l‘)

Check for
updates

MCAPR: Multi-modality Cross Attention
for Camera Absolute Pose Regression

Qiqi Shu, Zhaoliang luan, Stefan Poslad, Marie-Luce Bourguet,
and Meng Xu®™

Queen Mary University of London, London E1 4NS, UK
meng.xu@gmul.ac.uk

Abstract. Absolute camera pose regression typically estimates the posi-
tion and orientation of a camera solely based on the captured image,
trained with a convolutional backbone with multilayer perceptron heads
for a single reference scene only. Recently, leading pose regression results
have been achieved on multiple datasets by extending this approach to
learn multiple scenes by leveraging data from different modalities, espe-
cially by fusing RGB and point cloud data. In this work, we propose
to use cross-attention Transformers to learn multi-scene absolute cam-
era pose regression, where cross-attention modules are used to aggre-
gate activation maps with self-attention from different data modalities
and convert latent features and scene index into candidate pose predic-
tions. This mechanism allows our model to focus more on the general
localization features. We evaluate our approach on the popular indoor
benchmark dataset 7-scenes and compare it against both state-of-the-art
(SOTA) single-scene and multiple absolute pose regression models. Our
main result is the rotation accuracy is improved using our method more
than slightly improved position accuracy compared to existing multi-
scene methods.
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1 Introduction

There are key indoor vision-based applications such as automating care and
health of an increasing elderly, physically less-able population at home. Com-
puter vision here needs to handle multiple rather than single views of the same
scene, e.g., because objects may be placed in different locations and orientations
after and when they are used by humans. For these, determining the position
and orientation of the camera using multimodal sensors is critical. Current cam-
era localization techniques involve various precision, runtime, and memory usage
trade-offs. The most accurate visual localization method [15,20] involves hier-
archical localization pipelines that generally employ a coarse-to-fine processing
stream. In general, to estimate the camera’s six degrees of freedom (6DoF) accu-
rately, it is necessary to map the 2D-2D correspondences to 2D-3D, the pose
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of the camera is then determined via the perspective n-point (PnP) algorithm
and Random Sample Consensus (RANSAC). Other approaches based on visual
absolute pose regressors (APRs) have been proposed, which can estimate cam-
era pose with only the query image through a single forward pass, significantly
reducing latency, albeit with significantly lower accuracy. Furthermore, because
of its small memory footprint, APRs can be deployed as stand-alone applica-
tions on edge devices with limited computing resources. [23] gives an exhaustive
survey of visual camera pose estimation.

Blanton et al. [9] proposed a method that extends APR from a single scene
to multiple scenes. This method is similar to existing APRs that utilize a CNN
backbone to generate the image’s global latent descriptor. This approach trains
a set of fully connected layers (FC), one for each scene, indexed by the predicted
scene identifier. While providing a new generic framework that can optimize
a single model for multi-scenes, this method falls short in matching the pre-
cision of SOTA APRs. Shavit et al. [17] proposed a new multi-scene absolute
pose regression formula named MS-tran based on the recent successful appli-
cations of self-attention transformer in computer vision tasks such as image
recognition [5] and object detection [17]. MS-tran showed the effectiveness of
encoder self-attention in aggregating informative latent features for a specific
task. Furthermore, this method was shown to generate multiple predictions that
can correspond to independent queries based on the self-attention mechanism.
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Fig. 1. Overview of the multi-modality cross attention model architecture.

In this work, drawing inspiration from the work of MS-tran, we apply the trans-
former module to the task of multi-scene absolute pose regression. Specifically, we
fuse visual and depth information and transform the encoded scene index into a
latent pose representation, as illustrated in Fig. 1. Our approach differs from gen-
eral APR methods which learn using a single global image encoding to estimate
the camera’s 6DoF pose [21]. Instead, we propose a multi-modality sensor fusion
approach based on cross-attention, as the data varies greatly from different modal-
ities, therefore, we utilize two separate extractors for RGB and depth feature
extraction. As camera pose estimation involves two distinct sub-tasks (position
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and orientation estimation). We use two separate cross-attention transformer
modules, each dedicated to one of the sub-tasks. The outputs of the transformer
are used for scene classification and selecting embedding respectively, then we
regress the position and orientation feature vector. By providing an adaptive anal-
ysis of the point cloud and image feature, the proposed architecture based on dual
sensor fusion and a cross-attention mechanism aims for a robust and accurate
model when applied to a contemporary indoor scenes benchmark.
In summary, our main contributions are as follows:

— We propose a novel architecture for fusing multi-modality data from different
sensors and performing multi-scene APR using cross-attention transformers.

— We demonstrate through experimentation that self-attention and cross-
attention can aggregate position and rotation image features.

— The rotation accuracy is improved using our method more than slightly
improved position accuracy compared to existing both single and multi-scene
APR methods.

2 Related Work

2.1 Image Pose Retrieval

3D or Structure-Based Localization methods are recognized to have the
best precision. Hierarchical pose estimation pipelines have introduced a two-
stage approach to this process. Firstly, a CNN trained for image retrieval (IR) is
used to encode each query image, and then 2D image features are matched with
3D coordinates to estimate the camera pose using PnP-RANSAC. The obtained
matches are subsequently utilized to estimate camera pose. DSAC++ [2] and
DSAC [3], leverage CNN architectures to estimate 3D coordinates from 2D posi-
tions directly from the image, requiring only one image during querying. Like
absolute pose regression methods, in order to achieve state-of-the-art accuracy,
it is necessary to train a distinct model for each scene.

Relative Pose Regression (RPR). Algorithms based on RPR estimate the
relative pose of an input query image and a group of reference images by utiliz-
ing known positions. The process of calculating relative pose entails estimating
the relative position and orientation between the reference images and the query
image [1,10]. The closest neighbouring set of images is determined using image
retrieval (IR) methods, and the relative translation and rotation between the
query image and each retrieved image is estimated. The estimated relative pose
and known position of the reference images are utilized to determine the absolute
pose. Similar to 3-D and structure-based localization techniques, the RPR algo-
rithm is a multi-step process that necessitates access to a database of annotated
images during querying.

Absolute Pose Regression (APR). PoseNet by Kendall et al. [9] is the
first APR method that uses a convolutional neural network backbone and
multi-layer perceptron head to regress the camera’s position and orientation.
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This method is simple and can run in 5ms. Subsequently, several APR methods
have achieved good results by modifying PoseNet’s backbone and MLP archi-
tecture [11,12,16,20-22], as well as alternative loss functions and optimization
strategies [15]. However, since indoor environments exhibit dynamic scenes char-
acterized by different lighting conditions and viewpoints, relying solely on visual
information from RGB cameras may limit the network’s adaptability and reduce
the accuracy.

2.2 Transformer

Initially developed for machine translation, the Transformer architecture has
emerged as the SOTA approach in natural language processing. More recently,
there have been efforts to introduce Transformer-like networks to various com-
puter vision tasks, including object detection, image recognition, segmentation,
and visual question answering (VQA) [18,19,24] . The Vision Transformer (ViT)
[5] directly inputs image patches into a Transformer used for image classification,
eliminating the need for any convolutional operations. Our work builds upon
these studies, demonstrating the effectiveness of Transformers module in fusing
multi-modality information for precise pose estimation. Specifically, to the best
of our knowledge, we are the first to propose a multi-modality cross-attention
Transformer that adjusts the weights of the multi-heads attention based on the
input image and point cloud.

3 Method

Generating stronger representations by matching point clouds and images has
been a long-standing challenge due to the inherent differences in features between
RGB images and point clouds. In this research, a novel multi-modality cross-
attention network is proposed that models both intra- and inter-modal relation-
ships between image regions and point cloud data in a single deep model, allow-
ing for image-point cloud matching and information fusion. To ensure robust
cross-modality matching and fusing, two effective attention modules, namely
self-attention and cross-attention modules, are designed, each of which plays a
critical role in modelling the intra- and inter-modal relationships.
Self-attention and cross-attention modules are illustrated in the green solid
line block and the black dashed line block in Fig. 2, respectively. Given a pair of
RGB and depth images, we first extract image features by using the Resnet-50
model, and simultaneously use a pre-trained Point-net to extract point cloud fea-
tures, while the point cloud was generated by depth image with intrinsic param-
eters. Based on these granular representations of image and point clouds, we
model the intra-modal relationships using the self-attention module and model
the intra-modal relationships between image and point clouds using the cross-
attention module. To handle multiple different scenes, we also apply separate
position and orientation transformers modules to encode the localization param-
eters for each scene. The architecture is based on the DETR method [4] with
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Fig. 2. Multi-modal cross-attention mechanism for absolute pose regression in multi-
ple scenes. The proposed approach consists of two separate cross-attention transformer
modules, each of which processes information from RGB and depth modalities, respec-
tively, and outputs features for position and orientation. Afterwards, the scene encoding
is integrated with the features from both modalities and softmax processing is applied
to obtain a single scene index. Finally, the index and the encoded features are used to
regress the position x and orientation q, respectively.

MS-tran [17]. The cross-attention Transformer architecture allows for learning
multiple scenes simultaneously while attending to local information in the image
and point cloud content. To obtain accurate camera poses, we classify scenes by
concatenating {X;}7* and {Q;}§', then the index of the final detected scene
X;,Q; is obtained by Soft-Max process. Finally, the final predicted = and g are
obtained by separately encoding the indexed X and @ using MLP. It is worth
mentioning that in the training phase, we use hard negative mining to construct
the triplet loss to optimize the parameters of the model.

3.1 Overall Architecture

Our model architecture is illustrated in Fig.2. Given a pair of RGB images
and a depth map as inputs, we first convert the depth map into a corre-
sponding point cloud by calculating the camera intrinsic and extrinsic matri-
ces. In the feature extraction module, we employ a ResNet model to extract
features F, € RP»*HaxWa of salient regions I, € R3*H*W in the images.
Meanwhile, we use PointNet as the point cloud feature encoder to obtain point
cloud features F, € RP»*HaxWa from point cloud P; € R3*Yi. We denote
¢ (F,) € RPm>xHXWe and ¢ (F,) € RPm*HaxWa a5 the feature maps extracted
from RGB and point cloud. After that, we use a 1 x 1 convolution to compress
the number of channels of ¢ (F}.), ¢ (F,) from 1024 to D,,, = 512. The two fea-
tures are then further aggregated using the CAT module, which incorporates a
cross-attention mechanism, as defined in the following formula::

(Fi, Fy) = CAT (¢ (Fy) , ¢ (Fp)) , (1)
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where F, and Fj represent the output embedding from the position trans-
former and orientation transformer.

Then, we independently feed the image region and point cloud feature region
into different cross-attention Transformer units to model the intra-modality rela-
tionships. Subsequently, the global representation can be obtained by aggregat-
ing these fragment features. To perform index-based classification, the F fea-
tures and the Fj features are first subjected to global average pooling (GAP)
before being concatenated and used as input to the classifier ¢.. The classifica-
tion results P(scene;),i =1,2,...,n can be formulated as:

P (scene;) = @ (Concat (GAP (¢ (Fi,p:)))) (2)

Subsequently, the output vectors corresponding to the highest probability at the
scene index are selected. These output vectors, represented as (X;, Q;), are then
fed into their respective MLP heads with one hidden layer and Gaussian Error
Linear Unit (GELU) non-linearity to perform regression on the target vectors,
namely x or q.

3.2 Cross-Attention and Self-attention

The self-attention mechanism is a process that involves mapping a set of key-
value pairs and a query to produce an output. The output is calculated as the
weighted sum of the values, where the weight matrix is determined based on the
query and its corresponding key. The multi-head self-attention is accomplished
by applying different learnable linear projections to the query (@), key (K), and
value (V) h times.

Specifically, given a set of sequences{F;}}, we first compute the input Qp,
Kp, and Vg, respectively. Then, the weight matrix can be obtained through
“Scaled Dot-Product Attention”. The weighted sum of the values is then com-
puted as follows:

T
Attention (Qp, Kr, Vp) = softmax (Q\I;%F> Vg (3)

The Head is then calculated by the following equation:
head ; = Attention (FW?, FWX FWY ) , (4)

Afterwards, the values of all the heads are computed and concatenated
together as follow:

MultiHead (F) = concat ( head 1,..., head ;) W9, (5)

After the MHA operation, there is a Feed-forward Network (FFN) module com-
posed of two linear transformation layer with ReLLU activation, defined as:

FFN(z) = max (0,xW; + b;) W, + b; (6)
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where W;, W;and b;, bjare the weight matrices and basis vectors respectively. In
order to fuse the image feature and point cloud feature, in one stream of CAT,
we let Q = Fyand K =V = F}, in equation (3), and obtain the aggregated target
feature. This procedure can be summarized as:

F, = Norm (F; + P, + MultiHead (F; + Py, F, + P,, F})) (7)

Y, = Norm (E + FFN (ﬁt)) (8)

where P, P, are the spatial position encodings corresponding to F't and Flq,
respectively. In another stream, we set Q = F'q andK = V = F't and generate
Y,, then aggregate the query feature. The entire computation described above
represents one layer of the proposed cross-attention Transformer. The output of
one layer serves as the input of the next layer in the network.

3.3 Multi-scene Camera Pose Loss

The pose estimation error is calculated by comparing the ground truth pose
Dgt = (Zgt,qqt), where z € R3 denotes the position and ¢ € R* encodes its
direction as a quaternion, with the predicted pose p =< z,q >. The position
error and orientation error denoted as L, and L, are computed as the Euclidean
distance between the predicted value and ground truth. We train our model to
minimize both L, and L,

L, = ||th - X||2

9)

Ly = HQ

gt — q‘
0 ldll

We referred to the method of [8] to balance the various loss functions defined
for individual objectives using different weighting schemes. The loss equation is
as follows.

L,=L,exp(—a)+a+ Lyexp (—0) + 5, (10)

where a, 0 are the learned parameters. To further improve the performance of
the model, we incorporated a negative log-likelihood (NLL) loss term based
on the ground truth scene index sg,. Like the loss function in [17], this loss
term is calculated using the estimated pose p and the predicted log probability
distribution s of the scene. The overall loss function is:

Lmulti—scene = Lp +NLL (57 Sgt) (11)

3.4 Implementation Details

The implementation of our model uses PyTorch [13]. As an encoder for RGB
images, we use a pre-trained e-ResNet-50 [7], which decreases the size of the
feature maps and increases the number of feature channels. And we have also
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used Point-Net [14] as a point cloud encoder to extract sufficient geometry infor-
mation. We denote Fi.4 and Fj,. as RGB and point cloud feature input:F.q, €
R3*HaxWa and F,, € R3>*Ha*Wa We set C' = 512 for the input dimension of the
components of the cross-attention transformer. All cross-attention transformers
consist of 5 layers with GELU non-linearity. For each layer, we use 4 MHA heads
and a 2-layer MLP with a hidden dimension of 256. Then we regress the position
and orientation vectors from the latter two MLP heads in the dimension of 1024
with only one hidden layer.

4 Experiments and Results

4.1 Dataset

Our method is evaluated on the 7Scenes datasets [6], which are commonly used
for the evaluation of indoor pose regression methods. The 7Scenes dataset con-
sists of seven small-scale scenes of indoor office environments.

4.2 Training Details

To minimize the loss function in Eq. 11, we optimize our model using the Adam
optimization algorithm with the following hyperparameters: a = 0.3, § = 0.9.
The batch size is 4, and the learning rate is set to A = 1075. We reduced the
learning rate by %25 every 150 epochs, with a maximum of 900 epochs. The
output of the decoder is selected during training using the ground-truth scene
index, whereas the estimated scene index is used only for NLL loss evaluation.
The scene index is unknown during the inference process, and we rely on the
model’s prediction by choosing the index with the highest (log) likelihood. All
of the experiments reported were carried out on a 40Gb Nvidia-A100.

Table 1. Comparison to state-of-the-art methods: 7-Scenes. We take the median errors
of position and orientation for each method.

Method Chess Fire Heads Office Pumpkin | Kitchen | stairs

MSPN([3] 0.09/4.76 | 0.29/10.5|0.16/13.1 |0.16/6.8 |0.19/5.5 |0.21/6.61|0.31/11.63
MS-tran 0.11/4.66 | 0.24/9.6 |0.14/12.19 |0.17/5.66 | 0.18/4.44 | 0.17/5.94 | 0.26/8.45
MCAPR(ours) | 0.10/4.55 | 0.22/8.4 |0.14/11.6 |0.15/5.7 |0.17/4.5 |0.16/5.880.23/8.03




442 Q. Shu et al.

Table 2. Current APR results for the 7Scenes dataset. We take the average median
errors of position and orientation of each method.

MethodAverage position  Orientation

[meters]  [degrees]

Single-sceneAPRs

PoseNet 0.44 10.4
BayesianPN 0.47 9.81
LSTM-PN 0.31 9.86
GPoseNet 0.31 9.95
PoseNet-Learnable 0.24 7.87
GeoPoseNet 0.23 8.12
MapNet 0.21 7.78
IRPNet 0.23 8.49
AttLoc 0.20 7.56
Multi-sceneAPRs

MSPN 0.20 8.41
MS-tran 0.18 7.28
MCAPR(Ours) 0.16 7.03

4.3 Comparison with Other APRs

Our approach aims to provide a multi-modality APR paradigm that improves
upon the accuracy achieved by existing APR methods. Therefore, we compare
our method against MSPN and MS-tran, which are the only 2 multi-scene APR,
method we are aware of, as well as leading single-scene APR methods. Table 1
shows the results obtained by our approach (MCAPR) and MS-tran, as well as
MSPN, on the 7Scenes dataset. It is shown that our method(MCAPR) outper-
forms MSPN and MS-tran in the 7Scenes dataset mostly, reducing both position
and orientation errors. We further compare our results with other single-scene
APR solutions. Table 2 shows the performance of different APRs, MSPN, MS-
tran, and our method . We report the average position and orientation errors
of all scenes. It’s clear that our method achieves the smallest position and ori-
entation errors. In the scene index classification part, our model achieves 97.5%
mean cross-scene prediction accuracy, which is crucial for latter pose regression.

4.4 Ablation Study

In this section, we mainly explore the effect of different data modalities and
the Cross-Attention Transformer (CAT) module with different hyper-parameters
since this module is the core component of our model.
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Table 3. Ablation study of different CAT layers. We take the median errors of position
and orientation.

Layers | position Orientation
[meters| [degrees]

3 0.19 7.41

4 0.15 7.33

5 0.16 7.03

6 0.18 8.36

Table 4. Ablation study of different Transformer Dimensions. We take the median
errors of position and orientation.

Transformer Dimensions | position Orientation
[meters] [degrees]
64 0.17 8.02
128 0.17 7.76
256 0.16 7.43
512 0.16 7.03

Transformer Architecture. We investigate the performance of a Cross-
Attention Transformer with different feature dimensions and numbers of layers.
As illustrated in Table 3, we test the results of the CAT module with 3 to 6
layers. The CAT that contains 4 layers achieves the best performance on posi-
tion error, while on orientation the best result is obtained with 5 layers. It can
be seen that only increasing the number of layers does not always improve per-
formance, which may cause overfitting in the orientation perception. It should
be noted that even using only 3 layers, our model still has better performance
than many other proposed methods. In the remaining experiments, the number
of CAT layers is set to 5 as we found it has the best accuracy. We also found
that the performance of the model improves with the Transformer dimension,
suggesting that larger models may achieve further improvement in localization
accuracy (Table 4). In conclusion, regardless of the number of layers and feature
dim, our model maintains SOTA position and orientation accuracy compared to
other APR solutions (Table 2).

Table 5. Ablation study of different modality. We take the median errors of position
and orientation.

modality position Orientation
[meters] [degrees]

RGB 0.18 7.9

Point cloud 0.35 14.33

RGB with Point cloud | 0.16 7.03
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Different Modality. Table3 shows the result with different data modalities.
We investigate the performance of this cross-attention module with different
data modalities. More specifically, we trained and tested our model with multi-
modality(image and point cloud), image only(point cloud was filled with zero),
and point cloud only(image was filled with zero) in the same network architec-
ture. The result shows that using only point cloud is not sufficient for the cam-
era pose location task, and only using the RGB information can also outperform
many other solutions in Table 5. But above all, fusing RGB and point cloud data
together through a cross-attention transformer achieves the best performance.

5 Conclusion

Unlike general methods relying solely on RGB image data for absolute scene
pose estimation, this work proposes a novel multi-modal approach using cross-
attention transformers for multi-scene absolute pose regression. By encoding
both RGB and point cloud data and inputting them into separate transformer
cross-attention modules, position and orientation information are obtained. This
approach allows for the utilization of multi-modal information and aggregation
of non-scene-specific features. Our method achieve state-of-the-art localization
accuracy in both single-scene and multi-scene absolute regression methods on
indoor datasets.
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