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Motivation

Foundation models such as Vision-Language Models (VLMs), Open-
Vocabulary Detectors (OVDs), and Large Language Models (LLMs)
have significantly improved perception and reasoning. However,
deploying them in automotive systems remains challenging due to
domain constraints, safety requirements, and long-tail scenarios.

In real-world fleet data, most data is unlabeled, and manual annotation
is costly and not scalable. More importantly, before investing in
labeling or model development, it is often unclear whether a scenario
is relevant, frequent, or valuable.

Thus, the key challenge is not only model adaptation, but scenario-
level validation without ground-truth labels.

This work addresses the following questions: 1) How to identify
valuable scenarios from large-scale unlabeled data? 2) How to
validate scenario usefulness without manual annotation? 3) How to
build a scalable and continuous data-driven loop?

Data Loop System Overview

We propose a vehicle—cloud data loop system for scalable scenario
mining and validation. The system forms a continuous feedback loop
connecting data collection, validation, and refinement across edge and
cloud.
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Figure 1: Cloud and Vehicle Smart Data Loop Overview (© Aumovio SE)

Vehicle side (edge): 1) Lightweight inference and triggering, 2) Real-
time candidate scenario detection, 3) Efficient filtering and selective
upload

Cloud side: 1) Scenario definition and formalization, 2) Pseudo label
generation, 3) Multi-model consistency validation, 4) Scenario value
estimation

Instead of a one-off pipeline, the system operates as a closed loop,
where scenario understanding improves through iterative data
selection and validation.

Case Study 1: Edge-Side Scenario Triggering (Person on Road)

An edge pipeline detects person-on-road scenarios for targeted data
acquisition. Object detection generates person candidates, semantic
segmentation provides road/sidewalk probabilities, and a rule-based
module analyzes the foot-contact region to classify instances as on
road, on sidewalk, boundary (hard case), or neither. The decision relies
on local evidence near the bounding box bottom rather than global
scene context.

This produces structured pseudo labels and filters relevant frames,
reducing unnecessary data upload. In the data loop system, the
vehicle acts as a data acquisition agent aligned with scenario
requirements.

For more information regarding the poster, contact:

wencan.huang@aumovio.com

/<« AUMOVIO

JUST
BETTER

[ &

Person Decision Distribution (Normalized, total=10276)

AN

Person Detections

57.5%
(5907)

Percentage (%)

Empty

19.4%
(1995)

Person on Road

Decisions on road on sidewalk hard to decide other cases no pedestrians

Person Decision (image-level)

~N

Person Detection

NG J

Segmentation

Classification

o %

Figure 2: Triggering for Targeted Data Recording Statistics for Case 1 (© Aumovio SE).
A sample image is inserted into the pipeline of object detection, segmentation and
classfication. Person bounding boxes will be assigned to one of four predefined
groups. Top right histogram shows the percentage of specific group in a interenal
dataset. Bottom image illustrates how the pipeline label a sample image step by step.

Case Study 2: Cloud-Side Data Engine for Open-Vocabulary Discovery

A cloud-side pipeline enables scenario discovery from unlabeled data
using foundation models and ensemble filtering. A VLM generates
scene descriptions, an LLM converts them into traffic-relevant
prompts, OVD models perform detection, and Mcity Data Engine
retains only detections supported by multiple models. Each image
dynamically defines its detection targets instead of relying on a fixed
label set.

This produces pseudo labels filtered by scene context and model
agreement, enabling extraction of relevant subsets from large-scale
data. In the data loop system, the cloud defines data requirements and
evaluates collected data.
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Figure 3: VLM-LLM-0VD Pipeline with Data Engine for Open-Vocabulary Data
Selection for Case 3 (© Aumovio SE | Mcity, University of Michigan [1])
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