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Abstract Robotic grasping is a cornerstone of man-

ufacturing automation, and recent advances in deep

learning have brought data-driven adaptability to vision-

based grasping. However, achieving human-like perfor-

mance in cluttered environments requires additional ca-

pabilities, such as correctly perceiving the object to

be retrieved and efficiently planning viewpoints to re-

construct the target object for better grasping under

heavy occlusion. To address these challenges, we pro-

pose a semantic-aware Next-Best-View (NBV) planning

framework that integrates geometric and semantic in-

formation gains for targeted exploration. The proposed

method maintains a semantic–geometric voxel represen-

tation that incrementally accumulates semantic detec-

tions across views, guiding viewpoint selection toward

regions most likely to reveal graspable target surfaces.
We evaluate the framework in simulation and real-world

experiments using a Franka Emika Panda arm under

heavy occlusion. The proposed approach achieves an

84% success rate in simulation and 10/10 successful

grasps in real-world experiments, outperforming base-

lines in simulation while matching the real-world per-

formance of a geometric NBV method despite requiring

no prior knowledge of object locations.
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1 Introduction

Vision-guided robotic grasping in unstructured envi-

ronments remains a fundamental challenge in robotics,

particularly when target objects are partially occluded

or have significant hidden surfaces [1,2]. In real-world

settings such as manufacturing, logistics, domestic as-

sistance, and agricultural harvesting, robots must fre-

quently manipulate objects in cluttered scenes where

target objects are often partially occluded by other items.

A typical configuration of vision-guided robotic grasp-

ing uses an RGB-D camera mounted near the end-

effector (i.e., eye-in-hand camera). With this configu-

ration, single-view grasp planning methods cannot ob-

serve hidden surfaces that may contain the most gras-

pable regions, leading to frequent failures when the vis-

ible surfaces offer poor grasp affordances [3].

Grasp detection methods predict feasible grasp poses

from visual observations. Early analytical methods re-

lied on geometric heuristics [4,5], while modern learning-

based approaches leverage deep neural networks trained

on large-scale datasets [6,7]. Volumetric methods such

as the VGN (Volumetric Grasp Network) [8] and GIGA

(Grasp detection via Implicit Geometry & Affordance) [9]

employ 3D convolutional or implicit neural networks on

Truncated Signed Distance Function (TSDF) represen-

tations to predict 6-DoF (Degrees-of-Freedom) grasps

from partial observations. Multi-view approaches have

been explored to improve grasp detection under occlu-

sion. Morrison et al. [3] propose a sequential observation

strategy that aggregates grasp predictions from multi-

ple viewpoints. However, these methods typically rely

on a single fixed viewpoint or predefined multi-view tra-

jectories rather than actively optimizing view selection

through quantitative measures (e.g., entropy or infor-

mation gain).
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Active perception approaches, particularly Next-Best-

View (NBV) planning, provide a principled framework

to address partial observability by iteratively selecting

informative viewpoints that reveal hidden regions [10].

By moving the camera to observe the scene from dif-

ferent viewpoints, NBV methods improve visibility of

occluded regions and obtain more informative obser-

vations for grasp planning. Early NBV methods for

grasping focused on geometric reconstruction. Breyer

et al. [11] propose a closed-loop NBV framework that

maximizes volumetric information gain via ray cast-

ing, while Schaub et al. [12] extend this with prob-

abilistic TSDF formulations, improving robustness to

noise and occlusion. More recent approaches incorpo-

rate task-oriented objectives beyond geometry. ACE-

NBV [13] proposes an affordance-driven policy based

on implicit grasp detection, while Ma et al. [14] pro-

pose a neural graspness field that estimates grasp qual-

ity over the scene for NBV planning. However, most

NBV methods optimize either geometric completeness

or grasp-oriented metrics without explicitly modeling

semantic information about object identity. In cluttered

environments with multiple objects, this can lead to

exploration that unnecessarily observes occluders and

irrelevant surfaces rather than focusing on the target

object.

Recent advances in semantic segmentation and ob-

ject detection have enabled real-time identification of

objects of interest [15,16]. Several works incorporate se-

mantic information into active perception for manipu-

lation tasks. Dengler et al. [17] maintain semantic volu-

metric maps with evidential uncertainty estimates, com-

bining uncertainty-aware viewpoint selection and push

actions for semantic mapping in cluttered shelf environ-

ments. Koc and Sariel [18] enrich volumetric representa-

tions with object-aware semantic information to eval-

uate active and interactive actions for tabletop scene

exploration. However, these approaches focus on com-

plete scene understanding rather than guiding explo-

ration toward a specific target object for grasping.

Other works have integrated semantic information

into NBV planning frameworks to focus exploration

on task-relevant objects. Kay et al. [19] extend vol-

umetric information gain with semantic weighted en-

tropy for aerial reconstruction, multiplying geometric

entropy by class-specific utility weights to distinguish

target from nuisance objects. Burusa et al. [20] develop

a semantics-aware NBV planner that maintains seman-

tic voxel grids with class labels and confidence scores,

using entropy-based semantic information gain to pri-

oritize viewpoints that reduce uncertainty about task-

relevant plant parts. For manipulation-oriented tasks,

Song et al. [21] propose a geometry-based, semantics-

Fig. 1 The proposed semantic-aware NBV framework ac-
tively selects informative viewpoints to refine the geometric
and semantic representation of a target object in a cluttered
scene prior to grasp execution.

aware NBV planner for avocado harvesting that eval-

uates candidate viewpoints using semantic entropy un-

der task-specific geometric constraints. While these ap-

proaches demonstrate the value of semantics for NBV,

they typically formulate viewpoint selection using per-

voxel semantic uncertainty or entropy-based objectives.

In contrast, our method uses semantic detections to

progressively localize the target region and guide ge-

ometric information gain toward target-focused explo-

ration in cluttered environments.

More recently, vision-language models (VLMs) have

been applied to semantic-aware viewpoint planning. Wang

et al. [22] and Liu et al. [23] leverage VLMs for view-

point scoring based on semantic relevance. APeG [24]

incorporates CLIP [25] text-image similarity for language-

guided grasping and selects semantic-aware viewpoints

that reveal occluded regions around the target. VISO-

Grasp [26] reasons about occlusions by identifying likely

occluding objects when the target object is not de-

tected and uses NBV fields to guide sequential grasp-

ing. However, object-centric approaches such as VISO-

Grasp and APeG handle occlusion locally, without per-

forming global scene exploration or maintaining a per-

sistent semantic representation over unobserved regions.

To address this limitation, we propose a semantic-

aware Next-Best-View (NBV) planner for grasping that

leverages semantic information to focus sensing on ob-

jects of interest (see Fig. 1 for the overall procedure).

We maintain a unified volumetric representation that
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Fig. 2 Overview of the proposed semantic-aware Next-Best-View (NBV) pipeline for active grasping. The system integrates
semantic and geometric information for voxel-based mapping, viewpoint sampling, and grasp execution.

fuses geometric TSDF and semantic voxel grids, accu-

mulating semantic labels and confidence scores across

multiple viewpoints. Semantic detections are used to

construct an adaptive spatial bounding box, within which

geometric information gain is evaluated to guide target-

focused exploration. Finally, we introduce semantic grasp

filtering that leverages the accumulated semantic rep-

resentation to ensure that grasps target the intended

object rather than occluders.

The main contributions of this paper are as follows:

– A semantic-aware NBV framework that combines

workspace-level and target-centric geometric infor-

mation gain through a semantic bounding box that

expands as target detections accumulate.

– A unified volumetric representation with aligned ge-

ometric and semantic grids that preserves persistent

semantic labels and confidence scores across multi-

ple viewpoints.

We validate these contributions in both simulation and

real-world cluttered scenarios, demonstrating effective

grasp performance in heavily occluded environments.

The proposed semantic-aware NBV algorithm is built

on top of Volumetric Grasping Network (VGN) [8] and

integrated with open-vocabulary semantic segmenta-

tion, with full details described in Sect. 2.

2 Methodology

Given a text prompt specifying the target object class,

a cluttered workspace, and an eye-in-hand RGB-D cam-

era, the system must plan a sequence of viewpoints and

execute a grasp of the target object under heavy oc-

clusion. As shown in Fig. 2, the system operates in a

closed-loop exploration-grasp cycle targeting a speci-

fied object in a cluttered scene, leveraging VGN [8] for

grasp candidate generation and GroundingDINO [27]

with the Segment Anything Model (SAM) [16] for open-

vocabulary semantic segmentation. At each iteration,

the robot: (1) acquires RGB-D observations with object

detections and segmentation, and updates the geomet-

ric TSDF and semantic voxel representations (Percep-

tion & Mapping), (2) evaluates grasp candidates on the

target object (Grasp Pipeline), and (3) either executes

the highest-quality valid grasp if the grasp condition is

met, or selects the next best viewpoint via information

gain maximization to continue exploration (NBV Plan-

ning). The cycle continues until a successful grasp is ex-

ecuted. VGN [8] predicts 6-DoF grasp candidates from

the accumulated TSDF volume and outputs grasp can-

didates with associated quality scores and 6-DoF poses.
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Fig. 3 Semantic region expansion through multi-view ob-
servation. (a) Partial observation. (b) Expanded observation.
The semantic bounding box (green) expands as more target
voxels are observed from different viewpoints.

2.1 Volumetric Mapping with Semantic Integration

We represent the geometry of the scene using a TSDF

volume [28], where each voxel stores the signed distance

to the nearest surface. The TSDF is incrementally con-

structed through volumetric integration of depth ob-

servations from multiple viewpoints, providing a con-

tinuous volumetric representation of the scene geom-

etry. This representation enables the identification of

occluded voxels behind observed surfaces for the com-

putation of information gain and serves as input to the

VGN [8] for the prediction of 6-DoF grasp poses.

In this work, we take an approach to maintain a

unified voxel-based representation that stores both geo-

metric and semantic information in aligned voxel grids.

Let V denote the set of all voxels within a bounding

box for the entire workspace W. At each iteration step

t, a set of semantic voxels St ⊂ V is identified (see Fig.

3). When the semantic voxel set St is constructed (as

explained below in 2.1.1), each voxel element v ∈ St

is associated with a class label ct(v) ∈ {0, 1, ..., Nc}
and detection confidence pt(v) ∈ [0, 1], where Nc is the

number of identifiable classes and ct(v) = 0 indicates

unlabeled voxels.

While the semantic voxel representation can accom-

modate multiple object classes, in this work semantic

integration is restricted to the specified target object

class, as the active grasping task requires identifying

only the grasp target.

2.1.1 Construction of Semantic Voxels

At each iteration time t, the camera pose ξt ∈ SE(3)

generates the RGB-D observation. Given a text prompt

for a single target object class, GroundingDINO [27]

produces a 2D detection box, a class label for the tar-

get ct, and a detection confidence score pt. The detected

regions are then segmented using a segmentation algo-

rithm (e.g., SAM [16]), producing pixel-wise masks in

2D. These masks are projected onto 3D space through

ray-casting from the camera pose ξt ∈ SE(3) taking

into account the camera intrinsics. This process gener-

ates the semantic voxel set St, where each voxel v ∈ St

is assigned a class label ct(v) and a confidence score

pt(v).

Semantic labels are integrated only when the de-

tector confidence exceeds a threshold τp. By discarding

low-confidence detections, this reduces incorrect seman-

tic labels from false-positive target detections (e.g., oc-

cluders misidentified as the target object) and ensures

that semantic information gain is driven primarily by

high-confidence target observations.

Unlike approaches that tightly couple geometric and

semantic reconstruction such as SemanticFusion [29]

and Voxblox++ [30], we maintain separate but aligned

representations. This modular design preserves stan-

dard TSDF reconstruction while restricting semantic

integration on detected objects, rather than perform-

ing dense semantic labeling of all surfaces.

2.1.2 Update of Semantic Voxels

As the robot observes the scene from multiple view-

points, the same voxel may receive different semantic

labels due to occlusion, viewpoint variation, or detector

noise. To maintain consistent semantic assignments, the

semantic voxel set St is only extended at each iteration

step, i.e., St−1 ⊆ St, retaining all previously labeled

voxels. When a voxel is re-observed, we update both

its class label and confidence only if the new detection

has higher confidence than the currently stored value.

Specifically, for voxel v ∈ St−1 with a new detection

cnewt (v) and pnewt (v), the stored semantic information is

updated as:

ct(v) =

{
cnewt (v), if pnewt (v) ≥ pt−1(v)

ct−1(v), otherwise

pt(v) = max{pnewt (v), pt−1(v)}
, ∀v ∈ St−1.

(1)

This maximum-confidence strategy incrementally re-

inforces semantic assignments as more views are inte-

grated, converging toward the most reliable detection.

2.2 Semantic-Aware NBV Formulation

Our key contribution is extending geometric Next-Best-

View (NBV) by focusing exploration on semantically

detected target regions through an adaptive bounding
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Fig. 4 Geometric and semantic information gain (IG) via ray casting. (a) Geometric IG counts all occluded voxels (TSDF< 0)
equally across the workspace. (b) Semantic IG counts occluded voxels within the detected target region, weighted by α, while
voxels outside the target region are weighted by (1− α). In 3D, all rear-side voxels (TSDF< 0) within the semantic bounding
box Bt contribute to the semantic information gain Gs.

box that guides geometric information gain computa-

tion.

2.2.1 Geometric Information Gain

Following Breyer et al. [11], the geometric information

gain (IG) quantifies the number of occluded voxels that

would become visible from a candidate viewpoint, com-

puted via rear-side voxel counting through ray casting.

In our formulation, this gain is computed over the en-

tire workspace region W to promote broad scene explo-
ration and initial detection of the target object.

Let R(ξ) ⊂ W denote the set of voxels visible from

viewpoint ξ within the workspace W, determined via

ray casting through the camera. For each candidate

viewpoint, rays are cast from the camera center, travers-

ing voxels until the first observed surface is encountered

(TSDF ≈ 0). Voxels behind this surface, where TSDF

< 0, are considered occluded (rear-side voxels).

The geometric IG is computed as:

Gg(ξ) =
1

|W|
∑

v∈R(ξ)

I[TSDF(v) < 0], (2)

where I[•] is the indicator function whose value is 1

if the statement • is true and 0 otherwise, and |W|
denotes the total number of voxels in the workspace

W. This quantifies the proportion of currently occluded

voxels within the workspace that would become observ-

able from viewpoint ξ.

2.2.2 Semantic-aware Geometric Information Gain

To focus semantic exploration on the target object, we

define the semantic bounding box Bt ⊃ St as the small-

est axis-aligned bounding box containing the semantic

voxel set St (see the green box in Fig. 3). As shown

in Fig. 3, the semantic bounding box Bt dynamically

grows as the robot observes the target from multiple

viewpoints.

The semantic-aware IG applies the same geometric

rear-side voxel counting, but restricts the computation

to voxels within the semantic bounding box (see Fig. 4):

Gs(ξ) =
1

|Bt|
∑

v∈R(ξ)∩Bt

I[TSDF(v) < 0], (3)

where |Bt| denotes the total number of voxels in the se-

mantic bounding box Bt. This quantifies the proportion

of currently occluded voxels within the semantic region

that would become observable from viewpoint ξ.

2.2.3 Combined Information Gain and View Selection

This dual-scale formulation enables workspace-level ex-

ploration via Gg for initial scene understanding, while

Gs guides exploration toward the detected target re-

gion. The total IG denoted by G(ξ) is then computed

as:

G(ξ) = (1− α) ·Gg(ξ) + α ·Gs(ξ) (4)

where α ∈ [0, 1] balances workspace-level exploration

and semantic refinement toward the target region. A
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higher α focuses the robot on reducing occlusions within

the target region, while a lower α favors broader workspace

exploration. Since both Gg and Gs are normalized as

fractions within their respective regions, they lie on the

same [0, 1] scale, ensuring α provides meaningful con-

trol over the balance between the two terms. When no

semantic detections are available (i.e., Bt = ∅), the se-

mantic gain Gs is set to zero. In this case, the combined

information gain reduces to the geometric information

gain Gg.

Candidate viewpoints are uniformly sampled on a

hemisphere of radius Rs centered at the workspace cen-

ter. The hemisphere radius Rs is chosen to ensure the

workspace remains visible while satisfying kinematic

constraints.

Denoting the set of candidate viewpoints by X , the

next best view is selected as:

ξ∗t+1 = argmax
ξ∈X

G(ξ) (5)

The robot moves to ξ∗t+1 using a Cartesian velocity

controller at a fixed linear velocity, continuously up-

dating the TSDF and semantic voxel representations

during motion. This allows new observations to be in-

corporated incrementally rather than only upon arrival

at the target viewpoint.

2.3 Semantic Grasp Filtering

For each camera view ξt, the VGN generates a set of

grasp candidates G = {g1, g2, ..., gm}, where m is the

number of grasp candidates and gi = (ti,Ri) ∈ SE(3).
For each grasp gi, the VGN also computes a quality

score denoted by qi. Then, among grasp candidates in

G predicted by the VGN, we execute the highest-quality

grasp g∗ whose position lies within the semantic bound-

ing box Bt of the target object:

g∗ = gk s.t. k = argmax
i∈{1,...,m}

qi, ∀qi > τq and ∀ti ∈ Bt (6)

where τq is the quality threshold and ti ∈ R3 is the po-

sition vector associated with gi. This spatial constraint

ensures grasps are placed on the detected target object

rather than on occluders or background surfaces. If no

valid grasp satisfying these constraints exists, the sys-

tem selects the next best view to continue exploration.

Similar to Breyer et al. [11], we implement the stabil-

ity window T to avoid premature grasp execution on

noisy or transient detections. Specifically, we require a

valid grasp candidate to be detected in at least T views

before committing to execution, ensuring the selected

grasp is supported by sufficient multi-view evidence.

Fig. 5 Experimental setup. The robot observes a 30 cm ×
30 cm workspace containing a target object and occluding
objects.

3 Validation of Proposed Method

The proposed method has been validated through sim-

ulation and experiments. For both cases, vision infer-

ence was performed on a remote server equipped with

the RTX 4090 GPU from NVIDIA. The simulation was

run on a laptop with an Intel i5 CPU, while real-world

experiments were conducted on a desktop PC with an

Intel i7-8700T.

3.1 Experimental Setup and Performance Metrics

Figure 5 shows our experimental platform, which con-

sists of a 7-DoF Franka Emika Panda robotic arm equipped

with a parallel-jaw gripper and an eye-in-hand RGB-

D camera (Intel RealSense D435i). We evaluate our

semantic active grasping approach in both simulation

and real-world settings (Fig. 6), using the PyBullet

physics engine [31] for simulation. In simulation, we use

ground-truth object instance segmentation masks from

the simulator. The semantic segmentation masks are

fused with depth images to create a semantic-geometric

voxel representation. Test objects are selected from the

YCB object set [32]. Objects are placed with random

orientations and positions sampled within the workspace,

as shown in Fig. 6(b). Table 1 summarizes the imple-

mentation parameters used in all experiments.

We evaluate system performance using the following

metrics:

(a) Success Rate (SR): The proportion of trials where

the target object was successfully grasped.
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Fig. 6 Arrangement of objects for (a) experiment and (b)
simulation environments. Top row: scene setup. Bottom row:
initial camera view.

Table 1 Implementation Parameters

Parameter Symbol Value

TSDF size (0.3m)3

Voxel count per side 40
Hemisphere radius Rs 0.45m
Detection confidence threshold τp 0.3
Grasp quality threshold τq 0.7
Semantic IG weight α 0.5
Stability window T 5
Max views 15
Linear velocity 5 cm/s

(b) Abort Rate (AR): The proportion of trials where

no valid grasp was found before the maximum view

limit.

(c) Grasp Failure Rate (GFR): The proportion of

trials where a grasp was attempted but failed during

execution.

(d) Views: The average number of viewpoints selected

per trial.

(e) Search Time (s): The average total time spent on

viewpoint selection and grasp planning before grasp

execution.

The proposed semantic-aware NBV approach has

been evaluated against several baseline methods, all of

which are reimplemented in our framework with the

same perception and grasp evaluation pipeline for fair

comparison:

(a) Initial-view: Single fixed initial viewpoint without

view exploration.

(b) Top-view: Single fixed overhead viewpoint without

view exploration.

(c) Random: Selects viewpoints uniformly at random

from the view sphere.

Table 2 Performance of simulation results

Method SR (%) ↑ AR (%) ↓ GFR (%) ↓ Views ↓ Time (s) ↓

Initial-view 33 63 4 1 1.14 ± 0.54
Top-view 80 8 12 1 9.44 ± 1.61
Random 70 15 15 9.81 ± 4.46 8.47 ± 3.53
Breyer et al. [11] 74 5 21 6.80 ± 3.23 4.77 ± 3.23
Ours 84 6 10 8.85 ± 3.72 8.74 ± 3.89

(d) Breyer et al. [11]: Geometric NBV using rear-side

voxel counting as IG on a predefined target bound-

ing box. The target bounding box is provided at the

start of each trial.

To evaluate robustness to heavy occlusion, the tar-

get object is surrounded by occluding objects such that

at least 70% of its surface is occluded from the ini-

tial viewpoint. We conduct 100 trials per method with

varying object poses and clutter configurations.

3.2 Simulation Results

3.2.1 Performance Evaluation

Table 2 presents simulation results over 100 trials per

method in heavily occluded scenes. Our method achieves

the highest success rate (84%), outperforming all base-

lines while maintaining a moderate number of view-

points and execution time. Single-view baselines strug-

gle under heavy occlusion. The Initial-view baseline achieves

only 33% success rate with a 63% abort rate, since the

target is often not visible from the fixed viewpoint un-

der heavy occlusion. Top-view achieves 80% success,

consistent with VGN’s preference for top-down grasps [24],

but remains limited by incomplete scene reconstruction

from a single observation. These results demonstrate

the necessity of active viewpoint exploration in clut-

tered environments.

Random exploration improves over Initial-view base-

line but requires more viewpoints on average (9.81), as

it lacks target awareness when selecting views. Breyer

et al. achieves 74% success rate with fewer viewpoints.

However, their method requires a predefined target bound-

ing box provided at the start of each trial, assuming

prior knowledge of object location. In contrast, our method

uses semantic segmentation to identify and localize the

target during execution, without any prior location in-

formation. The semantic TSDF incrementally accumu-

lates detections across views, dynamically constructing

a target bounding box that guides exploration toward

uncovered regions of the target object. The higher av-

erage number of views (8.85 vs. 6.80) likely reflects the

additional exploration needed to first detect and lo-

calize the target before views can be directed toward

it. Furthermore, semantic grasp filtering ensures can-
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Fig. 7 Sequence of RGB observations, semantic detections, TSDF map updates, and robot motion across multiple viewpoints
during semantic-aware NBV planning. The last column (t = tf ) shows the final grasp execution.

Table 3 Ablation study

Method SR ↑ AR ↓ GFR ↓ Views ↓ Time (s) ↓

Ours (α = 0.0) 79 8 13 9.00 ± 3.71 8.66 ± 3.14
Ours (α = 0.5) 84 6 10 8.85 ± 3.72 8.74 ± 3.89
Ours (α = 0.9) 82 6 12 9.12 ± 3.77 8.14 ± 3.77
Ours (α = 1.0) 78 7 15 8.62 ± 3.56 8.02 ± 3.01

Ours (T = 1) 76 7 17 5.14 ± 3.91 4.96 ± 3.16
Ours (T = 5) 84 6 10 8.85 ± 3.72 8.74 ± 3.89

didates are restricted to the target object, improving

grasp precision in cluttered scenes.

3.2.2 Ablation Study

Table 3 presents the ablation study to investigate the

effects of the semantic IG weight α and the stability

window T . The stability window T has a clear impact

on performance. A smaller window (T = 1) allows im-

mediate execution after a single detection. This reduces

search time and requires fewer views but increases grasp

failure rate. Increasing to T = 5 improves success rate

and reduces grasp failure by ensuring grasp candidates

are confirmed across multiple views before execution.

The semantic IG weight α controls the balance be-

tween geometric and semantic information gains. In-

creasing α from 0 to 0.5 improves success rate from

79% to 84%, suggesting that biasing viewpoint selec-

tion toward target object regions helps reveal occluded

surfaces once the object is detected. However, setting

Table 4 Performance of experimental results

Method SR ↑ AR ↓ GFR ↓ Views ↓ Time (s) ↓

Initial-view 0/10 10/10 0/10 1.00 —
Top-view 8/10 0/10 2/10 1.00 —
Random 7/10 0/10 3/10 12.57 ± 1.51 10.66 ± 2.35
Breyer et al. [11] 10/10 0/10 0/10 10.90 ± 1.79 10.43 ± 2.19
Ours 10/10 0/10 0/10 8.00 ± 1.15 10.38 ± 2.00

α = 1.0 (pure semantic IG) degrades performance, as

the geometric term provides a necessary exploration sig-
nal when semantic detections are sparse in early views.

Based on this ablation, we use α = 0.5 and T = 5 for

all experiments in Tables 2 and 4.

3.3 Experimental Results

Figure 7 shows snapshots of a representative robot arm

trajectory from the experimental trial. As shown in the

sequence of TSDF maps, the target object was not vis-

ible from the initial view when t = 1 but progressively

detected as the semantic-aware NBV algorithm guides

the end-effector for better views. Table 4 presents re-

sults from 10 trials with varying occlusion and clut-

ter configurations. The initial-view baseline fails en-

tirely (0/10 SR) due to heavy occlusion, while top-view

achieves partial success by capturing a broader scene

perspective. Random NBV reaches a moderate success

rate, but with higher grasp failure and more views re-

quired. Our method matches Breyer et al. [11] (10/10)
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in search time (10.38 s vs. 10.43 s), while requiring fewer

views (8.00 vs. 10.90).

Although our method requires fewer viewpoints, se-

mantic integration and voxel map updates introduce

additional computation per iteration, resulting in simi-

lar overall search time. Unlike Breyer et al. [11], which

require predefined target bounding boxes, our approach

uses semantic segmentation to identify and localize tar-

get objects, making it applicable to cluttered scenarios

where object locations are unknown. These results val-

idate that our approach generalizes to real-world set-

tings while relaxing the assumption of known object

location.

4 Conclusion

We presented a semantic active grasping approach that

integrates semantic segmentation with next-best-view

(NBV) planning to grasp target objects in heavily oc-

cluded environments without prior knowledge of object

location. By maintaining a semantic TSDF that accu-

mulates semantic detections across views, our method

guides viewpoint selection toward regions most likely

to reveal graspable surfaces of the target object. Simu-

lation and experiments demonstrate that our approach

outperforms single-view, random, and geometric NBV

baselines in simulation, and matches geometric NBV

performance in real-world trials, without requiring pre-

defined object location information.

A current limitation is the dependence on accurate

semantic segmentation, as failures in the visual ground-

ing pipeline directly impact grasp success. Future work

will investigate the approach in dynamic environments

with moving obstacles, and extend to mobile manipula-

tor platforms where target objects may be distributed

across larger, unstructured spaces.
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