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Abstract:  9 
Significant progress has been made in the field of visual Simultaneous Localization and 10 
Mapping (vSLAM) systems. However, the localization accuracy of vSLAM can be 11 
significantly reduced in dynamic applications with mobile robots or passengers. In this 12 
paper, a novel semantic SLAM framework in dynamic environments is proposed to 13 
improve the localization accuracy. We incorporate a semantic segmentation model into 14 
the Oriented FAST and Rotated BRIEF-SLAM2 (ORB-SLAM2) system to filter out 15 
dynamic feature points, but we encounter one main challenge, i.e. the performance of a 16 
segmentation network well-trained with labeled datasets may decrease seriously in a 17 
real application without any labeled data due to the inconsistency between the source 18 
domain and the target domain. Therefore, we proposed an unsupervised semantic 19 
segmentation model with a Residual Neural Network (ResNet) structure, which is 20 
trained by the adversarial transfer learning method in the multi-level feature spaces. 21 
This work may be the first to perform multi-level feature space adversarial transfer 22 
learning for the semantic SLAM task in dynamic environments. In order to evaluate our 23 
method, images of indoor scenes from three datasets are used as the source domain, and 24 
the dynamic sequences of the TUM dataset are used as the target domain. The extensive 25 
experimental results show favorable performance against the state-of-the-art methods 26 
in terms of the absolute trajectory accuracy and image semantic segmentation quality. 27 
Keywords—semantic slam; dynamic environments; dynamic object segmentation 28 
 29 
1. Introduction 30 

vSLAM is a hot issue in the field of robotics and visual navigation. vSLAM mainly 31 
solves two problems. One is to estimate the motion trajectory of the robot through 32 
image sequence taken by the camera; the other is to reconstruct the geometry structure 33 
in a three-dimensional scene at the same time. In recent years, vSLAM has made 34 
significant progress with the rapid development of computing power and sensing 35 
technology.  36 

vSLAM systems can be divided into two different types: feature-based methods 37 
and direct methods. Among feature-based methods, ORB-SLAM2 [1] is one of the most 38 
popular systems. ORB-SLAM2 innovatively uses three threads, including the tracking 39 
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thread, the local mapping thread and the loop closing thread. The tracking thread 40 
extracts ORB feature points and estimates the camera pose. The local mapping thread 41 
optimizes feature points and camera poses in local maps. The loop closing thread 42 
optimizes the pose graph composed of the poses of the key-frames. In direct methods, 43 
camera pose is estimated directly from the intensity values of the image. Large Scale 44 
Direct monocular SLAM (LSD-SLAM) is a direct (feature-less) monocular SLAM 45 
algorithm, which constructs a semi-dense depth map and it is used to match the next 46 
key-frame to estimate camera poses [2]. These mainstream vSLAM systems can 47 
achieve high absolute trajectory accuracy in a static environment. However, in a 48 
dynamic environment, feature-based vSLAM systems are easy to be affected by moving 49 
objects. Matching feature points on dynamic objects will result in poor localization 50 
accuracy. It greatly limits the application of feature-based vSLAM in many cases, such 51 
as working in a real environment where many people are walking around in the long 52 
term [3]. 53 

Besides, vSLAM systems can only provide the geometric information of the 54 
environment for mobile robots. The mobile robot only knows where the surrounding 55 
environment can pass and where there are obstacles. The 2D or 3D map constructed by 56 
the existing vSLAM systems can only be used to avoid obstacles and plan paths, which 57 
is not enough in more advanced tasks [4]. Therefore, it’s of great significance to 58 
implement semantic SLAM. First, the map information generated by the semantic 59 
SLAM contains not only geometric information but also more advanced semantic 60 
information. The mobile robot can have a more advanced understanding of the 61 
surrounding environment, which can further help the robot to complete more advanced 62 
tasks. Second, semantic information can also be exploited to improve localization 63 
accuracy [5]. By combining semantic segmentation models [6,7], feature points 64 
belonging to dynamic objects can be filtered out. In this way, the localization accuracy 65 
of vSLAM can be improved and robotic perception of the environment can be much 66 
stronger [8,9]. 67 

However, most semantic SLAM systems use the semantic segmentation models 68 
trained on datasets that are irrelevant to the vSLAM datasets and are not further fine-69 
tuned on the vSLAM datasets [3,10]. These semantic segmentation models well-trained 70 
on training datasets may not generalize well in real applications. In order to improve 71 
the segmentation results, it is necessary to fine-tune the semantic segmentation model 72 
by supervised learning according to the real application scenes, i.e. we need to re-73 
annotate a large amount of per-pixel ground truths belong to the real application scenes, 74 
which is time-consuming and impractical. To address this issue, adversarial transfer 75 
learning techniques have been proposed to narrow the gap between the training dataset 76 
and the real application scenes and to make features better generalize to unseen scenes 77 
without re-annotating per-pixel ground truths [11,12]. Adversarial transfer learning 78 
based on generative adversarial networks (GAN) [13] is able to transfer rich 79 
information from the training dataset to the real application scenes [14]. Benefited from 80 
transferable information that is applicable to both the training dataset and the real 81 
application scenes, the model in the real application is not needed to be trained from 82 
scratch, which can help carry out unsupervised learning in principle. 83 



In this paper, we propose a novel semantic SLAM framework with Unsupervised 84 
Semantic Segmentation (hereafter for short USS-SLAM), which can provide high 85 
localization accuracy and semantic information in dynamic environments. First, we 86 
combine a semantic segmentation model with the multi-view geometry method in the 87 
tracking thread of the ORB-SLAM2 system to filter out feature points belonging to 88 
dynamic objects in the environment to improve the localization accuracy. Second, an 89 
unsupervised adversarial transfer learning method is proposed to improve the semantic 90 
segmentation performance. By adversarial transfer learning, transferable information 91 
from the training dataset can be brought to the real application scenes without labeling 92 
per-pixel ground truths. In order to transfer more rich information at different levels of 93 
the semantic segmentation model, we perform the adversarial transfer learning in the 94 
multi-level feature spaces. 95 
 96 
2. Related Work 97 
2.1 Semantic Segmentation 98 

Image semantic segmentation is the assignment of an object category label to each 99 
pixel in the image at the pixel level [15]. Recently, semantic segmentation models have 100 
made many breakthroughs in algorithm design. Convolutional Neural Networks (CNNs) 101 
have achieved great success in semantic segmentation. CNN-based methods generally 102 
extract visual features of input images through layer-wise abstraction of multiple 103 
convolutional layers. A fully convolutional network (FCN) is proposed in [16] based 104 
on the existing mature object classification networks (e.g., AlexNet [17], VGGNet [18], 105 
or GoogLeNet [19]). FCN modifies the fully connected layer at the end of the 106 
classification network to be a full convolutional layer and adds a deconvolution layer 107 
(upsampling operation) at the end of the classification network to achieve end-to-end 108 
and pixel-to-pixel semantic segmentation. ResNet [20] based on residual learning was 109 
proposed to have a deeper network structure. ResNet-101 with 101 layers are more 110 
commonly used in many deep learning tasks. Typically, the increase in network depth 111 
will increase the number of parameters in the network and increase the computational 112 
complexity. ResNet introduces a 1x1 convolution kernel into the residual block for 113 
dimensionality reduction. Thus, the ResNet not only guarantees the depth of the 114 
network but also reduces the computational complexity. Moreover, it is found that 115 
feature maps extracted from ResNet have a very large receptive field, which plays an 116 
important role in the classification and segmentation tasks [21]. Therefore, the ResNet 117 
is widely used in the semantic segmentation models. Zhang et al. [22] proposed a 118 
lightweight semantic segmentation model based on the ResNet, and their work achieved 119 
better accuracy and efficiency on road scene datasets. Zhang et al. [23] proposed a novel 120 
semantic segmentation framework Context Encoding Network (EncNet) based on 121 
ResNet, which improves the feature representation and achieve good performance on 122 
several datasets. Chen et al. [24] proposed the DeepLab-v2 framework based on 123 
VGGNet and ResNet to improve the performance of FCN. It is found that ResNet 124 
structure is much better than the VGGNet structure on many mainstream datasets. 125 
Therefore, in this paper, we adopt the ResNet structure as the basic semantic 126 
segmentation model. 127 



The loss functions of the traditional semantic segmentation models are strongly 128 
dependent on ground truths. Therefore, a large dataset with accurate annotations is 129 
extremely necessary. However, the data labeling work is mainly done manually with 130 
high labeling costs, and the quality is uneven, which inevitably leads to some errors. 131 
On the contrary, unsupervised adversarial learning does not rely on ground truths. Luc 132 
et al. [25] first combined GAN-based unsupervised adversarial learning and semantic 133 
segmentation models to correct higher-order inconsistencies of semantic segmentation 134 
results. Chen et al. [26] proposed to utilize an unsupervised adversarial learning 135 
approach to adapt the semantic segmentation model of road scene across different cities.  136 

Alternative solutions to improve the performance of segmentation models are 137 
based on fusing feature maps at different levels of abstraction [27,28] and fusing global 138 
context information [29,30]. However, these methods need to add complexity to the 139 
semantic segmentation model. Moreover, some weakly-supervised approaches can 140 
achieve satisfactory results without a large amount of annotation of the ground truths 141 
[31,32]. However, these methods are inseparable from the labeling of the image class, 142 
which may be difficult for real applications. 143 
 144 
2.2 GAN-based unsupervised learning 145 

GAN proposed by Goodfellow [13] contains a generative network and a 146 
discriminative network with a confrontational relationship between two networks. 147 
Typically, the generative network is used to generate samples and the discriminative 148 
network is a binary classifier that discriminates whether the input is real or generated. 149 
GAN has greatly promoted the study of unsupervised learning. Geng et al. [33] 150 
proposed an unsupervised learning framework, which adds training constraints for the 151 
depth estimation task. Fu et al. [34] proposed a virtual view-generation algorithm based 152 
on GAN to improve the performance of binocular vision systems. Moreover, some 153 
researchers used GAN to perform unsupervised adversarial transfer learning. Tzeng et 154 
al. [11] proposed an improved unsupervised domain adaptation method that combines 155 
adversarial learning with discriminative feature learning. This method can narrow the 156 
performance gap between the source domain and the target domain. Shen et al. [12] 157 
also utilized GAN-based adversarial transfer learning to improve generalization ability 158 
on the target domain. This method uses W distance to metric the difference between the 159 
two domains and improves performance on several public datasets.  160 

Motivated by these works, we use a GAN-based unsupervised learning method to 161 
perform GAN-based unsupervised learning for semantic SLAM. 162 
 163 
2.3 Semantic SLAM 164 

Semantic SLAM can provide not only the geometric information but also the 165 
semantic information about the environment such as position, posture and functional 166 
attributes to complete more intelligent service tasks in complex scenes [35–37]. In fact, 167 
semantic information can be used not only to build semantic maps but also to improve 168 
the performance of vSLAM. Recently, according to the different use of semantic 169 
information, the latest semantic SLAM researches are mainly divided into the following 170 
five aspects: 171 



(a) Feature point selection: Semantic information can be used to select feature 172 
points of interest in the image. Liang et al. [38] used deep learning to extract saliency 173 
maps, on which the feature points are extracted on these saliency maps. This work 174 
achieved highly-accurate and robust visual odometry. Ganti et al. [39] incorporated 175 
semantic segmentation network uncertainty into the feature point selection. If the 176 
mutual information of a feature point above a predefined threshold, the uncertainty of 177 
this feature point is considered to be small and this feature point will be easily selected. 178 

(b) Scale recovering in Monocular SLAM: Monocular SLAM systems are mainly 179 
limited by the unobservable scale of the 3D scene, which makes it difficult to obtain 180 
the correct map and trajectory. Sucar et al. [40] proposed a Bayesian filtering algorithm 181 
which integrates a deep learning based object detection method to estimate the scale 182 
correction. 183 

(c) Long-term localization: One of the major challenges in long-term autonomous 184 
vehicle navigation is that the long-term localization tends to be harder as the map gets 185 
older. Stenborg et al. [41] utilized semantically labeled 3D point map and semantically 186 
segmented images to deal with the long-term localization problem rather than using 187 
hand-crafted feature descriptors, which can save a lot of storage space. 188 

(d) Localization accuracy improvement: Bowman et al. [42] first integrated 189 
semantic information into the back-end optimization part and used expectation 190 
maximization (EM) algorithm to achieve the joint optimization of geometric 191 
information and semantic information, which improved the localization accuracy of 192 
vSLAM. Lianos et al. [43] utilized semantic information as an invariant scene 193 
representation to keep tracking objects. This method established a novel cost function 194 
for minimizing semantic re-projection errors and geometric errors. Moreover, Wang et 195 
al. [44] proved that the vSLAM system with additional semantic information can have 196 
better localization accuracy. They used an object detection network called ‘You Only 197 
Look Once (YOLO)’ [45] to give each feature point a semantic label. During the feature 198 
matching process, only features with the same semantic label are matched.  199 

(e) Tracking in Dynamic environments: Most vSLAM systems are based on the 200 
assumption that the surrounding environment is static [46]. However, the environment 201 
in real applications will inevitably contain dynamic objects, like walking people or 202 
moving pets or vehicles, which may disturb feature association in the vSLAM systems 203 
[47]. If there are not enough correct matching features, the pose estimation is very likely 204 
to drift or even lost. Hence, it is necessary to design robust vSLAM systems in dynamic 205 
environments. Some researchers have integrated deep learning into vSLAM in dynamic 206 
environments. Yu et al. [3] combined SegNet [6] with a moving consistency check 207 
method to filter out feature points on moving objects, and the localization accuracy is 208 
highly improved than the ORB-SLAM2 system. Bescos et al. [10] proposed a novel 209 
vSLAM system named DynaSLAM, which is able to detect the moving objects by 210 
Mask R-CNN [7] together with a multi-view geometry method. 211 

In this paper, we focus on the semantic SLAM task in dynamic environments. We 212 
put more emphasizes on the pixel-level entities, which are not only used to generate a 213 
dense 3D semantic map of the environment but also utilized to predict the movable 214 
properties of dynamic objects, in order to filter out the corresponding feature points to 215 



achieve a higher localization accuracy. One motivation of this paper is to incorporate a 216 
ResNet network based semantic segmentation model and a GAN-based unsupervised 217 
learning method into the ORB-SLAM2 system to form a novel framework named USS-218 
SLAM, of which the details and the superiorities will be given in the following part. 219 

 220 
3. The Method 221 
3.1 Method Overview 222 

In this section, we describe the main framework of the USS-SLAM. As shown in 223 
Fig. 1, the USS-SLAM framework is divided into two parts, i.e. the off-line training 224 
part and the on-line implementation part. 225 

In the training process, our target is to narrow the performance gap on the feature 226 
space between the source domain and the target domain to achieve better segmentation 227 
quality. We propose an unsupervised semantic segmentation based on adversarial 228 
transfer learning to figure out the semantic information and to filter out the dynamic 229 
feature points on dynamic objects. 230 
 231 
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Fig. 1. Overview of the USS-SLAM framework. 233 

 234 
In the implementation process, the USS-SLAM framework runs four threads in 235 

parallel, i.e. tracking thread, local mapping thread, loop closing thread, semantic map 236 



generation thread. The flowchart is shown in Fig. 2. Raw RGB images obtained by the 237 
camera are inputs. In the tracking thread, we first extract the ORB features from the 238 
raw RGB image. Then, we segment images using the semantic segmentation model 239 
trained in the training process. After the segmentation results are generated, the ORB 240 
feature points located in dynamic objects will be filtered out. Then, a multi-view 241 
geometry method is added to further filter out dynamic feature points among the 242 
remaining feature points. In this way, feature points located in movable (a priori 243 
dynamic) objects and moving objects can be successfully filtered out. The approaches 244 
for dynamic feature filtering and multi-view geometry are detailed in section 3.4 and 245 
section 3.5, respectively. The rest of the stable feature points are used in feature 246 
matching. If tracking was successful for last frame, a transformation matrix could be 247 
computed to predict the camera pose. In the local mapping thread, we use bundle 248 
adjustment (BA) to optimize the estimated camera pose. The semantic map generation 249 
thread gets new key-frames and segmentation results derived in the tracking thread. For 250 
the key-frames, the segmentation results, transformation matrix and the depth images 251 
are used to generate the local semantic point cloud, which is further is integrated into 252 
the global semantic point cloud map. The loop closing thread detects the closed loops 253 
for the last key-frame by performing pose optimization. 254 
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Fig. 2. The flowchart of the implementation process in USS-SLAM. 256 

 257 
3.2 Unsupervised Semantic Segmentation with adversarial transfer learning 258 

In real applications, it is difficult and impossible to label per-pixel ground truth 259 
that is a prerequisite to train a semantic segmentation model in a supervised way. 260 
Unfortunately, concerning the researches of vSLAM, there’s no unsupervised learning 261 
method existing in the literature. This is the reason why we want to adopt adversarial 262 
transfer learning into the USS-SLAM framework. If the semantic segmentation model 263 
is only trained on the source domain, the domain drift may occur in unseen application 264 
scenes. Fortunately, researchers have found that it is possible and valuable to narrow 265 
the performance gap between the source domain and the target domain. Although the 266 
images in these two domains may have large difference in appearance, the distribution 267 
in the output space may share a lot of similarities. Therefore, we can adopt the idea of 268 
adversarial transfer learning to optimize the distribution in the output space. 269 



Inspired by the idea of GAN, the adversarial transfer learning method proposed in 270 
this paper consists of a segmentation network (i.e. generation network in GAN) and 271 
two discriminator networks. 272 

The network structure of the semantic segmentation model is shown in Figure 3. 273 
We use Deeplab-v2 [24] with ResNet-101 [20] as the baseline network to segment 274 
images. DeepLab-v2 is a widely used semantic segmentation framework with the 275 
following advantages. (1) DeepLab-v2 uses Atrous convolution to effectively enlarge 276 
the receptive field. Larger context information is incorporated by employing multiple 277 
atrous rates. (2) Atrous Spatial Pyramid Pooling (ASPP) is used in the DeepLab-v2 to 278 
segment objects at multiple scales [24]. ASPP is proposed to use atrous convolutional 279 
layers with different sampling rates to extract feature maps. These feature maps are then 280 
concatenated to obtain the output feature map, which contains different sizes of 281 
receptive fields so that multi-scale information is encoded. ASPP is widely used in 282 
many semantic segmentation models to concatenate multi-scale information for 283 
prediction [24,48,49]. (3) Conditional Random Field (CRF) is integrated into the 284 
DeepLab-v2 framework, which post-processes the semantic segmentation results by 285 
modeling positional relationships of pixels in images [24,50,51]. (4) DeepLab-v2 used 286 
a multi-scale fusion strategy. Images with different scales are fed into the model as 287 
inputs, and their score maps are fused by taking the maximum response across scales. 288 

Different from the original DeepLab-v2, the USS-SLAM framework abandoned 289 
the use of CRF due to the extremely slow inference speed of CRF[52]. Some researches 290 
proposed to down-sample the input image to speed up the inference time of CRF [53,54]. 291 
Teichmann et al. [52] proposed a novel method called convolutional CRFs (ConvCRFs), 292 
which greatly improve the inference speed of CRF without deteriorating the 293 
performance of semantic segmentation. Moreover, CRF is a post-processing process, 294 
which is not suitable for joint training of the semantic segmentation model and the 295 
discriminator in the USS-SLAM.  296 

The USS-SLAM framework abandoned the use of a multi-scale fusion strategy. 297 
Although multi-scale inputs will improve the segmentation performance, it will 298 
significantly increase the computation time and memory size. Therefore it may be not 299 
suitable for real-time vSLAM applications. 300 

The network structure of the semantic segmentation model in the USS-SLAM 301 
framework is designed in Fig. 3. The blocks are the basic modules of ResNet with 302 
different parameters. It’s of great significance for these block modules used in ResNet-303 
101 to reduce calculations and parameter quantities. In the USS-SLAM framework, we 304 
removed the final classification layer of ResNet-101 and modified the stride of block3 305 
and block4 from 2 to 1, making the size of the output feature maps 8 times smaller than 306 
the input image size. Also, we use dilated convolutions with a dilation rate of 2 and 4 307 
in block3 and block4 to enlarge the receptive field and to widen the range of information.  308 

In order to perform adversarial transfer learning in the multi-level feature spaces, 309 
we extract low-level features and high-level features simultaneously. Low-level feature 310 
refers to local features of the image, e.g. edge, corner and color, and high-level feature 311 
refers to the images’ global representations that contain rich semantic information of 312 
the image [55,56]. Recently, CNN has demonstrated superior performance for its ability 313 



to automatically learn high-level features via a layer-to-layer propagation [57]. 314 
Typically, features extracted from the top layers of CNN are high-level features and 315 
features extracted from the intermediate layers are low-level features [56]. Thus, we 316 
can form multi-level feature spaces that are crucial for adversarial transfer learning. 317 

In Fig. 3, ASPP is used after the block3 module, which combines dilated 318 
convolutions of four different dilation rates in the output feature space. Then we up-319 
sample the output features along with the softmax to match the size of the input image 320 
to obtain the low-level features. Similarly, after the block3 module, we add block4 with 321 
a dilation rate of 4, ASPP and up-sample layer to obtain the high-level features. 322 
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Fig. 3. The network structure of the proposed semantic segmentation model 324 

 325 
The structure of the discriminator network in USS-SLAM is shown in Fig. 4. We 326 

use an architecture similar to the work [58]. It is a CNN of n layers with a stride of 2. 327 
The first n-1 layers are comprised of a convolutional operation followed by leaky ReLu, 328 
and the last layer is a convolutional operation that outputs a feature map with the size 329 
of H/2n× W/2n, where H and W represent the height and width of the input image. The 330 
proper number of n is discussed in the following section. 331 
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Fig. 4. The structure of discriminator network 333 

The flowchart of our unsupervised semantic segmentation with adversarial 334 
transfer learning in the multi-level feature spaces is summarized in Fig. 5. The training 335 
details will be illustrated in the next section. 336 
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Fig. 5. Flowchart of the unsupervised semantic segmentation with adversarial transfer learning 338 



 339 
3.3 Training Details 340 

Before describing the training details, we first introduce the parameters definitions 341 
as shown in Table 1. 342 

TABLE 1. The parameters involved in the training process and their definitions. 343 

Parameters Definitions 
Is Source image 
Ys The ground truths of source image Is 
It Target image 
Ls The semantic segmentation outputs in the low-level 

feature space for the source image Is 
Hs The semantic segmentation outputs in the high-level 

feature space for the source image Is 
Lt The semantic segmentation outputs in the low-level 

feature space for the target image It 
Ht The semantic segmentation outputs in the high-level 

feature space for the target image It 
h The height of each source/target image 
w The width of each source/target image 
c The number of semantic classes 
L
segλ  

Weight used to balance low-level features and high-level 
features in training the semantic segmentation model H

segλ  

_1advλ  
Weight used to balance low-level features and high-level 

features in training the discriminators 
_ 2advλ  

Given the source image set A which contains u images. 344 

{( , )}, 1, 2,..., us sA I Y s= =  (1) 

Given the target image set B which contains v images. 345 

{( )}, 1,2,..., vtB I t= =  (2) 

The training procedure can be divided into the following four steps. It is notable 346 
that the semantic segmentation model and discriminators are trained jointly. 347 
(1) Randomly select a source image Is from the source image set and input it into the 348 

semantic segmentation model to obtain the semantic segmentation outputs Ls and 349 
Hs. Up-sample Ls and Hs to the same size as the source image Is. The segmentation 350 
loss can be computed according to the ground truths by the equation (3). Then, we 351 
can train the semantic segmentation model by back-propagating Lossseg.  352 

( , , ) ( , , ) ( , , ) ( , , )

,
( log( ) log( ))L h w c h w c H h w c h w c

seg seg s s seg s s
h w c C

Loss Y L Y Hλ λ
∈

= − +∑∑  (3) 

(2) Randomly select a target image It from the target image set and input it into the 353 



semantic segmentation model to obtain semantic segmentation outputs Lt and Ht. 354 
Up-sample Lt and Ht to the same size of the target image It. Then, we input Ls into 355 
the discriminator D1 and input Hs into the discriminator D2. Here, D1 is used to 356 
distinguish whether the low-level features are from the source or target domain. D2 357 
is used to distinguish whether the high-level features are from the source or target 358 
domain. D1 and D2 have the same network architecture. We can obtain predicted 359 
outputs D1(Lt) and D2(Ht). In order to fool the discriminator network, we maximize 360 
the probability that the target images are from the source image set. We use 0 to 361 
represent the source domain. Therefore, the adversarial loss can be defined as the 362 

equation (4) to back-propagate advLoss  to train the semantic segmentation model. 363 

( , ,0) ( , ,0)
1 _ 2 2

,
( log( ( ) ) log( ( ) ))h w h w

adv adv_1 t adv t
h w

Loss D L D Hλ λ= − +∑  (4) 

(3) Input Ls and Hs to the discriminator D1 and D2 respectively. To make the 364 
discriminator D1 distinguish that low-level feature Ls belongs to the source domain. 365 
We train the discriminator D1 using the loss defined as: 366 

1

( , ,0)
1

,
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D s s
h w

Loss L D L−∑  (5) 

We train the discriminator D2 using the loss defined as: 367 
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,
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h w

Loss H D H−∑  (6) 

Back-propagate 
1
( )D sLoss L  and 

2
( )D sLoss H  to train the discriminator D1 , D2. 368 

(4) Input Lt and Ht to the discriminator D1 and D2 respectively. To make the 369 
discriminator D1 distinguish that low-level feature Lt belongs to the target domain. 370 
We use 1 to represent the target domain. We train the discriminator D1 using the 371 
loss defined as: 372 
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,
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D t t
h w
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We train the discriminator D2 using the loss defined as: 373 

2

( , ,1)
2

,
( )= log( ( ) )h w

D t t
h w

Loss H D H−∑  (8) 

Back-propagate 
1
( )D tLoss L  and 

2 t( )DLoss H  to train the discriminator D1 , D2. 374 

The training procedure is summarized in Algorithm 1. 375 
 376 

Algorithm 1:Training algorithm for USS-SLAM 

01  for each episode iteration do: 

02    Turn off gradient calculation for discriminator D1 and D2; 

03    Randomly select a source image Is from the source image set A; 



04    Input Is into the semantic segmentation model to obtain Ls and Hs; 

05    Up-sample Ls and Hs; 

06    Calculate segLoss  and back-propagate it to train the semantic segmentation 

model; 

07    Randomly select a source image It from the source image set B; 

08    Input It into the semantic segmentation model to obtain Lt and Ht; 

09    Up-sample Lt and Ht; 

10    Compute advLoss  and back-propagate it to train the semantic segmentation 

model; 

11    Turn on gradient calculation for discriminator D1 and D2; 

12    Input Ls and Hs to the discriminator D1 and D2 to obtain D1(Ls) and D2(Hs); 

13    Compute 
1
( )D sLoss L  and 

2
( )D sLoss H ; 

14    Back-propagate 
1
( )D sLoss L  and 

2
( )D sLoss H  to train D1 and D2; 

15    Input Lt and Ht to the discriminator D1 and D2 to obtain D1(Lt) and D2(Ht); 

16    Compute 
1
( )D tLoss L  and 

2
( )D tLoss H ; 

17    Back-propagate 
1
( )D tLoss L  and 

2
( )D tLoss H  to train D1 and D2; 

18  end for 

We use the Stochastic Gradient Descent (SGD) optimizer to train the semantic 377 
segmentation model. Nesterov acceleration is used to update gradient, where the 378 
momentum is 0.9 and the weight decay is -410 . The initial learning rate is -42.5 10×  379 
and is decreased using the decay with power of 0.9. Adam optimizer is used to train the 380 
discriminator. Other training parameters of the discriminator are consistent with the 381 
semantic segmentation model. By design of experiments, we found it is more suitable 382 

to set the weights _ 2advλ  and H
segλ  to be 0.01 and 1.0 respectively in the high-level 383 

feature space. For the low-level features with less semantic information, we use smaller 384 



weights in the low-level feature space. Through trial and error, we set _1advλ  and L
segλ  385 

to be 0.002 and 0.1 respectively. It may be possible to derive an adaptive method to 386 
tune these parameters in the future research. 387 
 388 
3.4 Dynamic features filtering 389 

To filter out dynamic features we use a semantic segmentation model trained with 390 
adversarial transfer learning to segment the classes that are potentially movable. 391 
Because human activities interfere with the localization seriously in most vSLAM 392 
scenarios, we would take the human as a typical representative of dynamic objects in 393 
the rest of this paper.  394 

The output of the semantic segmentation model, assuming that the input is an RGB 395 
image of size 3m n× × , is a matrix of size m n l× × , where l is the number of objects 396 
in the image. For each output channel i l∈ , a binary mask is obtained. By combining 397 
all the channels into one, we can obtain the segmentation of all dynamic objects 398 
appearing in one image. After the semantic segmentation result comes out, the ORB 399 
feature points located in dynamic objects will be filtered out. By using this approach, 400 
most of the dynamic objects can be segmented and would no longer be used in tracking 401 
and mapping threads.  402 

 403 
3.5 Multi-view Geometry 404 

After the semantic segmentation model is well-trained, most of the dynamic 405 
feature points can be detected successfully. However, some objects are not a priori 406 
dynamic, but are moving, e.g. the chairs being dragged by a person. Therefore, we 407 
utilize the multi-view geometry method to deal with these cases [47]. The reason to use 408 
the multi-view geometry method is explained below. For instance, Fig. 6 shows the 409 
effect of dynamic feature points extracted by the multi-view geometry method in such 410 
cases. As we can see, one person is dragging a chair. Note that the chair at the bottom 411 
right of the image is not dragged. In the left image, the feature points on the moving 412 
chair are not removed at all. In the right image, all the feature points of the moving 413 
chair are removed by the multi-view geometry method. 414 

415 

Fig. 6. Example result of multi-view geometry method. The image on the left is the result without multi-view geometry method, 416 
and the image on the right is the result with multi-view geometry method. 417 



 The procedure of our multi-view geometry method in the USS-SLAM framework 418 
is similar to the work [47]. For the current key-frame, we will find out the reference 419 
key-frames that have the highest overlaps from the key-frame database by comparing 420 
their camera positions. As shown in Fig.7, for each feature point x, we compute the 421 
parallax angle αx,x’ between the back-projections of x and x’. Then, we can perform the 422 
multi-view geometry method by using the algorithm summarized in Algorithm 2 to 423 
obtain the dynamic feature points (dynamic V(x’)=0 and static V(x’)=1) in the current 424 
key-frame, where the parameter τa is set to 30°, and τz is set to 0.4m, and Δz is the 425 
difference between the true depth and the projected depth. Then, we can grow the region 426 
around the dynamic feature points as the dynamic region [59]. At last, the ORB feature 427 
points in the dynamic region of the current key-frame are considered as dynamic and 428 
filtered out.  429 

Current FrameKey Frame

,x xα ′

x x′

 430 
Fig. 7. Keypoint x from the key frame is projected into the current frame by using the camera pose. 431 

Algorithm 2: Procedure of the multi-view geometry method 

01  for each feature point x in each reference key-frame do 

02    Compute its projection x′  in the current key-frame; 

03    if ,x x aα τ′ <  then 

04      if zz τ∆ < , then 

05        set ( ) 1V x′ = ; 

06      else  

07        set ( ) 0V x′ = ; 

08      end if 
09    else 

10      set ( ) 0V x′ = ; 

11    end if 
12  end for 
13  Generate dynamic region and filter out ORB feature points in this region. 

 432 
 433 



3.6 Pose estimation and optimization 434 
In the above sections, we use the semantic segmentation model and multi-view 435 

geometry method to detect the dynamic feature points. Then, we match the stable 436 
feature points. Once the feature matching is successful, BA is used to optimize the 437 
estimated coordinates of 3D map points and the pose of the key-frames. Suppose a point 438 
P in the world coordinate system is projected on two adjacent image frames, and the 439 
projected non-homogeneous pixel coordinates are p1 and p2. Then, we can get the 440 
relationship between point p and pixel coordinates. 441 

1 1

2 2 ( )
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p K RP t
λ

λ
=

 = +
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where R and t represent the transformation matrix of camera's position. K represents the 442 
camera intrinsic. λ  represents the scale factor. The problem can be defined to optimize 443 
the transformation matrix R and t and the point P with p1, p2 and K. The optimization 444 
goal can be defined as the following expression. 445 
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where i is the number of feature points. We can use g2o framework to implement the 446 
optimization [60]. 447 
 448 
3.7 Dense semantic 3D point cloud map building 449 

Semantic map generation thread gets new key-frames and semantic segmentation 450 
results from the tracking thread. The depth images and the key-frames’ transform matrix 451 
are used to generate the key-frame's point cloud. Then, we incorporate the key-frame's 452 
point cloud into the global point cloud map according to the key-frames’ poses and 453 
camera parameters. Meanwhile, semantic information is also incorporated into the point 454 
cloud map. The segmented dynamic parts are removed from the current key-frame. 455 
Each point in the map is associated with a specific color. For example, the point in blue 456 
means it belongs to a monitor, the point in red means it belongs to a chair. In this way, 457 
the 3D semantic point cloud map can be generated. 458 
 459 
4. Experimental Results 460 

In this section, we verify and compare experimental results based on some 461 
benchmark datasets and vSLAM methods. We first give a detailed description of the 462 
datasets used in the source domain and the target domain. Then we illustrate the 463 
performance index adopted in this experiment. After finding the optimal discriminator 464 
structure, we compare the experimental results by using the original ORB-SLAM2 465 
system, DS-SLAM and the proposed USS-SLAM. In order to prove the superiority of 466 
the semantic segmentation model with adversarial transfer learning, we analyze the 467 
performance in terms of localization accuracy and segmentation quality. In order to 468 
cope with the situations where static objects are moving, we analyze the performance 469 
of localization accuracy by combining the multi-view geometry method. 470 
 471 



4.1 Datasets Descriptions 472 
To make the USS-SLAM more comprehensive, in the source domain, we adopt 473 

several datasets that are representative for semantic segmentation, i.e. Pascal Visual 474 
Object Classes (VOC) dataset, Semantic Boundaries Dataset (SBD) dataset, Microsoft 475 
Common Objects in Context (COCO) dataset. 476 

The VOC dataset is the most popular dataset for semantic segmentation. It 477 
provides the ground truth of each pixel of each image [61]. The dataset includes 2,913 478 
images with ground truths from 21 categories of objects. 479 

The SBD dataset is an extended version of the Pascal VOC dataset, which provides 480 
11,355 images with ground truths for semantic segmentation [62]. Due to the large 481 
amount of training data, this dataset is currently being widely used for semantic 482 
segmentation. 483 

The COCO dataset is a large-scale dataset for image recognition and image 484 
segmentation [63]. The COCO dataset contains more than 80 object categories with 485 
more than 120,000 labeled images. This dataset is very common and can be used in a 486 
variety of competitions, which is important for the development of computer vision. 487 

In the target domain, the Technical University of Munich (TUM) dataset [64] is 488 
adopted. It provides a large amount of RGB-D data and ground-truth trajectories to 489 
evaluate the vSLAM systems. The RGB-D data is collected by Microsoft Kinect 490 
sensors, which was recorded at a 30 Hz frame rate and 640×480 resolution. A high-491 
accuracy motion-capture system with tracking cameras generates the ground-truth 492 
trajectory. The TUM dataset provides the walking sequences which could be regarded 493 
as high-dynamic scenes. The sitting sequences in TUM are also used for our 494 
experiments which contain persons just moving a little bit as slight-dynamic scenes. 495 

Based on the above datasets, we can construct the train set and test set for USS-496 
SLAM. Because the TUM dataset mainly includes three types of objects (people, chairs 497 
and monitors), we select 49 images from the VOC dataset, 557 images from the SBD 498 
dataset and 9,598 images from the COCO dataset that contain those three types of 499 
objects as the train set. The TUM dataset is used as the test set. 500 

 501 
4.2 Performance Index 502 

The TUM dataset provides the ground truth for each key-frame’s pose, which can 503 
be used to generate the motion trajectory. When testing the vSLAM systems, we will 504 
get the observed pose of each key-frame to obtain the motion trajectory of the robot. 505 
By comparing the differences between these two trajectories, we can evaluate the 506 
performance of the vSLAM systems. Absolute Trajectory Error (ATE) is widely used 507 
for quantitative evaluation, which evaluates the absolute pose differences between two 508 
trajectories [3,10,64]. Indicators such as RMSE, Mean Error, Median Error and 509 
Standard Deviation (SD) are adopted to measure the ATE. Among these indicators, 510 
RMSE and SD are more important in reflecting the performance of the vSLAM system 511 
[64]. RMSE is the standard deviation of the measurement errors, which is a good 512 
reflection of the precision of the measurement. The smaller RMSE is, the closer the 513 
estimated trajectory is to the ground truth trajectory. 514 

The calculation RMSE is as follows: 515 
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where n represents the number of observations, and i represents the ith key-frame, and 516 
Xobs,i represents the ground truth of the ith key-frame’s pose, and Xmodel,i is the observed 517 
pose of the ith key-frame. 518 

SD can reflect the degree of dispersion of observations [64]. The calculation 519 
standard deviation is as follows: 520 
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where n represents the number of key-frames and Xmodel,i is the observed pose of the ith 521 

key-frame in our method, and µ  is the mean value of Xmodel,i. 522 

Mean Error (hereafter for short Mean) is the arithmetic mean of the error between 523 
the observed pose and the ground truth. 524 
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where n represents the number of observations, and i represents the ith key-frame, and 525 
Xobs,i represents the ground truth of the ith key-frame’s pose, and Xmodel,i is the observed 526 
pose of the ith key-frame. 527 

Median Error (hereafter for short Median) is the median value of the errors 528 
between the observed poses and the ground truths. 529 
 530 
4.3 Different layers in discriminators 531 

As shown in Figure 4, the discriminator is a CNN with n layers with a stride of 2. 532 
In this section, we set n as 4, 5, 6 and 7 respectively to compare the corresponding 533 
performances on the walking_rpy sequence. The network parameters are set to be 534 
identical. We determine the appropriate number of layers empirically in discriminator 535 
by observing the semantic segmentation results and the localization accuracy. 536 

First, we compared the semantic segmentation results of the proposed USS-SLAM 537 
with different layers. Fig. 8 presents some example results. These images are real-time 538 
semantic segmentation results during running. The 1st column shows the original 539 
images. The 2nd, 3rd, 4th, 5th column shows the segmentation results when n is set to 4, 540 
5, 6, 7 respectively.  541 

In the first row image, all objects are static. The generated results using 4 layers 542 
and 5 layers are similar. When n=5, the wallpaper was mistakenly recognized as a part 543 
of the human body. When n is set to 6, the area of the computer on the left side becomes 544 
small. When n=7, the computer on the left side is not recognized and the human body 545 
is not segmented ideally. In the second row image, the moving human only appears half 546 
in the image. The generated results using 4 layers and 5 layers are similar. In the result 547 
with 6 layers, the lower part of the human body is not segmented. The generated result 548 
using 7 layers is not segmented well. The original image in the third row is extremely 549 



blurred. Segmentation results using 4 and 7 layers are not ideal. The generated results 550 
using 5 layers and 6 layers are satisfactory. The original image in the fourth row is 551 
rotated and highly dynamic. The generated result using 4 layers and 7 layers are not 552 
segmented well. When n is set to 6, the segmented area belongs to the human body is 553 
unreasonably large. The original image in the fifth row is dynamic with two moving 554 
people. Only in the result with 6 layers, the head of the human body in the distance is 555 
successfully segmented. It is noted that the segmentation results obtained using 5 layers 556 
and 6 layers are satisfactory. 557 

Original Image 4 layers 5 layers 6 layers 7 layers  558 
Fig. 8. Example results of semantic segmentation using USS-SLAM with different layers. 559 

Second, we compare the ATE of different layers. Table 2 shows the results. The 560 
data used here is the average value after multiple experiments. USS-SLAM with 5 561 
layers and 6 layers perform better than 4 layers and 7 layers.  562 

TABLE 2. Comparison of Metrics ATE by using different layers. 563 

     Number of layers 
 
 
Performance Index 

 
4 layers 

 
5 layers 

 
6 layers 

 
7 layers 

RMSE 0.0364 0.0333 0.0333 0.0368 
Mean 0.0273 0.0263 0.0267 0.0300 

Median 0.0214 0.0201 0.0216 0.0249 
SD 0.0241 0.0204 0.0200 0.0214 

 564 
According to the segmentation results and the ATE results, too many or too few 565 

network layers of the discriminator will decrease the performance. The number of 566 



network layers of 5 or 6 layers in discriminators are suitable. Based on the above 567 
analysis, we set the number of network layers in discriminators to be 5 layers in the 568 
following experiments. 569 
 570 
4.4 Comparisons 571 

In this section, we compare the semantic segmentation results, 3D point cloud 572 
maps, ATEs and generated trajectories of ORB-SLAM, DS-SLAM and USS-SLAM. 573 

First, we compared the semantic segmentation results of the proposed USS-SLAM 574 
with the DS-SLAM. Fig. 9 presents some example results. These images are real-time 575 
semantic segmentation results during running. The first column shows the original 576 
images. The second column shows the segmentation results which are saved by running 577 
the DS-SLAM system. The third column shows our semantic segmentation results by 578 
using USS-SLAM.  579 

In the first row, all objects are static. The generated results using these two methods 580 
are not much different. As we can see, the chair is not segmented by DS-SLAM, while 581 
the segmentation quality of the chair and monitors are improved a little in USS-SLAM.  582 

In the second row, one person is leaving the chair. In the segmentation result of 583 
DS-SLAM, the monitors have only been segmented a little part and part of the human 584 
body is mistakenly segmented into chairs. There are two different semantic categories 585 
on the human body. Compared to DS-SLAM, the segmentation qualities of chairs and 586 
monitors are improved by using USS-SLAM.  587 

In the third row, one person is reading a book nearby, and one person who only 588 
shows his head is moving in the distance. There is no chair in the segmentation result 589 
of DS-SLAM, and a monitor close to the person is not fully segmented. Compared to 590 
DS-SLAM, it is obvious that USS-SLAM segments the monitor and chair more 591 
reasonably. However, the head in the distance is not segmented accurately in both 592 
methods. It is noted that for these small objects, the segmentation results are not well 593 
because they are easily classified into the background.  594 

The scenes of the above three images are slightly dynamic. Below, we present two 595 
images from highly dynamic scenes, which is very difficult for traditional semantic 596 
segmentation.  597 

The fourth image is rotated and blurred. We can see that the segmentation result 598 
by using the DS-SLAM is wrong. Semantic segmentation results contain some wrong 599 
semantic categories and only the hand part of the human body is successfully segmented. 600 
The common semantic segmentation models without special training are difficult to 601 
cope with these images. Obviously, the segmentation quality by using USS-SLAM is 602 
highly improved. First, it segments the monitor successfully. Second, the segmentation 603 
result of the person is better than those of DS-SLAM.  604 

The fifth image is highly blurred. It is expected that the segmentation result of DS-605 
SLAM is bad, which only segments a small part of the human body and divides the 606 
wallpaper on the left side of the image into a monitor wrongly. These fast-moving 607 
scenes limit the semantic segmentation performance of DS-SLAM. In USS-SLAM, 608 
benefited from GAN-based unsupervised adversarial transfer learning, the 609 
segmentation quality is better. The USS-SLAM segments people with high quality. 610 



However, USS-SLAM is still unable to segment part of the monitor, which is so small 611 
that is easily classified into background class. 612 

Original Image DS-SLAM USS-SLAM  613 

Fig. 9. Example results of semantic segmentation using DS-SLAM and USS-SLAM for dynamic TUM sequences. 614 

 615 
Second, we compared the 3D point cloud map generated by different methods. It 616 

is noted that ORB-SLAM2 is a common vSLAM system that does not incorporate 617 
semantic information, while DS-SLAM and USS-SLAM incorporate semantic 618 
information. Fig. 10(a) shows the result of the ORB-SLAM2. In ORB-SLAM2 system, 619 
there is not a semantic segmentation model and it is clearly shown that the dynamic 620 
feature points are not removed. Therefore, the dynamic objects are kept in the map. Fig. 621 
10(b) shows the result of the DS-SLAM. Note that we only fuse the segmented object 622 
categories that appear in the scene to the 3D semantic point cloud map because DS-623 
SLAM is easy to be interference from unrelated semantic information. Compared with 624 
ORB-SLAM2, most dynamic portions of the scene have been filtered in DS-SLAM. 625 



However, at the bottom of this image, some of the feature points belonging to people 626 
are not well removed. Compared with DS-SLAM, the result of USS-SLAM contains 627 
less feature points belonging to those people, which is shown in Fig. 10(c). 628 

(a) (b) (c)  629 
Fig. 10. 3D point cloud map (a) using ORB-SLAM2; (b) using DS-SLAM; (c) using the proposed USS-SLAM. 630 

 631 
Third, we compare the ATE index of USS-SLAM against those of ORB-SLAM2, 632 

DS-SLAM. Table 3 shows the results using our method performs favorably against the 633 
other methods. The data used here is the average value after multiple experiments. The 634 
ORB-SLAM2 system does not filter out any dynamic feature points, which easily cause 635 
tracking failures. The proposed USS-SLAM performs favorably against the DS-SLAM 636 
system in most sequences, especially in the high-dynamic sequence: w_rpy. However, 637 
in low-dynamic sequence: s_static, the performance is not improved much. The reason 638 
is that the semantic segmentation network can handle the low-dynamic scenes easily 639 
and achieve good performance, left little space for our method to improve. 640 

TABLE 3. Comparison of Metrics Absolute Trajectory Error (ATE) of using different algorithms. 641 

 
            Sequences 

Methods 

 
w_xyz 

 
w_static 

 
w_rpy 

 
w_half 

 
s_static 

 
ORB-SLAM2 

RMSE 0.7521 0.3900 0.8705 0.4863 0.0087 
Mean 0.6492 0.3554 0.7425 0.4272 0.0076 

Median 0.5857 0.3087 0.7059 0.3964 0.0066 
SD 0.3759 0.1602 0.4520 0.2290 0.0043 

 
DS-SLAM 

RMSE 0.0247 0.0081 0.4442 0.0303 0.0065 
Mean 0.0186 0.0073 0.3768 0.0258 0.0055 

Median 0.0151 0.0067 0.2835 0.0222 0.0055 
SD 0.0161 0.0036 0.2350 0.0159 0.0033 

 
USS-SLAM 

RMSE 0.0139 0.0062 0.0333 0.0253 0.0063 
Mean 0.0120 0.0055 0.0263 0.0217 0.0055 

Median 0.0105 0.0050 0.0201 0.0191 0.0050 
SD 0.0070 0.0029 0.0204 0.0130 0.0030 

 642 
In the next part, we present the estimated trajectories of our method and the 643 

trajectories’ ground truths, which is shown in Fig. 11. After running the vSLAM system, 644 
we can obtain the pose of each key-frame, and get the trajectory of the camera. The 645 
smaller the difference between the obtained trajectory and the ground truth trajectory 646 
is, the higher the localization accuracy of the vSLAM system is. As we can see, the 647 



trajectories estimated by USS-SLAM are the closest to the ground truths in these 648 
dynamic sequences. 649 

ORB-SLAM2 DS-SLAM USS-SLAM  650 
Fig. 11. Comparison of trajectories. First row uses w_xyz. Second row uses w_static. Third row uses w_rpy. Fourth row uses 651 
w_half. Fifth row uses s_static. 652 

By analyzing the above results, we can get the following conclusions: 653 



Remark 1: traditional vSLAM such as ORB-SLAM2, performs poorly in dynamic 654 
environments. This is because the feature points on the dynamic objects are very 655 
unstable, and matching these feature points produces a large number of erroneously 656 
estimated poses. In USS-SLAM, benefited from the semantic information derived, it is 657 
able to filter out the feature points on the dynamic objects, and the localization accuracy 658 
is significantly improved. 659 

Remark 2: compared with USS-SLAM, DS-SLAM is susceptible to interference 660 
from some unrelated semantic information. DS-SLAM often wrongly recognizes some 661 
objects, even contains several different semantic categories on one object. The USS-662 
SLAM is rarely interfered by unrelated semantic information because in the USS-663 
SLAM the types of objects that can be recognized are fewer. Therefore, we believe that 664 
training a semantic segmentation model for a specific real application environment in 665 
the semantic SLAM task can achieve better results, rather than directly using a pre-666 
trained semantic segmentation model.  667 

Remark 3: the power of adversarial transfer learning is effectively performed in 668 
USS-SLAM, resulting in more accurate segmentation results than those of DS-SLAM. 669 
 670 

4.5 With or without adversarial transfer learning 671 
Semantic segmentation models are often trained by a fully supervised learning 672 

method. However, the trained model may not generalize well to real application scenes. 673 
Therefore, as we mentioned above, adversarial transfer learning (ATL for short) is 674 
critical to narrow the performance gap without labeled per-pixel ground truths. In this 675 
section, we want to prove that a semantic segmentation with ATL is more superior to 676 
those without ATL. The same idea can be extended to other SLAM systems and is not 677 
limited in USS-SLAM. It is noted that the number of training epochs and training 678 
parameters used in the semantic segmentation model are the same. 679 

The comparison results are summarized in Fig. 12. These semantic segmentation 680 
results are saved during the vSLAM is running. The first column shows the original 681 
images. The second column shows the segmentation results without ATL. The third 682 
column shows the results of the semantic segmentation with ATL. 683 

In the first row, one person is moving. With ATL, it is obvious that the 684 
segmentation results of both monitors and people are more reasonable and the object 685 
boundaries are more coordinated.  686 

In the second row, one person is moving on the left side. Without ATL, it is found 687 
that the chair is not segmented well. Also, there exist two monitors in this image, and 688 
one monitor is not segmented well. As we can see, in the segmentation result of USS-689 
SLAM with ATL, the chair is segmented more completely and the monitors on the right 690 
side are partially segmented.  691 

In the third row, one person is sitting on a chair. Results show that the chair and 692 
the monitors are segmented better with ATL, compared with those with traditional 693 
supervised learning. Without ATL, the pixels that should belong to the sitting person 694 
are classified into backgrounds and some pixels in the top right corner of the image are 695 
wrongly classified as backgrounds as well.  696 

In the fourth row, the segmentation results of the person and the chair are similar 697 



with or without ATL. However, the monitor is segmented more reasonably with ATL.  698 
In the fifth row, one person is sitting on a chair and the other person is moving fast. 699 

As we can see, the chairs and the monitor are segmented slightly better with ATL. The 700 
moving person is not segmented well in the result without ATL. Although the person is 701 
segmented slightly more reasonably in the result of USS-SLAM with ATL, the lower 702 
part of the body is still not well segmented. Our USS-SLAM with ATL still needs 703 
further improvement on these fast-moving objects. 704 

 705 

Original Image Without ATL With ATL  706 
Fig. 12. Example results of semantic segmentation for dynamic TUM sequences. 707 

 708 
Furthermore, we compare the localization accuracy with or without ATL. Table 4 709 



shows the comparison results of experiments and Table 5 shows the improvements. The 710 
data used here is the average value after multiple experiments. According to Table 4 711 
and Table 5, USS-SLAM with ATL achieves better performance in all sequences. It 712 
proves that adapting the semantic segmentation model with ATL in the real application 713 
scenes can indeed improve the localization accuracy to some extent. It is noted that in 714 
high-dynamic sequences, the performance can be improved by 7%-25%. These 715 
sequences contain many rotating blurred images, which increases the difficulty of 716 
segmentation and dynamic feature extraction. By using adversarial transfer learning, 717 
the semantic segmentation quality and the localization accuracy can be improved. 718 
However, in low-dynamic sequence: s_static, the improvements are not as obvious as 719 
in the high-dynamic sequences.  720 

Based on above results, we may get the following conclusions: 721 
Remark 4: compared to USS-SLAM without ATL, USS-SLAM with ATL has 722 

some improvement in semantic segmentation results and localization accuracy. It shows 723 
that after trained with GAN-based unsupervised adversarial transfer learning, the 724 
performance gap between the source domain (training dataset) and the target domain725 
（real application）is indeed narrowed. 726 

Remark 5: USS-SLAM does not recognize some small objects such as monitors 727 
and chairs that are partially blocked by people. These small objects are easily 728 
recognized as backgrounds. It shows that the USS-SLAM has limited ability to segment 729 
these small objects. 730 

Remark 6: USS-SLAM with a semantic segmentation network can achieve 731 
satisfying results in low-dynamic scenes even without ATL. USS-SLAM with ATL and 732 
without ATL have similar performance.  733 

TABLE 4. Comparison of ATE with or without ATL in USS-SLAM. 734 

Sequences  
Methods 

w_xyz w_static w_rpy w_half s_static 

 
USS-SLAM 

with ATL 

RMSE 0.0139 0.0063 0.0333 0.0253 0.0063 
Mean 0.0120 0.0055 0.0263 0.0217 0.0055 

Median 0.0105 0.0051 0.0201 0.0191 0.0050 
SD 0.0070 0.0030 0.0204 0.0130 0.0030 

 
USS-SLAM 
without ATL 

RMSE 0.0159 0.0075 0.0392 0.0289 0.0067 
Mean 0.0138 0.0063 0.0311 0.0250 0.0058 

Median 0.0122 0.0056 0.0239 0.0207 0.0053 
SD 0.0079 0.0040 0.0238 0.0146 0.0033 

 735 
TABLE 5. The Improvement of index performance with or without ATL. 736 

Sequences  
Index 

w_xyz w_static w_rpy w_half s_static 

RMSE 12.58% 16.00% 15.05% 12.46% 5.97% 
Mean 13.04% 12.70% 15.43% 13.20% 5.17% 

Median 13.93% 8.93% 15.90% 7.73% 5.66% 
SD 11.39% 25.00% 14.29% 10.96% 9.09% 

 737 



4.6 With or without multi-view geometry 738 
We further evaluated the effect of USS-SLAM with or without multi-view 739 

geometry on five sequences. The results are shown in Table 6 and Table 7.  740 
By analyzing the results, we can get the following conclusions: 741 
Remark 7: compared the results of ORB-SLAM2 in Table 3, the performance of 742 

USS-SLAM no matter with or without multi-view geometry is significantly improved. 743 
It means that the semantic information can indeed improve the localization accuracy in 744 
vSLAM applications. 745 

Remark 8: It is found that the USS-SLAM with a multi-view geometry method is 746 
better in all sequences. However, accuracy is not improved so much. The reason is easy 747 
to explain, i.e. because most of the dynamic feature points have been successfully 748 
detected and filtered out by using the semantic segmentation model and there is not 749 
much space for further improvement. We may have a conclusion that multi-view 750 
geometry may not be a prerequisite and the framework of USS-SLAM can be simplified, 751 
but to verify this we need to do more comprehensive experiments. 752 

 753 
TABLE 6. Comparison of index performance with or without Multi-view Geometry in USS-SLAM. 754 

Sequences  
Methods 

w_xyz w_static w_rpy w_half s_static 

USS-SLAM 
Without Multi-

view 
Geometry 

RMSE 0.0151 0.0065 0.0358 0.0277 0.0065 
Mean 0.0131 0.0058 0.0281 0.0235 0.0056 

Median 0.0115 0.0054 0.0222 0.0204 0.0050 
SD 0.0076 0.0031 0.0222 0.0142 0.0031 

USS-SLAM 
With Multi-

view 
Geometry 

RMSE 0.0139 0.0062 0.0333 0.0253 0.0063 
Mean 0.0120 0.0055 0.0263 0.0217 0.0055 

Median 0.0105 0.0050 0.0201 0.0191 0.0050 
SD 0.0070 0.0029 0.0204 0.0130 0.0030 

 755 
TABLE 7. The Improvement of performance in USS-SLAM by using Multi-view Geometry. 756 

Sequences  
Index 

w_xyz w_static w_rpy w_half s_static 

RMSE 7.95% 4.62% 6.98% 8.66% 3.07% 
Mean 8.40% 5.17% 6.41% 7.66% 1.79% 

Median 8.70% 7.41% 9.46% 6.37% 0.00% 
SD 7.89% 6.45% 8.11% 8.45% 3.24% 

 757 
4.7 Cost Analysis 758 

To verify that the proposed method is suitable for real time applications, this 759 
section calculates the cost time of some major modules in USS-SLAM. The results are 760 
summarized in Table 8. 761 

TABLE 8. Cost Time of the USS-SLAM Modules. 762 

Module ORB feature 
extraction 

Semantic 
segmentation 

Multi-view 
Geometry 

Time(s) 0.0098 0.3067 0.3836 



 763 
All the experiments are carried out on a single computer with Intel i7 CPU, 764 

GTX1080 GPU, and 32GB memory. In the experiment, the input image size is 640×480. 765 
For USS-SLAM without multi-view geometry, the average time to process each frame 766 
is 0.3224s, which can run at 3.1Hz. For USS-SLAM with multi-view geometry, the 767 
average time to process each frame is 0.6878s. It can run at 1.45Hz, which is sufficient 768 
for most online indoor applications. It is notable that the cost of required resources is 769 
not so high, and we can conclude that the USS-SLAM can be performed on mainstream 770 
embedded platforms. 771 
 772 
5. Conclusion 773 

The fusion of semantic information and geometric information in vSLAM is an 774 
emerging research field, which may achieve good performance about localization 775 
accuracy and semantic information in a 3D semantic map. This paper adopts the idea 776 
of adversarial transfer learning to improve the semantic segmentation network, and we 777 
proposed an unsupervised semantic model with a ResNet structure in the multi-level 778 
feature spaces. This work may be the first attempt to perform multi-level output space 779 
adversarial transfer learning for the semantic slam task in a dynamic environment. The 780 
effectiveness of our method is tested on the five challenging dynamic sequences from 781 
the TUM dataset. The experimental results show that our method performs favorably 782 
against DS-SLAM and ORB-SLAM2 on the index of RMSE, Mean, Median and SD. 783 
The proposed USS-SLAM has a unique value for real applications of robots and 784 
autonomous vehicles in the dynamic environment. 785 

Future research directions include the following points. First, USS-SLAM only 786 
considers the common categories such as people, chairs and monitors in the TUM 787 
dataset. Other types of objects are treated as irrelevant semantic information. However, 788 
the USS-SLAM framework could be extended to more extensive object categories in 789 
the future. Second, the real-time performance of USS-SLAM can be further improved 790 
by optimizing the semantic segmentation model and the multi-view geometry method. 791 
Third, the generated dense semantic point cloud map should be applied for the robot to 792 
complete advanced tasks, e.g. intelligent navigation, human interaction, etc. Fourth, we 793 
have not considered the effects of noise. Some image denoising and filtering algorithms 794 
would be adopted for the USS-SLAM framework to improve the performance. 795 
 796 
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