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Abstract— Manipulation in confined and cluttered environ-
ments remains a significant challenge due to partial observabil-
ity and complex configuration spaces. Effective manipulation in
such environments requires an intelligent exploration strategy
to safely understand the scene and search the target. In
this paper, we propose COMPASS, a multi-stage exploration
and manipulation framework featuring a manipulation-aware
sampling-based planner. First, we reduce collision risks with
a near-field awareness scan to build a local collision map.
Additionally, we employ a multi-objective utility function to
find viewpoints that are both informative and conducive to
subsequent manipulation. Moreover, we perform a constrained
manipulation optimization strategy to generate manipulation
poses that respect obstacle constraints. To systematically evalu-
ate method’s performance under these difficulties, we propose
a benchmark of confined-space exploration and manipulation
containing four level challenging scenarios. Compared to explo-
ration methods designed for other robots and only considering
information gain, our framework increases manipulation suc-
cess rate by 24.25% in simulations. Real-world experiments
demonstrate our method’s capability for active sensing and
manipulation in confined environments.

I. INTRODUCTION

Manipulation in confined and cluttered environments re-
mains a significant challenge. In such spaces, manipulator’s
effectiveness is fundamentally challenged due to perception
occlusion and kinematic constraints. On one hand, severe
perception occlusion to target from surrounding obstacles
makes methods assuming full observability [1] [2] not work,
necessitating active exploration to incrementally build an
understanding of the scene. On the other hand, obstacles
compounded by the manipulator’s own embodiment, impose
tight kinematic constraints that drastically limit the robot’s
reachable workspace, requiring that any planned motion
and manipulation must be collision-free with respect to
environmental obstacles. This dilemma demands a paradigm
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Fig. 1: Overview of COMPASS, a framework for active perception
and manipulation in confined spaces. (Top) The three-stage pipeline
solves a real-world task by sequentially performing: (I) a Near-
Field Awareness Scan for safety, (II) MUE-RRT to find the target,
and (III) Constrained Grasp optimization. (Bottom) Our principled
simulation benchmark systematically evaluates performance across
four levels of increasing difficulty of perception occlusion and
kinematics constraints.

shift from simple perception-then-motion pipelines in ma-
nipulation tasks to a truly integrated perception-motion-
manipulation approach.

Current paradigms for robotic manipulation fall short of
addressing this challenge. End-to-end learning methods, for
instance, often rely on a fixed, third-person camera for a
global understanding of the scene [3], [4], a setup that is un-
tenable in confined spaces where such a view is unavailable.
They also learn a policy from demonstration data, which
typically lacks complex obstacle interactions, making the
resulting policies struggle to handle tasks in the presence
of obstacles. Additionally, existing planning-based methods
typically assume a complete world model and a known target
pose [2], [5], ignoring partial observation problem. They
focus on finding a path to a pre-defined goal in a totally
known environment, rather than on the active information-
gathering process required to first explore the space and
discover the goal. Both approaches fail to address the critical
challenge of how a manipulator incrementally explores and
understands a confined space to enable manipulation. To the
best of our knowledge, there is no existing work that presents
an integrated perception-motion-manipulation approach for
confined-space manipulation tasks.
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To tackle these challenges, we propose COMPASS, a
multi-stage framework for exploration and constrained ma-
nipulation. It comprises three key stages: a Near-Field
Awareness Scan, a Manipulation-Utility Exploration RRT
(MUE-RRT) planner, and a constrained manipulation pose
generation module. The framework begins with the near-field
awareness scan, which executes a series of cautious, wrist-
centric motions to build a local collision map. This initial
step mitigates the risks of moving in an unknown environ-
ment and increases the kinematic feasibility of motion. Once
this local map is established, the system employs MUE-
RRT to iteratively select the next-best-viewpoint to eliminate
perception occlusion. The selection is guided by a multi-
objective utility function that balances information gain, ma-
nipulability, motion cost, and task heuristics. Concurrently,
an asynchronous detection process operates on an observa-
tion buffer to identify the target throughout the exploration.
Once the target is identified, we perform kinematic-constraint
aware manipulation optimization strategy to generates grasp
poses that respect all obstacle constraints, leveraging the
environmental understanding acquired during the exploration
stage.

The proposed framework is validated on a principled
and progressively challenging benchmark designed to test
the task of manipulation in confined space. Simulations
and real-world experiments validate our method’s capability
to perform confined-space manipulation in typical complex
scenarios. Our contributions can be summarized as:

1) We propose COMPASS, a framework for exploration
and manipulation in confined spaces. It enables a
manipulator with partial observation to safely explore
unknown environment and perform constrained manip-
ulation.

2) An exploration planner for manipulators, manipulation-
utility exploration RRT (MUE-RRT), is proposed to per-
form manipulation-centric exploration and scene under-
standing. It’s capable of generating a series of smooth
and safe exploration trajectory for manipulation tasks.

3) We introduce a principled and progressively challenging
benchmark for confined space manipulation tasks. We
demonstrate the effectiveness of the proposed method
in simulation and real-world experiments.

II. RELATED WORKS
A. Embodied Manipulation

Prevailing approaches to embodied manipulation can be
categorized into end-to-end learning-based and planning-
based methods. Imitation learning methods, such as VLA [3]
and Diffusion Policy [1] [4], directly learn manipulation poli-
cies from human demonstrations. Recent foundation model-
based frameworks have demonstrated impressive embodied
spatial reasoning and slow-thinking capabilities [6]. How-
ever, these methods are often constrained by demonstration
data, which typically lacks complex obstacle interactions.
And their reliance on a static, third-person camera perspec-
tive makes them ill-suited for confined spaces. Similarly,

planning-based manipulation methods [5] [2] tend to fo-
cus on generating the end-effector movement and assume
a complete world model and a known target pose. They
often overlook the kinematic and environmental constraints
imposed on the manipulator’s trajectory to reach that pose.

B. Space Exploration

Exploration has been extensively studied in the robotics
community. A body of research has focused on Unmanned
Aerial Vehicles (UAVs) and ground vehicles [7], [8]. In
these studies, the methods often follow a Next-Best-View
(NBV) paradigm, aiming to reduce environmental uncer-
tainty by maximizing information gain [9], [10]. Typically,
autonomous exploration involves three key stages: genera-
tion of candidates viewpoints/trajectories, utility evaluation,
motion planning and execution [11]. Directly applying these
methods to manipulator-based exploration is challenging,
as it is unsafe for a manipulator to perform large-scale
movements without sufficient prior understanding of its
surrounding environment. Existing works for manipulator
exploration [12] [13] often focus on geometric coverage
or 3D reconstruction but overlook the necessity of finding
viewpoints that are conducive to subsequent grasp execution.

C. Grasping in Confined Spaces

Generating a feasible grasp in a confined space is a multi-
faceted challenge. While significant progress has been made
in grasp pose generation [14], [15], these methods often
decouple grasp quality from the robot’s kinematic feasibility,
leading to unreachable grasps in cluttered scenes. To address
this, the field has moved towards joint grasp and motion
planning, with works [16] [17] find a grasp and a path
simultaneously in confined space. However, this line of work
typically assumes a complete world model, sidestepping the
challenge of exploration under uncertainty.

III. OVERVIEW OF THE FRAMEWORK
A. Problem Formulation

Define W C R? as the work space to be explored and
manipulated. Let Wy,... C W be the no-obstacle subspace.
Define viewpoint v € SE(3) to describe the pose of the
camera onboard the robot, v = [ty; Ry] where t, € Wiree
and R, € SO(3) respectively denote the position and orien-
tation. Define Q C R as the configuration space (C-space),
where d is the DOF of manipulator. Define manipulation
pose e € SE(3) to describe the pose of the end effector. Our
problem can be formulated as follows.

Exploration problem for manipulator in each cycle: Given
current joint configuration qeyrrent € Q@ and map M yrrents
find optimal exploration path 7* = [vy, va,...], which cor-
responding to a feasible trajectory in C-space T = {q(t)|t =
[0,T7}. T* is optimal means that it is shortest and cover
more surface, 7 is feasible means that it is collision-free and
avoids singular configurations.

The above problem is solved iteratively to select view-
points and plan trajectories. When target is found, a manip-
ulation pose g = (e, w) is generated, where e is the pose of
gripper and w € R denotes the gripper width.
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Fig. 2: Overview of system framework of COMPASS. Depth images from the wrist-camera are used to incrementally build an OctoMap.
The core multi-stage planner first ensures safety with a Near-Field Awareness Scan, then executes the Manipulation-Utility Exploration
RRT to conduct active perception and find the target. Upon target discovery, the Manipulation Pose Generation stage computes a whole-
body, collision-free grasp. The Motion Controller plans and executes the trajectory.

B. System Framework

In this paper, we propose a framework for active per-
ception and manipulation in confined spaces, illustrated in
Fig. 2. Firstly, a map node incrementally builds an octomap
from wrist-camera depth images. Then, an exploration node
works in a three-stage manner: (1) Near-Field Awareness
Scan serves for embodiment safety; (2) Manipulation-Utility
Exploration constructs the environment understanding and
detects the target; (3) Manipulation pose generation stage
generates the grasp pose in confined space. A motion node
communicates with the manipulator and controls it.

IV. METHODS
A. Manipulation-Oriented Exploration

Manipulation in confined spaces presents the dual chal-
lenges of perception occlusion and kinematic constraints.
Obstacles near the manipulator pose significant collision
risks, while those surrounding the target cause severe per-
ception occlusions, transforming the task into an active
perception and exploration problem. To address this, we
propose a multi-stage exploration strategy, the Manipulation-
Utility Exploration RRT (MUE-RRT), which operates in two
stages: a near-field awareness stage to ensure immediate
safety, and a global stage to efficiently detect the target.

1) Near-Field Awareness Scan: To mitigate collision risks
in the initially unknown environment, our framework begins
with a Near-Field Awareness Scan. The goal is to find
a minimal set of joint configurations that maximizes the
volumetric coverage of a predefined safety envelope.

We formulate this as a constrained viewpoint set opti-
mization problem. First, we define a target safety volume,

Qafe, as a bounding box around the robot’s base. The robot’s
body configuration, q, € Qp (i.e., the base and shoulder
joints), is held constant at its safe initial posture, gy ;5. The
optimization is then performed over the wrist’s configuration
space, Qw (i.e., the wrist joints). We generate a set of
candidate wrist configurations, Q$i, by uniformly sampling
this subspace.

The final waypoints, {q;, 1,---,q;, .} C Qw, are com-
puted greedily and then executed sequentially. At each se-
lection step ¢, we find the wrist configuration that covers the
largest remaining unknown volume within g

ki
q;, ;11 = argmax Volume(Qiivte (@v,init, uw) N Qgpe ) (1)
qu, Qs

where the visible volume Qyisipic(qb,init; @w) is explicitly
a function of the fixed body configuration gy ;n;: and the
variable wrist configuration q,,. Q"% represents the yet-
unseen portion of the safety volume at step .

2) Global Exploration: The system’s perception input is
a depth image from the wrist-mounted camera. This image is
registered to the world frame using forward kinematics and
integrated into the global OctoMap [18], denoted as M =
{Vfree, Voces Vunk - To prevent the robot’s own geometry
from generating spurious obstacles, its links are dynamically
filtered from V..

We identify frontiers in the OctoMap, which serve as
the primary guidance for exploration. A frontier is defined
as the boundary between known free space and unknown
space [9]. Formally, a voxel is considered a frontier if it
resides in free space and is adjacent to at least one unknown
voxel. Detected frontier voxels are then clustered into distinct
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regions {F1,Fa,..., FN}-

At each decision-making step, we dynamically build a
Rapidly-exploring Random Tree (RRT) [19]. Each node in
the RRT corresponds to a reachable camera viewpoint, and
each connecting edge represents a collision-free trajectory
in the workspace. This approach significantly reduces the
time required for motion planning during tree expansion.
To guide the exploration efficiently, the RRT’s growth is
biased towards the frontier regions {F;} and any task-
relevant priors. Specifically, our sampling strategy directs
new samples towards either the frontiers or the task priors
with a certain probability, while performing uniform random
sampling otherwise.

Once the RRT is constructed, the Next-Best-View (NBV)
is selected by evaluating each node = (v, q) in the tree
using a multi-objective utility function, /(). This function
is designed to holistically assess a candidate viewpoint by
normalizing its potential rewards against its associated mo-
tion cost, thereby promoting an efficient exploration strategy
that maximizes the value gained per unit of effort. The
optimal next node, x*, is the one that maximizes this utility:

¥ = argmax U(x) ()
€ ERRT

The utility function ¢/ (x) is formulated as a sum of cost-
normalized reward terms:

U(x) = w’[G(x) D(x) M(x) H(z)]"/Clz) O)
where w = [w, wq wy, wy]? represents the respective
weighting factors for each reward component. These com-
ponents are defined as follows:

1) Information Gain G(x): The information gain measures
the volume of new space observable from viewpoint v. It is
defined as the number of previously unknown voxels within
the viewpoint’s field of view (FOV). Formally, G(x) =
I, eV, @V, Where Vs is the set of voxels visible from v.
This value is computed by raycasting from the virtual camera
pose into the current OctoMap [20].

2) Exploration Momentum D(x): To encourage continuous
and smooth exploration paths, this term rewards viewpoints
that maintain the current direction of exploration. It is
calculated as D(x) = (tprev — troot) - (to — troot), Where t is
the translational component of the viewpoint, t,, is that of
the RRT’s root node, and t., corresponds to the previously
selected viewpoint.

3) Manipulability M(z): This term promotes configu-
rations that are far from singularities, ensuring the robot
remains poised for future manipulation tasks. It is quanti-
fied by the Yoshikawa manipulability index [21], M(q) =

det(J(q)J(q)T), where J(q) is the manipulator’s Jaco-
bian matrix.

4) Motion Cost C(x): This represents the total effort
required to reach configuration g from the current root state
Qeurrent- 1t s calculated as the path length in the robot’s joint
space, C(x) = fol [|7(s)|| ds, where T(s) is the joint-space
trajectory from Qeument t0 g. Joint-space distance provides

Algorithm 1: Exploration and Manipulation

Input: Initial robot configuration g;,;;
Output: Map Mr and Manipulation Result T’
1 Qeurrent < Qinit
2 {q} }i=1.m + CalculateWristWaypoints(q;yt)
3 My + ConductNearFieldAwareness({q};, }i=1.m)
found < false
5 while = found do
6 I + SenseFromWristCamera(qgcyrrent)
7 Mt — UpdateMap(Mtfla It7 qcurrent)
8
9

N

M, <« FilterRobotBody (M, Geurrent)
Fiist < DetectAndClusterFrontiers(M;)
10 (V, E) <+ ExpansionRRT(My, Fiist)

1 | U + ComputeUtility((V, &), M)

12 Qnext — SelectNBV(U)

13 7 < PlanningPath(qcyrrent, Gneet)

14 Qeurrent < ExecuteTrajectory(7)

15 Bt <*{(It—k;vt—k)7~-~7(It—1avt—1)7(ltavt)}
16 found, v* < TargetDetection(B;)

17 G < ManipulationPoseGeneration([;, v*, M;)
18 T' + ConductManipulation(G, M)

19 return Mo, T

a more accurate measure of robot effort than its Cartesian
counterpart.

5) Heuristic Guidance: We integrate task-driven guidance
into the core exploration mechanism. This guidance is rep-
resented as a set of heuristic 3D points of interest, P;,. This
information is incorporated into our planner at two syner-
gistic levels. First, at the sampling stage, we bias the RRT
tree expansion process. Second, at the evaluation stage, we
enhance the utility function with a heuristic gain term, H(x),
defined as: H(x) = maxp ep, (Pv - (p; — tv)/[|IPj — tvl])s
where ¢, is the viewing axis of the viewpoint v, p; is a
heuristic point of interest, and t. is the translational position
of the viewpoint.

B. Target Detection and Manipulation Pose Generation

To facilitate target detection during manipulator motion,
our framework employs an asynchronous detection process.
This module addresses the latency mismatch between the
robot’s continuous motion and the computationally intensive
inference of detection models, such as the YOLO [22] model
used in this paper. The detection process maintains a spatio-
temporal observation buffer, B;, which stores a history of
synchronized image-pose pairs over a sliding time window:

B: = {(Ii—is Vii)s -, (I—1,Ve—1), (L, ve)} (D)

where I; is the RGB image from the wrist camera and v is
the corresponding camera pose at time . The parameter k de-
notes the buffer size. By processing this buffer in batches, the
detection process can perform robust, temporally-consistent
inference, ensuring that transient views of the target are
not missed due to processing delays. To ensure high-fidelity
grasp perception, we select the optimal observation (I*, v*)
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Fig. 3: The runtime logic of a successful exploration and manipu-
lation in confined space.

from the subset of the buffer containing successful detec-
tions, Byt € B:. This selection is based on a perceptual
quality score, Syps, defined as:

Sobs(li) = 7||pbbox(Ii) - pcemer||2 (5)

where Ppbox (I;) is the center of the target’s 2D bounding
box in image I;, and Pcener 1S the image center. This score
prioritizes the viewpoint where the target is most centrally
located, thereby maximizing view quality for the subsequent
grasp pose generation.

The grasp pose is generated at the optimal viewpoint v*. In
this paper, we employ the GraspNet [14] detection network,
which processes the depth data from image I* to generate
a set of candidate grasps, Geand = {g1,82,---;&m - Each
candidate grasp g, is defined as a tuple g, = (e;,w;, s;),
where e; € SE(3) is the end-effector pose, w; is the gripper
width, and s; € (0, 1] is the grasp quality score. This score
s; reflects only the geometric quality of the grasp (e.g., force
closure as in [14]) and remains naive to a critical aspect: the
kinematic feasibility of the manipulator.

To address this limitation, we perform a pose refinement
for each grasp pose candidate. This process can be viewed
as a constrained optimization problem:

max  S;
giegcand
S.t. IK(ez) € Qf'ree (6)
Z(Zgi,n) S g

FK(T(chm Qgrasp)) C Mf?“ee

where s; defines the analytic force-closure quality evaluated
under varying friction coefficients [14]. The term IK(e;)
denotes the inverse kinematics solution for the grasp pose.
The second constraint enforces a context-aware approach
direction for the gripper, where zg, represents the approach
vector corresponding to the i-th grasp candidate g; (typically
the z-axis of end effector frame), and the desired approach
vector 1 is determined by analyzing the object’s orientation.
Finally, the entire workspace trajectory, obtained by applying
forward kinematics FK(-) to the planned joint-space path
T(Qeur; Qgrasp), is required to be within the free space of
the current map, M fcc.

C. Runtime Logic

The overall system is implemented as a set of interacting,
asynchronous nodes for exploration, motion planning, target
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Fig. 4: The four challenging scenarios of our proposed benchmark,
designed to systematically increase difficulty by combining Percep-
tion Occlusion (Levels 1 & 2) and Kinematic Constraints (Levels
3 & 4). Level 4 represents the fully coupled challenge.

detection, and grasp generation, all coordinated by a manager
node using a Finite State Machine (FSM). The runtime
logic is illustrated in Fig. 3. Upon receiving a start task
signal, the manager initiates an iterative exploration loop
by requesting the next-best-viewpoint from the exploration
node. It then commands the motion planner to generate and
execute a collision-free trajectory to that viewpoint. This
perception-action loop continues, with the detection node
asynchronously processing incoming images, until the target
is found. Upon successful detection, the manager transitions
to the final phase: it requests a refined grasp pose from the
grasp generation node and commands the motion planner to
execute the grasp, completing the task.

V. BENCHMARK FOR CONFINED-SPACE MANIPULATION

We design a comprehensive benchmark consisting of pro-
cedurally generated, confined-space scenes and performance
metrics. This benchmark is structured to evaluate an algo-
rithm’s ability to handle the two fundamental challenges:
perception occlusion and kinematic constraints.

A. Benchmark Scenarios

We design a benchmark of four scene categories with
progressively increasing difficulty. For each category, we pro-
cedurally generate 20 unique environments in the Isaac Sim
simulator [23], totaling 80 challenging test cases (Fig. 4).
These categories are constructed to systematically isolate and
combine the core challenges, as summarized in Table I.

Level 1 (Basic Occlusion): These scenes feature moderate
clutter where the target, though occluded by simple obstacles,
can be found via monotonic exploration paths.

Level 2 (Severe Occlusion): Target accessibility is reduced
compared to Level 1. The object is hidden, requiring non-
monotonic paths (e.g., looking behind an obstacle and then
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backing out). This category is designed to test an algorithm’s
ability to find the target through global exploration.

Level 3 (High Kinematic Constraint): These scenes feature
the same level of occlusion as Level I, but with additional
obstacles introduced near the manipulator’s base. This setup
specifically challenges the planner’s awareness of its full-
body kinematics.

Level 4 (Coupled Challenge): This level combines the se-
vere occlusion of Level 2 with the high kinematic constraints
of Level 3. Success in this level requires an algorithm to plan
a global, potentially non-monotonic exploration trajectory to
handle severe occlusion, and subsequently conduct manipu-
lation under high kinematic constraints.

TABLE I: Simulation environment characteristics

Level Perception Occlusion  Kinematic Constraints
Level 1 Moderate (+) Low (+)
Level 2 High (++) Low (+)
Level 3 Moderate (+) High (++)
Level 4 High (++) High (++)

B. Performance Metrics

We evaluate performance across three dimensions in solv-
ing the coupled challenge in exploration and manipulation.

« Exploration Efficiency:

» Explored Volume over Time: The proportion of the
target’s bounding box explored versus time. Steeper
slopes indicate faster exploration, and higher final
values reflect greater coverage.

* Time to Find Target (TFT): The time elapsed until
the target is successfully located. This metric reflects
exploration efficiency; a lower value is better.

e Path Length to Find Target (PFT): The distance
traveled by the end-effector before the target is found;
a lower value is better.

« Motion Performance:

* Motion Planning Success Rate (MPSR): The fraction
of successful motion planning attempts throughout a
task. This metric indicates the kinematic feasibility
of the viewpoints; a higher value is better.

e Average Manipulability (AM): The average manip-
ulability index [21] during the exploration process.
This metric quantifies the manipulator’s distance from
singular configurations; a higher value is better.

o Manipulation Quality:

* Grasp Pose Quality (GPQ): A score that reflects
the quality of a generated grasp pose, calculated as
follows: S = sg - I(IK(eg) € Qfree) - cos(L(zg, 1)),
where I(-) is an indicator function that equals 1 if
its argument is true, and O otherwise. The remaining
symbols are defined as in Eq. 6. This metric holis-
tically quantifies the grasp’s geometric quality and
kinematic reachability; a higher value is better.

¢ Overall Success Rate (SR): The success rate of the
entire pipeline, from initial exploration to a successful
final grasp. A higher value is better.

VI. EXPERIMENTS

A. Simulation Experiments

We evaluate our method through simulation experiments
in the proposed benchmark environment. These experiments
are performed in an Isaac Sim [23] simulation environ-
ment, featuring a Franka Panda manipulator equipped with
a wrist-mounted depth camera. Motion planning is executed
using Movelt [24], and raw grasp poses are generated by
GraspNet [14]. All simulations are performed in the Robot
Operating System (ROS). We compare our proposed method
against the following baselines:

o Fixed-Views (FV): A baseline that employs a pre-
programmed, open-loop sequence of viewpoints for
perception. The resulting trajectory is non-adaptive and
does not react to sensory input.

o Information-Gain Exploration (IG): Based on the
method by Isler et al. [25], this approach greedily selects
the single viewpoint that maximizes information gain.

o Geometric Sampling-based Exploration (GSE): We
adapt a sampling-based exploration method from the
mobile robotics domain [9], [12]. This approach utilizes
an RRT for spatial expansion but selects the next-best-
view based solely on geometric information gain.

The performance of all methods is evaluated across the 80
generated scenes, with 10 trials conducted for each scene. A
trial concludes when the exploration is reported as complete,
the manipulation process finishes, or a predefined time limit
is reached. All methods are tested on a computer equipped
with an Intel 17-14650HX CPU and a RTX 4060 GPU.

The first two rows of Table II present the quantitative
results for exploration efficiency across all scenarios in
our benchmark. Our method consistently achieves higher
efficiency in detecting the target, both in terms of time and
path length. It is worth noting that since unsuccessful trials
are assigned the maximum time limit (i.e., 200s), a lower
average time is also indicative of a higher success rate.

Fig. 5 illustrates the average Explored Volume over Time
for each method across the four categories depicted in
Fig. 4. As shown, our approach consistently achieves the
highest exploration efficiency. In contrast, FV only attains a
fixed and limited coverage, while IG is prone to becoming
trapped in local optima and subsequently fails to progress.
By integrating RRT with goal-directed guidance, our method
enables the most efficient exploration.

The third and fourth rows of Table II present the quan-
titative results for motion performance. Compared to the
baselines, our method exhibits a higher motion planning
success rate during exploration and consistently maintains
a higher Average Manipulability. Furthermore, as the envi-
ronmental kinematic constraints become more complex, the
baselines increasingly struggle to find valid motions. This is
a direct consequence of their viewpoint selection strategies:
the FV is non-adaptive to obstacle configurations, while the
Information-Gain based methods greedily pursues perceptual
rewards without considering kinematic feasibility.
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TABLE II: Quantitative Performance Comparison Of All Methods In Difficulty Levels.

Metric Levell Level2 Level3 Level4
FvV 1G GSE  Proposed FV IG GSE  Proposed FV 1G GSE  Proposed FV 1IG GSE  Proposed
TFT (s) | 83.5 939 1137 85.7 166.9 1643 1615 1339 1064 153.6 1110 95.0 173.1 1732 1582 1314
PFT (m) | 4.1 43 4.7 2.9 84 8.2 7.1 5.4 53 7.7 4.4 3.6 8.7 8.5 7.0 5.5
MPSR (%) T 66.5 39.5 593 71.3 62.5 36.4 62.3 64.1 61.6 347 60.6 60.3 59.7 41.8 59.6 64.9
AM 1 0.042  0.067 0.064 0.070 0.033  0.062  0.065 0.069 0.035  0.061 0.064 0.067 0.029  0.058 0.059 0.066
GPQ 1 - 0.578  0.670 0.676 - 0.544  0.603 0.501 - 0.594  0.617 0.634 - 0.609  0.584 0.613
SR(%) 1 - 40.0 47.5 80.0 27.5 42.5 67.0 - 30.0 47.5 70.0 25.0 45.0 62.5
0 0 1. Initial State . Initial State
Level 2 -
\§
>

Target Volume Explored (%)
Target Volume Explored (%)

o 3 s w0 15 10 w5 20 o 3 s 7510
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Fig. 5: Target volume exploration performance over time across the
four benchmark difficulty levels. Solid lines denote the mean value,
with shaded areas representing the standard deviation.

The last two rows of Table II present grasp performance.
The improvements in exploration and motion directly trans-
late to manipulation quality, with our method achieving an
average overall success rate improvement of 39.25% over
IG and 24.25% over GSE. Since we employed the same
constrained pose generation strategy for all methods, the gap
in grasp pose quality between the different approaches is rel-
atively small. The primary difference in overall performance
stems from the exploration phase.

B. Real-World Experiments

To validate the feasibility and efficiency of our proposed
framework, we conduct experiments on a real robotic plat-
form in a confined indoor environment. The platform consists
of a 7-DOF Franka Emika FR3 arm equipped with a wrist-
mounted RealSense D435i depth camera. We physically
recreate a subset of our benchmark scenarios from Level
4, which feature both severe perception occlusion and tight
kinematic constraints. The robot’s task is to locate and
retrieve a target object from within a cluttered container,
mirroring the objectives of our simulation benchmark. In
such environments, planning reactively based on local ob-
servations is insufficient and will lead to collisions.

The experimental process is illustrated in Fig. 6. Initially,
the robot has no prior knowledge of the environment (Fig. 6
I). The robot then conducts the active exploration phase, au-
tonomously generating a sequence of viewpoints to actively
build a map of the confined space and search for the target
(Fig. 6 II). Once the target is detected, the system transitions

af

(b) Trial 2

(a) Trial 1

Fig. 6: Snapshots of real-world experiments.

to the final stage, computing and executing a kinematically
feasible, collision-free grasp (Fig. 6 III).

Across 10 trials for each scenario, our method achieves
an average Time-to-Find-Target of 159.75s and an overall
success rate of 80%. This high success rate in such chal-
lenging, real-world conditions demonstrates the robustness of
our integrated perception and planning pipeline. It validates
that our exploration strategy can effectively perform active
perception to resolve environmental uncertainty, while the
subsequent grasp generation module successfully computes
and executes constraint-aware grasps. The primary sources of
the 20% failures were twofold: (1) motion planning failures
caused by sensor noise, and (2) convergence to local optima
in the exploration policy.

C. Ablation Studies

1) Near-Field Awareness for Motion Safety: To validate
the effectiveness of the Near-Field Awareness stage in ensur-
ing motion safety and kinematic feasibility, we compare our
full method against a variant in which this stage was disabled.
The scenes are chosen from Level 4. The results, presented
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in Table III, show that including the near-field awareness
scan significantly increased the motion planning success
rate (MPSR) from 54.7% to 61.2% and the target detection
success rate (DSR) from 68.3% to 94.1%, confirming its
critical role in ensuring a safe exploration process.

TABLE III: Ablation study on the Near-Field Awareness

Method Variant

COMPASS (Full Method)
w/o Near-Field Awareness

MPSR (%) + DSR (%) 1

61.2 9.1
54.7 68.3

2) Constrained Grasp Pose Optimization for Grasping:
To demonstrate the efficacy of our grasp constraints, we
compare our full method against an unconstrained baseline
in Level 4 scenarios. As shown in Table IV, omitting these
constraints leads to a sharp increase in motion collisions
(MC), grasp failures (GF), and object drops (OD), confirming
their necessity for safe and successful execution.

TABLE IV: Ablation study on the Constrained Grasp Optimization

Method Variant

Full Method
w/o Grasp Constraints

Grasp SR (%) T MC| GF] ODJ

70.0 0/10 1/10 0/10
20.0 4/10 2/10 1/10

VII. CONCLUSION

In this paper, we have presented COMPASS, a framework
for active perception and manipulation in confined spaces.
We have proposed the MUE-RRT that ensures safety and mo-
tion efficiency. Additionally, we have designed the principled
and progressively challenging benchmark for confined-space
manipulation tasks. We have conducted extensive simulations
and real-world experiments to demonstrate the effectiveness
of our method. Compared to exploration methods designed
for other robots and only considering information gain, our
framework increases manipulation success rate by 24.25%
and reduces the average time to find target by 24.6s in
simulations. In the future, we plan to extend this framework
to handle dynamic environments via event-depth fusion [26]
and enable open-vocabulary semantic manipulation [27].
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