
Active Perception for Autonomous Multi-View Geometrically Consistent
Data Collection in Local Environments

Khiem Phi1∗, Anh Tung Ho2∗, Aditya Patankar2, Nilanjan Chakraborty2, and IV Ramakrishnan1

Abstract— Robust deployment of robots in specific environ-
ments such as homes or nursing facilities requires reliable
annotated data for objects in those environments. Despite the
impressive progress in computer vision algorithms with the
advent of deep learning and foundation models, there remains
a bottleneck in generating high-quality, environment-specific
data. In this paper, we formulate data collection as an active
perception problem, where the robot purposefully moves to
acquire informative observations. We present a system in which
a robot follows a hemispherical trajectory to capture multi-view
images of a scene. From a single seed annotation, provided
via vision-language models using point or language prompts,
our method leverages robot kinematics, camera intrinsics, and
depth sensing to propagate annotations across views, producing
a dense, 3D-consistent multi-view dataset. This dataset is
then used to train a lightweight, deployable perception model
tailored to the local environment. Across 5.3k images spanning
32 cluttered tabletop scenes and 30 object categories, models
trained with our method outperform zero-shot Grounding-
DINO + SAM by up to 33.5 mAP@50–95 while running at
58 FPS, demonstrating the effectiveness of purposeful robot
motion for collecting reliable perception data.

I. INTRODUCTION

Robots are increasingly deployed in cluttered and par-
tially known environments such as homes, hospitals, ware-
houses, and laboratories [1]–[4]. Reliable manipulation in
these settings requires perception systems that can robustly
recognize and segment objects under varying viewpoints,
occlusions, and sensor noise. Although recent foundation
models, including Grounding-DINO [5] and the Segment
Anything (SAM) family [6]–[8] demonstrate strong zero-
shot generalization, they typically depend on repeated user
prompting and substantial computational resources, limiting
their practicality for on-board active robotic vision systems.
Moreover, their performance often degrades in environment-
specific scenarios due to domain shifts not captured in their
training data. Lightweight supervised models, such as the
single-stage YOLO [9] and the two-stage R-CNN [10], [11]
families, are more suitable for active robot vision systems
but require environment-specific annotated data to achieve
reliable performance. Collecting and annotating such data
remains time-consuming and labor-intensive, posing a sig-
nificant barrier to rapid deployment [12].

Existing approaches to autonomous data collection often
focus on task-specific applications, such as marker detec-
tion [13], [14] or 3D reconstruction [15]–[17], and do not
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Fig. 1: Overview of the proposed autonomous data collection
pipeline. A robot arm sweeps a hemispherical viewpoint trajec-
tory over a tabletop workspace, capturing N views. Segmentation
masks initialized from a single user prompt are propagated across
frames via geometric transformations TF k

k+1, producing a densely
annotated multi-view dataset without further human involvement.

address the problem of semantic labeling. Methods that do
incorporate semantic labeling typically rely on passive video-
based propagation, where labels are transferred across frames
without exploiting robot motion or geometry. For example,
foundation models such as SAM-2 and SAM-3 [7], [8]
perform temporal mask propagation through appearance-
based tracking, which are computationally expensive and
remain susceptible to feature drift, occlusion failures, and
inconsistent labeling across viewpoints. In our work, instead
of treating the robot as a passive user of previously trained
perception models, we seek to leverage the robot’s embodi-
ment to curate its own data, enabling it to effectively learn
perception models tailored to its local environment.

Therefore, we introduce an autonomous robot system that
can actively collect data and generate reliable object detec-
tion and segmentation annotations with minimal human effort
by propagating a single human annotation across multiple
viewpoints. The annotated dataset can then be used for fine-
tuning or retraining of perception models for the specific
environments where the robots would be deployed.

II. METHODOLOGY

To address this challenge, we proposed a two-stage robot
framework consisting of active data collection and label
propagation between viewpoints which exploits the robot’s
embodiment and geometry, as shown in Fig. 1.

In Stage I, the manipulator equipped with an RGB-D
sensor mounted to the end-effector follows a hemispherical
viewpoint trajectory Π and captures a synchronized RGB-
D observation Ot and end-effector pose TF t at each point
πt ∈ Π. The trajectory is locally optimized via 2-opt Trav-



Fig. 2: Left: Annotation propagation across views using foundation models with geometric consistency filtering. Right: Qualitative
comparison of perception pipelines: (a) VLM zero-shot, (b) VLM one-shot, (c) VLM multi-shot, and (d) YOLO26-Nano trained on
our autonomously generated dataset.

eling Salesman Problem (TSP) solver such that consecutive
poses are spatially close enough to enable reliable annotation
transfer across frames.

In Stage II, seed labels from a single user prompt u on
image I0 are propagated sequentially along the trajectory
Π. Using known camera geometry including transformations
TF t, intrinsics K, and depth Dt, 2D masks Mk

t from frame
t are reprojected into 3D space and then projected into
frame t + 1, which then serves as the new reference to
propagate forward to the next frame t + 2. This process
iteratively propagates annotations across views, constructing
a dataset D = (It, B

k
t ,M

k
t ) consisting image, bounding

boxes, and segmentation masks, for training the perception
model fθ without further human intervention. To ensure
geometric consistency, each label transfer is validated using
three filtering criteria for both text-based and point-based
prompts, as illustrated in left image of Fig. 2.

Firstly, an overlap filter ensures sufficient geometric over-
lap by requiring that reprojected points contain valid pixels
located within image bounds. The median of these points is
then used as prompts to generate a candidate mask, which
is validated against the most reliable previous mask using
an overlap ratio constraint. If the candidate fails this check,
a text-based prompt is used to recover a valid segmentation
without additional user input. Finally, a 3D centroid distance
filter rejects geometrically inconsistent masks, and only
candidates passing all criteria are accepted for propagation.

III. EXPERIMENTAL EVALUATION

We evaluate our framework on a Kinova Gen3 7-DOF
manipulator equipped with an eye-in-hand RGB-D camera
across 32 cluttered tabletop scenes containing 30 object
classes. For each scene, the robot executes a hemispherical
trajectory and propagates annotations over up to 300 view-
points, resulting in a dataset of 5.3k RGB-D images with
corresponding camera poses.

To assess label quality, we train a lightweight YOLO26-
seg Nano model for joint object detection and segmen-
tation and compare its performance against three zero-
shot VLM baselines (Grounding-DINO-Large [5] + SAM-
V1 [6]). These baselines include zero-shot (full category
set), one-shot (scene-specific categories), and multi-shot (per-
category queries) settings to progressively reduce ambiguity.

Method Box@50 Box@50-95 Mask@50 Mask@50-95 FPS

VLM Zero-Shot 11.5 11.3 11.5 11.4 3
VLM One-Shot 27.0 26.5 26.9 26.4 3
VLM Multi-Shot 40.8 39.9 40.7 39.9 0.5

Ours (Nano) 87.8 84.6 78.1 73.4 58

TABLE I: Comparison of detection and segmentation performance
(mAP in %) between Grounding-DINO + SAM VLM baselines and
YOLO26-Nano trained on autonomously labeled data. Experiments
are conducted on a single RTX-4090 GPU.

IV. RESULTS AND DISCUSSION

Table I summarizes perception performance of YOLO26-
Nano trained on our dataset and VLM baselines. Zero-shot,
one-shot, and multi-shot VLMs achieve below 12, around
27, and 40 mAP@50–95, respectively, while YOLO26-Nano
outperforms the best baseline by nearly 2× at runs at 58 FPS,
which is approximately 20× faster.

Qualitative results in Fig. 2 further highlight these differ-
ences. YOLO26-Nano trained on our dataset produces accu-
rate detections and precise masks across cluttered, occluded
scenes, whereas VLM-based methods suffer from inconsis-
tent boundaries, missed detections, and reduced confidence.

We evaluate the importance of TSP-based viewpoint order-
ing Π against a random ordering baseline. Random ordering
leads to large viewpoint jumps, resulting in only 25% suc-
cessful label propagation due to projection failures. In con-
trast, TSP ordering ensures smooth transitions, successfully
executing 210/300 viewpoints and achieving an average 85%
label transfer rate across scenes.

V. CONCLUSION

We present an active perception framework where a robot
executes a hemispherical trajectory to collect multi-view
observations and propagates a single seed annotation into a
dense, geometrically consistent dataset using robot kinemat-
ics, camera intrinsics, and depth sensing. This purposeful
data collection enables lightweight models to far exceed
zero-shot baselines. YOLO11-Nano trained on our generated
data outperforms Grounding-DINO + SAM by up to 33.5
mAP@50–95 while running at 58 FPS. Future work will
integrate motion planning and manipulation to enable active
scene rearrangement, further improving data diversity toward
fully autonomous dataset generation.
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