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Camera pose estimation based on hybrid frequency domain and Transformer
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Abstract:To address the challenges of camera pose estimation and mobile robot localization, a camera pose estimation method is
proposed based on a hybrid frequency domain Transformer to predict the position and orientation of a camera from RGB images. Firstly,
a camera pose estimation dataset, Rotlndoor, is constructed based on indoor scenes, with each sample containing an RGB image of the
scene and the ground truth camera poses obtained from a VICON system. Secondly, a pose regression network model, CamPose, is
introduced, which effectively integrates spatial and frequency domain information to enhance the representation capability of image
features, ultimately achieving higher accuracy in camera pose estimation. Specifically, CamPose incorporates a feature enhancement
module based on differential convolution networks to capture fine-grained features within the images. Additionally, a frequency domain
encoding layer is designed that applies Fourier transformation to extract frequency characteristics while integrating a frequency domain
attention module, enabling the model to sensitively perceive the importance of different frequency components. Finally, experiments are
implemented on the public datasets 7Scenes and RotIndoor. The experimental results show that the pose estimation error on the 7Scenes
dataset is reduced to 0. 17 m/7. 85°, and the positioning accuracy on Rotlndoor is improved by 23% compared to other methods.
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Fig. 1  Architecture of the proposed method
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Fig.2  Acquisition scene of Rotlndoor dataset
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Fig.4 Structure of frequency domain coding layer
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Table 2 Comparison of methods on the 7Scenes dataset (m/°)
Z:7% 3Lk UIR7S I BRG AR kI NFEH INATE EIN J&t b v Py

[7] PoseNet 0.32/8.12  0.47/14.40 0.29/12.00 0.48/7.68 0.47/8.42 0.59/8.64  0.47/13.80 0.45/9.94
[12] PN-Learnable 0. 14/4. 50 0.27/11.80  0.18/12. 10 0.20/5.77 0.25/4.82 0.24/5.52 0.37/10.60 0.24/7.87
[9] LSTM-PN 0.24/5.77 0.34/11.90 0.21/13.70 0.30/8.08 0.33/7.00 0.37/8.83 0.40/13.70  0.31/9.85
[11] BayesianPN 0.37/7.24  0.43/13.70 0.31/12.00 0.48/8.04 0.61/7.08 0.58/7.54  0.48/13.10 0.47/9. 81
[10] GPoseNet 0.20/7.11 0.38/12.30 0.21/13.80 0.28/8. 83 0.37/6.94 0.35/8.15 0.37/12.50  0.31/9.95
[21] MLFBPPose 0.12/5.82 0.26/12.00 0.14/13.54 0. 18/824 0.21/7.05 0.22/8. 14 0.38/10.26  0.22/9.29
[22] ViPR 0.22/7.89  0.38/12.74 0.21/16. 41 0.35/9.59 0.37/8.45 0.40/9.32  0.31/12.65 0.32/11.01
[8] IRPNet 0.13/5. 64 0.25/9.670  0.15/13.10 0.24/6.33 0.22/5.78 0.30/7.29 0.34/11.60 0.23/8.49
[16] TransBoNet 0.11/4.48 0.25/12.46  0.18/14.00 0.20/5.08 0.19/4.77 0.17/5.35 0.30/13.04 0.20/8.45
[15] MSPN 0.09/4.76  0.29/10.50 0.16/13.10  0.16/6.80 0.19/5.50 0.21/6. 61 0.31/11.60 0.20/7.56
AL 0.10/5.78 0.25/10.12  0.12/11.17 0.16/6.37 0.18/5. 81 0. 16/6. 85 0.24/8.90 0.17/7.85
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Table 3 Comparison of methods on the RotIndoor dataset (m/°)

EZPUN Tk P11 Fr1 2 FrPo 3 751 4 791 5 52719 -1
[7] PoseNet 0.102/5. 34 0.121/5. 44 0.133/5.63 0.110/5.53 0.103/5. 44 0.121/5. 41 0.115/5.47
[14] MS-Trans 0.039/3. 14 0.048/3. 38 0. 050/3. 56 0.037/3. 19 0.036/3. 68 0.042/3.13 0.042/3.35
PUICEL 0.029/2.79 0.040/3. 18 0.043/3. 81 0.033/3. 46 0.027/3.12 0.033/3.23 0.034/3. 26
FRH7 0.029/2. 10 0.038/2.20 0.041/2.29 0.028/1.97 0.024/2. 14 0.031/1. 82 0.032/2.09
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Table 4 Comparing the performance of different model
architectures on the RotIndoor dataset (m/°)

HRILE T
MS-Trans 0.063/3. 74
BT [+ 2 A 55+ [ T 5 e 0.053/3. 58
BT 5+ I R+ 4 L 28+ ] R 0.046/3. 12
BT R+ R 5 + TR O A 5+ 0.032/2. 09

B A (AR 30)




186 %A R F¥ M Fa5%

AP AHBLEE AAHLEZE
300 gt_pose —est_pose 300 gt_pose —est_pose 300 gt_pose —est_pose
250 250 250
200 200 200
5150 5150 g 1%0
>~ 100 = =100
100 50
50 50 0
0 0 -50
0 100 200 300 400 500 0 100 200 300 400 500 -100 0 100 200 300 400 500
X/em X/em Xlem
501 512 513
AP ARPLEZE AP
gt_pose —est_pose gt_pose —est_pose 300 gt pose —est pose
2500 =% 250 _ _
250
200
200 200
g 150 g 150 5150
2 2 =
> 100 = 100 100
50 50 50
o TS 0 0
50 100 150 200 250 300 0 50 100 150 200 250 300 50 100 150 200 250 300
X/em X/em X/em
54 515 F5l6

& 5 RotIndoor 5355 FE 5k

Fig. 5 Sequence trajectory visualizations from the RotIndoor dataset
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Table 5 Comparing the performance of different s, and s, on the RotIndoor dataset (m/°)
ZHE 75 1 751 2 751 3 Jr31 4 751 5 751 6 F
sy ==2.0,5, = 2.0 0.028/2. 50 0.038/2. 62 0.038/3. 07 0.038/3.07 0.025/2.92 0.032/2. 81 0.032/2. 83
sy ==3.0,5, = 0.0 0.032/2.73 0.042/3. 17 0.042/3. 45 0.031/3. 11 0.027/3. 24 0.035/3. 10 0.035/3.13
sy =—4.0,5, =0.0 0.031/2. 34 0.040/2.70 0.043/2.76 0.031/2.53 0.027/2.76 0.032/2.73 0.034/2. 64

sy ==5.0,5, = 1.0 0.029/2. 10 0.038/2.20 0.041/2.29 0.028/1.97 0.024/2. 14 0.031/1. 82 0. 032/2. 09
sy == 6.0,5, = 1.0 0.029/2. 54 0.039/2.70 0.041/3.11 0.028/2. 56 0.024/2. 50 0.031/2.70 0.032/2. 69
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Table 6 Comparison of different combinations of encoder-
decoder layer counts on the RotIndoor dataset (m/°)
Gtk
A fii e 11t
Transformer ZRf5 )2 Il 4i5%)2
t=4,rot=4 t=1,rot=1 t=4,rot=4 0.040/2. 63
t=4,rot=6 t=1,rot=1 t=4,rot=6 0.039/2.33
t=6,rot=4 t=1,rot=1 t=6,rot=4 0.035/2.42
1=6,rot=6 t=1,rot=1 1=6,rot=6 0.032/2.23
t=5,rot=3 t=1,rot=1 t1=6,rot=4 0.031/2. 44
t=5,rot=3 t=1,rot=1 t=6,rot=6 0.035/2. 40
t=4,rot=4 1=2,rot=2 t=4,rot=4 0.040/2. 63
t=4,rot=6 1=2,rot=2 t=4,rot=6 0.039/2.32
t=6,rot=4 t=2,rot=2 t=6,rot=4 0.035/2.42
1=6,rot=6 1=2,rot=2 1=6,rot=6 0.034/2.24
t=4,rot=2 t=2,rot=2 1=6,rot=4 0.034/2. 37
t=4,rot=4 t=2,rot=2 t=6,rot=6 0.032/2.09
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Fig. 6 Experimental equipment
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