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ABSTRACT The multi-scene camera pose estimation approach aims to recover the camera pose from any
given scene, catering to the demands of real-life mobile devices to perform tasks. Facing the challenge
that it is difficult to extract efficient features in training multi-scene models, we present a modified model
named Hierarchical Attention Absolute Pose Regression(H-AttnAPR) which can obtain different scales of
feature dependencies. A Hierarchical Attention(HA) module is introduced prior to the scene classification
module, where it captures both intra- and inter-correlations among image patches, utilizing both local and
global key information from images to restore the absolute camera pose without the need for additional point
cloud data. H-AttnAPR efficiently models global dependencies without compromising fine-grained feature
information. Therefore, it overcomes the limitations that solely focus on long-range pixel-level feature
dependencies within images while neglecting local patches of image feature dependencies. Our approach
has been validated on the 7Scenes and Cambridge benchmark datasets. Compared to the baseline algorithm
PoseNet, our algorithm has achieved a 41.1% reduction in translation error and a 61.1% decrease in rotation
error, demonstrating superior performance in multi-scene absolute camera pose regression.

INDEX TERMS Image processing, pose estimation, attentionmechanisms, feature extraction, deep learning.

I. INTRODUCTION
In this section, we delve into the realm of camera pose
estimation techniques, offering a comprehensive overview.
We then pivot to explore the existing landscape of related
research in Section II. Section III is dedicated to detailing the
architecture of our proposed system. Section IV delves into
an experimental analysis to validate our approach. Finally,
we conclude our contributions in Section V, summarizing the
essence of our work.

Visual localization focuses on recovering the spatial
position of camera, utilizing a single or a sequence of
images. As Deep Learning(DL) and Computer Vision(CV)
technologies [1] have flourished in recent years, camera
pose estimation has garnered extensive attention in both
academic and industrial communities [2], [3]. Accurate and
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robust camera pose estimation is pivotal for downstream tasks
such as object localization [4], intelligent obstacle avoidance
[5], automation and robotics [6]. However, due to the
complexity arising from factors such as varying viewpoints,
lighting conditions, or dynamic variation related to both
the cameras and the environments being captured, this task
remains highly chanllenging. Current methods for camera
pose estimation offer varying trade-offs between accuracy,
speed, and computational complexity. For instance, methods
that rely on structural information [2], [3], [7] achieve
state-of-the-art(SOTA) localization accuracy, however, their
inference time can reach several hundred milliseconds,
posing difficulties in deployment on lightweight devices.
Absolute Pose Regression methods (APRs) [8] directly
compute the camera pose based solely on the provided query
image. APRs require minimal memory and fast inference
speed, completing the process in just tens of milliseconds.
They have the potential to be deployed on edge devices that

19624

 2025 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ VOLUME 13, 2025

https://orcid.org/0000-0002-2338-7020
https://orcid.org/0009-0004-0506-9063
https://orcid.org/0009-0001-3823-6399
https://orcid.org/0009-0002-2784-1355
https://orcid.org/0000-0003-3835-1079


X. Lu et al.: Camera Absolute Pose Estimation Using Hierarchical Attention in Multi-Scene

FIGURE 1. A simplified schematic for multi-scene absolute pose
estimation. The diagram features two branches, both integrating HA and
transformers, which are used to process feature maps obtained from the
convolutional backbone for regressing camera position and rotation,
respectively. For scene recognition, the two branches are merged to
determine the scene. The selected scene output is then used to regress
the position (x) and rotation (q).

have constrained computing resources. However, compared
with structure-based methods [7], the accuracy of APRs is
typically one order of magnitude lower [9].
Absolute Pose Regression(APR)was originally formulated

by Kendall et al. [8], following the remarkable achievements
demonstrated by Convolutional Neural Network(CNN). They
utilized a CNN backbone and a Multi-Layer Perceptron
(MLP) as the regression module for pose estimation. PoseNet
offered an efficient and minimalistic approach for estimating
the pose quickly. While it may not match the accuracy
of matching-based algorithms, it opened new avenues for
camera pose prediction, leading to numerous subsequent
studies that aimed to improve localization accuracy and
generalization performance through modifications to the
backbone network and MLP architecture [10], [11], cost
functions [12], and optimization algorithms [13], [14]. Most
of the APRs are designed to train a dedicated model for each
individual scene, and considering a comprehensive dataset
comprising N scenarios, the challenge lies in training N
models and deploying them, which will greatly increase the
complexity of model application. These characteristics reveal
the limitations of single-scene APR for practical applications.

Blanton et al. [15] extended the paradigm of single-scene
training models to multiple scenes, but they still need to
train models with multiple scenarios in the training stage,
and then select the appropriate ones. Shavit et al. [16]
further explored the advantages of self-attention(SA) in
image processing tasks. They mainly used SA to focus on
the global dependence of image pixels. Their team then put
forward a camera pose auto-encoder scheme [17], utilizing
work [16] to train an absolute pose auto-encoder. This method
introduced prior information to improve the positioning
accuracy, but the performance of the auto-encoder depended
largely on the performance of the APR used as a teacher, and
the two models need to be trained separately to regress the
pose. The above works focus on abstract global pixel-level

feature dependencies in images, but failed to obtain the local
dependencies within the image blocks under multi-scene.

Inspired by [18] which introduced the HA mechanism,
we made improvements to the model of [16], the later
only focuses on global attention using SA. In our approach,
we specifically consider not only the connections inside local
patches within images but also the dependencies between
global pixels to enhance the model’s ability to capture fine-
grained details. We send the feature map obtained from the
CNN backbone into the HA module, and obtain the local
and global information weights of the image after block re-
aggregation processing, and generate effective features with
rich granularity by aggregating features from hierarchical
representations of global and local features. Our method
is evaluated on the Cambridge Landmarks and 7Scenes
datasets. Experiments demonstrate that our method achieves
greater performance in terms of camera pose estimation
accuracy with multi-scene training.

In summary, our key contributions encompass the
following:

· We design a multi-scene camera absolute pose esti-
mation network named H-AttnAPR, enhancing the
accuracy of camera localization. We employ a HA
module following CNN to capture the dependencies
between local and global within the feature map,
demonstrating the advantages of HA in image feature
representation.

· We improve the scene classification module and the
pose regression module and set the model parameters
according to the respective characteristics of the two
branches.

· We achieve the most advanced localization accuracy
of our known multi-scene APRs on both indoor and
outdoor benchmarks.

II. RELATED WORK
In this chapter, we conduct an in-depth examination and
analysis of the research in the relevant field. We start by
exploring the structure-based camera pose estimation tech-
niques. Following this, we investigate the regression-based
approach to camera pose estimation, evaluating its strengths
and limitations, as well as its performance across different
scenarios. Table1 summarizes the three mainstream technolo-
gies. Building on this, we propose our method and compare
it with the previously discussed techniques to highlight the
advantages and innovations of our proposed approach in the
task of camera pose estimation.

A. STRUCTURE-BASED CAMERA POSE ESTIMATION
The localized pipeline based on structural refers to the
method of recovering camera’s position and orientation
relies on the successful matching of features in the query
image to the three-dimensional(3D) architectural features of
the scene’s representation. This process involves utilizing
Structure fromMotion (SFM) [19] for the construction of 3D
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FIGURE 2. The system architecture of our proposed. There are two branches, which are translation and rotation, respectively. N images of different
scenes are input into the model. The feature maps from the CNN backbone network first pass through an HA module, and then are fed into the scene
classification module. Finally, the encode features are utilized to regress the camera pose(x and q).

TABLE 1. A comparative study on camera pose estimation techniques.

point cloud model that captures the entire scene structure.
Compared with the camera pose regression methods that
solely rely on object features in the image, the pipeline
based on structural features relies more heavily on the prior
information of the 3D scene model. DSAC [7] proposed
by Brachmann et al. adopts a CNN architecture to predict
the 3D positions of pixels in the queried image, allowing
for the alignment of 3D point clouds from the scene model
with the image. Afterwards, they employ Perspective-n-
Point (PnP) algorithm to calculate the position of camera
and use Random Sample Consensus (RANSAC) method
to remove outliers [12]. The above methods have achieved
SOTA positioning accuracy in the two-step scheme of image
retrieval and feature matching, but they require a relatively
high computation time and necessitate training individual
models for each scene, making it difficult to deploy in
practical applications.

B. REGRESSION-BASED CAMERA POSE ESTIMATION
Regression based camera pose estimation techniques are cat-
egorized into relative camera pose regression methods(RPRs)
and APRs.

RPRs combine camera pose regression with image
retrieval(IR), which is used to identify nearby images, and
then evaluate the relativemotion between the query and all the
retrieved images separately, followed by pose interpolation.
Therefore, the learning focuses on regressing the relative pose
given a pair of images [20], [21], [22]. RPRs have shown
improved generalization capabilities over APRs, resulting
in higher accuracy in small-scale indoor benchmarks [22].
Nevertheless, just as other IR-based techniques, this method
requires an initial retrieval stage and a database containing
pose labels in the phase of inference. Therefore, it takes more
time in the inference phase, and no research has yet proved
its equal effectiveness in large-scale benchmark tests.

APRs originated from the work [8]. Although it is not as
accurate as structure-based methods, it can estimate poses
using a single forward pass, offering the advantages of
being lightweight and fast. In order to break the limitation
of the scenario-specific model, Blanton et al. extended the
single-scene APR to multi-scene and proposedMSPN, which
was a multi-scene absolute pose regression method [15].
It used a SoftMax fully connected(FC) layer to predict
the scenario. For each scene, a separate FC layer was
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trained specifically. However, the proposed framework still
involves training multiple models (one for each scenario)
and then adopting a hybrid expert-guided [23] method to
select the most appropriate model. Shavit et al. [16] applied a
transformer model to predict the scene for each image and the
obtained feature representation was then passed on an MLP
head for regressing camera pose, training only one model
to handle different scenes. Shavit team then extended their
previous work by adding a pose auto-encoder (PAE) [17] to
the MS-Transformer. It was trained through a teacher-student
method, where a pre-trained APR served as a teacher that
can regress the location information of the camera from the
image, and the student PAE, as an MLP, learnt to encode
the camera pose into the latent representation learned by
APR from the corresponding image. This encoding served
as prior information to guide APR to achieving accurate
pose estimation. However, the accuracy of the trained PAE
is affected by the APR. If there are errors in the APR, these
errors will be transmitted to the PAE, thereby increasing the
error of pose regression.

There are some limitations inherent in the previous
research.MS-Transformer andAuto-encodermainly use self-
attention to solve the long-distance dependence between
image pixels and predict the scene of the image. While they
overlook the feature dependence within local image blocks.

C. OUR METHODS
The paradigm of multi-scene pose estimation as shown in
Figure1, includes feature extraction, scene classification, and
pose regression. The model’s efficient feature extraction
ability is important for this task. In our work, considering
the importance of the representation of key features in the
image for predicting pose in multi-scene, we pay attention to
the dependencies within image blocks rather than merely the
individual pixels. Based on the framework [16], we employ
a HA [18] module to first segment the feature maps from
the CNN backbone into blocks to calculate local feature
dependencies, and merge these blocks to obtain global
dependencies. Then we aggregate the two representations and
achieve a more fine-grained feature representation. Since we
divide the image into patches to process, the inference process
remains swift and efficient, with minimal time required,
making it favorable for real-time applications. Besides, our
network architecture only requires one model for dataset
training. Compared with the known leading architectures
in this field, we have achieved greater pose estimation
performance.

III. SYSTEM ARCHITECTURE
The approach to estimating camera pose across multiple
scenes generally involves using a training set that includes
all scenarios to train a single network model that can adapt to
different scenes. Building upon the framework established in
reference [16], this paper introduces an enhanced approach
that integrates the technique from [18] into the existing
schema. We name it H-Attn APR and use HA to capture and

represent the local and global dependencies within images
that processed by a CNN backbone. Camera pose can be
represented as a tuple p = ⟨x, q⟩. The pose p is defined
relative to an arbitrary global coordinate system, where x ∈

R3 represents the spatial position of the camera within the
global coordinate domain, and q ∈ R4 represents camera’s
orientation in the form of a quaternion [8].

A. SYSTEM PARADIGM
Our network, as illustrated in Fig2, takes N images I ∈

Rh×w×c of scenes as input. Initially as shown in step (a.)
of Figure 2, the model performs downsampling operations
through a CNN backbone to obtain feature maps A1 ∈

Rc1×h1×w1 and A2 ∈ Rc2×h2×w2 .
Then, A1 and A2 are reprojected through a 2-Dimensional

convolution to suitable dimensional representations Â1 ∈

Rc×h1×w1 and Â2 ∈ Rc×h2×w2 for HA. The purpose of this
operation is to standardize the feature maps obtained from the
CNN network to achieve consistent output. After that, HA is
applied as shown in step (c.) of Figure 2 to obtain local and
global attention representations:

HAttnt ∈ Rc×h1×w1 = HA(Â1), (1)

HAttnrot ∈ Rc×h2×w2 = HA(Â2). (2)

Then add to Â1 and Â2:

Ã1 ∈ Rc×h1×w1 = HAttnt + Â1, (3)

Ã2 ∈ Rc×h2×w2 = HAttnrot + Â2, (4)

and we obtained activation maps with attention weights
for key image features. Subsequently, we input the acti-
vation map into the improved transformer architecture
based on [16]. The transformer decoder outputs two query
sequences {xi}N1 and {qi}N1 , each carrying scene embedding
vectors. Since each input image corresponds to only one
scene, we need to identify the scene that matches the image.
As shown in step (e.) of Figure 2, we append {xi}N1 and {qi}N1
as {si}N1

si =

[
xi
qi

]
∈ R2c (5)

and process them through a fully connected layer to
determine the scene index with the highest probability. The
determined outputs {xi,qi} from the Transformer are then fed
into a MLP with a single hidden layer, as shown in Figure 2
(f.), to regress the position and orientation vectors x ∈ R3 and
q ∈ R4.

B. HIERARCHICAL ATTENTION
The detailed implementation of step (c.) in Figure 2 is shown
in Figure 3, the HA mechanism, in training the camera pose
estimation model for multiple scenes, achieves the modeling
of global dependencies and the preservation of local details by
combining both downsampling [24] and window-based [25]
transformers. This mechanism enables the model to capture
the global structure of scenes, understand the overall layout,
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FIGURE 3. HA module. The yellow box contains the computation for grid attention, while the purple box encompasses the computation for global
attention.

and consistently estimate camera pose across various scenes.
Additionally, it focuses on local features such as edges
and corners, which are vital cues for precise camera pose
estimation, thereby ensuring that no important details are
overlooked during the downsampling process. The capability
to process information at multiple scales allows the model to
consider both the macroscopic structure and the microscopic
details of scenes, integrating information from different levels
to form a comprehensive understanding. This enhances the
model’s ability to interpret complex scenes, leading to more
accurate and reliable camera pose estimation.

In the initial stage of computing local attention for the
feature map, the initial input originates from the feature map
X = RH×W×C processed by a CNN backbone. The feature
map is first divided into smaller grids of sizeG1×G1, and the
original feature map is reshaped as follows:

X ∈ RH×W×C

→ X1 ∈ R
(
H
G1

×G1

)
×

(
W
G1

×G1

)
×C

, (6)

→ X1 ∈ R
(
H
G1

×
W
G1

)
×(G1×G1)×C

. (7)

The Q1, K1 and V1 are then computed using the following
equations:

Q1 = X1W
q
1,K1 = X1Wk

1,V1 = X1Wv
1, (8)

whereWq
1,W

k
1,W

v
1 ∈ RC×C are the trained weight matrices.

After this, the following operation is applied:

A = Softmax(QKT /
√
d)V . (9)

This yields a local attention map A1, To facilitate network
optimization, A1 is reshaped to match the shape of X:

A1 ∈ R( HG1
×

W
G1

)×(G1×G1)×C

→ A1 ∈ R( HG1
×G1)×( WG1

×G1)×C , (10)

→ A1 ∈ RH×W×C . (11)

Finally, a residual connection is incorporated:

A1 = A1 + X. (12)

This obtains local attention maps for each grid of size G1 ×

G1.

Subsequently, we calculate the global attention for the
feature map. During the computation of the key and value
matrices, A1 is downsampled by a factor of G2 to make the
calculation more efficient. We consider each G2 × G2 block
as a token. This process can be formulated as:

Â1 = AvePoolG2 (A1), (13)

where AvePoolG2 (·) refers to the application of average
pooling to a feature map with kernel size and stride both
set to G2, performing G2 times downsampling. Then we get

Â1 ∈ R
H
G2

×
W
G2

×C . Following that A1 and Â1 are reshaped as
follows:

A1 ∈ RH×W×C
→ A1 ∈ R(H×W )×C , (14)

Â1 ∈ R
H
G2

×
W
G2

×C
→ Â1 ∈ R( HG2

×
W
G2

)×C
. (15)

After this, we compute the queries, keys, and values using
the following equations:

Q2 = A1W
q
2,K2 =

ˆA1W k
2 ,V2 = ˆA1W v

2 , (16)

where Wq
2,W

k
2,W

v
2 ∈ RC×Care trainable weight matrices.

From the above equations, it is easy to deduce that Q2 ∈
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R(H×W )×C , V2 ∈ R( HG2
×

W
G2

)×C
. Then, we apply the attention

score calculation Eq.9 to obtain the global attention feature
map A2 ∈ R(H×W )×C and reshape it as:

A2 ∈ R(H×W )×C
→ A2 ∈ RH×W×C . (17)

The final output of this HA is given by:

HAttn(X) = (A1 + A2)Wp
+ X, (18)

where Wp ∈ RC×C is a weight matrix used for feature
reprojection.

The feature maps processed by HA mechanism sig-
nificantly enhance the representation of the feature maps
by precisely highlighting key information in the images,
such as edges and corners, while effectively suppressing
irrelevant noise, thereby increasing the concentration and
relevance of the information. Furthermore, this mechanism
achieves multi-scale information fusion, which not only
enhances the model’s grasp of the global structure but also
strengthens its understanding of local details, thus deepening
the comprehensive interpretation of the scene. At the same
time, the robustness of the model is also improved, enabling
it to more flexibly handle scene changes and occlusion issues.
Notably, the HA also reduces the computational burden
and optimizes the efficiency of resource usage. It greatly
enhances the model’s generalization ability, ensuring good
transferability across different scenes.

C. LOSS FUNCTION
The positioning error of the camera pose is calculated by
measuring the difference between the estimated pose and the
ground truth pose, represented by pgt = ⟨xgt,qgt⟩. Our model
is trained to minimize the translation error Lx and the rotation
error Lq, which are defined as follows:

Lx = ||xgt − x||2, (19)

Lq = ||qgt −
q

||q||
||2. (20)

Here, q is normalized to a unit quaternion to ensure a
valid representation. We adopt the formulation suggested by
Shavit et al. [16] for the comprehensive loss function of our
model:

LMS = Lp + NLL(s, sgt ), (21)

where Lp is a pose error loss formulated by Kendall et al.
[12] using a Laplacian-like likelihood for both translation and
rotation errors:

Lp = Lxexp(−sx) + sx + Lqexp(−sq) + sq, (22)

where sx and sq are the learned parameters that regulate the
trade-off between the loss of Lx and Lq. Since we are training
on multiple scenes and need to match the corresponding
scenes from the training images, we utilize the negative
log-likelihood loss (NLL) for scene classification. This loss
aims to accurately categorize the scenes during training.

IV. EXPERIMENTAL ANALYSIS
This section describes the model configuration, datasets,
comparison against existingmethods, ablation studies and the
evaluation of noise resistance performance.

A. CONFIGURATION
We utilize the Adam algorithm to tune our model’s parame-
ters, thereby ensuring that the loss function specified in Eq.21
is minimized, with the settings of sx = 0.0 and sq = −3.0,
following the design principles outlined in [12]. Taking into
account the model performance as well as considerations of
time and memory, we choose EfficientNetB0 as the CNN
backbone network and our training is based on the pre-trained
model efficient-net-b0.pth. The batch size is configured to
12 with a learning rate of 10−4. We set the step decay as 20.
Due to the differences between indoor and outdoor scenes,
we set attnt = 2 and attnrot=4 for the 7Scenes dataset, while
to the Cambridge Landmark dataset, we use attnt = 4 and
attnrot = 7, respectively, for the feature maps of translation
and rotation. For the transformer module, we configured
6 encoder layers and 4 decoder layers. The hidden layer of
the regression head for the translation branch is set to 256,
while the rotation branch is assigned the value of 512. During
training, the decoder’s output is selected based on the index
of the real scene, while the estimated scene index that only
used for computing the NNL. However, when performing
inference, the scene index is unknown. We select the index
with the highest probability predicted by the model. We have
conducted all of our experiments utilizing a single Nvidia
3080Ti GPU.

B. DATASET
We implemented a comprehensive evaluation of our model’s
performance, leveraging the 7Scenes [26] and Cambridge
Landmarks [8] datasets as our benchmarks. The 7Scenes
dataset encompasses seven distinct, small-scale indoor envi-
ronments. It utilizes Kinect sensors to capture multiple
sequences of 500 to 1000 frames within the room. This
dataset contains images with repetitive and texture-less
regions, which can pose challenges for APR algorithms.
The Cambridge Landmarks dataset comprises a collection of
six large-scale outdoor scenes captured, all captured using
a mobile phone. The various factors in the images pose
difficulties for APR algorithms. We selected four benchmark
scenes for comparison, which are typically considered as
typical evaluation scenes for APR.

C. COMPARISON WITH EXISTING METHODS
Our method aims to enhance the accuracy of APR techniques
by considering the interaction between local and global
attention in images. Therefore, we compared our approach
with SOTA multi-scene APRs on the indoor and outdoor
benchmark datasets. We utilized the median error of each
individual scene as a measure of prediction accuracy, which
reflects the central tendency of the data. Position error
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TABLE 2. Evaluation of localization accuracy in comparison to other typical multi-scene APRs on Cambridge landmark dataset, represented as median
error (m/◦). Best results are highlighted in bold.

TABLE 3. Evaluation of localization accuracy in comparison to other typical multi-scene APRs on 7Scenes dataset, represented as median error (m/◦).
Best results are highlighted in bold.

TABLE 4. Evaluation of localization accuracy in comparison to other
typical APRs(single-scene and multi-scene) on Cambridge Landmark
dataset, represented as average median error (m/◦). Best results are
highlighted in bold.

and orientation error are the Euclidean distances between
the predicted position and the actual position, respectively.
Additionally, we also compared our method with classical
single-scene APR approaches to illustrate the effectiveness
of our method. Since directly predicting poses from a single
image has significantly lower localization accuracy compared
to methods based on feature matching [7] or those leveraging
additional data during training and inference [3], we only
compared with APR methods that rely solely on a single
image for inference.

Table 2 and Table 3 showcase the performance of our
method compared to advanced multi-scene methods on the
Cambridge Landmarks and 7Scenes datasets, respectively.
We report the median position error and orientation error for
single scene. The data presented in the tables indicate that
our model surpasses current multi-scenario pose estimation
approaches with reduced position and orientation errors, con-
sistently achieving greater positioning accuracy. We believe
that our model has an advantage in feature extraction. Table 4

TABLE 5. Evaluation of localization accuracy in comparison to other
typical APRs(single-scene and multi-scene) on 7Scenes dataset,
represented as average median error (m/◦). Best results are highlighted in
bold.

and Table 5 show the comparison between our method and
the other known classic and advanced APRs for single-
and multi-scene. We use average position and orientation
errors and rankings of all scenes in indoor and outdoor
datasets to demonstrate the effectiveness of the methods.
Using PoseNet’s predicted position and orientation error
results as the baseline, our algorithm has achieved a 41.1%
reduction in translation error and a 61.1% decrease in rotation
error. The tables show that our method is ahead of other
methods.

D. TRAINING CURVE AND ATTENTION MAP
VISUALIZATION
The training curve of our model is shown in Figure 4. As can
be seen from the figure, the loss value is relatively high at the
beginning due to initialization, but it gradually decreases and
stabilizes with the increase of training epochs. To intuitively
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understand the reason behind the improvements, we visualize
the attention maps of an image taken from the chess scene.
As shown in Fig.5, benefiting from the HA model, our
method focuses on regions with structural and textural
information on the imageas well as the local patches within
the image.

FIGURE 4. Training curve of our model.

FIGURE 5. Visualization of attention heat map.

E. ABLATION STUDY
In this section, we primarily delve into the HAmodule and the
impact of the grid size in the first layer of HA on the model,
as this module is a key component of our model. Additionally,
we conducted ablation experiments on the model’s batch size
and the influence of hierarchical attention under different
CNN backbone networks on model performance.

1) THE MODULE
To demonstrate the effectiveness of the HA module, we have
carried out an ablation study on the 7Scenes dataset, and
the results are presented in Table6. We reported the average
median error across all scenes. In (a), without adding any
additional operations, the features extracted directly from
the CNN backbone were fed into the scene classification
module. In contrast, in (b), we employed the HA module,
which led to a reduction in both translation and rotation
errors, achieving better performance. To vividly illustrate
the module’s effectiveness, we have visualized the activation
maps after model processing, that is, before the step (f.)
in Figure 2, using heatmaps. Figure 6(b) shows the model
without the HA module, while Figure 6(c) displays the
model with the HA module integrated. We superimpose
attention heatmap representations of translation and rotation
to highlight how the model represents key information in the
image. By comparing these two figures, it is evident that with

TABLE 6. Ablations of whether to use HA module validated on the
7Scenes dataset. We present the average median errors in both position
and orientation, encompassing all tested scenes. The selected model is
emphasized in bold. (m/◦).

TABLE 7. Ablations of the grid-size of HA model validated on the 7Scenes
dataset. We present the average median errors in both position and
orientation, encompassing all tested scenes. The selected choice is
highlighted in bold. (m/◦).

the addition of the HA module, the model is able to capture
more key informational cues from the images.

FIGURE 6. Visualizing the HA module represents image information in the
model.

2) GRID SIZE SETTING
In studying the performance of ourHAmodule, we conducted
an ablation study on the performance of different grid
size values for indoor scenes. The results are presented
in Table 7. We observed that the best performance is
achieved when set the grid-size = 2 for the translation
branch and grid-size = 4 for the rotation branch. We believe
that in indoor scenes, camera translation typically involves
shorter distances, while rotation may cover a larger range of
angles. Due to the relatively enclosed and limited space in
indoor environments, the camera may only need to capture
changes in local details during translation, whereas during
rotation, a broader perspective and the continuity of the
scene need to be considered. Therefore, using different grid
sizes for translation and rotation in indoor environments
can more effectively capture subtle changes in the scene,
thereby enhancing the model’s understanding of indoor
environments. This differentiated approach helps the model
better adapt to the complexity and diversity of indoor scenes.

3) BATCH SIZE
Generally speaking, the amount of data fed into the model
during each training iteration can have a significant impact
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TABLE 8. Ablations of batch size Validated on the 7Scenes dataset.
We present the average median errors in both position and orientation,
encompassing all tested scenes. The selected choice is highlighted in
bold. (m/◦).

TABLE 9. Ablations of CNN backbone validated on the 7Scenes dataset.
We present the average median errors in both position and orientation,
encompassing all tested scenes. The selected choice is highlighted in
bold. (m/◦).

on the training effect of the model. To verify the influence
of different batch sizes on our experiments, we conducted
an ablation study on batch size, and experimental results are
shown in Table 8. We set the batch size to 6, 8, 12, and 16.
As can be seen from the table, the model’s performance does
not always improve with the increase in batch size; instead,
it reaches the best performance when the batch size is set to
12. We believe that setting the batch size too large may cause
the model to prematurely converge to a local minimum, while
setting it too small may lead to overfitting during training,
both of which can make the training process unstable.

4) CONVOLUTION BACKBONE
We have validated our model using three convolutional
networks: ResNet50, EfficientNetB0, and EfficientNetB1.
The results obtained from training different CNNs are
shown in Table 9. Compared to ResNet50, the EfficientNet
networks demonstrate higher performance, which could be
due to overfitting (with 26M parameters for ResNet50,
EfficientNetB0 and EfficientNetB1 have 5.3M and 7.8M
parameters [30], respectively) or a better learning capability.
The best performance was achieved using EfficientNetB1,
indicating that better performance can be obtained by
appropriately increasing the depth of the network, but this
comes at the cost of corresponding memory and time.

F. ANALYSIS OF NOISE RESISTANCE AND EXECUTION
TIME
1) NOISE RESISTANCE
To verify the noise resistance capability of our model,
we added Gaussian noise of varying intensities to our test set.
We then validated the noisy images using our model. Figure 7
shows a comparison of imageswith different noise intensities,
and Table 10 presents the results of our model’s performance
on the 7Scenes test set with added noise, taking the average
error across seven scenes. As can be seen from the table, our

TABLE 10. Comparison study on gaussian noise We present the average
median errors in both position and orientation, encompassing all tested
scenes. (m/◦).

model’s performance does not significantly change when the
Gaussian noise intensity is set to 5 and 10. However, when the
Gaussian noise is set to 15, there is a decline in performance,
but it still achieves advanced results in the field of multi-scene
camera absolute pose estimationmodels.We consider that the
addition of Gaussian noise has obscured the true information
in the images, thereby blurring the image features and causing
a slight decline in performance. To enhance the robustness of
our model, we added noise of varying intensities during the
training process. The experimental results demonstrate that
our model has good adaptability to noise.

FIGURE 7. Visualization of adding gaussian noise to an image.

TABLE 11. The results of the model’s runtime (ms) and memory(Mb) as
the number of learned scenes varies. In this instantiation, we used
hierarchical attention, a six-layer encoder, and a four-layer decoder.

2) EXECUTION TIME
Multi-scene APRs have two main advantages over other
localization methods: runtime and memory footprint. Multi-
scene APRs only require deployment of a single model for
both training and inference, whereas single-scene APRs need
N models, such as the PoseNet model [8], which would
require approximately 100 × 50Mb, or about 5Gb, of storage
space to serve a location with 100 scenes. To evaluate
the scalability of our model, we measured its runtime and
memory usage as the number of scenes increased. For
this, we instantiated models for an increasing number of
scenes and measured their memory consumption and forward
propagation runtime, allowing us to assess the scalability of
our method without real data. The results of this experiment
are shown in Table11. The memory usage of our model
remained relatively constant, increasing by only 0.2Mb when
going from 4 to 100 scenes. The model’s runtime remained
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constant in the range of 4-100 scenes, which was as expected,
as the hierarchical attention module’s processing of images in
blocks greatly reduced computational complexity.

V. CONCLUSION
In this paper, we present H-AttnAPR, a modified APR model
that leverages a HA mechanism to enhance the precision of
image-based positioning and orientation prediction, critical
for various industrial applications such as robotic navigation,
autonomous vehicle systems, and precision manufacturing.
The HA module integrates multi-level features to create
robust and discriminative image representations, which is
essential for achieving high-accuracy localization in complex
industrial settings where traditional APRs may fall short.
Our experiments across various indoor and outdoor datasets
demonstrate that H-AttnAPR achieves superior positioning
accuracy compared to SOTA APRs. This illustrates its
potential to significantly enhance industrial applications,
such as refining the precision of robotic arms and enabling
seamless autonomous navigation in logistics. Future work
will investigate integrating relative motion between consec-
utive image frames with relative camera pose estimation to
further enhance localization accuracy and meet the dynamic
and complex demands of industrial environments.
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