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Abstract— Adaptation to new environments such as semantic
segmentation in different weather conditions is still a challenging problem. We propose a new approach to adapt the
segmentation method to diverse weather conditions without
requiring the semantic labels of the known or the new weather
conditions. We achieve this by inserting a feature generator
layer (FGL) into the deep neural network (DNN) which is
previously trained in the known weather conditions. We only
update the parameters of FGL. The parameters of the FGL are
optimized by using two losses. One of the losses minimizes the
difference between the input and output of FGL for the known
weather domain to ensure the similarity between generated and
non-generated known weather domain features; whereas, the
other loss minimizes the difference between the distribution of
the known weather condition features and the new weather
condition features. We test our method on SYNTHIA dataset
which has several different weather conditions with a wellknown semantic segmentation network architecture. The results
show that adding an FGL improves the accuracy of semantic
segmentation for the new weather condition and does not
reduce the accuracy of the semantic segmentation of the known
weather condition.

I. I NTRODUCTION
Semantic information of the environment provide valuable
data for the navigation and planning in intelligent vehicles.
Recent developments in deep learning methods make them
dominant in semantic segmentation such as DeepLabV3 [1]
and SegNet [2]. Furthermore, they can be integrated with
spatial 2D maps of the environment [3], [4] to produce 2D
spatial semantic maps of the surroundings [5]. However,
adaptation to new environments such as varying weather
conditions is still a challenging problem.
Deep learning methods need a tremendous amount of
supervised data to train. Although datasets with labeled
images exist for semantic segmentation of RGB images taken
from autonomous vehicles at pixel level for classes such
as road, car, pedestrian, etc. (e.g. [6], [7]), providing a
dataset for each separate weather condition is exhaustive.
Thus, we focus on the problem of unsupervised adaptation
to new weather conditions and use the same deep neural
network (DNN) model to semantically segment successfully
both known weather condition and the new weather condition
images.
In unsupervised domain adaptation, the known weather
condition for which we have the labels is called as the source
domain data and the new weather condition without labels
is called as the target domain data. We assume that we
already have an initial DNN model to estimate the semantic
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Fig. 1: A general overview. The initial model M̂ is trained
with source domain images xs and labels ys . Then, it adapts
to the new weather condition by only using the source
domain images xs and target domain images xt . No labels
are used during adaptation training. Green lines represent the
flow of data used for training, black straight lines represent
the flow for the segmentation of source domain and red
dashed lines represent the flow for the segmentation of target
domain. Note that the holes on the road segmentation at
night diminish after adaptation while the segmentation of
the daylight condition remains intact.
segmentation of the RGB images trained on source domain
data as shown in Fig. 1. We propose to obtain a new DNN
model by inserting a feature generator layer (FGL) such
that the accuracy of the network improves with respect to
the original DNN model for target domain segmentation
and its accuracy does not degrade for the source domain
segmentation. This implies that the same model can be used
in different weather conditions for autonomous vehicles,
which would be an advantage since the weather conditions
can change during driving, e.g. it can start and stop raining
during the same ride.
We insert the FGL after the initial feature extraction layers
of the DNN, which corresponds to the “encoder” part of

the network. We only update the parameters of FGL for
adaptation. We define two losses to optimize FGL. One loss
is the difference between the distribution of the source and
target domain data. We investigate three alternatives for this;
Wasserstein distance [8], Jensen-Shannon divergence [9] and
maximum mean discrepancy (MMD) [10]. The other loss
measures the difference between the output and input of the
FGL for source domain. We require the output of FGL to be
similar to its input for the source domain.
The contributions of this paper can be listed as follows:
• To use only the source domain data without labels,
target domain data without labels and pre-trained DNN
model;
• To update only the parameters of the inserted FGL
which results in faster adaptation training;
• To obtain an adapted DNN model with an improved
accuracy for the target domain and a similar accuracy
to the pre-trained model for source domain data;
• To report the accuracy of the adapted model for both
domains.
We evaluate our approach by adapting the SegNet [2]
for varying weather conditions since it is fast and does
not require much memory which are important criteria for
autonomous vehicles. We test it in Winter, Spring and Night
conditions on SYNTHIA [7].
The rest of the paper is organized as follows. First, in
Section. II, we discuss briefly the literature related to the
domain adaptation. Then, In Section. III, we explain our
solution by inserting a FGL with three alternative distance
measures for data distribution. In Section. IV, we evaluate
our method with SYNTHIA under two different weather
conditions. Finally, we conclude the paper with a brief
summary and possible future directions of research.
II. R ELATED W ORK
One of the approaches to unsupervised domain adaptation
is to use images with incremental changes in the target
domain. Dai et al. [11] train a network with the images
obtained at different times of the twilight with incremental
darkness to adapt to darkness. The labels for the first twilight
time zone are estimated with the original network which
was trained with daylight images are accepted as “target
domain ground truth” labels. The network is re-trained with a
mixture of source and “target domain ground truth” labels.
Wulfmeier et al. [12] use an other incremental approach.
They train a separate encoder for target domain data with
generative adversarial network (GAN) [9] to make the target
domain features similar to source domain features. Although
the performance is improved for the target domain, one of
the concerns is the requirement of incremental data collection
which will not be feasible for various weather/illumination
conditions for autonomous vehicles.
Another approach is to transform the input images from
the target domain to the source domain so that they are
similar in appearance. Porav et al. [13] obtain a dataset
with a special stereo camera to capture the image of the
scene both with rain and without rain and train a network

to convert the rainy images into de-rainy ones. The rainy
condition is maintained with a glass with water droplets.
The requirement of the exactly same scenes under different
weather conditions is difficult to obtain for each weather
condition. Cycada method [14] uses generators at different
parts of the network. The usage of multiple generators ensure
a cyclic transformation. Requirement of multiple generators
makes this approach computationally expensive.
Another group of studies focus on minimizing the distribution in the output of the network. Vu et al. [15]
implement adversarial entropy minimization for the outputs
of the source and target domains. Wu et al. [16] find the
geodesic loss [17] on the output of the network and backpropagate it for optimization. Zhang et al. [18] implement
a super-pixel and label generator to transform the target
domain output into the source domain output. The output is
converted into a higher-dimensional feature space to be used
with adversarial training, which may not always guarantee
to represent the difference of the distribution between source
and target domains. Furthermore, another problem with this
group of approaches is that the necessary information to
transform target domain into source domain data may have
already been lost in the initial layers of the network.
Finally, we consider studies that compare the distributions
of the features in both domains. The features generally
have a high-dimension; therefore, adversarial training can
be directly used. Tzeng et al. [19] proposed one of the
early unsupervised domain adaptation in DNNs. They adapt
a DNN by inserting a generator into the network and train it
by using the MMD [20] to measure the discrepancy between
the source and target domain features. Long et al. [21]
also propose a similar architecture, but with multiple MMD
kernels instead of single, and without additional adaptation
layer. Additionally, both use the labels of the source domain
to optimize the parameters of the network. Ganin et al. [22]
used GANs [9] to adapt. In some other variants, GANs
[9] are used for adaptation in semantic segmentation by
deploying a discriminator at different layers of the network to
measure the difference in distribution between the source and
domain data features and the output (e.g. [23], [24], [25]).
Peng et al. [26] and Hong et al. [27] insert a generator into
the network to transform the distribution of target feature
distribution into source domain feature distribution. Peng et
al. [26] train based on W-GANs [8] with penalty gradient
[28] while Hong et al. [27] use a GAN [9] based approach.
We covered the domain adaptation approaches that can be
applied to DNNs by considering the computational complexity and the memory requirements for autonomous vehicles.
It should be noted that some of the mentioned methods are
used for adaption from the simulator domain to the real
world domain; however, we will focus only on the new
weather condition adaptation. We propose an approach which
is different from the mentioned methods in three aspects.
Firstly, we develop a method which does not require the
source domain labels for adaptation. Secondly, it is usually a
common practice to report the accuracy of the target domain
with the new trained model [10]; since we propose to use

inf D(Pr(f̂ )∼p , Pr(G(f̂ ))∼q ) + λlg (f̂s , G(f̂s ))
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Fig. 2: First, the initial model M̂ is trained with source
domain ground truth labels ȳs . The training of the initial
model is shown with red straight lines. Then, FGL layer
G is inserted into this model and the parameters of G is
optimized by using the source domain and target domain
features fs and ft . The training of adaptation is shown with
black straight lines. The blue dotted lines are not used for
back-propagation.
the same model in different weather conditions, we provide
the performance of the same network in both target and
source domains. Our final difference is that we don’t update
the parameters of the pre-trained model. We only update
the parameters of the generator which significantly reduces
memory and time requirements for training.
III. D OMAIN A DAPTATION
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labels ys which can minimize the source cost cs M̂γ̂ =
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i
Pr(x,y)∼p M̂γ̂ (x) 6= y are available. The source and target
domains have probability distributions of Prp and Prq respectively. Our objective is to obtain a model such that it can minimize the target cost ct (Mγ ) = Pr(x,y)∼q [Mγ (x) 6= y] and
source cost cs (Mγ ) = Pr(x,y)∼p [Mγ (x) 6= y] simultaneously
using available source data , target data and the previously
learned model.
We divide the neural network M̂γ̂ into two: encoder Êθ̂
and the decoder F̂α̂ such that M̂γ̂ (x) = F̂α̂ (Êθ̂ (x)) as shown
in Fig. 2. We propose a method where we insert a feature
generator layer Gϑ between F̂α̂ and Êθ̂ . All the parameters
are kept constant except Gϑ . The output of the new adapted
layer becomes f = Gϑ (Êθ̂ (x)). The inputs and outputs of the
layer are same in size. We require the generator to produce
the target domain features ft similar to the source domain
features fs in distribution and in addition, we need the source
domain features to be generated with minimal change, which
can be formulated as the following optimization:

where G is the set of all possible generators, D measures
the distance between the target and source domain feature
distributions, λ > 0 is a regularization hyperparameter and
lg measures the cost between the source domain features
f̂si = Êθ̂ (xis ) and generated source domain features G(f̂si ).
We use the mean squared error (MSE) lg (f̂s , G(f̂s )) =
2
||
f̂s −G(f̂s )||2 . We hold on the assumption that features
t
sampled from the target distribution Pr(G(f̂ ))∼q
{ ftj }nj=1
contain necessary and sufficient information to classify the
target domain data similar to the source data.
We propose three different distribution distance measures
for D(Pr(f̂ )∼p , Pr(G(f̂ ))∼q ):
W-GAN proposal: First, we start with Wasserstein GANs
[8]. m−th order Wasserstein distance between two distributions can be defined as follows:
i
h
Wm (Pr(f̂ )∼p , Pr(G(f̂ ))∼q ) =
inf
E ||f̂s − G(f̂t )||m
Prf̂s ∼p,G(f̂

t )∼q

(2)
where the minimization is over all joint distributions. Then,
Eq. 1 can be rewrittenh as follows:
i
inf
inf
E ||f̂s − G(f̂t )||m + λlg (f̂s , G(f̂s )) (3)
G(.)∈G Prf̂s ∼p,G(f̂t )∼q

the second part of the optimization deals with the loss in the
source domain. Hence its optimal value is not affected by
the target domain, we solve it as a minimization problem
in the source domain only. However, the first part needs
to consider the joint distribution of both source and target
domains for optimization. It is an optimal transport problem
and a linear programming problem, therefore it always has a
dual formulation (Kantorovich-Rubinstein) [29]. Arjovsky et
al. [8] proposed an adversarial network for m = 1 and
its variant with gradient penalty has been introduced by
Gulrajani et al. [28]. We describe the implementation of
the generative method with W-GANs in Algorithm.1.
GAN proposal: Secondly, we use the GANs based on
Jensen-Shannon (JS) distance implemented by Goodfellow et
al. [9] JS distance between Pr(f̂ )∼p and Pr(G(f̂ ))∼q can be
defined as follows:
JS = KL(Prf̂s ∼p ||Prf̂ ∼r ) + KL(PrG(f̂t )∼q ||Prf̂ ∼r ) (4)
where KL is the Kullback-Leibler divergence and Prf̂ ∼r =
(Prf̂s ∼p + PrG(f̂t )∼q )/2 is the mixture. We describe the
implementation of the generative method with GANs in
Algorithm.1.
MMD proposal: Finally, we use maximum mean discrepancies which was used in domain adaptation problems
with DNNs (e.g. Long et al. [21]). It maximizes the twosample test power and minimizes the Type II error. If Hk is
the reproducing Hilbert space (RKHS) with a characteristic
positive-definite reproducing kernel k and the mean embedding of distribution p in Hk is a unique element µk (p) such
that Ex∼p f (x) = hf (x), µk (p)iH , ∀f ∈Hk ; then, we define
D(Pr(f̂ )∼p , Pr(G(f̂ ))∼q ) to be the MMD between distributions
p and q which is the RHKS distance between the mean

Algorithm 1: Feature Generator Domain Adaptation
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Fig. 3: (a) FGL is inserted after Encoder Ê and before
decoder F̂. D measures the distance between the distributions
of generated source and target domain features and used
only during adaptation training. The labels for the layers
are as follows: 1: 2D Convolution and Batch Normalization
(BN) and ReLU, 2: Max-Pooling, 3: Upsampling, 4: 2D
Convolution and ReLU, 5: Softmax. The generator has 512
input channels and 512 output channels. (b) Input has c0
channels. After second convolutional layer, it is reduced to
c2 channels. Layer labels: 6: 2D Convolution and Instance
Normalization, 7: Fully Connected Layer. The final output d
is a scalar value.
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embeddings of p and q. Using the Kernel trick, MMD can be
computed with the expectation of kernel functions as follows:
MMDk (Prp , Prq ) = Ef̂s ,f̂ 0 k(f̂s , f̂s0 ) + Eft ,ft0 k(ft , ft0 )
s

− 2Ef̂s ,ft k(f̂s , ft )

(5)

where fs , fs0 ∼ p, ft , ft0 ∼ q which means that fs0 and ft0
are sampled from source and target domains respectively and
they are not same samples with fs and ft . We explain the
implementation of the method in Algorithm. 1. Since MMD
has an unbiased U-statistic estimator, it can be used with a
stochastic gradient descent (SGD) method to optimize the
parameters of a deep neural network [21]. It is important to
remind that MMDs require a large number of samples and
a high computation time to optimize the parameters of the
network.

The number of datasets for the semantic segmentation with
specific weather conditions is limited. Although datasets may
contain examples from different weather conditions, the label
of the weather condition for each image is not available.
SYNTHIA is a synthetic dataset obtained for semantic
and instance segmentation of the surroundings of a vehicle
[7]. We use only the frontal left RGB images and its
semantically annotated label images for the ground truth.
We use three different weather conditions in two different
subway scenarios: Spring, Winter and Night from Sequence
01 and 06. We train our initial SegNet model with the labels
and RGB images of Spring-01 which contains 1188 images.
The encoder layers of SegNet use convolution layers similar to VGG-16 [30]. The initial parameters of the network
are taken from a pre-trained version of VGG-16 network for
classification of ILSVRC/Imagenet [31].
We use Stochastic Gradient Descent for optimization of
initial SegNet model with Spring as source domain and a
learning rate of 1 × 10−4 and a momentum of 0.9. The minibatch size is 6. Approximately 198 epochs are necessary to
cover all the images in the training set. We train until the
loss converges or the maximum number of iterations is 2000.
Once the network converges, the parameters are kept constant
and the FGL is inserted into the network after the encoder
layer as shown in Fig. 3a. FGL has six 2D convolution layers
with same size of input and outputs and a kernel size of
3×3. Each convolution is followed by a rectified-linear nonlinearity (ReLU) unit. We use a network for the discriminator
when we use W-GAN [8] or GAN [9] to measure the differences in the distributions of the features. The Discriminator
network is shown in Fig. 3b. It has two 2D-convolutional
layers followed by the instance normalization layer [32]. Two
fully connected (fc) layers follow these convolutional layers
where the first fc is followed by a ReLU. The parameters

TABLE I: Adaptation to Winter for SYNTHIA with SegNet
%
Spring-06
Winter-01
Winter-06

Init
59.8(0)
55.9(0)
47.8(0)

FGL+W1
59.4( -0.7)
61.7( 10.4)
48.5( 1.4)

FGL+JS
59.5(-0.4)
60.6( 8.4)
48.5( 1.4)

FGL+MMD
59.7(-0.2)
59.6( 6.6)
48.5( 1.5)

TABLE II: Adaptation to Night for SYNTHIA with SegNet
%
Spring-06
Night-01
Night-06

Init
59.8(0)
53.7(0)
35.6(0)

FGL+W1
59.7(-0.1)
58.6( 9.1)
38.8( 8.9)

FGL+JS
59.9(0.2)
58.2(8.4)
38.3(7.6)

FGL+MMD
60.0(0.4)
57.5(7.0)
38.4(7.8)

are c0 = 512, c1 = c2 = 64. For GAN, additional ReLu
and softmax layer is added to the end of the discriminator.
The initial parameters are chosen randomly from a normal
distribution. To optimize the parameters of the Generator and
the Discriminator network, we use Adam for optimization
with hyperparameters α = 1 × 10−4 , β1 = 0.7 and β1 = 0.9.
The hyperparameters for GAN and W-GAN are λp = 0.1,
λ = 10, ncrit = 1 and a mini batch size of 128 is used.
For the characteristic kernel k in MMD, we used an inverse
2
multiquadratics kernel k(ft , fs ) = C/(C +||ft − fs ||2 ) where
C = 2df σf . df is the dimensionality of the features. For
MMD, the hyperparameters are λ = 100, σf = 1 and a mini
batch size of 64 is used. The number of maximum iterations
is 10000 for GAN and W-GAN and 5000 for MMD. The
training takes approximately 4.8 h for W-GAN and GAN,
and 13.7 h for MMD. The input size of the images are
downsampled to 380 × 500 pixels. For analysis, the output
image is later upsampled to the size of the SYNTHIA dataset
ground truth label images. The inference time is around 1.3
ms on the GPU, this doesn’t include the transfer time of
the image to the GPU. All computation time evaluations are
made on an Nvidia GTX 1080Ti.
We adapt the network to two different new weather conditions: winter and night. For adaptation, we use the images
from sequence Winter-01 for winter with 1027 images and
from sequence Night-01 for night with 935 images. After
we obtain the adapted model, we test the source weather
condition with images from Spring-06 to test the amount of
accuracy degradation in the source domain after adaptation;
with the target images used to adapt the network Winter01 (or Night-01) and with the images that were not used
for adaptation training, Winter-06 (or Night-06) to test the
performance of the network with the unobserved target
domain images. We believe that these cases are in accordance
with a real scenario for an autonomous vehicle. The weather
may change during driving and the incoming images will be
the ones that were not used during adaption.
The results are shown in Table. I and Table. II. We use
the mean of intersection over union (mIoU), which is widely
used in semantic segmentation analysis. The first value is the
mIou, while the value in parenthesis is the amount of change
with respect to the initial model after the adaptation method
is applied. We compare three measure distances after the
insertion of FGL and the initial model without FGL (Init).
It can be seen that the accuracy of the initial model

trained with Spring-01 degrades when the weather conditions
change. When the road path sequence is different from the
initially trained Sequence-01, the degradation is even higher
(for the Sequence 06). Furthermore, the accuracy drop in
Night-06 condition is higher. After adaptation in the same
sequence, the accuracy increases for all the measures under
the new weather condition. However, the accuracy increase
for Winter-06 is not as high as the original sequence. To
understand its reason better, we trained initial SegNet model
with Winter-01 and tested Winter-6 with this new model.
Even in this case, the mIou is only 53.9%. Therefore, the
capacity of the SegNet may not be sufficient to segment the
Winter conditions for SYNTHIA. It should be noted that
the accuracy still increases slightly for Sequence-06 after
adaptation. Interestingly, the accuracy for Winter-01 is better
than the source domain which can be due to the similar structures in the same sequence. For the Night condition, even
the accuracy of the Spring-06 increases slightly for some
distance measures. Probably this is due to the improvement
of the segmentation of the dark regions such as inside the
tunnel after adaptation to Night. For Night condition, the
accuracy increases for both Sequences. For both Winter and
Night conditions, Wasserstein critic for the distance measure
gives a better result for the adaptation domains. Therefore, it
can be concluded that for the network with a small capacity,
W-GAN approach can be used with FGL to adapt to a new
weather condition.
The qualitative results are shown in Fig. 4. The segmentation of Spring is not affected after adaptation (Fig. 4a) to
the initial model for Winter condition. In Fig. 4b, the results
are shown after the model is adapted with images from
Winter-01 without any labels from either domains. In GT,
the right side of the road is covered with undefined region.
However, the initial model falsely segments this region as
the sky. After adaptation with W-GAN, the region wrongly
labeled as sky is reduced significantly. It should be noted
that W-GAN is more effective for this case. In Fig. 4c, the
Winter-06 is tested on the same model used in Winter-01,
model which is adapted to the Winter condition based on
the initial model on Spring-01 and adapted with the images
from Winter-01 only. After segmentation with the original
model, there is a hallucination of a vehicle segmentation in
front of our vehicle (on the 3rd column). This diminishes
after adaptation. For Night condition, we adapt the initial
model by using the images from Night-01 and it is used
for segmenting all the Night images. As it can be seen in
Fig. 4d, there are holes on the road after segmentation with
the initial model; however, they disappear after adaptation for
all adaptation approaches. We use the same adapted model to
segment the images of Night-06. As it can be seen in Fig. 4e,
the right side of the road is undefined in the GT; however,
the initial model segments this region as road, which is
dangerous if the vehicle decides to drive towards this area.
After adaptation with W-GAN, the wrong segmented area
disappears. It reduces in size after adaptation with GAN, but
MMD approach is not very effective in this case. Finally,
we show a failed case in Fig. 4f. The road is covered with

(a) Spring-06

(b) Winter-01

(c) Winter-06

(d) Night-01

(e) Night-06

(f) Winter-06

Fig. 4: Visual result samples for SYNTHIA dataset. From left to right: RGB, Ground Truth (GT), Result with the initial
model (initial), Adaptation with W-GAN, Adapted with GAN and Adaptation with MMD.
snow and none of the methods segment the road successfully.
This is probably due to the unrealistic visualization of the
winter conditions where the snow resemble the lanemarks
and most of it is recognized as landmark. Also, probably the
target features do not contain sufficient information for the
road with snow to be classified as road similar to the source
domain data.
V. C ONCLUSION
We showed that an unsupervised adaptation method can
be used to improve the accuracy of semantic segmentation
of a DNN for different weather conditions without using the
labels of the source domain to modify the parameters of a
pre-trained DNN model. We used SegNet [2] due to its speed
and accuracy and a synthetic dataset with different weather
conditions. As part of the future work, we will evaluate
the method with real images in different weather conditions
and develop the approach to be used with more complicated
network architectures.
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