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Threshold-adaptive Unsupervised Focal Loss for
Domain Adaptation of Semantic Segmentation
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Abstract—Semantic segmentation is an important task for
intelligent vehicles to understand the environment. Current
deep learning methods require large amounts of labeled data
for training. Manual annotation is expensive, while simulators
can provide accurate annotations. However, the performance of
the semantic segmentation model trained with the data of the
simulator will significantly decrease when applied in the actual
scene. Unsupervised domain adaptation (UDA) for semantic
segmentation has recently gained increasing research attention,
aiming to reduce the domain gap and improve the performance
on the target domain. In this paper, we propose a novel two-
stage entropy-based UDA method for semantic segmentation. In
stage one, we design a threshold-adaptative unsupervised focal
loss to regularize the prediction in the target domain, which
has a mild gradient neutralization mechanism and mitigates the
problem that hard samples are barely optimized in entropy-based
methods. In stage two, we introduce a data augmentation method
named cross-domain image mixing (CIM) to bridge the semantic
knowledge from two domains. Our method achieves state-of-the-
art 58.4% and 59.6% mloUs on SYNTHIA-to-Cityscapes and
GTAS-to-Cityscapes using DeepLabV2 and competitive perfor-
mance using the lightweight BiSeNet.

Index Terms—Semantic segmentation, unsupervised domain
adaptation, entropy minimization, focal loss.

I. INTRODUCTION

EMANTIC segmentation is an important perceptual task

for the intelligent transportation system, which can pro-
vide pixel-level semantic information, e.g., road, traffic sign,
and pedestrian. Thanks to the development of deep learning
and large-scale public datasets, semantic segmentation has
made remarkable progress [1]-[4] in recent years. Most of
these supervised deep learning methods have an indispensable
requirement for high-quality labeled data, which are expensive
to obtain. It takes about 90 minutes to label an image of
Cityscapes [5]. So an alternative way is to utilize synthetic
datasets like SYNTHIA [6] and GTAS [7] for model training.
However, the models trained on synthetic datasets (source do-
main) usually perform poorly in real scenarios (target domain)
due to the large domain gap. To alleviate this severe problem,
researchers have resorted to investigating unsupervised domain
adaptation (UDA) methods for semantic segmentation.
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Fig. 1. Gradient analysis of entropy-based unsupervised loss. Shannon entropy
sharpens the prediction distribution, and its gradient is strongly biased toward
easy samples (prediction probabilities near 1). Maximum square loss reduces
the gradient magnitude of easy samples, but the gradient tends to be 0
when probability approaches 0.5. Neutral cross-entropy smoothes the over-
sharpness of entropy loss. However, it utilizes a high confidence threshold
(0.8) to filter the prediction results. Unsupervised focal loss has a mild gradient
neutralization mechanism and dynamic threshold adjustment strategy, making
hard samples with low prediction probabilities optimized.

The literature on UDA for semantic segmentation is recently
dominated by adversarial-based and self-training methods.
Adversarial-based methods [8]-[11] have shown competitive
adaptation performance by learning domain invariant represen-
tations at the input, feature, or output levels. But the training
procedure is complex, and the adversarial loss [[12] frequently
converges to local optimal. Self-training methods [13]-[16]]
have state-of-the-art adaptation performance recently. Pseudo
labels for the target domain are generated and used to re-
train the segmentation model. However, they often require
computationally expensive iterative training and act more like
post-processing of pre-adapted models.

Recently, a new line of entropy-based UDA methods [8],
[17]-[19] for semantic segmentation has shown progressive
development, which regards the UDA for semantic segmenta-
tion as a regularization process on the target domain. The work
in [8]] proposes to minimize the entropy maps of prediction
results on the target domain, making the network produce
high-confidence predictions. Then [17] finds the gradient of
entropy is biased towards samples that are easy to trans-
fer and proposes the maximum square loss to balance the
gradient of the well-classified target samples. Besides that,
the over-sharpness of entropy minimization is mitigated in
[18]] by introducing the pixel-level consistency regularization
and proposing the neutral cross-entropy loss. After that, [[19]]
designs confidence-aware entropy to help the model focus
more on high-confident data points. Entropy-based methods
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have good theoretical support and generally train faster [§]],
[17]-[19]. Though efficient and effective, the performance of
entropy-based methods still falls behind the other two types
of state-of-the-art methods and needs further improvement.

There are two main problems that hinder the further im-
provement of these entropy-based methods. One is that the
hard samples are barely optimized. In the training process,
the model parameters are updated through backpropagation.
Once that learning rate is selected, the degree of parameters
updating is proportional to the magnitude of the gradient of the
loss. The gradient analysis of these entropy-based losses [8]],
[L7], (18] is shown in Fig. E], where the binary classification
case is used for a clearer presentation. The gradient of the
shannon entropy loss is strongly biased towards samples with
probabilities near 1. Still, it decreases to O when probability
approaches 0.5, making the hard-to-transfer samples barely
optimized. A similar situation happens in the maximum square
loss, though it reduces the gradient of these well-classified
target samples. For neutral cross-entropy loss, a confidence
threshold like 0.8 is selected to filter the prediction results
with low confidence for training stability. It may make the hard
samples that are usually with low prediction probabilities not
included in calculating the loss, let alone optimized. Another is
that these entropy-based UDA methods only impose a regular-
ization item on the target domain while ignoring the explicit
connection of semantic knowledge between the source and
the target domain. One way is to utilize adversarial training
to learn domain invariant features, but these adversarial-based
methods are well-known for difficult training.

In this paper, we propose a novel two-stage entropy-based
UDA method to mitigate the above two problems. In stage one,
the threshold-adaptive unsupervised focal loss is designed and
applied to the target domain. It has a gentle gradient neutral-
ization mechanism to smooth the over-sharpness of shannon
entropy loss and a class-level dynamic threshold adjustment
strategy, which helps optimize hard samples. In stage two, we
introduce a data enhancement method named cross-domain
image mixing (CIM) to bridge the semantic knowledge from
two domains. Three image-label pairs from the source domain,
target domain, and CIM are fed into the network for training.
Experiments are conducted on two synthetic-to-real settings
(SYNTHIA-to-Cityscapes and GTAS5-to-Cityscapes) to verify
the effectiveness of our method. It achieves state-of-the-art
58.4% and 59.6% mloUs using DeepLabV2 and competitive
52.2% and 55.4% mloUs using lightweight BiSeNet. Our
contributions are summarized as follows:

o We design a threshold-adaptive unsupervised focal loss
for the UDA problem of semantic segmentation. It adjusts
the gradient contributions of easy and hard samples and
has a class-level dynamic threshold adjustment strategy,
helping the hard target samples get optimized.

o We introduce a data augmentation method named cross-
domain image mixing (CIM) into entropy-based methods,
which bridges the semantic knowledge of two domains.

¢ We propose a novel two-stage UDA framework for
semantic segmentation, achieving state-of-the-art perfor-
mance on major cross-domain benchmark datasets like
SYNTHIA-to-Cityscapes and GTA5-to-Cityscapes.

II. RELATED WORK
A. Semantic Segmentation

Semantic segmentation has made significant advances in
recent years since the development of deep learning and
the availability of public datasets. FCN [20] is the first
segmentation model that achieves pixel-level predictions. After
that, many works on semantic segmentation have emerged.
One stream of methods aims to improve the accuracy of
semantic segmentation models [1[|-[3[], [21]-[23]]. DeepLabV2
[21] proposes atrous spatial pyramid pooling (ASPP) with
filters at multiple sampling rates, improving the segmentation
performance on multi-scale objects. The other trend intends
to develop real-time models for applications [4]], [24]-[26].
BiSeNet [24] consists of Spatial Path, Context Path, and
Feature Fusion Module, which makes a balance between
speed and segmentation performance. Both of them have
indispensable demand for high-quality labeled datasets, which
are expensive to acquire. One possible method to reduce data
labeling costs is adopting synthetic datasets [[6], [7]]. However,
models trained on synthetic datasets often perform poorly
when applied in real scenarios due to the large domain gap.
UDA methods are developed for this problem. In this paper,
lightweight BiSeNet [24] with ResNetl8 as the backbone
is used for real-time performance and training efficiency.
Meanwhile, we also adopt the widely used DeeplabV2 [21]]
for a fair comparison with state-of-the-art.

B. UDA for Semantic Segmentation

UDA methods can alleviate the domain gap between source
and target domains, improving the performance of the segmen-
tation model on the unlabeled target domain. Current advanced
UDA approaches for semantic segmentation are dominated
by adversarial-based and self-training methods. On one hand,
adversarial-based methods [8]-[11] usually adopt generative
adversarial networks (GAN) [12] to align the distributions
of two domains, aiming to learn domain invariant represen-
tations at different levels. Meanwhile, image style translation
(IST) methods [9], [27], [28] transfer the texture of source
domain images to the target domain, reducing the domain
gap at the input level. The work in [28|] proposes a global
photometric alignment module that aligns the image in the
source domain with the reference image in the target domain.
Although adversarial-based methods usually have competitive
performance, they suffer from training instability. In this paper,
a prevalently used IST method CycleGAN [9] is taken to
preprocess the images from the source domain offline.

On the other hand, self-training methods [[13]-[16] generate
pseudo labels in the target domain and employ them for
iterative training. Class balanced self-training [13] is the first
to apply pseudo-labeling to UDA. After that, uncertainty
estimation is applied to rectify the pseudo labels in [14].
The method in [29]] generates co-evolving pseudo labels
for their self-supervised framework. Current state-of-the-art
ProDA [16] uses prototypical pseudo label denoising to update
the pseudo labels in stage one online and adopts knowledge
distillation to a self-supervised model in the following two
stages. Nevertheless, producing high-quality pseudo labels
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remains challenging, and iterative training is computation-
ally expensive and time-consuming. Self-training methods are
more like “post-processing” of the pre-adapted model, which
can follow the adversarial-based and entropy-based methods
to further improve the adaptation performance.

Moreover, some UDA methods [30], [31] tend to improve
the adaptation performance of the semantic segmentation
model from daytime to nighttime. DANNet [31] is the first
one-stage adaptation framework for nighttime semantic seg-
mentation via adversarial learning. In addition, the work in
[32] investigates the adaptation in affinity space, which lever-
ages co-occurring patterns between pairwise pixels. The guid-
ance from self-supervised depth estimation is leveraged in [33]]
to strengthen the target semantic predictions. Recently, [34]]
explores the possibility of improving the network structure and
training strategy for domain adaptative semantic segmentation,
which utilizes the MiT-B5 [23]] encoder and boosts the state-
of-the-art. However, the training of transformer architecture
is well-known for being complex and cumbersome. We still
adopt the CNN architecture for experiments, and the choice
of segmentation model is not the focus of our work.

Another stream of entropy-based UDA methods follows
the cluster assumption [35], which regards the UDA for
semantic segmentation as a regularization process on the target
domain [8f], [[17]-[19]. Entropy minimization is proposed in
[8]], which minimizes the entropy maps of prediction results
on the target domain, and encourages the network to produce
predictions with high confidence. Maximum square loss is
designed in [17] to balance the gradient of well-classified
target samples, which alleviates the problem that the gradient
of entropy is biased towards easy-to-transfer samples. Pixel-
level consistency regularization is introduced in [18] to form
neutral cross-entropy loss, which has a gradient neutralization
mechanism to smooth the over-sharpness of entropy loss. The
work in [[19] updates the common entropy to confidence-aware
entropy, forcing the network to focus on the high-confidence
predictions. Though efficient and effective, entropy-based
methods only bring little improvement and still lag behind
current advanced UDA methods. As discussed before, they
barely optimize hard-to-transfer samples and lack the explicit
semantic knowledge connection between two domains. In this
paper, we focus on the entropy-based methods, aiming to
mitigate the above two problems and boost their adaptation
performance to the state-of-the-art.

C. Image Mixing Strategy

Image mixing has proven effective in semi-supervised learn-
ing (SSL). The central idea is to mix two images and their
labels, forming additional, highly perturbed training samples.
ClassMix [36] randomly selects half of the classes in one
image and pastes them onto another one to better respect
semantic boundaries. Image Mixing is a preferable approach to
bridge the semantic knowledge between two domains, and [37]
has verified its effectiveness in the UDA problem of semantic
segmentation. Different from [37], we emphasize the loss
contribution of the pixels near the boundaries of mixing mask,
which have the receptive field of both domains, and design
long-tail class pasting to improve adaptation performance.

III. METHOD

The framework of our two-stage UDA method is shown
in Fig In stage one, CycleGAN [9] is used to transfer
the image style of the source domain to the target domain
offline when using BiSeNet, while DeepLabV2 does not. The
image x; from the target domain goes through perturbation
g, and the augmented image is denoted as z;~. Then z, and
x4« are fed into the segmentation model f(#), and the pre-
dictions f (z¢,0) and f (x4, 0) are obtained. Apply the same
perturbation on f (xz, 0) to align with f (x4« 6), our threshold-
adaptive unsupervised focal loss Ly (f (x¢,0), f (zs+,0)) is
calculated. Meanwhile, the supervised cross-entropy loss
Ly (f (zs,0),ys) is computed in the source domain.

In stage two, the pre-adapted model from stage one f (5)
generates pseudo labels for target samples. Then mixed image-
label pairs (x,,y,,) are acquired through CIM with boundary
enhancement and long-tail class pasting. Supervised cross-
entropy loss L,, is also used in stage two with the L, and
L,,. The details will be presented in the following.

A. Overview of entropy-based UDA methods

Use D; = {(7s,ys)|rs € R>H>XW o e REXWY and
Dy = {xy]z, € R¥>*H>W3 (o denote the labeled source
domain and unlabeled target domain. The general loss function
of the entropy-based UDA method can be formulated as:

Loss = Ly (xsvys) + ALy (th) (1)

where Lg is the supervised cross-entropy loss in the source
domain, and L,, is the unsupervised loss applied on the target
images with coefficient \,. The training objective is to adjust
the parameters of model § to minimize the loss function ().
Denote f (z4,6), f (x¢,0), and f (z;+,0) as pe, Py, and py-
for convenience. The shannon entropy loss (Lgspqn) is directly
utilized as the L,, in [8]:

Z Zp? “log (p )

nelcl

Lshan pt

where C'is the number of classes, ¢ represents channel number,
n denotes pixel location, and I; is the loss calculation mask.
Suppose p; € RE*HXW "and p,, = Jnax_py is the prediction

confidence map. I; = {(h,w)|p™ > t,t € [0,1]} means
that only pixels with prediction confidence greater than the
threshold ¢ are included in the loss calculation.

B. Threshold-adaptative unsupervised focal loss

Inspired by the focal loss [38]], we propose the unsupervised
focal loss for domain adaptation of semantic segmentation.
Specifically, it consists of two parts, the first part is the
shannon entropy for the prediction probability distribution p;
of weakly perturbed target image x;, which makes the model
tend to produce high-confidence prediction results:

|I| Z Zﬁ?clog Anc (3)

nel, c=1

Lshan t =
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Fig. 2. Two-stage UDA framework for semantic segmentation. The data flow of the source domain, target domain, and CIM is denoted by blue, green, and
orange lines, respectively. In stage one, CycleGAN is adopted to preprocess the source domain images. Then the threshold-adaptative unsupervised focal loss
is applied in the target domain and the supervised cross-entropy loss in the source domain. In stage two, CIM is introduced and helps connect the semantic
knowledge between two domains. L, L., and L., present supervised cross-entropy loss, threshold-unsupervised focal loss, and mixed cross-entropy loss.

The second part is the KL-divergence L/ (py, p) with
the loss adjustment item:

|It| Z Z a <log

where parameter 7y controls the degree of regularization, the
gradient of p; is detached and serves as the soft “pseudo
label.” The function of KL-divergence is to make the model
produce consistent prediction results for perturbed image pairs,
that is, to align the p;~ with p;, making it more robust. The
(1 — p¢+)is introduced to balance the loss contribution of easy
and hard samples. As p, is fixed, the adjustment item tends to
be 0 when p;~ approaches 1 (easy-to-transfer) and vice versa.
The unsupervised focal loss is obtained through the summation
of shannon entropy and adjusted KL-divergence:

)= (=) g () ) 4)

Lfocal (ﬁt;pt*) = Lshan (ﬁt) + LKL’ (ﬁt;pt*) (5)

Then we discuss the relationship between our unsupervised
focal loss and the supervised focal loss. The supervised focal
loss (Ls_focar) is widely used in semantic segmentation for
hard samples optimization, which is formulated as:

u|22yf

nely c=1

(1 —pi"©) log (pi"©)

(6)

Ls_focal (ytu pt

We expand the supervised focal loss as:

Ls_focal (ytapt) = Lshan (yt) + LKL/ (ytapt)

- mZZy?”log )+

neI c=1

T

nEIt c—l

™) log (p™))
(7)

In the supervised focal loss, the Lgpqy, (y:) is constant since the
labels are available and fixed. It demonstrates that minimizing

“(log () —(1—p

the supervised focal 10ss Ls_focal(Yt, pe) is equal to optimizing
the adjusted KL-divergence L1 (y:, pt), which inspires us to
use perturbed image pairs to establish an unsupervised form
of adjusted KL-divergence L/ (py,pe+). Compared with
the supervised one, our unsupervised focal loss replaces the
ground truth y; with the estimated prediction p;. Essentially,
our unsupervised focal loss is a particular format of supervised
focal loss, with the shannon entropy of soft “pseudo label”
Lspan(pr) as the learnable variable. It can adjust the contribu-
tion of easy and hard target samples to the unsupervised loss
L,, so that the hard samples are optimized.

The computational mask I; is another factor that hinders
the optimization of hard samples, which adopts a confidence
threshold like 0.8 to remove pixels with low maximum
prediction probabilities to stabilize the unsupervised training
process [18]. However, those hard samples are often with
low maximum prediction probabilities since the model cannot
discriminate their classes well. We visualize the average max-
imum prediction probability and proportion of pixels above
the threshold (0.8) of each class in the GTAS-to-Cityscapes
experiment, shown in Fig. 3] Classes with higher IoU generally
have higher maximum prediction probabilities and vice versa.
Those classes with low maximum prediction probabilities are
rarely incorporated into the computation of the unsupervised
loss, leading to low IoU.

We introduce a class-level dynamic threshold adjustment
strategy for I;, where the threshold is updated online during
the training process. Denote the threshold for each class as
a € RY. We use the Exponential Moving Average strategy to
update it for the current sample from the target domain:

t] € R°
ap =acg—1+ (1 —a)ag, k>1

Qg = [t, veny

®)

where o represents the initial threshold t (set as 0.8), ay
and ay_; denote the class threshold in the kth and (k — 1)th
iteration, a is the historical memory parameter, and «y is the
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Fig. 3. Numerical characteristic analysis of each class on GTAS5-to-
Cityscapes. When using a fixed high confidence threshold (0.8), some classes
like fence and train are barely included in the loss calculation. Our adaptative
threshold strategy helps these classes contribute more to the loss.

class threshold calculated from the current sample:

e, = pPmlargmax(p:) = |
af, = descend (pS,) [b(eazfl_l)dhﬁqu

9

where p¢, is the prediction confidence list for class ¢, obtained
by choosing the pixels with pseudo label c. af, represents the
threshold for class ¢ computing from the current sample. b is
the global proportion of pixels used for loss calculation, like
pixels with top 80% prediction confidence. aj,_; denotes the
threshold of class ¢ in (k — 1)th iteration, and d regularizes
the proportion of classes with low of,_;. In other words, after
sorting the p¢, in descending order, the [b(e®i-1~1)%|p¢ [[th
item is utilized as the threshold af,.

This class-level threshold adjustment strategy has three
advantages compared with a fixed threshold: First, it considers
the difficulty of different categories so that the classes with
lower prediction confidence probabilities have lower thresh-
olds. Second, the threshold is updated on each image, which
is more suitable for the current segmentation result. Third,
parameters b and d make each class balance between loss
contribution and noise suppression, presented in Fig. [3]

Our threshold-adaptative unsupervised focal loss is fi-
nally obtained with the class-level threshold adjustment strat-
egy. The calculation method for I; is updated to I, =
{(h,w)largmaz (" = ¢),pls > aldl,ald] € [0,1]}. Then
we analyze the gradient of these entropy-based losses, shown
in Fig. [I] For simplicity, we consider the binary classification
case. Use p and p to denote learnable classification probability
and estimated prediction. Shannon entropy tends to predict
at 0 and 1, sharpening the prediction distribution, and its
gradient is strongly biased toward easy samples. Maximum
square loss reduces the gradient when p approaches 1, but
the gradient of hard samples with p near 0.5 tends to be
0. When set p = 0.6, neutral cross-entropy loss shifts the
global minimum towards the middle location (0.82). However,
it utilizes a high confidence threshold (0.8), and the samples
with low confidence (p < 0.8) are not included in the loss
calculation. Our threshold-adaptative unsupervised focal loss
also shifts the global minimum to the middle location (0.67),
with a milder gradient neutralization mechanism and dynamic
threshold adjustment strategy. Moreover, the gradient increases

Ys Ysr Yt Ym Wi

Fig. 4. Qualitative demonstration of Cross-domain Image Mixing. (s,ys),
(xsr,Ysr), (xe,9t), and (Tym,ym) represent the image-label pairs from the
source domain, source domain after long-tail class pasting, target domain,
and CIM. I, is the mixing mask and W, is the coefficient mask.

when p gets to 0.5, making hard samples contribute more to
the optimization process and get optimized.

C. CIM

To improve the adaptation performance on long-tail classes,
we use the image-label pairs in the source domain to make
a category database and conduct long-tail class pasting on
the source image. Specifically, we build the mapping between
classes and source domain image-label pairs offline: M., =
{(zs,ys)|ci € ys}, where ¢; is the ith class. When class ¢; is
demanded, an image-label pair (zs, y,) from M., is randomly
selected, and the corresponding contents are pasted into the
current sample. In the first and second columns in Fig. @] the
rider and bike are pasted to the source image and label. The
inverse of the dynamic threshold « after softmax is used as the
probability of the class selection. The enhanced image-label
pair from the source domain are denoted as (T4, Ys').

Denote the adapted model from stage one as f(6). The
target image x; goes through f (5) and gets its pseudo label
y;. The image-label pairs from the source and target domain
are mixed at the class level [36]:

Tm = m'xs’+(1_Im)'$t
ym:Imys"’_(]-_Im)gt
where I,,, is the mixing mask obtained by randomly choosing
half of the classes in the ys. Qualitative demonstration of
Cross-domain Image Mixing is shown in Fig. [

The cross-entropy loss is also used for mixed image-label
pairs. Since the receptive field of pixels near the boundaries
of the mixing mask I,,, (denoted as p € b(,,)) after passing
through the convolutional network will contain both real and
virtual contents, we enhance the loss contribution of these
pixels. Expressly, for the pixels within the 7x7 field of the
boundary point, their loss coefficient W,,,(p) is set to 2 while
others remain 1:

(10)

2, if peb(ln)
1, otherwise

Win(p) :{ (1)

The training loss of stage two is formulated as follows, and

Am 1s the coefficient for the mixed part.

Loss = Ls(xsays) + AuLu(xt) + )\mLm(xm,ym) (12)
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IV. EXPERIMENTS
A. Datasets

We conduct experiments on two popular synthetic-to-real
settings: SYNTHIA-to-Cityscapes and GTAS5-to-Cityscapes.
The synthetic datasets SYNTHIA [6] and GTAS [7] are used
as the source domain datasets, and the actual driving dataset
Cityscapes is the target domain dataset.

SYNTHIA consists of 9400 photo-realistic frames, which
are 760 x 1280. GTAS has 24966 annotated images with a
resolution of 1052 x 1914. The label classes of the two syn-
thetic datasets are consistent with Cityscapes. GTAS contains
19 classes, while SYNTHIA has 16 categories. For the target
domain, Cityscapes has 2975 and 500 precisely annotated im-
ages for training and validation and 19997 roughly annotated
images. To fully exploit the advantage of our UDA method, we
use 19997 images for BiSeNet like [[18[], while 2975 images
for DeepLabV?2 for a fair comparison.

B. Segmentation Network

For training efficiency and real-time inference, BiSeNet
[24] with ResNetl8 [39] as the backbone is adopted as
the segmentation network in most experiments. Meanwhile,
DeepLabV2 with ResNetl01 as the backbone is also utilized
for a fair comparison with other state-of-the-art methods.

C. Evaluation Methods and Experiment Settings

Intersection-over-union (IoU) for each class and mean-
intersection-over-union (mloU) for all classes are the evalu-
ation metrics in our experiments. For GTAS5-to-Cityscapes, 19
classes are evaluated, while 16 and 13 are for the SYNTHIA-
to-Cityscapes setting.

For BiSeNet, the images in SYNTHIA keep their original
size of 760 x 1280, while the ones in GTAS5 are randomly
cropped into 1000 x 1000 during the training. The model is
pretrained on the source domain dataset. The batch size is
12, and total training iterations are 20000, using two 1080Ti
GPUs. We use the SGD optimizer with the learning rate of
2.5x10~%, momentum of 0.9, and weight decay of 5x10~*.
For learning rate adjustment, we use warm-up for the first 100
iterations, followed by a poly-type tuning strategy, decaying
the initial learning rate with (1 — /er—warmiter__)0.9 The
cross-entropy loss is adopted as the optimization objective.

In stage one of our UDA framework, unsupervised loss on
the target domain is added to the optimization process. Specif-
ically, shannon entropy loss, maximum square loss, neutral
cross-entropy loss, and our threshold-adaptative unsupervised
focal loss are adopted as the L,. We first compare their
performance with fixed confidence thresholds from 0.2 to 0.8
and then apply the dynamic threshold adjustment strategy to
our unsupervised focal loss. The image perturbation methods
are like [18], including random flipping, scaling, rotation,
Gaussian noise, etc. The batch size is set as 2 for both
source and target domain images and the initial learning rate
is decayed as 0.5x1075, training for 20000 iterations.

In stage two of our UDA framework, mixed loss item L,,
is added to the optimization loss. The main segmentation net-
work for optimization f(#) loads weights from the pretrained

mo~del on the source domain, while the segmentation network
f(0) for producing the mixed image-label pairs is initialized
from the weights of the model obtained in stage one. The
batch size is also 2, with a learning rate of 0.5x1075 and
20000 iterations. The A, and \,,, are set as 0.05 and 1.

In the testing process, we conduct experiments on the
Cityscapes validation set to calculate the evaluation metrics of
the UDA methods like most previous work. For DeepLabV2,
we follow most of the settings in ProDA [16]], and two 3090

GPUs are used for training and inference.

D. Experimental results

1) SYNTHIA-to-Cityscapes: The overall performance of
our UDA method on the SYNTHIA-to-Cityscapes is shown
in Table [l The baseline and oracle models are trained on
the transferred source domain (IST) and target domain. The
Shannon, Maximum, Neural represent shannon entropy loss,
maximum square loss, and neural cross-entropy loss.

Our two-stage UDA method using BiSeNet reaches 52.2%
mloU of 16 classes and 59.1% mloU* of 13 classes in
SYNTHIA-to-Cityscapes, which are 11.4% and 12.6% higher
than the baseline and comparable with the performance
of some self-training methods [14], [[15] using DeeplabV2.
Threshold-adaptative unsupervised focal loss helps the model
achieve 49.0% mloU and 55.7% mloU*, outperforming pre-
viously advanced neutral cross-entropy loss with 4.1% and
4.2%, and all other entropy-based UDA methods. It is su-
pervised that maximum square loss degrades the performance
in our experiments, implying that it relies on the image-
wise weighting and multi-level self-guided approach [17]. The
model has steady improvement on some difficult classes, such
as sidewalk, wall, pole, traffic light, traffic sign, bus, and bike,
indicating our method help to optimize the “hard-to-transfer”
samples. When using the DeepLabV2, our method reaches
58.4% mloU and 65.4% mloU#*, which are state-of-the-art and
exceed previous adversarial-based [[10], [[11] and self-training
[14]-[16] methods with healthy margins.

The qualitative adaptation results of different entropy-based
UDA methods using BiSeNet are shown in Fig. [5} which is
consistent with the quantitative results in Table [I Our two-
stage UDA method helps the model make more explicit pre-
dictions in the target domain and performs better on categories
like sidewalk and traffic sign. Meanwhile, the entropy maps
produced by our method are much clearer, implying that many
hard-to-transfer samples got optimized.

2) GTA5-to-Cityscapes: The overall performance of our
UDA method on the GTAS-to-Cityscapes is shown in Table

Our two-stage UDA method achieves 55.4% mloU of 19
classes and is 8.9% higher than the baseline. It brings steady
improvement for low-IoU classes like wall, traffic light, traffic
sign, truck, and bike. Meanwhile, the proposed threshold-
adaptative unsupervised focal loss brings 6.8% mloU improve-
ment to the baseline, surpassing all previous entropy-based
UDA methods. What’s more, our method achieves state-of-
the-art 59.6% mloU when adopting DeepLabV2.

Fig. [6] shows the qualitative adaptation results, where our
method performs better than other entropy-based UDA meth-
ods and demonstrates its effectiveness.



SUBMITTED TO IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS ON APRIL 2, 2022 7

TABLE I

THE ADAPTATION PERFORMANCE AND COMPARISON ON SYNTHIA-TO-CITYSCAPES (MIOU: 16 CLASSES; MIOU*: 13 CLASSES)
Methods Network road SW build  wall*  fence® pole* light sign vege sky person rider  car bus  motor bike | mloU | mloU*
AdaptSeg [10 843 47 715 - B E 47 7.0 779 825 543 210 723 322 189 323 - 467
Shannon [§] 856 422 797 87 0.4 259 54 81 804 8.1 579 238 733 364 142 330 | 412 48.0
Maximum [17] 829 407 803 102 0.8 258 12.8 182 825 822 531 180 790 314 104 356 | 414 48.2
BDL [11] 86.0 467 803 - - - 141 11,6 792 813 541 279 737 422 257 453 - 51.4
FDA [27] 793 350 732 - - - 199 240 617 826 614 311 839 408 384 5l - 52.5
Confidence [19] DeeplabV2 87.6 46.1 820 100 0.4 336 214 149 812 852 572 264 830 333 240 468 | 458 53.0
DACS [37] (RCSK]CHOI) 80.6 25.1 819 245 29 372 227 240 837 908  67.6 383 829 389 285 476 | 483 54.8
Rectifying 87.6 419 831 147 1.7 362 313 199 816 806 630 218 862 407 236 531 | 479 54.9
IAST |15] 81.9 415 833 177 4.6 323 309 288 834 850 655 308 865 382 331 527 | 49.8 57.0
SAC [29] 893 472 855 265 1.3 430 455 320 871 893 636 254 869 356 304 530 | 526 59.3
CorDA 33] 933 616 853 196 5.1 378 366 428 849 904 697 418 856 384 326 539 | 550 62.8
ProDA [I6] 87.8 457 846  37.1 0.6 440 546 370 881 844 742 243 882 511 405 456 | 555 62.0
Ours 88.6 524 855 394 0.3 449 514 603 881 881 755 286 887 525 422 482 | 584 65.4
Oracle 85.1 740 802 464 49.7 507 551 648 894 660 700 472 835 726 452 665 | 654 69.2
Baseline (IST) 640 348 653 102 0.7 375 247 375 851 879 532 1901 705 143 92 387 | 408 465
Shannon 849 419 800 5.1 0.7 37.1 254 375 852 874 528 197 719 179 94 349 | 432 499
Maximum | BiSeNet 512 312 578 86 0.3 420 282 354 865 889 569 168 724 158 95 343 | 397 45.0
Confidence [T9)] (ResNet18) 859 440 782 6.0 0.6 368 221 325 857 871 549 197 815 230 97 334 | 438 50.6
Neutral [18 857 466 816 107 0.7 381 239 372 861 8.1 547 195 741 259 95 365 | 449 51.5
Ours(stage 1) 89.8 520 839 149 0.5 442 321 423 876 895 586 190 844 343 118 395 | 49.0 55.7
Ours(stage 2) 873 534 89 205 0.4 456 455 587 88.6 917 664 253 792 293 135 463 | 522 59.1

Shannon Maximum Confidence Neutral

Image/Ground truth

Baseline(IST) Ours(stage 1) Ours(stage 2)

Fig. 5. Qualitative adaptation results of different entropy-based UDA methods using BiSeNet on SYNTHIA-to-Cityscapes. From left to right are images/ground
truth, the predictions of baseline, shannon entropy loss, maximum square loss, neutral cross-entropy loss, and our two-stage UDA method. The second to
seventh columns of the first and third rows are the entropy maps of the prediction results of corresponding methods.

E. Ablation Study but not excessively. Meanwhile, bigger b (0.9) may bring more
noise, while lower b (0.5) makes fewer pixels be included in
loss calculation, and the middle one (0.8) is finally adopted.
Nevertheless, the class-level dynamic threshold adjustment
strategy can improve the adaptation performance within the
appropriate parameter range, only needing fine-tuning to the

best. Finally, a, b, and d are set as 0.9, 0.8, and 8.

1) The improvement of each method: We gradually add
unsupervised focal loss (focal), class-level dynamic threshold
adjustment strategy (threshold), and cross-domain image mix-
ing (CIM) to the baseline (IST) to explore their performance.
The results on SYNTHIA-to-Cityscapes are shown in Table
[ The unsupervised focal loss brings 5.1% mloU improve-

ment, the dynamic threshold adjustment strategy further boosts
3.1% mloU, while the CIM improves the mloU to 52.2%,
demonstrating their effectiveness.

2) The coefficient v of unsupervised focal loss: The -~
in unsupervised focal loss regularizes the loss contribution
of easy-to-transfer samples. We fix the confidence threshold
to 0.8 and set v to 1.0, 2.0, and 3.0. Table |I_V| presents
the experimental results, where v = 2 performs best and is
selected in our experiments.

3) The parameters of class-level dynamic threshold adjust-
ment strategy: We set a = 0.9 and gradually tune the b and
d, which is shown in Table M The first row where a = 1.0
denotes the unsupervised focal loss with a fixed confidence
threshold of 0.8. When increasing the d from 4 to 10, the mloU
first increases then decreases, which indicates that we need to
regularize the thresholds of the “hard” classes to some extent,

4) Fixed threshold vs. dynamic threshold: We set the
confidence threshold to 0.2, 0.4, 0.6, 0.8, and the results
are presented in Table [VIl It can be observed that a fixed
threshold is hard to balance noise suppression (high threshold)
and incorporating more pixels into the loss calculation (low
threshold), making it hard for entropy-based UDA methods to
achieve advanced performance. Our unsupervised focal loss
performs better at all fixed thresholds and further increases the
mloU* to 55.7 with the dynamic threshold adjustment strategy.

5) The coefficients of loss function: In stage one, we set
the coefficient )\, of unsupervised loss L, to 0.1, 0.05, 0.01,
0.005, and the results are shown in Fig. [7] Shannon entropy
loss, maximum square loss, neutral cross-entropy loss, and
our threshold-adaptative unsupervised focal loss peak at 0.01,
0.005, 0.01, and 0.05, respectively. It indicates that entropy-
based losses essentially act as the regularization term. In stage
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TABLE I

THE ADAPTATION PERFORMANCE AND COMPARISON ON GTAS-TO-CITYSCAPES
Methods Network road SW build  wall fence pole light sign vege terrain sky person rider car truck bus train motor bike | mloU
AdaptSeg 86.5 360 799 234 233 239 352 148 834 333 75.6 585 276 737 325 354 39 30.1 28.1 424
Shannon (8] 894 331 810 266 268 272 335 247 839 36.7 78.8 58.7 305 84.8 385 445 1.7 316 324 | 455
Maximum [17] 894 430 821 305 213 303 347 240 853 394 782 63.0 229 846 364 430 55 347 335 46.4
BDL 91.0 447 842 346 276 302 360 360 850 43.6 83.0 58.6 316 833 353 497 33 288 356 | 485
Confidence [19] 90.7 459 845 347 292 319 376 331 844 42.6 852 58.1 325 830 347 50.1 44 29.5 30.7 | 486
Rectifying [14] DeeplabV2 904 312 851 369 256 375 488 485 853 34.8 81.1 64.4 36.8 863 349 522 1.7 29.0 446 | 503
FDA (27 (ResNet101) 925 533 824 265 276 364 406 389 823 39.8 78.0 62.6 344 849 341 531 169 277 464 | 505
DACS [37] 899 397 879 307 395 385 464 528 88.0 44.0 88.8 672 358 845 457 502 0.0 273 340 | 521
IAST 94.1 588 854 397 292 251 431 342 848 34.6 88.7 62.7 303 876 423 503 247 352 402 | 522
SAC [29] 904 539 86.6 424 273 451 485 427 814 40.1 86.1 67.5 29.7 885 491 546 98 266 453 53.8
CorDA 33| 947 631 87.6 307 406 402 478 516 876 47.0 89.7 66.7 359 902 489 575 0 398  56.0 | 56.6
ProDA 878 560 797 463 448 456 535 535 88.6 452 82.1 70.7 392 888 455 594 1.0 489 564 | 575
Ours 92.0 591 846 48.0 403 480 551 617 89.1 51.2 84.0 72.6 434 875 509 512 64 50.9 556 | 59.6
Oracle 956 794 876 535 507 523 579 67.0 904 58.0 91.7 71.5 478 91.1 595 727 575 456  66.7 | 682
Baseline (IST) 888 49.0 848 327 237 363 427 406 834 31.7 849 59.6 244 845 338 39.1 4.1 132 264 | 465
Shannon 89.8 492 848 346 223 360 421 375 847 33.8 87.1 60.0 245 86.1 322 418 40 186 338 | 4715
Maximum BiSeNet 87.1 447 850 333 253 376 429 41.0 84.1 30.9 86.0 60.9 216 857 318 388 47 18.1 31.0 | 469
Confidence (ResNet18) 90.9 480 849 337 251 383 436 406 854 36.9 839 60.1 242 851 276 328 5.1 172 414 | 476
Neutral | 909 529 86.1 385 245 415 467 421 86.7 37.0 86.4 63.3 242 881 368 424 23 19.0 304 | 495
Ours(stage 91.7 572 874 393 299 427 517 573 813 39.7 89.9 632 263 885 468  53.1 2.1 185 41.0 | 533
Ours(stage 2) 89.8 549 87.1 470 340 418 530 586 86.6 384 923 57.7 283 873 510 502 93 267 583 | 554

Image/Ground truth Baseline(IST) Entropy Maximum Confidence Neutral Ours(stage 1) Ours(stage 2)

Fig. 6. Qualitative adaptation results of different entropy-based UDA methods using BiSeNet on GTAS5-to-Cityscapes. From left to right are images/ground
truth, the predictions of baseline, shannon entropy loss, maximum square loss, neutral cross-entropy loss, and our two-stage UDA method. The second to
seventh columns of the first and third rows are the entropy maps of the prediction results of corresponding methods.

TABLE III
IMPROVEMENT OF EACH METHOD ON SYNTHIA-TO-CITYSCAPES 55 ]
focal  threshold mixing | mloU | mloU* B
208 | 465 501 8
V4 45.9 52.6
v Vv 490 | 557 2%
52.2 59.1 *
N v 5 0]
£
—@— Sh
TABLE IV % o Maximm
THE PERFORMANCE OF DIFFERENT 7 ON SYNTHIA-TO-CITYSCAPES —@— Confidence
301 —— Neutral
v 1.0 20 30 2.5 —#— Threshold focal
mloU 455 459 445 25— - -

mloU* 522 526 51.1 0.1 0.05 0.01 0.005

Fig. 7. The performance of different A,, on SYNTHIA-to-Cityscapes.

two, we set the coefficient \,,, of the mixed loss to 0.4, 0.6, 1.0,
1.4, and 1.6, and Fig. @ presents the results. With the increase

of A, the performance of the model first improves and then %8 o
degrades, and finally, 1.0 is selected in our experiments. 561 o ' 574 57.4
54550 —A— mioU
= —%— mloU*
. . © 52 1 5 50
F. Comparison of UDA method details > 1 / 50.9
501 49

Table [VII exhibits some details of our UDA method and . . . . .
the state-of-the-art ProDA [16]. It can be seen that DeeplabV2 ) ) ’ '
adapts better than the BiSeNet, but will bring more compu- Fig. 8. The performance of different \,,, on SYNTHIA-to-Cityscapes.
tation, parameters and memory usage, and take more time
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TABLE V
THE PERFORMANCE OF DIFFERENT PARAMETERS IN DYNAMIC
THRESHOLD ADJUSTMENT STRATEGY ON SYNTHIA-TO-CITYSCAPES

a b d mloU | mloU*
1.0 - - 459 52.6
09 038 4 47.5 54.0
09 038 8 48.4 55.7
09 08 10 46.9 53.4
09 09 8 46.8 53.2
09 05 8 45.2 51.7

TABLE VI

THE PERFORMANCE OF FIXED THRESHOLD AND DYNAMIC THRESHOLD
ON SYNTHIA-TO-CITYSCAPES

mloU*
Method - —55——FG7—(6 08 dynamic
Shannon 50.2 506 494 499 -
Maximum 41.8 435 427 450 -
Confidence | 47.8 494 505 509 -
Neutral 515 505 516 515 -
Focal 519 51.7 528 526 55.7
TABLE VII
THE DETAILS OF OUR UDA METHOD AND PRODA
Method Our ProDA [16]
Model BiSeNet | DeepLabV2 | DeepLabV2
MACs (G) 121 2172 2172
Params (M) 13 65 65
Disk usage (MB) 54 261 261
Training time (h) 7 87 104
Inference time (ms) 28 94 94
mloU from GTAS (%) 55.4 59.6 57.5
mloU from SYNTHIA (%) 52.2 58.4 55.5

for training and inference. Due to the optimization of hard
samples, our method converges faster than ProDA and achieves
higher mloUs. Moreover, our two-stage method only needs
about 7 hours for training on two 3090 GPUs and 28 ms for
inference on a single one when using BiSeNet, dramatically
reducing the training time and enabling real-time inference.

G. Discussion

Experiments on two synthetic-to-real settings verify the
effectiveness of our methods. Here we discuss the relationship
of our methods with the self-training methods.

The shannon entropy loss can be seen as a soft-assignment
version of the pseudo label cross-entropy [8]], which tends
to make prediction probabilities at 0 and 1, making p; (p:)
be like pseudo labels in the target domain. Then KL diver-
gence measures the prediction differences (pg, pi+) between
perturbed image pairs, which is similar to making predictions
of target samples to be like the pseudo labels, but in a soft
manner. Threshold-adaptative unsupervised focal loss adopts
loss regularization and dynamic threshold adjustment strategy
to optimize hard samples. In stage two, pseudo labels are
generated for CIM. What we focus on is bridging the semantic
knowledge between two domains while not using pseudo la-
bels to re-train the model in the target domain. Meanwhile, our
method only contains two-stage of training, unlike self-training
methods that usually require iterative training. Moreover, self-

training methods can be used to further adapt the model from
stage two and will be our future work.

V. CONCLUSION

In this paper, we propose a two-stage UDA framework for
domain adaptation of semantic segmentation. In stage one, we
design the threshold-adaptative unsupervised focal loss with a
class-level dynamic threshold adjustment strategy, which helps
optimize hard samples and outperforms all previous entropy-
based methods. In stage two, we introduce CIM with long-
tail class pasting to bridge the semantic knowledge between
two domains, further boosting the adaptation performance.
Extensive experiments on two synthetic-to-real benchmarks
demonstrate that our method achieves state-of-the-art. In the
future, we will explore the adaptation performance of our
method on more semantic segmentation networks.
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