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 A B S T R A C T

Camera localization refers to the process of automatically determining the position and orientation of a camera 
within its 3D environment from the images it captures. Traditional camera localization methods often rely 
on Convolutional Neural Networks, which are effective at extracting local visual features but struggle to 
capture long-range dependencies critical for accurate localization. In contrast, Transformer-based approaches 
model global contextual relationships appropriately, although they often lack precision in fine-grained spatial 
representations. To bridge this gap, we introduce CoHAtNet, a novel Convolutional Hybrid-Attention Network 
that tightly integrates convolutional and self-attention mechanisms.

Unlike previous hybrid models that stack convolutional and attention layers separately, CoHAtNet embeds 
local features extracted via Mobile Inverted Bottleneck Convolution blocks directly into the Value component of 
the self-attention mechanism of Transformers. This yields a hybrid self-attention block capable of dynamically 
capturing both local spatial detail and global semantic context within a single attention layer. Additionally, 
CoHAtNet enables modality-level fusion by processing RGB and depth data jointly in a unified pipeline, 
allowing the model to leverage complementary appearance and geometric cues throughout.

Extensive evaluations have been conducted on two widely-used camera localization datasets: 7-Scenes 
(RGB-D) and Cambridge Landmarks (RGB). Experimental results show that CoHAtNet achieves state-of-the-
art performance in both translation and orientation accuracy. These results highlight the effectiveness of our 
hybrid design in challenging indoor and outdoor environments. This makes CoHAtNet a strong candidate for 
end-to-end camera localization tasks.
1. Introduction

Camera localization, also known as camera pose estimation, in-
volves determining the six-degrees-of-freedom (6DoF) pose of a camera 
from a single captured image. This task plays a fundamental role in 
a wide range of applications, including robotics, autonomous navi-
gation, augmented reality (AR), and virtual reality (VR). Due to its 
potential for low-cost and scalable deployment, camera localization 
has attracted increasing attention as an alternative to more expensive 
sensing technologies such as LiDAR [1].

Traditional approaches, such as image retrieval and 3D structure 
matching, heavily rely on large, densely annotated datasets and com-
putationally intensive feature matching algorithms. These methods are 
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often brittle in real-world conditions, particularly in scenes with clutter, 
repetitive structures, or limited texture.

The emergence of deep learning has led to the adoption of Convolu-
tional Neural Networks (CNNs) for direct pose regression. CNNs excel 
at extracting local visual features but inherently struggle to model long-
range dependencies and global context, both of which are crucial for 
precise localization in complex environments. In recent years, vision 
Transformers [2] have emerged as a ground-breaking technology in 
computer vision, revolutionizing object detection, image classification, 
and scene understanding tasks. Unlike CNNs, which are limited by 
their local receptive fields, vision Transformers leverage self-attention 
mechanisms to capture global dependencies and contextual relation-
ships within an image. This global perspective has proven particularly 
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valuable for tasks such as camera localization, where understanding 
spatial relationships across the entire scene is critical. However, while 
vision Transformers excel at modeling long-range dependencies, they 
may struggle with fine-grained local feature extraction.

To leverage the strengths of both paradigms, hybrid architectures 
have been proposed. CoAtNet [3] is one such model that stacks convo-
lutional layers in the early stages and Transformer layers in the later 
stages, aiming to balance spatial detail and semantic context. While 
effective in image classification tasks, CoAtNet exhibits limitations in 
geometric vision problems such as camera localization. Specifically, the 
separation of convolution and self-attention impedes the joint modeling 
of local and global features. Moreover, its self-attention mechanism 
applies simple linear projections to compute the Value component, 
which inadequately captures spatial structure.

In this work, we introduce CoHAtNet, a novel Convolutional Hybrid-
Attention Network that extends CoAtNet with a tightly integrated 
attention mechanism. Rather than stacking convolutional and Trans-
former stages separately, CoHAtNet embeds Mobile Inverted Bottleneck 
Convolution (MBConv) blocks [4] right into the Value branch of self-
attention blocks. This hybrid formulation allows local spatial details 
and global semantic relationships to be modeled concurrently within 
each Transformer stage, resulting in more expressive and geometry-
aware representations.

This architectural fusion proves especially beneficial in scenes with 
clutter, occlusion, or challenging lighting—conditions where CNNs or 
Transformers alone tend to underperform. Furthermore, CoHAtNet sup-
ports multi-modal learning by processing RGB and depth information 
in a unified pipeline. This early and consistent fusion of appearance 
and geometric cues enhances robustness across diverse environments. 
To the best of our knowledge, CoHAtNet is the first end-to-end model 
to explore such hybridization specifically for the task of 6DoF camera 
localization. The two main contributions of this work are summarized 
below:

• Hybrid Self-Attention Mechanism: A novel attention design 
that incorporates MBConv-derived convolutional features into the 
Transformer’s Value component—enabling simultaneous model-
ing of local and global features—is integrated within a unified 
processing pipeline for RGB and depth data, allowing the model 
to jointly learn appearance and geometry for improved pose 
estimation.

• Unified CNN-Transformer Architecture: We extend CoAtNet by 
fusing convolution and self-attention directly within each Trans-
former stage, enhancing the model’s ability to capture detailed 
and contextual cues simultaneously.

We evaluate CoHAtNet on two widely used benchmarks: the Mi-
crosoft 7-Scenes RGB-D dataset and the Cambridge Landmarks RGB 
dataset. The proposed method achieves state-of-the-art accuracy in both 
translation and rotation measures.

This paper is organized as follows. Section 2 introduces the funda-
mental concepts related to vision-based camera localization, including 
image-based methods (2.1), structure-based methods (Section 2.2), and 
regression-based methods (Section 2.3). Then, we summarize recent 
work related to Absolute Pose Regression (Section 2.3.1), Relative 
Pose Regression (Section 2.3.2), Scene Coordinate Regression (Sec-
tion 2.3.3), and Multi-Scene Absolute Pose Regression (Section 2.3.4). 
Section 3 describes the proposed hybrid self-attention scheme. The orig-
inal CoAtNet model is first summarized in Section 3.1. Based on it, the 
proposed CoHAtNet neural model is described in Section 3.2, including 
the new hybrid Transformer block (Section 3.2.1). The loss function 
utilized to train the model is introduced in Section 3.3, whereas im-
plementation details are described in Section 3.4. The experimental 
evaluation is presented in Section 4, including the 7-Scenes dataset 
(Section 4.2.1), and the Cambridge Landmarks dataset (Section 4.2.2), 
in addition to a comparison with the state-of-the-art in camera local-
ization. Section 4.2.3 presents an analysis of the attention heatmaps 
2 
generated by CoHAtNet, the original CoAtNet, and several competitive 
baselines, providing deeper insights into the spatial focus and structural 
differences across architectures. Section 4.2.4 conducts a parameter 
sensitivity analysis to evaluate the robustness of CoHAtNet under varia-
tions in key hyper-parameters. Finally, conclusions and future lines are 
given in Section 5.

2. Related work

Vision-based camera localization utilizes visual data to determine 
the spatial position and orientation of a camera within a scene. Given 
an input image 𝐈 captured by the camera from an unknown viewpoint, 
the camera pose can be expressed as: 

𝐩 = (𝐓, 𝜃) (1)

where 𝐓 = (𝑥, 𝑦, 𝑧) denotes the translation vector, and 𝜃 represents 
the 3D orientation of the camera. Broadly speaking, vision-based cam-
era localization methods can be categorized as image-based methods, 
structure-based methods, and regression-based methods [1]. They are 
summarized below.

2.1. Image-based camera localization

The classical approach to camera localization is constituted by 
image-based methods that rely on image retrieval techniques for es-
timating the camera pose. A query image is matched to a database 
of reference images with known 6DoF poses [5]. The camera pose 
is determined either by selecting the most visually similar reference 
image or by interpolating poses from the Nearest Neighbors [6]. How-
ever, the density and coverage of the database heavily influences 
accuracy: sparse databases can lead to significant deviations between 
the estimated and actual poses, thereby limiting their suitability for 
applications requiring high precision.

2.2. Structure-based camera localization

Structure-based localization approaches establish correspondences 
between the 2D position of every pixel from the query image, and 
the 3D coordinates of the respective scene’s point. Key-point detec-
tion is achieved by using local descriptors, followed by the applica-
tion of a Perspective-n-Point algorithm (PnP), often combined with 
Random Sample Consensus (RANSAC) [7]. Traditional structure-based 
approaches require matching in a full 3D map. Therefore, the search 
space is very large and often computationally expensive [8]. More re-
cently, deep learning techniques have been applied in conjunction with 
structural approaches. For example, MatchFormer [9] interleaves self-
attention for feature extraction and cross-attention for feature match-
ing. Then, RANSAC with matched correspondences is applied for cam-
era localization. EAAINet [10] contains a Global Affinity Aggregation 
Module and an Element-wise Attention Module to improve feature 
extraction and scene parsing, followed by a RANSAC-based PnP algo-
rithm. ALNet [11] employs a Local Discrepancy Perception Module, 
followed by an Adaptive Channel Attention Module to distinguish simi-
lar image patches and integrate multilevel features. RANSAC-based PnP 
is finally applied for accurate camera localization. Although structure-
based methods perform well in small-scale environments, they face 
difficulties when applied to large-scale scenes, as the complexity of 
matching and maintaining a robust correspondence increases signifi-
cantly. Additionally, in complex scenes, where repetitive local features 
are present, structure-based methods may struggle to correctly match 
features, leading to localization failures. This issue can be particularly 
challenging in environments with similar or ambiguous features.
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2.3. Regression-based camera localization

Regression-based methods apply deep neural networks to directly 
regress the camera’s 6DoF from visual data. These methods can be 
classified into four broad categories: Absolute Pose Regression, Relative 
Pose Regression, Scene Coordinate Regression, and Multi-Scene pose 
Regression.

2.3.1. Absolute Pose Regression
Absolute Pose Regression methods focus on directly regressing the 

camera’s 6DoF from a single captured image. A foundational contri-
bution in this area is PoseNet [12], which uses an end-to-end CNN 
to localize the camera pose from an input image. Although its perfor-
mance initially did not surpass structure-based approaches, subsequent 
developments have significantly enhanced its capabilities. For example, 
Bayesian PoseNet [13] introduced a Bayesian framework to quantify 
pose uncertainty and improve robustness under real-world conditions.

Camera localization also improved with the advent of Transform-
ers [14]. Transformers differ from convolutional networks in that they 
apply self-attention mechanisms to dynamically capture long-range 
dependencies and contextual information from the entire image. This 
global perspective enhances feature representation, improves robust-
ness to changes in appearance, and enables better generalization across 
diverse environments. AtLoc [15] applies absolute pose regression by 
leveraging an attention mechanism that drives the neural network 
towards the most stable geometric features. The neural architecture has 
three primary components: Visual Encoder, Attention Module, and Pose 
Regressor. HyperPose [16] is an attention hyper-network for camera 
localization. The main network comprises an EfficientNet-B0 model 
as the backbone for processing the input query image and producing 
intermediate activation maps. Parallel to the main network, the hyper-
network is designed to predict the weights for the regression heads 
of the main network. Recently, Neural Feature Synthesizer [17] im-
proves absolute pose regression by incorporating implicit geometric 
constraints during the evaluation stage. In contrast to traditional meth-
ods, which mostly rely on 2D operations, it enhances pose estimation 
accuracy by encoding 3D geometric features.

2.3.2. Relative pose regression
The relative pose regression approach estimates the relative 6DoF 

motion between consecutive or non-consecutive frames [18]. One of the 
early models for relative pose regression was Relative NN [19], which 
introduces an end-to-end approach for regressing the relative pose 
between two cameras. The method employs a Siamese Hybrid-CNN 
architecture that integrates a pre-trained AlexNet network with two 
branches. Later, GL-Net [20] applies a Graph Neural Network (GNN) for 
multi-frame relative pose estimation, by allowing information exchange 
between non-consecutive frames. This enhances robustness. In turn, 
AnchorNet [21] employs uniformly distributed anchor points across 
the scene to estimate their relative positions in the query image. This 
anchor-based methodology facilitates the computation of camera poses 
by interpolating predicted anchor positions. UA-Fusion [22] fuses the 
geometric solver and a deep neural network through an uncertainty-
based fusion framework. A self-attention graph neural network captures 
relationships between key points, enabling end-to-end training. This 
leverages both geometric and learned uncertainties for camera local-
ization. The maic drawback of relative pose regression methods is 
the limited performance in feature-poor environments, such as long 
corridors or open spaces, where being able to distinguish between 
different frames becomes a challenge.
3 
2.3.3. Scene coordinate regression
Scene coordinate regression techniques focus on the estimation of 

3D scene coordinates directly from input images, which is an essen-
tial requirement for camera localization tasks that involve mapping 
image pixels to their corresponding 3D locations in a pre-constructed 
environment model. These methods are particularly effective when 
accurate 3D reconstructions of the environment are available. For 
instance, DSAC (Differentiable SAmple Consensus) applies a probabilis-
tic selection mechanism to make the traditional RANSAC algorithm 
differentiable. This allows its integration into a deep learning pipeline 
for end-to-end training [23]. Building on this approach, the Single-
View Scene Coordinate Regression (SV-SCR) method further simplifies 
the pipeline by using a fully-convolutional neural network that directly 
regresses 3D scene coordinates from a single image, achieving accurate 
localization without relying on pre-constructed 3D models [24].

2.3.4. Multi-scene Absolute Pose Regression
Multi-scene absolute pose regression methods are intended to gener-

alize camera pose estimation over multiple environments with a single 
deep neural network rather than training different models over each 
scene. The general approach involves a unified network architecture 
that can classify the type of scene corresponding to the input image, and 
subsequently adapt its internal parameters to estimate the camera pose 
accurately. For example, Multi-Scene PoseNet [25] is a model that first 
determines the specific scene of the input image using a shared CNN 
backbone. This backbone produces an activation map for classifying 
the scene and pose regression. It must be trained on multiple scenes 
to be effective. To address this gap, MS Transformer [26] proposes a 
method using two separate Transformers blocks, as encoders for posi-
tional and orientational features. It then applies decoders to generate 
scene-specific pose predictions. The MS-Transformer [26] model im-
proves upon traditional absolute pose regression methods by allowing 
a single model to handle multiple scenes simultaneously. Similarly, 
coarse-to-fine multi-scene pose regression [27] has been proposed. It 
applies the Transformer architecture in combination with coarse-to-
fine classification-regression in order to improve localization accuracy 
across multiple scenes.

Fig.  1 summarizes the limitations of the camera localization meth-
ods discussed above. While regression-based approaches have shown 
remarkable progress, they face limitations in terms of accuracy, gener-
alization, and interpretability [28]. To bridge these gaps, we propose a 
hybrid model that leverages CNNs’ local feature extraction capabilities 
and Transformers’ global contextualization capabilities. This integra-
tion makes the model more powerful in learning geometrical features, 
resulting in improved accuracy and robustness in camera localization 
tasks for both indoor and outdoor environments.

3. Hybrid convolution-transformer architecture

3.1. Original CoAtNet model

CoAtNet [3] is a hybrid neural network that sequentially com-
bines convolutional layers and Transformer blocks to benefit from 
both local inductive biases and global contextual modeling. Its archi-
tecture is structured in five stages (S0–S4), as shown in Fig.  2. The 
network begins with a convolutional stem (Stage S0) composed of 
two 3 × 3 convolutional layers, each followed by batch normaliza-
tion and GELU activation. This stage reduces spatial dimensions while 
expanding channel capacity to prepare features for deeper processing.

Stages 1 and 2 apply MBConv blocks with residual connections to 
extract local spatial features efficiently. In Stages 3 and 4, CoAtNet 
transitions to Transformer layers, modeling long-range dependencies 
across the entire feature map. The final features are globally pooled and 
passed through a fully-connected layer for downstream prediction. The 
depth and width of these stages vary across CoAtNet variants (CoAtNet-
0 to CoAtNet-4), enabling a flexible tradeoff between accuracy and 
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Fig. 1. Overview of limitations of various camera localization methods [1,28,29].
Fig. 2. Overview of the CoAtNet architecture (Stages S0 to S4). CoAtNet variants (CoAtNet-0 to CoAtNet-4) vary in depth and width to balance efficiency and accuracy. For 
instance, CoAtNet-0 starts with 2 layers and 64 channels in S0, while CoAtNet-4 scales this to 192. Channel capacity in the final stage (S4) increases from 768 to 1536 across 
variants, with CoAtNet-1 to CoAtNet-3 providing intermediate scaling [3].
efficiency. For instance, CoAtNet-0 begins with 2 layers and 64 chan-
nels in the stem (Stage S0), while CoAtNet-4 scales this to 192 channels. 
In the final Transformer stage (S4), channel capacity ranges from 768 
in CoAtNet-0 to 1536 in CoAtNet-4. Intermediate variants progressively 
scale both depth and width, bridging lightweight and high-capacity 
configurations.

Despite its success for image classification, CoAtNet exhibits critical 
limitations in geometric vision tasks such as 6DoF camera localization. 
The strict separation between convolution and self-attention stages 
limits the capacity to simultaneously capture local detail and global 
structure. Furthermore, its self-attention mechanism relies on linear 
projections for computing the Value component, which lacks spatial 
sensitivity. These constraints hinder CoAtNet’s ability to model the fine-
grained geometric relationships essential for precise pose estimation. 
We tackle these limitations by integrating the convolutional and self-
attention mechanisms within a same block. In particular, a lightweight 
convolutional branch produces a spatially-aware Value tensor, enabling 
the joint encoding of local geometry and global context. This fusion 
improves performance on geometry-sensitive tasks like 6-DoF pose 
estimation with minimal computational overhead.

3.2. Proposed CoHAtNet model

As previously discussed, accurate 6DoF camera localization requires 
capturing both fine-grained local features and long-range global con-
text [30]. While CNNs effectively extract local patterns such as textures 
and edges [31], they often lack global representational capacity. Con-
versely, Transformers excel at modeling global dependencies via self-
attention but may lose spatial precision needed for fine-grained geo-
metric reasoning [32]. Furthermore, incorporating depth information is 
critical, as it provides explicit geometric cues that enhance the model’s 
ability to infer 3D structure and disambiguate visual correspondences—
factors essential for precise pose estimation. Recent studies demonstrate 
that utilizing depth data significantly improves pose estimation accu-
racy, particularly in challenging scenarios involving occlusion or poor 
lighting conditions [33].
4 
To address these complementary limitations, we propose CoHAtNet, 
a hybrid architecture that unifies convolutional and attention-based 
representations within a single end-to-end framework. As illustrated 
in Fig.  3, CoHAtNet follows the five-stage architecture of CoAtNet, 
beginning with a convolutional stem (Stage S0) comprising two 3 × 3 
convolutional layers with Batch Normalization and GELU activation. 
Stages 1 and 2 employ MBConv blocks with residual connections to 
efficiently extract spatially localized geometric features.

However, unlike CoAtNet, which separates convolution and atten-
tion into distinct stages, CoHAtNet introduces a novel hybrid Trans-
former block in Stages 3 and 4. Within each of these blocks, local 
features derived from MBConv blocks are directly injected into the 
Value (𝑉 ) branch of the self-attention mechanism. This design allows 
local and global cues to interact within the same computational layer, 
enabling the network to model both structural detail and semantic 
relationships more effectively than prior approaches.

CoHAtNet also supports multi-modal input processing by integrat-
ing RGB and depth information into a unified stream. When depth 
is available, the network receives a 4-channel input—concatenating 
RGB with depth—and fuses them early in the pipeline. This modality-
aware design enables joint propagation of appearance and geometric 
cues, enhancing robustness in cluttered, repetitive, or texture-sparse 
environments.

A detailed formulation of the hybrid Transformer block is provided 
in Section 3.2.1.

3.2.1. Architecture of hybrid transformer blocks
The core architectural innovation of CoHAtNet lies in its hybrid 

Transformer block, which enhances the self-attention mechanism by 
integrating local spatial information directly into the computation of 
the Value (𝑉 ) component.

Fig.  4 contrasts this hybrid design with the standard Transformer 
block employed in CoAtNet. In both architectures, the input feature 
map  ∈ R𝐻×𝑊 ×𝐶 — where 𝐻 and 𝑊  are spatial dimensions and 𝐶
is the number of channels — is reshaped into a sequence 𝑋 ∈ R𝐻𝑊 ×𝐶 . 
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Fig. 3. Proposed CoHAtNet architecture that hybridizes MBConv blocks for local feature extraction and self-attention for global context modeling.
The Query (𝑄) and Key (𝐾) matrices are then obtained through stan-
dard linear projections: 𝑄 = 𝑋𝑊𝑄 and 𝐾 = 𝑋𝑊𝐾 . These are used 
to compute the attention weights via the standard scaled dot-product 
attention: 

Attention(𝑄,𝐾, 𝑉 ) = Softmax
(

𝑄𝐾⊤
√

𝑑𝑘

)

𝑉 (2)

In conventional Transformers, the Value (𝑉 ) matrix is also gen-
erated through a linear projection: 𝑉 = 𝑋𝑊𝑉 . However, CoHAtNet 
departs from this paradigm. Instead of a linear layer, it employs an 
MBConv block to process the original feature map  , producing a 
spatially enriched representation  = MBConv( ), which is reshaped 
into 𝑉 ∈ R𝐻𝑊 ×𝐶 .

The MBConv block, adapted from EfficientNet [4], is designed to 
efficiently capture local geometric structures. It expands the input 
channels via a 1 × 1 pointwise convolution, applies a 3 × 3 depthwise 
convolution to model spatial dependencies, and projects the result 
back using another 1 × 1 convolution. A Squeeze-and-Excitation (SE) 
module further enhances this representation by adaptively recalibrating 
channel-wise responses. The operation can be formally expressed as: 
𝐹MBConv = 𝐹 + BN

(

SE
(

DWConv
(

BN(𝐹 ∗ 𝑊𝑒)
))

∗ 𝑊𝑝
)

, (3)

where 𝐹  is the input feature map, 𝑊𝑒 and 𝑊𝑝 are learnable 1 × 1 
convolution weights, and ∗ denotes convolution.

After obtaining 𝑄, 𝐾, and 𝑉 , the attention output is computed 
using (2). This output is then fused with the original input via residual 
connection and finally normalized: 
̂ = LN ( + Attention(𝑄,𝐾, 𝑉 )) (4)

In this formulation, 𝑄 and 𝐾 provide global context, while 𝑉
contributes with detailed local features. As a result, each position in ̂
reflects both its MBConv-enhanced local representation and its global 
semantic relevance determined by self-attention. This tight integration 
of local and global information fosters more geometry-aware represen-
tations, making the architecture particularly effective for tasks such as 
precise 6DoF camera pose estimation.

3.3. Homography-based loss function

Traditional loss functions for camera localization, including PoseNet 
loss [12], homoscedastic uncertainty loss, and geometric reprojection 
loss [34], combine translation and rotation errors into a single measure. 
The PoseNet and homoscedastic uncertainty losses require challenging 
multi-objective tuning, while the geometric reprojection loss can be 
unstable due to its reliance on ground-truth 3D scene points. To over-
come these limitations, we applied a homography-based loss function 
proposed in [35], which integrates homographies across multiple vir-
tual planes within a scene, providing a more stable and interpretable 
approach.

The loss function measures the error between the ground-truth and 
the estimated camera poses by considering the homographies induced 
by planes parallel to the ground-truth sensor plane. The error is quanti-
fied as the difference between the identity matrix 𝐈 and the homography 
matrix 𝐇, computed from the ground-truth and estimated poses. This 
error is expressed using the Frobenius norm: 

𝐿𝐻 = 1 𝑥max
‖𝐈 −𝐇‖

2
𝐹 𝑑𝑥 (5)
𝑥max − 𝑥min ∫𝑥min

5 
where 𝑥min and 𝑥max represent the minimum and maximum distances 
to the planes containing the observations, and 𝐇 is the homography 
matrix that maps points between the ground-truth and the estimated 
views. This formulation allows for an effective approximation of the 
reprojection error, promoting convergence as the estimated pose aligns 
with the ground-truth.

3.4. Implementation details

We implemented the proposed CoHAtNet model using PyTorch with 
the Adam optimizer [36]. The initial learning rate was 0.0001, and 
batch size 16. During training, a ReduceLROnPlateau scheduler was 
adopted, which was set to drop the learning rate by a factor of 0.1 when 
the validation loss failed to improve over ten epochs. The input images 
were resized to 256 × 256 pixels for both training and validation. 
We trained the model using K-fold cross-validation with K = 5 splits, 
and 150 training epochs per split. To evaluate the impact of model 
complexity, five different configurations of CoHAtNet were generated. 
These configurations were designed to align with the varying depths 
and channel widths found in the different CoAtNet configurations, 
providing a direct comparison between our proposed CoHAtNet archi-
tecture and the different CoAtNet variants. We used the homography 
loss function (5), with 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 set based on the 2.5th and 97.5th 
percentiles of the depth distribution of the dataset [35]. Training and 
testing were performed on an NVIDIA-A100 GPU (see Table  1).

4. Experimental results

4.1. Dataset

To evaluate the proposed CoHAtNet model, we used two widely 
recognized benchmark datasets: 7-Scenes [37] and Cambridge Land-
marks [12]. These datasets encompass various challenging scenarios in 
both indoor and outdoor environments. The 7-Scenes dataset consists 
of RGB-D image sequences captured in different indoor scenes: Chess, 
Fire, Heads, Office, Pumpkin, Red Kitchen, and Stairs. It provides a total 
of 26,000 training images and 17,000 testing images, The dataset has 
an average spatial extent of 4 × 3 m, making it suitable for evaluating 
models in small-scale indoor environments.

In contrast, the Cambridge Landmarks dataset encompasses se-
quences of RGB images taken from large-scale outdoor locations, in-
cluding King’s College, Old Hospital, St. Mary’s Church, and Shop 
Facade. This dataset includes 8380 training images and 4841 testing 
images, with average spatial extent of 100 × 500 m, This dataset 
presents diverse challenges for camera localization in large-scale out-
door settings.

4.2. Evaluation

4.2.1. 7-Scenes dataset
The evaluation results of the proposed CoHAtNet models on the 7-

Scenes dataset are summarized in Tables  2 and 3. We trained CoHAtNet 
with both RGB (3-channel input) and RGB-D (4-channel input) data. For 
comparison purposes, we also trained the CoAtNet-0 model using both 
RGB and RGB-D data. The performance for each scene is reported in 
terms of mean translation error (in meters) and mean orientation error 
(in degrees). The ‘‘Avg’’ column shows the mean performances across 
all scenes.
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Fig. 4. Comparison between the standard Transformer block (left) used in CoAtNet, and the proposed hybrid Transformer block (right) used in CoHAtNet. In the standard block, 
Query (𝑄), Key (𝐾), and Value (𝑉 ) are computed via linear projections. In the hybrid version, 𝑉  is enriched with local features using an MBConv block, allowing CoHAtNet to 
integrate global self-attention with spatial context for improved localization.
Table 1
Architecture details of CoHAtNet variants, showing the number of blocks (L) and channels (D) for each stage.
 Stage CoHAtNet-0 CoHAtNet-1 CoHAtNet-2 CoHAtNet-3 CoHAtNet-4  
 S0: Conv Stem L = 2, D = 64 L = 2, D = 64 L = 2, D = 128 L = 2, D = 192 L = 2, D = 192  
 S1: MBConv L = 2, D = 96 L = 2, D = 96 L = 2, D = 128 L = 2, D = 192 L = 2, D = 192  
 S2: MBConv+SE L = 3, D = 192 L = 6, D = 192 L = 6, D = 256 L = 6, D = 384 L = 12, D = 384 
 S3: HTransformer L = 5, D = 384 L = 14, D = 384 L = 14, D = 512 L = 14, D = 768 L = 28, D = 768 
 S4: HTransformer L = 2, D = 768 L = 2, D = 768 L = 2, D = 1024 L = 2, D = 1536 L = 2, D = 1536 
 Final output size = 7
Table 2
Translation and rotation errors of CoAtNet-0 and CoHAtNet models on the 7-Scenes dataset (classes: ‘‘Chess’’, ‘‘Fire’’, ‘‘Heads’’, ‘‘Office’’).
 Method Chess Fire Heads Office

 CoAtNet-0 (RGB) 11 cm 4.27◦ 12 cm 5.12◦ 14 cm 7.45◦ 10 cm 8.76◦ 
 CoAtNet-0 (RGB-D) 7 cm 1.94◦ 7 cm 2.01◦ 6 cm 3.63◦ 6 cm 3.21◦ 
 CoHAtNet-0 (RGB) 3 cm 0.65◦ 2 cm 0.69◦ 3 cm 1.89◦ 2 cm 0.97◦ 
 CoHAtNet-1(RGB) 3 cm 0.61◦ 2 cm 0.72◦ 2 cm 1.73◦ 2 cm 0.90◦ 
 CoHAtNet-2 (RGB) 3 cm 0.63◦ 2 cm 0.66◦ 2 cm 1.51◦ 2 cm 0.45◦ 
 CoHAtNet-3 (RGB) 2 cm 0.59◦ 2 cm 0.61◦ 2 cm 1.46◦ 2 cm 0.75◦ 
 CoHAtNet-4 (RGB) 2 cm 0.55◦ 2 cm 0.58◦ 2 cm 1.37◦ 1 cm 0.71◦ 
 CoHAtNet-0 (RGB-D) 2 cm 0.60◦ 2 cm 0.59◦ 2 cm 1.64◦ 2 cm 0.81◦ 
 CoHAtNet-1 (RGB-D) 2 cm 0.52◦ 1 cm 0.64◦ 2 cm 1.33◦ 2 cm 0.85◦ 
 CoHAtNet-2 (RGB-D) 2 cm 0.51◦ 1 cm 0.58◦ 2 cm 1.25◦ 2 cm 0.62◦ 
 CoHAtNet-3 (RGB-D) 2 cm 0.52◦ 1 cm 0.53◦ 2 cm 1.19◦ 1 cm 0.60◦ 
 CoHAtNet-4 (RGB-D) 1 cm 0.49◦ 1 cm 0.51◦ 2 cm 1.02◦ 1 cm 0.56◦ 
Table 3
Translation and rotation errors of CoAtNet-0 and CoHAtNet models on the 7-Scenes dataset (classes: ‘‘Pumpkin’’, ‘‘Kitchen’’, ‘‘Stairs’’; and average 
of 7 classes).
 Method Pumpkin Kitchen Stairs Avg

 CoAtNet-0 (RGB) 11 cm 5.77◦ 13 cm 4.71◦ 16 cm 7.17◦ 12 cm 6.17◦ 
 CoAtNet-0 (RGB-D) 8 cm 1.26◦ 7 cm 1.74◦ 12 cm 1.87◦ 7 cm 2.23◦ 
 CoHAtNet-0 (RGB) 4 cm 0.93◦ 2 cm 1.12◦ 4 cm 1.01◦ 3 cm 1.03◦ 
 CoHAtNet-1 (RGB) 3 cm 0.91◦ 2 cm 0.95◦ 3 cm 0.92◦ 2 cm 0.96◦ 
 CoHAtNet-2 (RGB) 3 cm 0.88◦ 2 cm 0.89◦ 2 cm 0.90◦ 2 cm 0.84◦ 
 CoHAtNet-3 (RGB) 2 cm 0.81◦ 2 cm 0.76◦ 2 cm 0.84◦ 2 cm 0.83◦ 
 CoHAtNet-4 (RGB) 1 cm 0.63◦ 2 cm 0.61◦ 2 cm 0.74◦ 2 cm 0.74◦ 
 CoHAtNet-0 (RGB-D) 3 cm 0.81◦ 2 cm 1.0◦ 4 cm 1.1◦ 2 cm 0.93◦ 
 CoHAtNet-1 (RGB-D) 2 cm 0.66◦ 2 cm 0.73◦ 3 cm 0.93◦ 2 cm 0.80◦ 
 CoHAtNet-2 (RGB-D) 2 cm 0.58◦ 1 cm 0.63◦ 2 cm 0.58◦ 2 cm 0.67◦ 
 CoHAtNet-3 (RGB-D) 1 cm 0.50◦ 2 cm 0.51◦ 2 cm 0.52◦ 1 cm 0.62◦ 
 CoHAtNet-4 (RGB-D) 1 cm 0.49◦ 2 cm 0.52◦ 1 cm 0.46◦ 1 cm 0.57◦ 
6 
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Fig. 5. Visualization of camera trajectories on the 7-Scenes dataset: red lines indicate ground-truth trajectories, while blue dots represent trajectories estimated by CoHAtNet.
The results indicate that all configurations of the CoHAtNet model 
perform competitively across all the scenes for both datasets. Particu-
larly, CoHAtNet-4 (RGB-D) achieved the best overall accuracy of trans-
lation and orientation error, with other variants performing closely 
behind. Compared to the original CoAtNet model, CoHAtNet showed 
significantly improved localization performance. In addition, we visu-
alized the ground-truth trajectories alongside the camera trajectories 
predicted by our model on the 7-Scenes dataset. As shown in Fig.  5, 
the red lines correspond to the ground-truth trajectories, whereas the 
blue dots indicate the estimated trajectories. It can be observed that the 
predicted trajectories align well with the ground truth.

To further validate the effectiveness of the proposed CoHAtNet 
model, we compared its performance with several state-of-the-art cam-
era localization methods. The results of these comparisons for the seven 
classes of the 7-Scenes dataset, as well as their average, are summarized 
in Tables  4 and 5. The best translation and orientation result achieved 
by the alternative methods is highlighted in green. In turn, those cases 
in which the proposed CoHAtNet model achieved similar or better 
results than the best alternative method are highlighted in orange. 
These experimental results on 7-Scenes show that CoHAtNet consis-
tently outperforms CNN-based methods, such as PoseNet [12], Bayesian 
PoseNet [13], and LSTM PoseNet [38] across all scenes. Moreover, 
CoHAtNet also demonstrates superior robustness compared to recent 
Transformer-based methods, such as TransPoseNet [39], TransCamP
[40], HyperPose [16], and TransBoNet [41]. The closest competi-
tors are EAAINET [10] and ALNET [11], which are not end-to-end 
neural models (the deep network estimates 3D positions and then a 
Perspective-n-Point solver is applied), and DFNet+NeFeS [42]. How-
ever, it is important to highlight that the authors of DFNet+NeFeS 
stated that they observed imperfections in the ground-truth (GT) poses 
of the 7-Scenes dataset, caused by asynchronous data between the RGB 
and the associated depth sequences. As a result, they retrained their 
model using a different ground-truth generated with COLMAP [30], a 
Structure-from-Motion technique with higher computational costs. To 
ensure a fair comparison, we have also included in Tables  4 and 5 the 
results obtained by the public implementation of DFNet+NeFeS trained 
on the original 7-Scenes GT. We have marked in red the cases where 
there is a significant difference between the results reported in [42] and 
those we obtained with the 7-Scenes GT.
7 
4.2.2. Cambridge Landmarks dataset
The results obtained for the Cambridge Landmarks dataset are 

provided in Table  6. They demonstrate the robustness of CoHAtNet 
for large-scale datasets by only using RGB data. Notice the significant 
advantage of CoHAtNet-0 against the corresponding CoAtNet-0 regard-
ing both translation and orientation errors. The best results are ob-
tained by CoHAtNet-4. In turn, Table  7 shows the comparison between 
CoHAtNet-4 and various state-of-the-art methods. CoHAtNet-4 yields 
the best average performance across all fours scenes, with a translation 
error of 30 cm, and orientation error of 0.57◦. These results are better 
than the closest competitor, DFNet+NeFeS [42]. This highlights the 
robustness and effectiveness of CoHAtNet for outdoor localization tasks, 
even when compared to more complex models. Other state-of-the-art 
methods, such as EFRNet-VL [47] and MS-Transformer [26], also fall 
behind CoHAtNet in terms of performance. For example, EFRNet-VL 
yields a translation error of 1.39 m, and an orientation error of 4.13◦
on average, much higher than CoHAtNet-4. The ability of CoHAtNet to 
maintain low error rates in a variety of scenes further demonstrates its 
reliability and adaptability to diverse environments.

4.2.3. Analysis of attention heatmaps
To gain deeper insights into the CoHAtNet architecture, we visual-

ized and thoroughly analyzed the attention heatmaps generated by its 
final Transformer block. This analysis compares both RGB and RGB-
D versions of CoHAtNet against three state-of-the-art deep networks: 
the original CoAtNet [3], MS-Transformer [26], and ALNet [11]. Both 
ALNet and MS-Transformer exclusively utilize Transformer-based atten-
tion mechanisms without convolutional integration, whereas CoHAtNet 
uniquely leverages hybrid convolutional-attention blocks.

Figs.  6 and 7 illustrate representative attention distributions for 
two distinct scenarios: the indoor ‘‘chess’’ scene from the 7-Scenes 
dataset, and the outdoor ‘‘college’’ view from Cambridge Landmarks, 
respectively.

In the indoor setting (Fig.  6), CoAtNet broadly disperses attention 
across multiple bright, reflective surfaces, such as walls, monitors, 
and desks, leading to a diluted focus on the chessboard, which is the 
primary object of interest. The incorporation of depth slightly reduces 
attention spread but still fails to adequately isolate key geometric 
features. MS-Transformer, which uses pure self-attention, focuses into 
multiple fragmented regions that obscure the coherent global structure 
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Table 4
Evaluation of different methods on the 7-Scenes dataset (classes: ‘‘Chess’’, ‘‘Fire’’, ‘‘Heads’’, ‘‘Office’’) [43–46].

Method Date Chess Fire Heads Office

PoseNet [12] 2015 0.32 m 8.12◦ 0.47 m 14.4◦ 0.29 m 12.0◦ 0.48 m 7.68◦
Bayesian PoseNet [13] 2016 0.37 m 7.24◦ 0.43 m 13.7◦ 0.31 m 12.0◦ 0.48 m 8.04◦
LSTM PoseNet [38] 2017 0.24 m 5.77◦ 0.34 m 11.9◦ 0.21 m 13.7◦ 0.30 m 8.08◦
BranchNet [43] 2017 0.18 m 5.17◦ 0.34 m 8.99◦ 0.20 m 14.15◦ 0.30 m 7.05◦
AtLoc [15] 2019 0.10 m 4.07◦ 0.25 m 11.4◦ 0.16 m 11.8◦ 0.17 m 5.34◦
VMLoc [44] 2021 0.10 m 3.70◦ 0.25 m 10.5◦ 0.15 m 10.8◦ 0.16 m 5.08◦

TransPoseNet [39] 2021 0.08 m 5.68◦ 0.24 m 10.6◦ 0.13 m 12.7◦ 0.17 m 6.34◦
TransCamP [40] 2021 0.08 m 1.97◦ 0.27 m 8.26◦ 0.12 m 9.66◦ 0.12 m 2.37◦
DFNet [45] 2022 0.05 m 1.88◦ 0.17 m 6.45◦ 0.06 m 6.36◦ 0.08 m 2.48◦

EAAINET [10] 2023 0.02 m 0.58◦ 0.02 m 0.70◦ 0.01 m 0.93◦ 0.02 m 0.65◦

HyperPose [16] 2023 0.08 m 6.29◦ 0.22 m 11.2◦ 0.11 m 12.7◦ 0.17 m 7.53◦
TransAPR [46] 2023 0.08 m 3.40◦ 0.21 m 8.41◦ 0.14 m 9.51◦ 0.17 m 5.52◦
TransBoNet [41] 2024 0.11 m 4.48◦ 0.25 m 12.46◦ 0.18 m 14.00◦ 0.20 m 5.08◦

MS-Transformer [26] 2024 0.11 m 5.00◦ 0.24 m 9.45◦ 0.13 m 11.8◦ 0.18 m 5.92◦
EFRNet-VL [47] 2024 0.11 m 3.96◦ 0.26 m 11.11◦ 0.17 m 12.87◦ 0.17 m 5.46◦

DFNet+NeFeS [42] 2024 0.02 m 0.57◦ 0.02 m 0.74◦ 0.02 m 1.28◦ 0.02 m 0.56◦

DFNet+NeFeS [42] 7S-GT 2024 0.01 m 2.94◦ 0.02 m 5.16◦ 0.01 m 6.27◦ 0.02 m 5.26◦

ALNET [11] 2024 0.02 m 0.66◦ 0.02 m 0.81◦ 0.01 m 0.97◦ 0.02 m 0.68◦

CoHAtNet-4 (RGB) Proposed 0.02 m 0.55◦ 0.02 m 0.58◦ 0.02 m 1.37◦ 0.01 m 0.71◦

CoHAtNet-4 (RGB-D) Proposed 0.01 m 0.49◦ 0.01 m 0.51◦ 0.02 m 1.02◦ 0.01 m 0.56◦
Table 5
Evaluation of different methods on the 7-Scenes dataset (classes: ‘‘Pumpkin’’, ‘‘Kitchen’’, ‘‘Stairs’’, and average of 7 classes).

Method Date Pumpkin Kitchen Stairs Avg

PoseNet [12] 2015 0.47 m 8.42◦ 0.59 m 8.64◦ 0.47 m 13.8◦ 0.45 m 9.94◦
Bayesian PoseNet [13] 2016 0.61 m 7.08◦ 0.58 m 7.54◦ 0.48 m 13.1◦ 0.47 m 9.81◦
LSTM PoseNet [38] 2017 0.33 m 7.0◦ 0.37 m 8.83◦ 0.40 m 13.7◦ 0.31 m 9.85◦
BranchNet [43] 2017 0.27 m 5.10◦ 0.33 m 7.40◦ 0.38 m 10.26◦ 0.29 m 8.30◦
AtLoc [15] 2019 0.21 m 4.37◦ 0.23 m 5.42◦ 0.26 m 10.5◦ 0.19 m 7.55◦
VMLoc [44] 2021 0.20 m 4.01◦ 0.21 m 5.01◦ 0.24 m 10.0◦ 0.18 m 7.01◦

TransPoseNet [39] 2021 0.17 m 5.6◦ 0.19 m 6.75◦ 0.30 m 7.02◦ 0.18 m 7.8◦
TransCamP [40] 2021 0.16 m 2.49◦ 0.19 m 2.64◦ 0.28 m 9.01◦ 0.17 m 5.2◦
DFNet [45] 2022 0.10 m 2.78◦ 0.22 m 5.45◦ 0.16 m 3.29◦ 0.12 m 3.71◦

EAAINET [10] 2023 0.03 m 0.92◦ 0.03 m 1.00◦ 0.04 m 1.16◦ 0.03 m 0.84◦
HyperPose [16] 2023 0.16 m 6.66◦ 0.17 m 8.48◦ 0.26 m 10.8◦ 0.16 m 9.09◦
TransAPR [46] 2023 0.18 m 4.07◦ 0.19 m 4.65◦ 0.23 m 8.45◦ 0.17 m 6.29◦
TransBoNet [41] 2024 0.19 m 4.77◦ 0.17 m 5.35◦ 0.30 m 13.04◦ 0.20 m 8.45◦

MS-Transformer [26] 2024 0.19 m 4.62◦ 0.17 m 5.97◦ 0.26 m 7.92◦ 0.18 m 7.24◦
EFRNet-VL [47] 2024 0.20 m 4.48◦ 0.22 m 5.95◦ 0.25 m 10.28◦ 0.20 m 7.73◦

DFNet+NeFeS [42] 2024 0.02 m 0.55◦ 0.02 m 0.57◦ 0.05 m 1.28◦ 0.02 m 0.79◦

DFNet+NeFeS [42] 7S-GT 2024 0.02 m 3.71◦ 0.02 m 5.37◦ 0.02 m 9.32◦ 0.02 m 5.40◦

ALNET [11] 2024 0.03 m 1.01◦ 0.03 m 0.99◦ 0.04 m 0.96◦ 0.03 m 0.87◦

CoHAtNet-4 (RGB) Proposed 0.01 m 0.63◦ 0.02 m 0.61◦ 0.02 m 0.74◦ 0.02 m 0.74◦

CoHAtNet-4 (RGB-D) Proposed 0.01 m 0.49◦ 0.02 m 0.52◦ 0.01 m 0.46◦ 0.01 m 0.57◦
Table 6
Performance of CoHAtNet models on the Cambridge Landmarks dataset (classes: ‘‘King’s college’’, ‘‘Old hospital’’, ‘‘Shop facade’’, ‘‘Church’’, and average of 4 classes).
 Method King’s college Old hospital Shop facade Church Avg

 CoAtNet-0 (RGB) 71 cm 2.84◦ 81 cm 2.25◦ 25 cm 2.88◦ 49 cm 3.86◦ 56 cm 2.95◦ 
 CoHAtNet-0 (RGB) 39 cm 1.12◦ 59 cm 1.17◦ 19 cm 1.48◦ 41 cm 1.53◦ 39 cm 1.32◦ 
 CoHAtNet-1 (RGB) 38 cm 0.93◦ 59 cm 1.02◦ 17 cm 1.17◦ 39 cm 0.99◦ 38 cm 1.02◦ 
 CoHAtNet-2 (RGB) 38 cm 0.67◦ 57 cm 0.73◦ 17 cm 0.91◦ 37 cm 0.72◦ 37 cm 0.75◦ 
 CoHAtNet-3 (RGB) 37 cm 0.63◦ 55 cm 0.70◦ 15 cm 0.88◦ 34 cm 0.62◦ 35 cm 0.70◦ 
 CoHAtNet-4 (RGB) 31 cm 0.48◦ 45 cm 0.67◦ 16 cm 0.43◦ 31 cm 0.70◦ 30 cm 0.57◦ 
of the chessboard, making it difficult to capture spatially coherent 
patterns. Similarly, ALNet disproportionately converges attention onto 
irrelevant objects like the monitor bezel, neglecting critical spatial 
context. Conversely, CoHAtNet effectively consolidates attention into 
a singular, cohesive region precisely bounded by the chessboard and 
adjacent informative features. The integration of depth further sharp-
ens the attention map, closely adhering to the accurate contours of 
chess pieces and board edges. This precision reflects the efficacy of 
the depth-gated Value branch in suppressing planar and peripheral 
clutter, thereby amplifying attention towards genuine 3-D geometric 
boundaries.
8 
In the outdoor scenario (Fig.  7), baseline models exhibit distinct 
but suboptimal attention behaviors. CoAtNet oscillates its focus er-
ratically between non-informative sky regions and foreground foliage, 
substantially neglecting architecturally significant facade structures. 
MS-Transformer, while identifying key features such as rooflines, pro-
duces fragmented, disconnected streaks of attention, impairing spatial 
continuity. ALNet, on the other hand, narrowly targets isolated promi-
nent structures like the tower spire, disregarding horizontally extensive 
structures such as the cornice line, which is crucial for vertical pose 
determination. In sharp contrast, CoHAtNet evenly distributes its at-
tention across multiple critical landmarks including the tower, roof 
edges, and the shadow-boundary on the ground plane. Importantly, it 
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Table 7
Evaluation of different methods on the Cambridge Landmarks dataset (‘‘college’’, ‘‘hospital’’, ‘‘shop’’, ‘‘church’’, and average of all
classes) [48,49].

Method Date college hospital shop church Avg

PoseNet [12] 2015 1.92 m 5.40◦ 2.31 m 5.38◦ 1.46 m 8.08◦ 2.65 m 8.48◦ 2.08 m 6.83◦
Bayesian PoseNet [13] 2016 1.74 m 4.06◦ 2.57 m 5.14◦ 1.25 m 7.54◦ 2.11 m 8.38◦ 1.91 m 6.28◦
LSTM PoseNet [38] 2017 0.99 m 3.65◦ 1.51 m 4.29◦ 1.18 m 7.44◦ 1.52 m 6.68◦ 1.30 m 5.57◦
DeepDSAIR [48] 2019 0.86 m 1.11◦ 1.64 m 2.47◦ 1.01 m 4.14◦ 1.80 m 6.25◦ 1.32 m 3.49◦
TransPoseNet [39] 2021 0.60 m 2.43◦ 1.45 m 3.08◦ 0.55 m 3.49◦ 1.09 m 4.99◦ 0.92 m 3.49◦
TransCamP [40] 2021 0.42 m 0.36◦ 1.01 m 1.83◦ 0.24 m 1.56◦ 1.55 m 2.56◦ 0.81 m 1.58◦
CoordiNet [49] 2021 0.70 m 0.92◦ 0.97 m 2.08◦ 0.69 m 3.74◦ 1.32 m 3.56◦ 0.92 m 2.58◦
DFNet [45] 2022 0.73 m 2.37◦ 2.0 m 2.98◦ 0.67 m 2.21◦ 1.37 m 4.03◦ 1.19 m 2.09◦

HyperPose [16] 2023 0.56 m 2.40◦ 1.41 m 2.91◦ 0.54 m 3.37◦ 0.98 m 4.86◦ 0.87 m 3.43◦
TransAPR [46] 2023 0.59 m 0.86◦ 1.42 m 2.29◦ 0.54 m 2.18◦ 1.21 m 3.16◦ 0.15 m 6.71◦

MS-Transformer [26] 2024 0.80 m 2.86◦ 1.84 m 3.82◦ 0.80 m 3.66◦ 1.17 m 4.10◦ 1.15 m 3.41◦
EFRNet-VL [47] 2024 1.25 m 3.05◦ 2.49 m 3.55◦ 1.19 m 4.54◦ 1.02 m 5.38◦ 1.39 m 4.13◦

DFNet+NeFeS [42] 2024 0.37 m 0.54◦ 0.52 m 0.88◦ 0.15 m 0.53◦ 0.37 m 1.14◦ 0.35 m 0.77◦

CoHAtNet-4 (RGB) Proposed 0.31 m 0.48◦ 0.45 m 0.67◦ 0.16 m 0.43◦ 0.31 m 0.70◦ 0.30 m 0.57◦
Fig. 6. Attention heatmaps for the ‘‘chess’’ scene (7-Scenes). CoHAtNet (RGB/RGB-D) isolates the chessboard and informative pieces, whereas CoAtNet [3], MS-Transformer [26], 
and ALNet [11] leave substantial activation on background surfaces.
Fig. 7. Attention heatmaps for the ‘‘college’’ scene (Cambridge Landmarks). CoHAtNet (RGB) distributes attention coherently over the tower, roof cornice, and ground plane, while 
the baselines either fragment the map or focus on a single landmark.
avoids ‘‘sky-collapse’’, a common deficiency among purely attention-
based models, demonstrating robust handling of contextual information 
and yielding lower pose estimation errors for expansive scenes.

Overall, these detailed observations elucidate the reasons behind 
CoHAtNet’s superior localization accuracy compared to state-of-the-art 
alternatives. While CoHAtNet demonstrates robust performance, par-
ticularly in RGB-D settings, attention modulation efficacy can degrade 
when depth maps are compromised by noise or low resolution, notably 
in environments featuring reflective or transparent surfaces. Addition-
ally, deeper model variants, such as CoHAtNet-4, consistently outper-
form shallower models, albeit at increased computational costs. These 
deeper configurations may thus face deployment challenges in scenar-
ios demanding real-time inference or those with strict computational 
constraints.
9 
4.2.4. Parameter sensitivity
To verify that CoHAtNet does not depend on brittle hyper-parameter 

tuning, we carried out a targeted sensitivity study on the Chess scene 
of 7-Scenes with the mid-capacity CoHAtNet-3 backbone. We varied 
one hyper-parameter at a time while keeping all others at their default 
values, and report the mean localization error averaged over three 
random seeds.

Table  8 examines three influential knobs — the MBConv expansion 
ratio 𝑟, the depth-wise kernel size 𝑘, and the base learning rate 𝜂 — 
using the RGB-D variant of CoHAtNet-3. Across every perturbation, 
translation error fluctuates by at most 0.005m and rotation error by 
at most 0.05◦ relative to the baseline, evidencing a broad performance 
plateau. Notably, halving the expansion ratio (𝑟 = 2), enlarging the 
kernel up to 9×9, or varying the learning rate between 0.5×  and 5×  its 
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Table 8
Sensitivity of CoHAtNet-3 (RGB-D) to selected hyper-parameters on the Chess scene. Each cell lists mean translation and rotation error (m/◦); default settings are bold.
 Symbol Hyper-parameter Default Test 1 Test 2 Test 3  
 𝑟 MBConv expansion ratio 4 2: 0.022 m   0.55◦ 6: 0.021 m   0.54◦ 8: 0.024 m   0.56◦  
 𝑘 Depth-wise kernel size 3 5: 0.021 m   0.54◦ 7: 0.023 m   0.55◦ 9: 0.025 m   0.57◦  
 𝜂 Learning rate (Adam) 1 × 10−4 5 × 10−5: 0.021 m   0.53◦ 2 × 10−4: 0.022 m   0.60◦ 5 × 10−4: 0.025 m   0.57◦ 
default value hardly affects accuracy. These results demonstrate that 
the proposed hybrid architecture delivers practical robustness without 
the need for delicate hyper-parameter tuning.

5. Conclusions

We have introduced CoHAtNet, a novel hybrid neural architecture 
that integrates convolutional and self-attention mechanisms within a 
unified block structure. This design allows the network to concurrently 
model fine-grained spatial features and long-range semantic dependen-
cies, effectively bridging the limitations of traditional CNNs and pure 
Transformer-based models in visual localization tasks.

We applied CoHAtNet as a fully end-to-end neural solution to the 
camera localization problem, and evaluated its performance on two 
benchmark datasets: the indoor 7-Scenes (RGB-D) and the large-scale 
outdoor Cambridge Landmarks (RGB). The model was tested using both 
RGB and RGB-D modalities. In both cases, CoHAtNet significantly out-
performed existing CNN-based and Transformer-based approaches in 
terms of translation and rotation accuracy. Notably, the RGB-D version 
consistently achieved the best results by jointly leveraging appearance 
and depth cues through early fusion. The hybrid self-attention mech-
anism, which combines MBConv-derived local spatial representations 
with global Transformer-based semantics, proved critical for improving 
robustness across cluttered, textureless, or repetitive environments.

Beyond academic benchmarks, CoHAtNet shows strong potential for 
real-time deployment in a wide range of practical scenarios. Its ability 
to produce precise and reliable pose estimations makes it suitable for 
applications such as AR, autonomous robotics, mobile visual SLAM, and 
wearable navigation systems, especially in GPS-denied environments 
or complex indoor scenes. These applications can benefit from both 
RGB-only and RGB-D configurations of CoHAtNet, depending on the 
hardware and environmental constraints.

Although CoHAtNet demonstrates excellent performance, further 
improvements are possible. Future work will focus on optimizing 
deeper CoHAtNet variants for real-time applications through efficient 
attention mechanisms, model compression techniques, and lightweight 
architectural modifications suitable for edge devices. In addition, we 
plan to extend the model’s capabilities to handle dynamic or multi-
scene environments, and to generalize it towards related tasks, such 
as visual odometry, multi-view pose estimation, and full SLAM inte-
gration. Enhancing training efficiency through self-supervised learning, 
incorporating additional modalities such as inertial or LiDAR data, and 
improving resilience to sensor noise or occlusion are also key directions 
that could broaden CoHAtNet’s applicability in real-world deployments.
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