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A B S T R A C T

6DoF camera localization is an important component of autonomous driving and navigation. Deep learning
has achieved impressive results in localization, but its robustness in dynamic environments has not been
adequately addressed. In this paper, we propose a framework based on hybrid attention mechanism which
can be generally applied to existing CNN-based pose regressors to improve their robustness in dynamic
environments. Specifically, we propose a novel Transformer Bottleneck (TBo) block including convolution,
channel attention, and a position-aware self-attention mechanism, which extracts more geometrically robust
features by capturing the corresponding long-term dependencies between pixels. Furthermore, we introduce
shuffle attention (SA) before the pose regressor, which integrates feature information in both spatial and
channel dimensions, forcing the network to learn geometrically robust features, reducing the effects of dynamic
objects and illumination conditions to improve camera localization accuracy. We evaluate our method on
commonly benchmarked indoor and outdoor datasets and the experimental results show that our proposed
method can significantly improve localization performance compared compare favorably to contemporary pose
regressors schemes. In addition, extensive ablation evaluations are conducted to prove the effectiveness of our
proposed hybrid attention bottleneck block for pose regression networks.
1. Introduction

Estimating the pose of the camera from the captured image is one of
the essential tasks in many computer vision applications. Accurate esti-
mation of the absolute pose of the camera is the key to the application
of augmented reality, autonomous driving [1,2] and indoor navigation,
in which location information is of key important to its performance.

Traditional algorithms for camera pose estimation are solved by
using 3D structure-based methods, indirect-direct methods [3,4] or
image retrieval [5]. The method based on 3D structure first establishes
correspondences between pixels in the test image and 3D points in
the scene. Then, these 2D-3D matches are used to estimate the camera
pose by applying the Perspective-n-Point (PnP) solver and a RANSAC
algorithms [6]. Image retrieval is first applied to extract candidate im-
ages from a large database of geo referenced images. Local features are
fetched from query and geo referenced images and then matched [7].
However, when deployed in outdoor scenes, the performance will
degrade. This is due to the traditional geometric localization methods
mainly use handcrafted features and descriptors, so they are rather sen-
sitive to viewpoint change, illumination variation, and dynamic objects,
which are apparent in unconstrained environments. Recently, Deep
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neural networks (DNNs) based camera positioning method have drawn
increasing attention because of its low cost and broad applicability,
which also urges researchers to exploit the potential of DNNs in visual
localization. There are more and more methods based on deep learning,
which can automatically extract image features and directly regress
absolute camera pose from a single image. As shown in PoseNet [8],
features are generated on a single image, and finally global pose is
output, that is, pose prediction is regarded as a regression problem,
and its variant models use different feature extraction networks [9],
or geometric constraints [10]. Although these technologies generally
show good performance, they lack robustness in the face of dynamic
objects or lighting changes, especially in outdoor datasets with highly
variable scenes. In order to solve the problem of insufficient robustness,
further technologies have considered using multiple images as the input
of the network, on the premise that the network can learn to reject
the features of time inconsistency across frames. There are also similar
approaches that use time-context that is inherently given by consec-
utive images. For example, VidLoc [11], MapNet [12] and PoseNet +
LSTM [13] have achieved good performance in camera pose regression.
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In this work, we pursue another approach to realize camera pose
regression, which can achieve or even exceed the performance of multi-
frame continuous technology by learning to focus on time consistent
and information rich image parts (such as buildings). We propose a new
attention-based neural network, which uses a single image as network
input and ignores the dynamic parts such as vehicles and pedestrians in
feature extraction. Different from previous methods, our method does
not need to manually design multiple frames or geometric constraints.

In this paper, we show that our model is superior to the previous
technology. It can work effectively in both indoor and outdoor scenes,
and is simple and end-to-end training without any handmade geometric
loss functions. We provide detailed network structure information to
understand how to integrate attention into the network, so as to achieve
accurate and robust camera pose estimation.

The main contributions of this work are three folds: (1) We propose
a novel Transformer Bottleneck block with self-attention and channel
attention to overcome the limitations of convolution. This coupling
allows them to be optimized in a mutually reinforcing manner, signif-
icantly improving fine-grained feature extraction for accurate localiza-
tion. (2) We propose a novel end-to-end hybrid attention network for
single image localization, which improves the accuracy and robustness
of camera localization, especially in dynamic scenes. (3) We conduct
extensive experiments in both indoor and outdoor dataset, which shows
that our model performs better than the existing competitive methods.

The rest of this paper is organized as follows: Section 2 reviews
some related works in camera localization. Section 3 describes the basic
idea of attention-based camera localization method and its loss function
items in detail. We introduce our experiments and compare them with
many current methods in Section 4. Finally, we concluding remarks and
prospects for future work in Section 5.

2. Related work

2.1. Deep neural networks for camera localization

The method of deriving Degree of Freedom (6DoF) pose directly
from image has been studied for decades. Therefore, there are many
classical methods whose complex components are replaced by ma-
chine learning or deep learning. Compared with traditional structure-
based methods [14] and image retrieval based global descriptors meth-
ods [15,16], Deep Neural Networks (DNNs) can automatically learn
features from data without manually building a map or landmark
feature database [17,18]. In [8], PoseNet is introduced, which is an
end-to-end 6-dof monocular camera pose estimation network. The pro-
posed algorithm maps monocular images firstly to a high-dimensional
space, which is linear in camera pose and robust to annoyance vari-
ables. After that, the 6DoF camera pose can be regressed from this
representation without any hand-engineering effort. However, its ac-
curacy is far lower than that of 3D based methods. In order to improve
the positioning accuracy, contemporary absolute pose estimation has
studied different Convolution Neural Network (CNN). Then, the method
is extended to spatial [19] and temporal [11] by inverse RNN (such
as LSTM). PoseNet + LSTM [13] uses LSTM units on the CNN output,
which shows the utility of structured dimensionality reduction of fea-
ture vectors, it helps to improve the camera localization performance
to a great extent. Subsequently, by using Bayesian CNN [20,21] to
estimate the attitude uncertainty in the global camera, and replacing
the feature extraction architecture with residual neural network, the
positioning performance is further improved [9]. However, the above
method relies on manually adjusted scale factors to balance the position
and rotation loss in the learning process. In order to solve this problem,
learning weighted loss and geometric re projection loss. To solve this
problem, learn weighted loss and geometric reprojection loss [10] to
produce more accurate results. Recent work has also used the geo-
metric constraints of paired images [22,23], increased training data
through synthetic generation, or introduced neural maps Pose graph
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optimization of the model [24]. We develop a DNN-based automatic
adjustment mechanism for camera localization and automatically learn
geometrically robust features that facilitate pose regression, instead of
imposing temporal information or geometric constraints as in previous
work. Our model outperforms the existing methods in pose regression
by a large margin.

2.2. Attention and transformer in image analysis

The importance of attention has been studied extensively in the
previous literature. It favors the assignment of the most informative fea-
ture expressions while suppressing the less useful ones. Self-attention
methods calculate the context of a position as a weighted sum of all
positions in the image. SENet [25] provides an effective, lightweight
gating mechanism to self-recalibrate feature maps via channel-wise
importance. ECA-Net [26] adopts a 1-D convolution filter to generate
channel weights, which significantly reduces the model complexity of
Squeeze-and-Excitation (SE). Wang et al. [27] proposed a non-local
(NL) module to generate a large number of attention maps by calcu-
lating the correlation matrix between each spatial point in the feature
map. GCNet [28] fully explores the advantages and disadvantages of
the non-local and SE modules, and combines the advantages of both
to design a more effective global context module, which achieves
convincing results on object detection tasks. CBAM [29], SANet [30],
STAL [31] and SGE [32] combine spatial attention and channel at-
tention serially, while DANet [33] adaptively integrates local features
with their global dependencies by summing two attention modules
from different branches. Our work introduces multi-head self-attention
mechanism and channel attention mechanism into the camera localiza-
tion model to show the effectiveness of correlating robust key features
and improve model performance.

3. Camera localization with transformer bottleneck and attention
module

This section provides an overview of the proposed framework ex-
plaining its most distinctive features. A deep network architecture
based on hybrid attention, which is used to learn camera poses from
a single image. Fig. 1 illustrates a pipeline of the proposed framework,
consisting of a feature encoder, an attention module and a pose regres-
sor. First, the Transformer Bottleneck in the feature encoder can extract
the global features in a given single image. This can be attributed
to the fact that attention not only considers the content information,
but also the relative distances between features at different locations,
which can effectively correlate the information across objects with
location awareness. Second, shuffle attention module [30] constructed
by attention mechanism are used to stand out the most important
features from different channels to highlight regions that are greatly
relevant to camera localization. Finally, the pose regressor further maps
the aggregation features after the attention operator to the camera
pose, i.e. the 3-D location and 4-D quaternion (orientation). The final
networks are supervised by the distance between the ground truth and
the predicted poses.

3.1. Feature encoder

The Feature Encoder is used to extract the features required for pose
regression task from a single monocular image. Previous works shows
the successful application of classical convolutional neural network
(CNN) architectures in camera pose regression. Specifically, in order
to find a balance between the number of network parameters and
accuracy, we use ResNet50 architecture as our basic network, which
achieves more stable and accurate localization results than other struc-
tures, due to the residual network can train the deep level of the neural
network and reduce the problem of gradient vanishing. Therefore,
we consider using ResNet50 as the basic network of encoder in the
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Fig. 1. (a) An overview of our proposed TransBoNet framework, consisting of Feature Encoder (extracts local features from a single image), Attention Module (computes the
attention and reweights the features), and Pose Regressor (maps the new features into the camera pose, position p or orientation q). (b) Structure of the Position-aware MHSA.
Table 1
Comparison of structural parameters of Feature Encoder.

Stage Output ResNet50 Feature Encoder

c1 512 × 512 7 × 7, 64, stride 2 7 × 7, 64, stride 2

c2 256 × 256
⎧

⎪

⎨

⎪

⎩

1 × 1, 64
3 × 3, 64
1 × 1, 256

⎫

⎪

⎬

⎪

⎭

× 3

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1 × 1, 64
3 × 3, 64
1 × 1, 256
𝑆𝐸, 256

⎫

⎪

⎪

⎬

⎪

⎪

⎭

× 3

c3 128 × 128
⎧

⎪

⎨

⎪

⎩

1 × 1, 128
3 × 3, 128
1 × 1, 512

⎫

⎪

⎬

⎪

⎭

× 4

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1 × 1, 128
3 × 3, 128
1 × 1, 512
𝑆𝐸, 512

⎫

⎪

⎪

⎬

⎪

⎪

⎭

× 4

c4 64 × 64
⎧

⎪

⎨

⎪

⎩

1 × 1, 256
3 × 3, 256
1 × 1, 1024

⎫

⎪

⎬

⎪

⎭

× 6

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1 × 1, 256
3 × 3, 256
1 × 1, 1024
𝑆𝐸, 1024

⎫

⎪

⎪

⎬

⎪

⎪

⎭

× 6

c5 32 × 32
⎧

⎪

⎨

⎪

⎩

1 × 1, 512
3 × 3, 512
1 × 1, 2048

⎫

⎪

⎬

⎪

⎭

× 3

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1 × 1, 512
𝑀𝐻𝑆𝐴, 512
1 × 1, 2048
𝑆𝐸, 2048

⎫

⎪

⎪

⎬

⎪

⎪

⎭

× 3

proposed model. To encourage the learning of meaningful features
for pose regression, we modify the base network. First, we embed a
SE layer in each residual block, and then replace the 3 × 3 spatial
convolution in the c5 stage with a Position-aware Multi-Head Self-
Attention (MHSA) layer. Finally, the base network is further modified
by replacing the final 1000 dimensional fully-connected layer with
a 2048 dimensional fully-connected layer and removing the Softmax
layers used for classification. The specific structural parameters are
shown in Table 1. Given an image 𝐼 ∈ 𝑅(𝐻×𝑊 ×𝐶), the features of
𝑋 ∈ 𝑅(8×8×2048) can be extracted by the Feature Encoder.

3.1.1. Transformer bottleneck block
Previous methods [8,21] only exploit high-level features to regress

camera pose, which will result in low localization accuracy due to
ambiguous patterns caused by visual similarity. We argue that a robust
feature representation containing abundant structure information and
spatial details can address such issue.

Through the Feature Encoder, we can obtain different level fea-
ture maps with different receptive fields. The low-level feature maps
3

with abundant structure information can deal with the ambiguities,
while high-level feature maps with rich semantic information can be
used to model the pose regression problem accurately. Therefore, we
argue that effectively fusing the structure and semantic information
extracted from different receptive fields is important for improving the
accuracy of camera localization. However, since the different feature
representations of low-level and high-level feature maps, it is not easy
for the network to learn and generalize using simple pixel-to-pixel
addition to fuse them. In contrast, we propose a novel Transformer
Bottleneck block embedded with a position-aware multi-head self-
attention module and a channel attention module to learn a strong and
distinctive feature representation, through which we can bridge gap
between structure details and semantic information. We compare the
structure of the two bottleneck blocks, as shown in Fig. 2.

Channel Attention Module: It uses scalars to represent and eval-
uate the importance of each channel, enabling the model to filter
out worthless feature channels. Through capturing the feature depen-
dencies in channel dimension, the redundant information is largely
reduced and the most important information of the input image is
retained. Moreover, inspired by the work of Hu et al. [34], we embed
SE layers into each residual block to learn a strong and distinctive
feature representation, as shown in Fig. 2(b), a structure that retains
shallow layers information and passes it to deep layers. In addition, it
can not only fuse all features but also adaptively learn different weights
of different level feature information.

Position-aware Multi-Head Self-Attention Module: Previous work
[35] considered the input resolution (224 × 224(for classification) and
640 × 640 (for detection experiments in SASA)), the method of using
self-attention in the whole backbone is feasible. Therefore, we consider
the use of self-attention for visual localization tasks as an alternative
to convolutions. Considering that O(𝑛2𝑑) memory and computation are
required to perform self-attention globally in n entities [36], we believe
that the simplest setting to comply with the above factors is to incor-
porate self-attention into the trunk with the lowest resolution feature
mapping, that is, the three bottleneck blocks in c5 stack. Replacing
spatial 3 × 3 convolution in the bottleneck block with MHSA layers
constitutes the basis of the Feature Encoder, as shown in Fig. 2(b).

3.1.2. Position-aware multi-head self-attention
Given an input tensor of shape

(

𝐻,𝑊 , 𝑑𝑖𝑛
)

, we flatten it to a matrix
𝑋 ∈ 𝑅𝐻𝑊 ×𝑑𝑖𝑛 and perform MHSA as proposed in the Transformer
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Fig. 2. Left: A ResNet Bottleneck Block, Right: A Transformer Bottleneck block.
architecture [36]. 𝑑𝑖𝑛 refers to the number of input filters of an activa-
tion map. Single-headed attention mechanism for computing the pixel
output is then computed as follows (see Fig. 1(b)):

𝑂ℎ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

⎛

⎜

⎜

⎜

⎝

𝑄𝐾𝑇
√

𝑑ℎ𝑘

⎞

⎟

⎟

⎟

⎠

𝑉 (1)

where the queries 𝑄 = 𝑋𝑊𝑞 , keys 𝐾 = 𝑋𝑊𝑘 and values 𝑉 =
𝑋𝑊𝑣 are linear transformations of the pixel in position 𝑖𝑗 and the
neighborhood pixels. 𝑊𝑞 ,𝑊𝑘 ∈ 𝑅𝑑𝑖𝑛×𝑑ℎ𝑘 and 𝑊𝑣 ∈ 𝑅𝑑𝑖𝑛×𝑑ℎ𝑣 are parameter
matrices. These parameter matrices are unique per layer and attention
head. The outputs of all heads are then concatenated and projected
again as follow:

𝑀𝐻𝑆𝐴(𝑋) = 𝐶𝑜𝑛𝑐𝑎𝑡(𝑂1,… , 𝑂ℎ)𝑊 𝑂 (2)

Where 𝑊 𝑂 ∈ 𝑅ℎ𝑑𝑣×𝑑𝑣 is parameter matrix. In this work we employ
ℎ = 4 parallel attention, or heads. 𝑀𝐻𝑆𝐴(𝑋) is then reshaped into a
tensor of shape (𝐻,𝑊 , 𝑑𝑣) to match the original spatial dimensions.

To make the attention operation position aware, the Transformer
based architecture usually adopts position encoding. Recently, it has
been considered that relative position encodings [37] are more suitable
for visual tasks. This can be attributed to the fact that attention con-
siders not only the content information, but also the relative distance
between different location features. Therefore, it can effectively con-
nect information across object with positional awareness. In the MHSA
module, we apply the 2D relative position self-attention in [35]. We
implement two-dimensional relative self-attention by independently
adding relative height information and relative width information. The
output of head h is now defined as

𝑂ℎ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

⎛

⎜

⎜

⎜

⎝

𝑄𝐾𝑇 + 𝑅𝑤 + 𝑅ℎ
√

𝑑ℎ𝑘

⎞

⎟

⎟

⎟

⎠

𝑉 (3)

Where 𝑅𝑤, 𝑅ℎ ∈ 𝑅𝐻𝑊 ×𝐻𝑊 are matrices of relative position logits
along width and height dimensions that satisfy 𝑅 [𝑖, 𝑗] = 𝑞𝑇 𝑟𝐻 and
4

𝑤 𝑖 𝑗𝑎−𝑖𝑎
𝑅ℎ[𝑖, 𝑗] = 𝑞𝑇𝑖 𝑟
𝑊
𝑗𝑏−𝑖𝑏

. 𝑟𝑊(𝑗𝑎−𝑖𝑎) and 𝑟𝐻(𝑗𝑏−𝑖𝑏) are learned offset embeddings for
relative width 𝑗𝑎−𝑖𝑎 and relative height 𝑗𝑏−𝑖𝑏, respectively. The relative
positional embeddings 𝑟𝑊 and 𝑟𝐻 are learned and shared across heads
but not layers.

3.2. Shuffle attention module

Recently, the network architecture of neural pose regressors mainly
contains two stages, i.e., a feature extractor and a global average
pooling followed by a fully connected regressor. These works take
advantage of transfer learning from image classification tasks, but in
addition to benefit, pose regressor should be more robust to noise
and perceive spatial information, which is confused by global pooling.
Considering these two factors, we introduce a SA module [30] that
can adjust the importance of each sub-feature by generating attention
factors for each spatial location in each group, so that each individual
group can autonomously enhance its learning expression and suppress
possible noise.

As shown in Fig. 3, for a given 𝑋 ∈ 𝑅𝐶×𝐻×𝑊 , we divide 𝑋 into 𝐺
groups along the channel dimension, denoted by 𝑋 = [𝑋1,… , 𝑋𝐺], 𝑋𝑘 ∈
𝑅𝐶∕𝐺×𝐻×𝑊 . Each feature map will be segmented along the channel
dimension into two branches, denoted by 𝑋𝑘1, 𝑋𝑘2 ∈ 𝑅𝐶∕2𝐺×𝐻×𝑊 . One
branch is used to generate channel attention feature maps by acquiring
the inter-relationship of channels, while the other branch generates
spatial attention maps via the analysis of space location relationships.

The output of the channel attention can be obtained by

𝑋′
𝑘1 = 𝜎

[

𝑤1 ∗

(

1
𝐻 ×𝑊

𝐻
∑

𝑖=1

𝑊
∑

𝑗=1
𝑋𝑘1(𝑖,𝑗)

)

+ 𝑏1

]

∗ 𝑋𝑘1 (4)

Where 1
𝐻×𝑊

∑𝐻
𝑖=1

∑𝑊
𝑗=1 𝑋𝑘1(𝑖,𝑗) represents the GAP operation. 𝑤1 ∈

𝑅𝐶∕2𝐺×1×1 and 𝑏1 ∈ 𝑅𝐶∕2𝐺×1×1 are the two dynamic parameters to scale
the feature map, (𝑖, 𝑗) refers to the specific spatial position in input
features, and 𝜎 is the sigmoid activation. As a result, the final output
of spatial attention branch is followed by

𝑋′ = 𝜎
(

𝑤 ∗ 𝐺𝑁
(

𝑋
)

+ 𝑏
)

⋅𝑋 (5)
𝑘2 2 𝑘2 2 𝑘2
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Fig. 3. An overview of the SA Module.
To obtain the final weighted feature map, the representative fea-
tures obtained by the spatial and channel attention branches require
to be aggregated with concatenative links, denoted by 𝑋𝑘 = 𝑐𝑜𝑛𝑐𝑎𝑡
[

𝑋′
𝑘1, 𝑋

′
𝑘2
]

. Then, we use the channel shuffle operation to allow cross-
group information to flow along the channel dimension, which results
in a more discriminative feature.

The attention block is flexible and can be inserted anywhere in net-
work. To optimize the localization performance, we place the attention
block after the Feature Encoder. This allows the network to focus on
and highlight the most critical components.

3.3. Camera pose loss

Camera pose regression was first suggested by [8]. The proposed
network architecture, named PoseNet, was based on a GoogLeNet
backbone where the classifier was replaced with fully-connected layers
to regress the absolute pose of the input image. Therefore, we add two
fully connected layers at the end which are the final pose regressors for
position and orientation. The pose regressors map the attention guided
features 𝑆𝐴(𝑥) to location 𝑡 ∈ 𝑅3 and orientation 𝑟 ∈ 𝑅4 respectively
through Multilayer Perceptrons (MLPs) [38]:

[𝑡, 𝑟] = 𝑀𝐿𝑃𝑠
(

𝑆𝐴
(

𝑓𝑒𝑛𝑐𝑜𝑑𝑒𝑟(𝐼)
))

(6)

Camera pose regressors are trained to minimize the deviation be-
tween the ground truth pose 𝑝∗ =< 𝑡∗, 𝑟∗ > and the predicted camera
pose 𝑝 = ⟨𝑡, 𝑟⟩. The parameters inside the neural networks are optimized
with L1 Loss to minimize a Pose Loss function [10] for an image 𝐼 :

𝐿𝑜𝑠𝑠 (𝐼) = ‖

‖

𝑡 − 𝑡∗‖
‖1 𝑒

−𝛽 + 𝛽 + ‖

‖

log 𝑟 − log 𝑟∗‖
‖1 𝑒

−𝛾 + 𝛾 (7)

Where 𝛽 and 𝛾 are learned parameters controlling the balance
between the two loss. The logarithm of a unit quaternion log 𝑟 is the
logarithm of a unit quaternion 𝑟. During training, 𝛽 and 𝛾 are not fixed,
we optimize them as parameters with an initialization 𝛽0 and 𝛾0 for all
scenes. Experimental details of 𝛽 and 𝛾 are given in Section 4.4.

4. Experiments

Our proposed scheme focuses on improving the accuracy of absolute
pose regression. Therefore, we evaluate it on multiple contemporary
datasets used for benchmarking camera pose regressors, and compare
the results with the recent state-of-the-art regression based absolute
localization methods. We evaluated our method on 7Scenes [39] and
Oxford RobotCar [40] datasets, which are commonly used to evaluate
5

pose regression tasks.
4.1. Datasets

4.1.1. 7Scenes
The dataset is consisted of seven different indoor scenes captured

by a handheld Kinect RGB-D camera, with a spatial extent of a few
squared meters. All pictures were taken in a small-scale indoor office
environment with a resolution of 640 × 480 pixels. Each scene contains
two to seven sequences and each sequence has 500 or 1000 frames. The
sequences contained in this dataset are recorded in different camera
motion status and different conditions, such as the frames exhibit
ambiguities (e.g. repeated steps in ‘Stairs’), reflections (e.g. reflections
in ‘Kitchen’), motion blur, lighting conditions, texture-less surfaces, and
variations in view point and trajectory.

4.1.2. Oxford RobotCar
The dataset contains over 100 continuous routes (about 10 kilome-

ters) through central Oxford captured twice a week over a period of
over a year. Therefore, the video sequences are full of complex traffic
conditions and abundant with movable objects such as parked/moving
vehicles, cyclists and pedestrians. It makes the dataset particularly
challenging for vision-based localization tasks. In order to make a fair
comparison, we extracted a subset from the whole data set of different
scenes for experiments: FULL, with a total length of 9562 m. More
details about these two sequences are provided in Table 3.

4.2. Implementation details

We implemented our algorithms with PyTorch, using the Adam
optimizer [45] and initial learning rate of 𝜆 = 5 × 10−5. 256 × 256
pixels images are cropped for our network during both the training and
testing phase with random and central cropping strategy respectively.
The network is trained on a NVIDIA GeForce RTX 2070 GPU with
the following hyperparameters: mini-batch size of 24, dropout rate
probability of 0.5 and initializations of 𝛽0 = 0.0 and 𝛾0 = −3.0. For
the training on Oxford RobotCar dataset, random Color Jitter is addi-
tionally applied when data augmentation is performed, with brightness,
contrast, and saturation set to a value of 0.7, and hue set to a value of
0.5 [38]. We note that this augmentation step is critical to improve
the generalization ability of model over time conditions and various
weather.

4.3. Comparative analysis of camera pose regressors

4.3.1. Experiments on 7Scenes dataset
Table 2 shows the quantitative results obtained when evaluating our

model on 7Scenes dataset. We compared its performance with all pose
regressors reported on this benchmark with a single image input. Our
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Table 2
Localization results for the 7Scenes dataset (indoor localization). We report the median position/orientation error in meters/degrees for each method. The best results are highlighted
in bold.

Method Chess Fire Heads Office Pumpkin Kitchen Stairs Avg

PoseNet [8] 0.32/8.12 0.47/14.4 0.29/12.0 0.48/7.68 0.47/8.42 0.59/8.64 0.47/13.8 0.45/9.94
PN-Learnable [10] 0.14/4.50 0.27/11.8 0.18/12.1 0.20/5.77 0.25/4.82 0.24/5.52 0.37/10.6 0.24∕𝟕.𝟖𝟕
LSTM-PN [13] 0.24/5.77 0.34/11.9 0.21/13.7 0.30/8.08 0.33/7.0 0.37/8.83 0.40/13.7 0.31/9.85
BayesianPN [20] 0.37/7.24 0.43/13.7 0.31∕𝟏𝟐.𝟎 0.48/8.04 0.61/7.08 0.58/7.54 0.48/13.1 0.47/9.81
GPoseNet [21] 0.20/7.11 0.38/12.3 0.21/13.8 0.28/8.83 0.37/6.94 0.35/8.15 0.37/12.5 0.31/9.95
BranchNet [34] 0.18/5.17 0.34∕𝟖.𝟗𝟗 0.20/14.15 0.30/7.05 0.27/5.10 0.33/7.40 0.38/𝟏𝟎.𝟐𝟔 0.29/8.30
MLFBPPose [41] 0.12/5.82 0.26/11.99 𝟎.𝟏𝟒∕13.54 𝟎.𝟏𝟖∕8.24 0.21/7.05 0.22/8.14 0.38/10.26 0.22/9.29
Bui et al. [42] 0.12/4.8 0.29/10.2 0.15/12.0 0.21/6.6 0.22/6.5 0.26/5.8 0.30/12.2 0.22/8.3
ViPR [43] 0.22/7.89 0.38/12.74 0.21/16.41 0.35/9.59 0.37/8.45 0.40/9.32 0.31/12.65 0.32/11.01
IRPNet [44] 0.13/5.64 0.25/9.67 0.15/13.1 0.24/6.33 0.22/5.78 0.30/7.29 0.34/11.6 0.23/8.49
TransBoNet 𝟎.𝟏𝟏∕𝟒.𝟒𝟖 𝟎.𝟐𝟓∕12.46 0.18/14.00 0.20∕𝟓.𝟎𝟖 𝟎.𝟏𝟗∕𝟒.𝟕𝟕 𝟎.𝟏𝟕∕𝟓.𝟑𝟓 𝟎.𝟑𝟎∕13.04 𝟎.𝟐𝟎∕8.45
Fig. 4. Visual comparison of position media error on 7Scenes dataset.
Fig. 5. Visual comparison of orientation media error on 7Scenes dataset.
model achieves the best positional error in five of the seven scenes,
and achieves the highest number of state-of-the-art results overall.
Especially in scenes with texture-less regions (such as fire and pumpkin)
and highly repetitive textures (such as hess). It reduces the position
error from 0.47 m to 0.19 m and the rotation error from 8.42◦ to 4.77◦

in the Pumpkin scene, the position error from 0.32 m to 0.11 m and
the rotation error from 8.12◦ to 4.48◦ in the chess scene, which is a
6

significant improvement over prior art. The media localization errors
of the 7Scenes dataset are shown in Figs. 4 and 5.

4.3.2. Experiments on RobotCar dataset
Table 4 shows the quantitative comparison of PoseNet [8,10,20],

MapNet [12], LsG [46] and our method. Due to the complex envi-
ronment of the RobotCar dataset and the long sequence length, using
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Fig. 6. Results of FULL1 scenes of the Oxford RobotCar dataset. The black and red lines indicate ground truth and predicted trajectories respectively. The stars in the trajectory
represent the starting point. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 7. Visual comparison of position mean error on RobotCar dataset.
Table 3
Training and testing Sequences of Oxford RobotCar.

Sequence Time Mode

– 2014-11-28-12-07-13 Training
– 2014-12-02-15-30-08 Training
FULL1 2014-12-09-13-21-02 Testing
FULL2 2014-12-12-10-45-15 Testing

the mean error can more fully reflect the stability of the model.
Since the training and testing sequences are captured under different
conditions at different times, PoseNet can be difficult to deal with
7

these changes and outputs inaccurate estimations of a large number
of outliers. MapNet generates more accurate results and reduces many
outliers by introducing relative poses between consecutive frames as
additional constraints. However, the larger areas may contain more
locally similar appearances, reducing the ability of the localization sys-
tems. By employing content enhancement, LsG improves this problem
to a certain extent, but it reduces the accuracy. In contrast, considering
content and movement, our model addresses these challenges more
effectively. The mean localization errors of the Oxford RobotCar dataset
are shown in Figs. 7 and 8.
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Table 4
Camera localization results on the FULL of the Oxford RobotCar. For each sequence, we calculate the median and mean position/orientation error in meters/degrees for various
methods. The best results are highlighted.

Sequence PoseNet+ [8,10,20] MapNet [12] LsG [46] TransBoNet

– Mean Median Mean Median Mean Median Mean Median
FULL1 125.6/27.1 107.6/22.5 41.4/12.5 17.94/6.68 31.65∕𝟒.𝟓𝟏 – 𝟑𝟎.𝟎𝟑∕8.18 𝟔.𝟒𝟔∕𝟏.𝟐𝟓
FULL2 131.1/26.05 101.8/20.1 59.3/14.8 20.04/6.39 53.45∕𝟖.𝟔𝟎 – 𝟓𝟐.𝟒𝟐∕10.98 𝟖.𝟕𝟕∕𝟏.𝟔𝟗
Average 128.35/26.58 104.7/21.3 50.35/13.6 18.99/6.54 42.55∕𝟔.𝟓𝟔 – 𝟒𝟏.𝟐𝟑∕9.58 𝟕.𝟔𝟐∕𝟏.𝟒𝟕
Fig. 8. Visual comparison of orientation mean error on RobotCar dataset.
Fig. 9. Heatmap visualization of attention weights from Oxford RobotCar generated from the original image (top) and with attention model (bottom). TransBoNet learns to ignore
visually uninformative features, such as roads in the above figure, and instead focus on more unique objects, such as distant skylines. It also learns to reject some dynamic objects,
such as vehicles in the middle figure and pedestrians in the bottom figure, so as to achieve more robust camera localization.
We studied the reasons why our model was significantly better than
the baseline on Oxford RobotCar dataset. Fig. 6 shows the trajectories
predicted by Stereo VO, PoseNet, MapNet and our model in FULL1
scene. Stereo VO is the official baseline of Oxford RobotCar. As shown
in Fig. 6, the Stereo VO generates very smooth trajectories because the
relative poses between consecutive frames can be accurately calculated.
However, with the increase of route length, it will drift significantly.
PoseNet predicts many outliers far from the ground truth locations.
Using the motion consistency, MapNet improves the accuracy of pre-
dicted poses and greatly reduces the number of outliers. Yet, due to the
8

local similarities of observed values in large scenes, a large number of
outliers still exist throughout the region. As shown in Fig. 9, we adopt
attention to guide our model to automatically focus on some static and
stable objects/areas. These areas are closely related to the potential
geometric features of the environment, which enables robust pose
estimation in the wild. Compared to PoseNet and MapNet, our model
eliminates outliers more effectively and has more stable performance
in noisy regions generated by the previous two methods.
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Table 5
We calculate the median and mean position/orientation errors (in meters/degrees) on
7Scenes and Oxford RobotCar while 𝛽 and 𝛾 are set as different values, respectively.

he best results are highlighted.
Scene 𝛽 = 0.0, 𝛾 = −2.0 𝛽 = 0.0, 𝛾 = −3.0 𝛽 = 0.0, 𝛾 = −4.0 𝛽 = 1.0, 𝛾 = −3.0

7Scenes
Chess 0.11/4.66 𝟎.𝟏𝟏∕𝟒.𝟒𝟖 0.12/4.86 0.11/4.54
Fire 0.28/13.38 𝟎.𝟐𝟓∕𝟏𝟐.𝟒𝟔 0.26/12.96 0.25/13.14
Heads 0.18/14.66 0.18∕𝟏𝟒.𝟎𝟎 0.18/14.93 𝟎.𝟏𝟕∕14.43
Office 0.21/6.67 𝟎.𝟐𝟎∕𝟓.𝟎𝟖 0.20/7.04 0.21/6.73
Pumpkin 0.19/5.97 𝟎.𝟏𝟗∕𝟒.𝟕𝟕 0.20/5.72 0.19/5.36
Kitchen 0.18/5.83 𝟎.𝟏𝟕∕𝟓.𝟑𝟓 0.19/6.22 0.19/5.65
Stairs 𝟎.𝟐𝟖∕12.75 𝟎.𝟑𝟎∕12.04 0.29/14.02 0.30/13.02

Oxford RobotCar
FULL1 39.61/𝟕.𝟕𝟓 𝟑𝟎.𝟎𝟑∕8.18 35.42/8.22 38.64/8.71
FULL2 59.71/12.22 𝟓𝟐.𝟒𝟐∕𝟏𝟎.𝟗𝟖 58.62/11.35 57.35/12.74

Table 6
Ablation study of our model on 7Scenes and Oxford RobotCar. The model (Basic)
denotes the model without using any attention mechanism. We calculate the median
and mean position/orientation errors (in meters/degrees) on 7Scenes and Oxford
RobotCar, respectively. The best results are highlighted.

Scene Basic Basic+TBo Basic+TBo+SA

7Scenes
Chess 0.14/7.15 0.14/6.21 𝟎.𝟏𝟏∕𝟒.𝟒𝟖
Fire 0.34/13.31 0.30∕𝟏𝟐.𝟖𝟖 𝟎.𝟐𝟓∕13.33
Heads 0.21/15.07 0.18∕𝟏𝟑.𝟒𝟓 𝟎.𝟏𝟖∕14.00
Office 0.25/8.68 0.21/8.67 𝟎.𝟐𝟎∕𝟕.𝟎𝟖
Pumpkin 0.26/7.20 0.25/7.89 𝟎.𝟏𝟗∕𝟓.𝟕𝟕
Kitchen 0.19/8.56 0.18/7.73 𝟎.𝟏𝟕∕𝟓.𝟑𝟓
Stairs 0.42/13.63 0.38/12.03 𝟎.𝟑𝟏∕𝟏𝟑.𝟓𝟐
Average 0.26/10.51 0.23/9.84 𝟎.𝟐𝟎∕𝟗.𝟎𝟒

Oxford RobotCar
FULL1 50.93/14.52 38.27/10.16 𝟑𝟏.𝟎𝟑∕𝟖.𝟏𝟖
FULL2 85.63/20.21 61.35/13.58 𝟓𝟑.𝟒𝟐∕𝟏𝟎.𝟗𝟖
Average 68.28/17.37 49.81/11.87 𝟒𝟐.𝟒𝟑∕𝟗.𝟓𝟖

4.4. Sensitivity study of 𝛽 and 𝛾

The hyperparameters 𝛽 and 𝛾 are learned parameters controlling
the balance between the two loss. In the camera pose regression task,
quaternion is widely used to denote the orientation due to it is easy
to be continuously differentiable. As we expect quaternion values to
have much smaller values, their noise, 𝛾 should be much smaller than
the position noise, 𝛽, which can be many meters in magnitude. Since 𝛾
should be much smaller than 𝛽, orientation should be weighted much
higher than position [10].

We perform the sensitivity study to see whether the performance
varies much with the changes of the hyperparameter 𝛽 and 𝛾. Specifi-
cally, we set 𝛽 and 𝛾 to values chosen from the predefined ranges, train
model with these hyperparameter values on the training set, and then
report pose prediction error on the test set.

We find that this loss (Eq. (7)) is very robust to initial choice for the
homoscedastic task uncertainty values [10]. Only an approximate ini-
tial guess is required, GeoPoseNet [10], MapNet [12] and AttLoc [38],
the initial values of beta and gamma are both set to 0.0 and −3.0,
respectively, for all scenes. As a baseline, we validate this initial set
of values on a representative 7Scenes and Oxford RobotCar dataset.
From Table 5, we can see that the localization error does not change
much, but is consistently higher than the baseline. Therefore, we choose
𝛽 = 0.0 and 𝛾 = −3.0 as initial values.

4.5. Ablation study

We conduct an ablation study to validate the effectiveness on
the introduced attention module above 7scenes and Oxford RobotCar
datasets. As shown in Table 6, compared with a basic version without
the attention module, and a Transformer Bottleneck (TBo) version with
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the hybrid attention. The comparison of the Basic model and our model
shows that the model performance significantly increases on both
datasets by introducing the attention into the whole pose regression
model: it shows a 23% improvement in position accuracy and 14% in
rotation accuracy on the 7Scenes dataset; On Oxford RobotCar dataset,
the position accuracy is improved by 10% and the rotation accuracy is
improved by 11%.

In order to evaluate the performance of our proposed TBo mod-
ule, we analyze the localization accuracy of two models: Basic and
Basic+TBo. It can be seen that the TBo model has obtained the best
localization performance. Therefore, it can be well applied to the
pose regression network. In addition, we also compare the SA module
introduced in the pose regression process, and find that the SA module
further improves the localization performance of the network.

5. Conclusion

Camera localization is a challenging task in computer vision due to
scene dynamics and the highly variable appearance of the environment.
In this paper, we present a hybrid attention-based method for fast and
accurate camera localization from only RGB images. We propose a
novel visual localization framework, which significantly improves the
robustness and accuracy of pose regressors in dynamic environments,
especially in complex urban traffic. The TBo block can be easily in-
corporated into modern neural networks to improve feature extraction
in dynamic scenes. The introduced shuffle attention can encourage the
network to learn geometrically robust features, reducing the impacts
from dynamic objects and changing illumination. Experiments show
that the proposed localization method can significantly improve the
robustness and accuracy on both outdoor and indoor datasets, espe-
cially on the challenging RobotCar dataset. However, considering that
the method of directly regressing the camera pose has low accuracy,
in future work, we will try to refine the attention module and deter-
mine whether the localization performance of the camera localization
method based on scene coordinate regression can be improved in
challenging large-scale outdoor scenes. 6DoF pose of a given image is
calculated by a PnP-RANSAC scheme instead of the pose regressor.
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