

! resolution of 1280x760. Speci cally, it contains 9,400 images
P; = argmax X Oe wepe (13) with 13-class categories. So_me _examples of GTAS Qnd SYN-
C (21 e-1 ' THIA datasets are present in Fig. 2. In contrast, Cityscapes
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is a real-life dataset including 5,000 images of street scenes TABLE I

in Germany and neighbouring countries. Some examples of THE SETTINGS OFENSEMBLES

Cityscapes are presented in Fig. 2. GTA5, SYNTHIA andEnsemble|  Upsampling Discrepancy Loss| Segmentation Loss
Cityscapes datasets all provide dense pixel-level labels anfkh nearest neighbou Cosine Cross Entropy
their annotations are compatible with each other. FoIIowingEi g'llénf)?cr ggz:ﬂg ggzz Eﬂgggz
the settings in [9, 12, 30], all 24,966 images from the GTA5g, bicubic Pearson Cross Entropy
dataset and 9,400 synthetic images from SYNTHIA dataseks bicubic Cosine CE-GDL

are used for training generative networks, respectively. Th&® bicubic Pearson CE-GDL

validation set of Cityscapes dataset are used for assessing the

performance.
1) Individual Model Performance in PGE-GANEhe set-

tings of the GAN networks in our PGE-GAN are provided

in Table. Il. They are formed by using different combina-

The proposed algorithm is implemented under PyTo“in)ns of upsampling strategies, discrepancy loss functions and

framework. In particular, the pre-trained ResNet-101 [33] Sogmentation loss functions. Here, the combination of cross

chosen as the backbone for source-only generative netwagk, oy and generalised dice loss in the segmentation loss
G. For each GAN model, the last classi cation module is dugntions is represented by CE-GDL. It is found that each
plicated for co-training. The discriminative network STruCtures AN network outperforms others on some of speci ¢ semantic
n [12]_ IS _ad_opt(_ed to build up the discriminative netwdm classes. Thus, diverse ensembles can help avoid over tting
The discriminative networlD includes 5 convolution layers ong jmprove the generalisation. The quantitative results of
with the kernel size of 4-by-4, where the channel numMbE{yiiqyal semantic classes and mloU (overall) on GTA5 and
is ne 2 164128256512y and stride step is 2. The cjiycanes datasets are summarised in Table IIl. In addition,
activation function parametric ReLu is used to concatenajgy o ajitative comparison of different ensembles are provided
the convolutional layer, Wh_ere the pz?lrameter is 0:2. After in Fig. 3. To identify the strength of different ensembles
the last Iayer., an upsampling Iayer is added to_make the SHEarer, the results are obtained before image transferring. It
of an output image match the size of a local alignment SCQfg,strates that there exist variations across individual models,

map. Stochastic gradient descent (SGD) and Adam are ugadon indicates that the emsembling scheme can provide a
to optimise generative netwoi& and discriminative network e chanism to increase the reliability of the nal outputs.
D, respectively. More details of network con guration are

provided in Table I. In the training phase, an original input
image is resized to the resolution &fl2 1024 In the
evaluation phase, a prediction map is up-sampled by a factor

B. Implementation Details

TABLE Il
ADAPTED RESULTS FROMGTAS5 TO CITYSCAPES FORENSEMBLES

. . . Ensembles
of 2 for assessing the performance of mean intersection ofsemamic

union (mloU). All experiments are conducted on a PC with ~¢jass Ei | E2 | Es | E4 | Es | Es | Combined

the following con guration: Intel 2.20 GHz Xeon(R) E5-2630 road 86.7 | 87.0 | 884 | 87.4 | 88.1 | 87.9 88.9

i sidewalk | 21.7 | 27.1 | 32.9 | 27.6 | 24.7 | 285 28.8

CPU, GeForce RTX 2080ti, 16 GB of RAM. building 79.3 | 79.6 | 80.8 | 79.9 | 80.0 | 81.1 81.5

wall 28.4 | 27.3 | 285 | 255 | 27.3 | 30.4 32.6

C. Performance of Semantic Segmentation fence 1891 23.3 | 248 249 227 | 206 | 254

_ _ ) ) ~ pole 19.6 | 28.3 | 30.0 | 28.5 | 29.7 | 32.0 30.9

This section provides the adapted semantic segmentation right 285 | 355 | 34.9 | 31.6 | 344 | 317 35.0

sults of driving scenes for various domain adaptation method$ion | 18.2 | 24.2 ) 26.1 | 252 23.2| 205 | 235

All experiments are evaluated on synthetic datasets: GTA5 an\[(’ge getation | 82.11 83.6 | 83.2 829 839 | 83.3 844

p ev y -G IA rrain 329 | 27.4 | 343 | 326 | 374 | 37.3| 396

SYNTHIA, and realistic dataset: Cityscapes. To quantitativelysky 76.0 | 742 | 758 | 755 | 735 | 73.8 76.3

evaluate the results of semantic segmentation, intersectioRerson 22471 gg-g gg-? g;-g g;g gg-g gg-g

. . naer . . . . . . .

over-union (loV) |s_u§ed to assess the performanpe for eac(fgﬂ 817 | 762 | 832 | 806 | 835 | 842 85.3

semantic class as it is not affected by the class imbalancesuck 309 | 331 | 321 | 326 | 339 | 29.2 35.2

The de nition Of loU is given by bLIS 40.7 | 36.7 | 44.7 | 46.2 | 45.4 | 435 48.1

train 029 | 67 | 1.42| 3.9 | 034 | 09 0.8

Y\ ¢ t motorcycle | 23.6 | 31.9 | 249 | 27.7 | 253 | 20.8 28.1

loU(Y;¥) = = P (14)  nicycle 344 | 314 | 27.1| 181 | 29.4 | 352 30.1

YIY ttfatfp mioU 412 [ 432 | 442 | 42.9 | 436 | 434 454

where Y are the ground truth labels of pixels ariti are

the predictions of pixels. Moreovety;f,;f, represent the 2) Comparative ResultsiVe compare the adapted semantic
true positives, false negatives, and false positives, respectivalggmentation results between our proposed method with other
In addition, the overall performance of different methods istate-of-the-art methods on the task of domain adaptation,
measured through mean loU which is calculated by averagimgpich transfers the source domain data (GTA5 and SYNTHIA)
the loU of various semantic classes. Here, we rst show the the target domain data (Cityscapes). The qualitative results
performance of individual GAN models in the PGE-GANof adapted segmentation are illustrated in Fig. 4 and the
Subsequently, we compare our proposed method againsfjuantitative comparison is summarised in Table IV and V with
number of recently developed methods. regard to the loU of various semantic classes and mloU of all
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