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Introduction

Transport mode detection (TMD) aims to identify travel modes from

sensing data and supports many ITS applications;

Single-modality TMD models often degrade in real-world scenarios due

to sensor noise, signal loss, and heterogeneous user behavior,

motivating multi-modality sensing;

Multi-modality fusion is challenged by heterogeneous sampling

frequencies, missing modalities during inference, and weak or sparse

modalities with limited information;

Practical deployment is further constrained by limited labeled data and

cross-silo privacy restrictions.

Contributions

A semi-supervised vertical federated learning framework for

multi-modality TMD using inertial measurement unit (IMU), GPS, and

mobile phone network data;

A representation alignment mechanism to reduce modality

heterogeneity and enable robust single-modality inference;

Cross-attention-based modality fusion for adaptive inter-modality

integration;

Modality-wise knowledge distillation to transfer knowledge from

strong modalities to weak ones.

VFL-TMD Framework Overview

Figure 1. Proposed semi-supervised VFL-TMD framework.

Each party corresponds to a data holder and service provider, and any

party can act as the server to initiate a collaborative learning task;

Vertical federated learning integrates data from a shared sample space

across heterogeneous feature spaces for collaborative modeling;

Each party trains a modality-specific attention-based autoencoder

locally using both labeled and unlabeled data;

Only latent embeddings are shared with the server, without exposing

raw data;

The server performs cross-attention-based modality fusion and

classification, and backpropagates gradients to update local encoders.

Attention-based Autoencoder

The encoder combines TCN and self-attention to capture both local

temporal dynamics and long-range dependencies;

The decoder reconstructs the input signals, which encourages

information-preserving embeddings while enabling representation

learning from unlabeled data;

For high-frequency IMU data, dynamic sub-segment sampling is

adopted during training to support flexible inference granularity.
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Figure 2. Local attention-based autoencoder architecture.

Modality Fusion, Alignment, and Distillation

Modality-specific embeddings are projected into a shared space, and

processed by a multi-head cross-attention module.

Representations from different modalities are encouraged to align

within a shared embedding space. The available modality embedding is

replicated to replace missing inputs under missing-modality conditions.

The IMU-based model produces soft predictions as the teacher for

knowledge distillation. The GPS- and MPND-based models are trained

as students by minimizing a temperature-scaled KL divergence.

(a) Intermediate result exchange module and classifier (b) Representation alignment and single-modality inference

Figure 3. Proposed intermediate result exchange module and representation alignment.

Experimental Setup

Dataset: Sussex-Huawei Locomotion and Transportation Dataset.

Modalities: IMU, GPS, and mobile phone network data.

Modes: still, walking, running, biking, car, bus, train, subway

Metrics: multi-modality accuracy AV FL, single-modality accuracies (AI ,

AG, AM ), macro precision/recall/F1-score, and per-class F1-scores.

Main Results

The proposed VFL model achieves the best overall performance and

outperforms baseline methods across most transport modes.

The better overall performance primarily stems from improved

detection of hard-to-identify modes, such as train and subway modes.

The proposed framework remains stable and consistently strong across

labeling ratios.

Even under limited-label conditions, the proposed model outperforms

baseline methods trained with substantially more labeled data.

Table 1. Overall metrics and per-class F1-scores

Models
Overall Per-class F1-score

Precision Recall F1-score Still Walking Run Bike Car Bus Train Subway

STS [1] 0.818 0.829 0.815 0.681 0.920 0.899 0.947 0.933 0.881 0.667 0.591

SECA [1] 0.850 0.832 0.836 0.701 0.917 0.983 0.944 0.956 0.882 0.714 0.595

CE-RW [2] 0.868 0.864 0.860 0.843 0.944 0.921 0.942 0.958 0.874 0.730 0.667

OursV FL 0.909 0.883 0.893 0.881 0.954 0.983 0.957 0.985 0.908 0.787 0.686

Table 2. Accuracy of different methods under varying labeling ratio α.

Method
Accuracy

α = 0.1 α = 0.25 α = 0.50 α = 0.75 α = 1.00

CE-RW

AV FL 0.707 0.894 0.908 0.941 0.971

AI 0.672 0.856 0.824 0.908 0.949

AG 0.267 0.644 0.656 0.697 0.712

AM 0.241 0.209 0.236 0.237 0.297

Ours

AV FL 0.785 0.908 0.930 0.944 0.978

AI 0.767 0.884 0.911 0.927 0.977

AG 0.638 0.678 0.706 0.733 0.778

AM 0.267 0.271 0.282 0.267 0.351

Conclusions
A practical semi-supervised VFL solution for cross-silo

multi-modality TMD without sharing raw data.

The combination of alignment, knowledge distillation, and

attention-based fusion provides complementary gains while enabling

single-modality inference.

Future directions: stronger privacy protection, asynchronous VFL,

robustness to stronger distribution shifts.
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