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TransAPR: Absolute Camera Pose Regression With
Spatial and Temporal Attention

Chengyu Qiao , Zhiyu Xiang , Member, IEEE, Yuangang Fan , Tingming Bai, Xijun Zhao , and Jingyun Fu

Abstract—Visual relocalization aims to estimate the absolute
camera pose from an image or sequential images. Recent works
tackle this problem by exploiting deep neural networks to regress
camera poses. However, spatial and temporal clues from sequential
images still remain underexplored, resulting in inaccurate poses
and large outliers. In this letter, we introduce a novel vision
Transformer based absolute pose regression model, TransAPR,
to tackle this problem. Upon the traditional CNN backbone, we
design Transformer based spatial and temporal fusion modules
respectively to realize sufficient feature interaction among the
neighboring images in the sequence. A hierarchical feature aggre-
gation (HFA) module is further designed to aggregate multi-scale
and multi-level features in the pose regressor. Benefiting from these
delicate designs, our model is able to generate reliable image rep-
resentations for absolute pose regression, resulting in more robust
localization under challenging environments. We conduct extensive
experiments on various indoor and outdoor datasets and show that
our method achieves state-of-the-art performance.

Index Terms—Deep learning for visual perception, localization.

I. INTRODUCTION

V ISUAL relocalization is the task aiming at recovering
the 3D position and orientation of a camera from one

or sequential images. It plays a critical role in a variety of
applications including robotics, autonomous driving, and vir-
tual/augmented reality. However, the task is still challenging due
to the complexity induced by large perspective, illumination or
dynamic changes associated with the camera and scenes.

Traditionally, visual relocalization has been tackled using 3D
geometry, which establishes 2D-to-3D correspondences to a
prebuilt map and leverages them statistically to estimate the
camera pose [1], [2]. Kendall et al. [3] propose the first work
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that directly regresses the absolute camera pose with a deep
neuro-network without a prebuilt map. Their network, called
PoseNet, provides a novel end-to-end approach to regress the
absolute pose from a single image. Following PoseNet, more
single image absolute pose regression (APR) based methods [4],
[5], [6] are proposed. They either use deeper architecture or de-
sign different loss functions to improve the performance. Despite
their promising progress, these single-image based methods tend
to have frequent localization failure in real scenes who have
similar visual appearance or dynamic objects.

Compared with a single image, using sequential images for
pose regression can be beneficial due to the additional temporal
and spatial clues embedded in the images. Along this idea, some
recent methods adopt sequential images as input and introduce
the temporal constraint by adding visual odometry (VO) [7],
[8], Long-Short Term Memory Networks (LSTMs) [9] or Graph
Neural Networks (GNNs) [10]. However, adding one or two
neighboring frames to the input seems not to give too much
help [7], [8]. Methods with LSTM or GNN usually take more
images as the input to strengthen the temporal constraint, which
increases the memory and time cost.

Recently, Transformer [11] shows promising performance in
many computer vision tasks [12], [13] with its strong capability
of aggregating features through the self-attention mechanism.
MS-Trans [14] first introduced Transformer into the APR task
to tackle the pose regression problem over multiple scenes.
It employs two transformers with complete encoder-decoder
structure for separately regressing translation and orientation
output. With only a single image as input, it achieves superior
performance than previous works. However, it still suffers some
pose outliers due to the lack of sufficient temporal constraints.

In this work, we propose a novel Transformer-based model,
namely, TransAPR, for absolute pose estimation with sequential
images. Upon the feature extracted from a traditional CNN
backbone, Transformer based spatial- and temporal-wise fea-
ture interaction modules are separately designed and connected
serially to generate robust representations of the sequential im-
ages. The spatial-wise module is responsible for enhancing the
convolutional features from the backbone and generates global
representations for each image. The temporal-wise feature in-
teraction module further strengthens the features by exploiting
the temporal relations of neighboring images. Both modules
are based on transformers to strengthen the interaction among
features. A hierarchical feature aggregation (HFA) block is
further designed in the pose regressor for better orientation
prediction. By facilitating information propagation within and
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between frames with Transformers, more robust features for
absolute pose regression are obtained. We evaluate our approach
on three well-known public datasets acquired from indoor and
large scale outdoor environments. The results show that our pro-
posed TransAPR outperforms previous absolute pose regression
methods and achieves state-of-the-art performance.

In summary, our main contributions are as follows:
� A novel Transformer based absolute pose regression frame-

work which can produce robust pose estimation with only
3 successive sequential images is proposed.

� Transformer-based spatial-wise and temporal-wise feature
interaction modules are designed, which can fully utilize
spatial and temporal information to enhance image repre-
sentations for absolute pose regression.

� A hierarchical feature aggregation module is designed to
further incorporate multi-scale and multi-level information
for orientation prediction.

� Our method achieves state-of-the-art performance on mul-
tiple indoor and outdoor datasets containing various chal-
lenging conditions.

II. RELATED WORK

A. DNN-Based Absolute Camera Pose Regression

Many works have been proposed to regress the absolute
pose with deep neural networks. Compared with the structure-
based [15], [16] and the image retrieval-based counterparts [17],
[18], DNN-based APR methods have the obvious advantage of
not requiring any prebuilt map or stored image database during
runtime. PoseNet [3] first proposes to regress the camera pose
from a single image by appending an MLP head to a GoogLeNet
backbone. Subsequent works further extend this approach by
adding uncertainty of the estimated poses [19] and a learning
weighted loss [4]. These methods are prone to produce large
pose errors when facing images acquired from distant positions
but with similar appearance. To overcome this problem, sequen-
tial image based regression methods are developed to enhance
the temporal constraints of the resulting poses. MapNet [7]
utilizes pose transformation from visual odometry (VO) as a
constraint to strengthen the pose consistency between consec-
utive frames. Localization performance is further improved by
introducing LSTMs [8], [9] or GNNs [10] to the network with
strong information exchange among different frames. Recent
efforts additionally exploit the attention mechanism [20] or learn
neural representations of camera poses in the learned neural
space [6]. MS-Trans [14] first utilizes Transformers with com-
plete encoder-decoder structure to regress camera poses over
multiple scenes from a single image. ORGMapNet [21] proposes
an object relation map to enhance the semantic feature on pose
estimation. E-PoseNet [22] introduces a rotation-translation
equivariant backbone to encode more geometric information
about the image. Different from previous methods, our proposed
TransAPR models images as tokens input to Transformers and
can extract highly effective spatial-temporal features for robust
pose regression. Different from MS-Trans where full encoder-
decoder Transformer structures are used for single image pose
prediction, we apply transformers with only encoder parts and

feed them with sequential images to achieve spatial-wise and
temporal-wise feature interaction.

B. Transformers

Transformer is first proposed for the sequence-to-sequence
machine translation task [11]. Self-attention, the core mecha-
nism in Transformers, enables the model to aggregate informa-
tion from the input sequence in a global manner. Very recently,
Transformers are showing outstanding performance in solving
various computer vision tasks including object detection [23],
image recognition [12], segmentation [13], [24] and place recog-
nition [25]. Following DETR [23] and ViT [12], most works
model an image as a sequence of patches and feed them into
Transformers as tokens for downstream tasks. However, directly
applying Transformers to absolute pose regression in a similar
way do not exploit the temporal information among sequential
images. Considering this difference, we take compressed image
representations as tokens and utilize Transformer to extract
distinctive features on both spatial and temporal dimensions.

III. METHOD

This section introduces our TransAPR method in detail. Fig. 1
illustrates the architecture of the proposed network, which con-
sists of a CNN backbone, feature interaction modules and a pose
regressor. Given sequential images of lengthT , their correspond-
ing features are extracted individually by the weight-sharing
backbone. These features are then fed into the Transformer for
spatial-wise feature interaction within the frame and the results
are pooled to obtain the image-level features. The temporal-wise
feature interaction module further utilizes Transformers to ex-
change temporal information among different images. Finally,
the pose regressor maps the aggregated features to the camera
poses {ti, ri}T1 , where {ti}T1 ⊆ R3 are the camera positions and
{ri}T1 ⊆ R3 are the orientations represented by the logarithm of
the quaternion.

A. Backbone

Following MapNet [7], we adopt ResNet34 [26] as the back-
bone due to its efficiency and performance. Specifically, the
weights of the backbone are initialized with the ResNet34 pre-
trained on the ImageNet dataset [27]. The backbone is further
modified by removing the layers after the last conv layer. Given
a sequence with T frames of resolution H0 ×W0 as input, the
backbone generates a feature block{Fi}T1 ⊆ RH×W×C for each
frame. Meanwhile, for each image, the pyramid scale feature
maps output by the last three residual blocks are saved for
later use.

B. Spatial-Wise Feature Interaction

After obtaining the features for each frame, the transformer-
based spatial-wise feature interaction module is applied to en-
hance the convolutional features via self-attention mechanism.
Given a feature map Fi, a 1× 1 convolution is first applied to
reduce the dimension fromC to d. Then the spatial dimension of
the new feature map is flattened, resulting in a 2D feature map
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Fig. 1. Network architecture of TransAPR. It contains four main components: 1) a CNN backbone that extracts features for each image in the sequence;
2) a transformer based spatial-wise feature interaction module; 3) a transformer based temporal-wise feature interaction module; 4) a HFA based pose regressor
that maps the aggregated features to camera poses.

F′
i of size H ·W × d. Fixed positional encodings are further

supplemented to the feature to preserve the spatial position
information of the image. We adopt the positional encoding
from the original Transformer [11]. Specifically, we use d/2
sine and cosine functions with different frequencies to encode
the coordinates of the feature:

PE(pos,i) =

{
sin(pos · ωk), for i = 2 k,
cos(pos · ωk), for i = 2k + 1;

(1)

where ωk = 1/100002k/ d
2 , pos is the feature position in the

corresponding spatial dimension. Then, the group of raw patch
embeddings input to the Transformer, denoted as P0

i , is given
by:

P0
i = F′

i +EFi
∈ RH·W×d (2)

where EFi
is the positional encoding of feature Fi.

Next, a Transformer encoder is applied to model the similari-
ties among all the patch-level features for an image. We adopt a
standard architecture of the Transformer encoder, which consists
ofL stacked layers of multi-head self-attention (MHA) modules.
In each layer l (l = 1, 2, . . . , L), a residual connection is em-
ployed around each module, followed by layer normalization
(LN) [28]:

Pl′
i = LN(MHA(Pl−1

i ) +Pl−1
i ) ∈ RH·W×d (3)

Pl
i = LN(MLP (Pl′

i ) +Pl′
i ) ∈ RH·W×d (4)

The feature PL
i output from the last encoder layer is the group

of patch embeddings updated by the attention mechanism. To
further decrease the dimension of the obtained features, PL

i is
passed through a global average pooling layer, resulting in a
higher level image representation F̂i ∈ Rd.

C. Temporal-Wise Feature Interaction

Given the features enhanced in the spatial domain, the
temporal-wise feature interaction module is applied to fully
exchange information among frames and generate more robust
features for the APR task. First, we concatenate the spatial fea-
tures of each frame to form the sequence level feature F̂ ∈ RT×d.
In order to preserve the temporal order, we use the position
embedding as in (1) with ωk = 1/100002k/d. The full input to
the Transformer is formed by adding the positional embedding
to the sequence level features F̂, as:

S0
̂F
= F̂+E

̂F ∈ RT×d (5)

where E
̂F is the positional encoding of feature F̂.

The Transformer encoder within the module also contains
L layers to realize temporal-wise feature interaction among
the frame-level features. (3)–(4) are then applied again for
each layer, but instead of spatial-wise attention, this time the
temporal-wise feature attention is computed. In order to effec-
tively integrate information across multiple levels, frame fea-
tures from the first, middle and last 2 layers of the Transformer,
denoted as Slow, Smid and Shigh, respectively, are drawn out
for subsequent pose regression.

D. Hierarchical Feature-Based Pose Regression

The pose regressor maps the obtained features from the im-
ages to the position and orientation respectively. Different from
the most existing methods that take the same feature to the posi-
tion and orientation head for pose regression, we feed different
features to these two heads for better performance. Inspired by
MS-Trans [14], we believe different feature granularities are
required for the position and orientation prediction. For the
position prediction, effective high level features are required
to discriminate the current image from the others with similar
appearance. However, for the orientation regression, only high
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Fig. 2. Structure of the hierarchical feature aggregation (HFA) based ori-
entation head. In the upper branch, multi-level features from the temporal
Transformer are concatenated along the channel dimension and fed into an MLP.
The bottom part of the HFA takes the multi-scale feature maps extracted from
the CNN backbone as input, and outputs the processed features with a global
average pooling layer followed by an MLP. Finally, all the resulting features are
added together and fed into a MLP to produce orientation regression.

level features are not sufficient as they are highly abstract and in-
sensitive to the small orientation change. Multi-scale features are
more suitable for this task. MS-Trans [14] employs two separate
transformers with full encoder-decoder structure for position and
pose regression. However, they take only one image as input
and do not consider the temporal constraints of the position.
In our design, the high level features after temporal interaction
from the transformer are suitable for position prediction. We
directly concatenate the three groups of frame features from the
Transformer along the channel dimension, the resulting feature
vector S = {Slow,Smid,Shigh} ∈ RT×3d is then fed into a
fully connected layer to predict the position{ti}T1 ⊆ R3 for each
image. For orientation, we propose a hierarchical feature aggre-
gation (HFA) block to better integrate information from different
frames and spatial scales. The structure of the HFA block is
illustrated in Fig. 2. Given the pyramid features extracted from
the CNN backbone, we feed the obtained features from different
scales into global pooling layers followed by MLPs to ensure
the same dimensionality. Then a bottom-up element-wise addi-
tion is applied to obtain the embeddings containing multi-scale
visual clues. In another branch, the multi-level features from the
Transformer S = {Slow,Smid,Shigh} are concatenated along
the channel dimension and fed into a MLP. We merge the feature
vectors from the two branches via element-wise addition and
feed the fused embeddings into a fully connected layer to predict
the orientations {ri}T1 ⊆ R3.

E. Sequence-Based Loss Function

Similar to MapNet [7], our TransAPR also minimizes the loss
of the absolute pose for each image and the loss of relative poses
between image pairs:

Lseq =

T∑
i=1

d(pi,p
∗
i ) +

T∑
i,j=1,i�=j

d(vij ,v
∗
ij) (6)

where pi and p∗
i are the predicted and the ground-truth absolute

poses, respectively.vij is the relative pose between the predicted
poses of the image pair (Ii, Ij). d(·) is the distance function
defined as:

d(pi,p
∗
i ) = ‖ti − t∗i‖1 e−β + β + ‖ri − r∗i‖1 e−γ + γ (7)

where β and γ are the learnable parameters used to balance
translation and rotation losses, and they are optimized jointly
with other parameters in the neural network during training.

IV. EXPERIMENTS

A. Implementation Details

The input to the APR model is monocular RGB sequential
images of length 3. As in MapNet [7], all images are resized
to the length of 256 on the shortest side and normalized by
pixel mean subtraction and standard deviation division. The
ResNet34 [26] component in our network is pretrained on Im-
ageNet and the feature dimension C is 512. For Transformers,
both encoders consist of 6 encoder layers with 8 attention heads
for feature aggregation. The latent embedding dimension d of
the Transformer is 512. To obtain multi-level features, we select
the output from the second, fourth and sixth Transformer layer
in the temporal module as Slow, Smid and Shigh.

The whole TransAPR model is implemented with Py-
Torch [34] on a single GTX 2080Ti GPU. β and γ are set to
0 and 3 for initialization, and dropout rate is 0.5. The Adam [35]
with weight decay of 5× 10−4 is utilized to optimize the pa-
rameters with batch size of 32 for 300 epochs in total. The
learning rate of the backbone is set to 1× 10−5 during training,
while the learning rate for the other parts is 1× 10−4 at the
beginning and divided by 10 at the 200-th epoch. For the Oxford
RobotCar dataset, random ColorJitter is applied during training
with brightness, contrast and saturation values set to 0.7 and hue
to 0.5. It is effective for improving the model’s generalization
ability to illumination and weather changes in outdoor scenarios.

To illustrate the performance of our proposed TransAPR, we
compare our model with previous absolute pose regression meth-
ods. Both single-image-based [3], [4], [19] and sequence-based
methods [7], [8], [9] are considered.

B. Datasets

Two indoor and two outdoor datasets are used for experiments.
7Scenes: The 7-Scenes dataset [36] is an indoor dataset con-

taining seven different scenes recorded by a Kinect sensor. For
each scene multiple sequences with 500 to 1000 frames in length
are captured in a room. Images with some repetitive textures and
textureless regions are included in this dataset, which can cause
problems to the APR algorithms.

RIO10: The RIO10 dataset [37] is captured by a mobile phone
in ten different indoor environments. Each scenario is scanned
multiple times over a period up to one year. As a long-term
relocalization benchmark, the RIO10 dataset contains many
challenging situations, e.g., objects and illumination changes
in long-time spans. This increases the difficulties of the relocal-
ization task at hand.

Cambridge: The Cambridge dataset [3] is an outdoor dataset
containing six different scenes captured by a mobile phone.
Dynamic pedestrians and vehicles along with changing lighting
and weather conditions bring challenges for the APR algorithms.
We select four scenes that are widely benchmarked by APRs for
comparison.
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TABLE I
LOCALIZATION RESULTS FOR THE 7SCENES DATASET

Oxford RobotCar: The Oxford RobotCar dataset [38] contains
image sequences acquired over 100 repetitions of a continuous
route through the central Oxford city over a year, collected
by a camera mounted on a vehicle. It contains much longer
trajectories and larger areas than the previous three benchmarks.
Following MapNet, we evaluate the performance of our method
on LOOP and FULL scenarios.

C. Experiments on the 7Scenes Dataset

To fully illustrate the performance of TransAPR, we compare
our method to previous image-based and sequence-based meth-
ods, as well as to existing multi-scene APRs. The quantitative
results are shown in Table I, where we can see our method ranks
first on the average median pose errors across all scenes. Com-
pared with the single image based APR methods, our method
performs the best in most of the sequences, especially in scenes
with repetitive (Stairs) and weak texture (Fire). This should be
attribute to the introduction of temporal constraints embedded
in the sequential images, which can alleviate more visual ambi-
guity than regressing pose from a single image. Moreover, our
TransAPR outperforms the other sequence-based methods by
a large margin on the average orientation error. We believe the
improvement comes from the specially designed HFA block that
effectively aggregates information across multiple Transformer
layers and multi-scale visual clues from CNN.

To intuitively understand the reason behind the improvements,
we visualize the attention maps of an image taken from the
Chess scene. As shown in Fig. 3, benefiting from the spatial and
temporal attention, TransAPR focuses on larger regions with

Fig. 3. Example image from Chess and the corresponding activation maps,
which shows our TransAPR focus on a larger area of the image than MapNet.

structural and textural information on the image. In contrast,
MapNet focuses on smaller and more concentrated regions,
which means that it does not fully utilize the information of
the whole image and is susceptible to local region changes.

D. Experiments on the RIO10 Dataset

Containing indoor images recorded over a year, the RIO10
dataset validates the potential of our method in handling chang-
ing environments. In the RIO10 dataset, we further adopt their
proposed new metric Dense Correspondence Re-Projection Er-
ror (DCRE), which is calculated by the average displacement
between the 2D correspondences. We compare our algorithm
with other APRs as well as some representative image retrieval
methods. As shown in Table II, our method outperforms pre-
vious APR and image retrieval methods by a large margin. It
demonstrates the robustness of our proposed TransAPR on the
dynamic indoor environments.
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TABLE II
COMPARISON ON THE VAL AND TEST SPLIT OF THE RIO10 BENCHMARK W.R.T. SCORE (1 + DCRE(0.05) - OUTLIER(0.5)), DCRE ERROR, POSE ERROR AND

OUTLIER RATIO

TABLE III
MEDIAN POSE ERRORS ON THE CAMBRIDGE DATASET

TABLE IV
MEAN POSE ERRORS ON THE ROBOTCAR DATASET

E. Experiments on the Cambridge Dataset

We compare our approach with previous APR methods. As
shown in Table III, our method outperforms previous networks
in pose errors consistently, achieving the smallest position and
orientation errors across all scenes. Especially when the size
of the scene increases (King’s College and Shop Facade), our
method shows more obvious performance improvements.

F. Experiments on the RobotCar Dataset

Table IV presents the quantitative comparison of our method
against previous APR methods on the outdoor RobotCar Dataset.
The testing routes cover a large scale of the road with seasonal

and weather changes. For the LOOP route, our method outper-
forms previous methods and ranks the first in the translation
error. The mean translation error is considerably reduced from
7.76 m to 6.74 m on LOOP1, and from 7.24 m to 7.00 m on
LOOP2. Compared with the LOOP route, the FULL sequences
contain a larger area of 1.2× 106 m2 with a total length of
9562 m, which brings greater challenges to the relocalization
models. Our proposed TransAPR takes the first place on both
position and orientation errors in these two FULL sequences.
It is worth noting that compared with some sequence-based
APR methods such as LSG and GRNet, our proposed TransAPR
aggregates features from only 3 images instead of at least 7. The
accuracy gain with fewer images must be attribute to the novel
Transformer-based feature interaction modules.
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Fig. 4. Comparison of the trajectories on the LOOP1 (top) and FULL1 (bottom) in the RobotCar dataset. The red and black lines represent the predicted and
groundtruth positions, respectively.

Fig. 5. Example scene selected from Oxford RobotCar and its corresponding
activation maps. Compared with MapNet, TransAPR focuses on a wider area in
the image and largely ignores the dynamic objects such as moving vehicles.

To qualitatively illustrate the effectiveness of our algorithm,
we separately plot the trajectories recovered by PoseNet, Map-
Net, AtLoc+, GRNet and our method, shown in Fig. 4. As an
image-based APR method, PoseNet produces lots of outliers
due to the appearance similarity. The sequence-based methods
MapNet and AtLoc+ can better handle this problem by introduc-
ing the relative pose between consecutive frames as constraints.
However, their estimation results still contain a large number
of outliers, especially on the longer FULL sequences. GRNet
further reduces the number of outliers by modeling the temporal
constraints with graph neuro-network, but there are still many
large position drifts on the trajectory. In contrast, our approach
significantly reduces the number of outliers and recovers much
clearer trajectories than previous methods. An example scene
image and its corresponding activation maps are shown in Fig. 5.
Thanks to the Transformer based spatial attention, TransAPR
focuses on a larger region of the image and produces more
robust features to disturbances such as illumination changes. The
adoption of temporal attention further makes TransAPR focus
more on geometrically meaningful regions such as static points
and edges rather than dynamic objects, which is especially vital
for dynamic traffic scenes.

We additionally compute the cumulative distribution errors on
the FULL route to further compare the pose estimation perfor-
mance in Fig. 6. The left part shows that TransAPR significantly
improves position accuracy compared to PoseNet, MapNet, and

Fig. 6. Cumulative distributions of the translation and rotation errors of
PoseNet, MapNet, ORGMapNet and our method on the Oxford RobotCar FULL
scene. X-axis represents the error and y-axis is the proportion of frames with
error less than the value.

TABLE V
ABLATION EXPERIMENTS ON THE ROBOTCAR DATASET

ORGMapNet. The right part further validates the efficacy of
TransAPR to retain orientation accuracy.

G. Ablation Study

To illustrate the effectiveness of each proposed module in
TransAPR, we conduct ablation studies on the RobotCar dataset
and the results are shown in Table V. We compute the mean
translation and rotation errors for each scene and report the
average value across all scenes. (a) does not add any extra
modules and the features extracted from the CNN backbone
are directly fed into pose regression heads, while (b) and (c)
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introduce the spatial-wise and temporal-wise feature interac-
tion modules, respectively. We observe that both modules are
important in the sense that both translation and rotation errors
are reduced with introducing either module. Combining the both
modules achieves the better performance, as shown in (d). Based
on (d), integrating multi-scale visual clues in the HFA block
can further improve the orientation accuracy effectively, while
integrating multi-level features is beneficial for both translation
and orientation prediction. The best performance is achieved by
combining both multi-scale and multi-level features to HFA, as
the final configuration of the proposed model.

V. CONCLUSION

In this letter, we proposed a novel absolute pose regression
model TransAPR, which can deeply exploit the spatial and
temporal clues among multiple images through self-attention
of Transformers. The spatial-wise feature interaction module
enhances the spatial relationship of features within one frame.
The temporal-wise feature interaction module is able to allow
sufficient information exchange among neighboring frames. The
multi-scale and multi-level features are fused by the HFA block,
generating more effective image representations for orientation
prediction. Extensive experiments on various public datasets
demonstrate that our model is able to achieve superior perfor-
mance on challenging scenes.
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