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Abstract: To address the issue of existing neural network models in inertial navigation overlooking the
temporal characteristics, interdependencies, and periodicity of inertial measurement unit (IMU) sequences,
which leads to degraded positioning accuracy, a IMU positioning neural network model is proposed that deeply
integrates Xception and Transformer architectures. The proposed model employs an initial feature extraction
layer, a deep feature extraction layer, and a velocity regression layer, which are tailored for learning velocity
vectors, in order to capture the complex spatiotemporal characteristics of IMU sequences. To validate the
effectiveness of the proposed model, experiments are conducted on four publicly available IMU datasets
(RONIN, RIDI, IDOL and IMUNET). Experimental results demonstrate that, the proposed model achieves
improved localization performance on most seen and unseen test sets compared with five state-of-the-art models.
Specifically, on the largest RONIN dataset, the absolute trajectory error is reduced by 17.16% and 13.15%
relative to the weakest baseline model. On the smallest IDOL dataset, the reductions reach 28.29% and 22.96%,
respectively. These results indicate that the proposed model provides more accurate and robust velocity
predictions, thereby significantly enhancing IMU-based localization accuracy.
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Tab.1 Structure of preliminary extraction layer

Z  WARSE fhRSE ARG

Convl 6x200 32x99 1x3, 32, stride=2
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Tab.2 Structure of deep extraction layer

JZ ARG Ht RSF AR

DS-Convl  512x7 512x7 [1x3,512]x3
DS-Conv2  512x7 512x7 [1x3, 512]x3
DS-Conv3 512x7 512x7 [1x3, 512]x3
DS-Conv4  512x7 512x7 [1x3, 512]x3
Transformer  512x7 512x7 FFN=1024, Heads™4

Layer=1, dropout=0.1
B AL Xception B Middle flow J2S2HL T
X IMU ZRAFAE RS 43R ER , FFRlA Transformer [
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Tab.3 Structure of velocity regression layer

Z ARG HHRSE B4
DS-Convl 128x512x7 128x128x7 [1x3, 128]x1
Linearl — 128x128x7  128x512  128x7->512
Linear2 ~ 128x512  128x512  512->512
Linear3  128x512 128x2 512->2
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Tab.4 Dataset description
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Tab.5 Trajectory error of convolutional kernels with
different receptive fields (Unit: m)

Widxt 4 PEfEbR  RF:5 RF:7  RF9
ATE 416 338 4.63

L
RTE 283 266 274
ATE 585 535 539

E Nl

RTE 4.63 448 449
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Tab.6 Trajectory error with different convolutional
layers (Unit: m)
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Tab.7 Trajectory error of different Transformer
layers (Unit: m)

~ Transformer JZ%X
k% PEhiEhR

12 22 32
ATE 3.38 3.59 3.72

Bl
RTE 2.66 2.71 2.72
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Tab.8 Overall trajectory prediction accuracy (Unit: m)
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Fig.3 Trajectory comparison of six models from the seen
RONIN test set (trajectory length 310 m)
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