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Abstract  

Automated  sorting  and  precision  robotic  manipulation  of lightweight  hollow- 

frame  workpieces,  such  as  lattice-style  micro-unmanned  aerial  vehicle  (micro- 

UAV)  frames   and  topology-optimized  industrial  components,  present   acute 

perceptual  bottlenecks  for  standard  3D  visual  sensing.  Active  infrared  struc- 

tured light efortlessly traverses internal apertures and void cavities, interleaving 

upper surface contact points with underlying support table clutter and severely 

destabilizing  6-DoF  grasp  pose  estimation.  To  resolve this  geometric  contam- 

ination  without  relying  on  CAD  models  or  prior  3D  templates,  this  paper 

proposes  an  integrated  boundary-constrained  perception  and  geometry-aware 

grasping pipeline tailored for porous and hollow-frame structures. The proposed 

architecture establishes an external-perimeter segmentation strategy utilizing a 

customized YOLOv8-seg network, explicitly masking out interior void regions at 

the visual source. The segmented depth cluster is back-projected into 3D camera 

coordinates and processed through a nearest-20% depth-quantile filter  (Q0.20) 

to decouple the top planar contact rim from vertical sidewalls. Local surface nor- 

mal vector extraction is formulated via Singular Value Decomposition (SVD) of 

the spatial scatter covariance matrix,  accompanied by  an  analytical planarity 

spectral-ratio gate (κ = λ 1 /λ3   ≥ 15.0) to reject non-planar degeneracies. In- 

plane rotational ambiguity is resolved by projecting the 2D contour axis onto the 

tangent plane, synthesizing robust grasp orientations on SO(3) via Lie algebra 

matrix exponential mapping. Perception and motion execution are coordinated 

across  a distributed mechatronic testbed linking  an industrial  6-DoF Aubo-i5 

collaborative manipulator, an eye-in-hand RealSense D435i sensor, and an SMC 

pneumatic parallel gripper over a lightweight asynchronous JSON-RPC protocol. 

Experimental evaluations demonstrate a boundary segmentation mask mAP@0.5  
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of 0.995 across 106 annotated frames, alongside 68 physical workspace grasping 
trials yielding an empirical position jitter of 0.167 mm, an orientation jitter of 

0 .249 ◦  ,  and an overall geometric convergence rate of 98.5% (67/68 trials) ,  verify- 

ing the system’s operational viability  and numerical robustness under real-world 

laboratory conditions. 

Keywords: Robotic grasping, porous structures,  hollow-frame micro-UAV, point-cloud 
filtering, covariance eigenspectrum, SO(3) pose estimation, RPC communication 

 

 

1  Introduction 

Automated sorting, retrieval, and precision assembly of complex structural  workpieces 

have become essential operational capabilities in  modern flexible manufacturing, recy- 

cling  lines,  and  intelligent  logistics  [1, 19].  With  recent  advancements  in  additive 

manufacturing  and  structural  topology  optimization,  thin-walled,  multi-perforated, 

and lattice-like components are increasingly deployed in high-performance aerospace 

and robotic systems  [2, 20]. A prominent embodiment of such structural geometries 

is found in miniature unmanned aerial vehicles  (micro-UAVs), which are commonly 

enclosed  by  lattice-style  impact  guards  to  achieve  structural  lightweighting  while 

shielding delicate internal rotors. 

Despite their structural compliance and aerodynamic efficiency, automated robotic 

handling of hollow-frame workpieces using conventional eye-in-hand RGB-D percep- 

tion faces severe physical and computational bottlenecks [3, 4, 21]: 

1.  Multipath  Depth  Bleed  across  Void  Cavities :  Active  infrared  structured 

light effortlessly penetrates open lattice cavities, commingling the valid top con- 

tact rim with the underlying workstation surface and fixture supports [5, 22]. This 

creates phantom surfaces and dispersed outlier clusters that severely corrupt local 

geometric reconstruction and traditional surface fitting techniques [23]. 

2.  Normal  Misalignment  Sensitivity :  Thin-walled  lattice  rims  exhibit  narrow 

contact  cross-sections.  Minor  angular  deviations  along  the  tool  approach  vector 

generate  excessive  tangential  shear  forces  that   can  deflect  or  damage  internal 

mechanisms or cause parallel gripper jaws to jam into narrow grid slots [6, 7, 24]. 

3.  Internal Structural Visual Clutter: High-frequency optical boundaries created 

by interior motor cross-bars, circuit boards, and wiring harnesses cause standard 

2D bounding boxes and geometric centroids to fluctuate drastically under varying 

workshop illumination [25, 26]. 

Existing data-driven grasping frameworks, such as Dex-Net [8], GraspNet-1Billion 

[6],  and  generative  pixel-level  synthesis  pipelines  [27, 28],  predominantly  optimize 

antipodal grasp metrics over dense, unsegmented point clouds. While highly effective 

on solid convex objects, their surface-normal estimation pipelines diverge significantly 

when confronted with semi-transparent, highly reflective, or multi-perforated struc- 

tures [9, 29]. On the other hand, traditional 6D pose estimators such as PoseCNN [10] 

and DenseFusion [11] rely heavily on rich visual surface textures or dense CAD models, 
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which are often unavailable in rapid reconfigurable assembly environments [25]. Recent 

lightweight visual servoing and keypoint-driven methods [12–14, 30] demonstrate high 

real-time efficiency but fail to explicitly isolate internal void contamination. 

To address these perceptual and mechanical challenges without demanding offline 

CAD models or neural radiance rendering, this paper introduces a geometry-aware 

6-DoF robotic grasping framework that directly extracts stable grasp poses from the 

continuous external structural perimeter of porous workpieces. 

The primary contributions of this paper are summarized as follows: 

•  Boundary-Constrained Perception Formulation: We formulate an external- 

perimeter  segmentation paradigm  using  a  customized YOLOv8-seg  network that 

explicitly isolates the outer structural boundary while rejecting internal negative 

spaces, fundamentally suppressing active optical depth bleed at the visual source. 

•  Analytical  Spectral-Ratio  SVD  Filtering:  We  establish  a  coupled  depth- 

quantile  filtering  (Q0.20 )  and  spatial  covariance  eigenspectrum  analysis  pipeline, 

introducing an analytical spectral planarity criterion (κ = λ 1 /λ3 ) and 2D contour- 

tangent projection to mathematically resolve surface normal direction,  in-plane yaw 

symmetry, and SO(3) pose alignment. 

•  Mechatronic  Integration  and  Physical Validation: We validate the end-to- 

end framework on an industrial 6-DoF Aubo-i5 collaborative manipulator equipped 

with an SMC pneumatic parallel gripper and an eye-in-hand RealSense D435i sen- 

sor, coordinated over a lightweight asynchronous JSON-RPC architecture across 68 

physical workspace trials. 

2  System Hardware Architecture and Control 
Topology 

2.1  Electromechanical Platform Implementation 

The physical robotic testbed comprises an industrial 6-DoF collaborative manipula- 

tor (Aubo-i5) rigidly anchored to an extruded aluminum profile workstation base, as 

illustrated in Fig. 1. The kinematic transformation chain relating the robot base {B}, 

end-effector flange  {E}, camera optical center  {C}, and pneumatic gripper contact 

center {T} is formally expressed using forward kinematics [31, 32]: 

B TT  = B TE  · 
ETC  · 

C TO  ·  
OTT                                                                  (1) 

where C TO  denotes the 6-DoF workpiece target pose estimated by the vision system. 

The end-effector configuration includes: 

•  Eye-in-Hand  Perception  Unit :  An  Intel  RealSense  D435i  RGB-D  sensor  is 

mounted to the manipulator wrist flange in an overhead, vertically downward atti- 

tude,  ensuring  an  unobstructed  view  of the  top  contact  plane  prior  to  descent. 

Camera  extrinsic  parameters  ETC   relative  to the  tool  flange  are  determined via 

standard Tsai-Lenz hand-eye calibration procedures [15]. 

•  Fast-Response  Actuation  Gripper :  A  dual-finger  pneumatic  parallel  gripper 

(SMC MHZ2-16D) is actuated by pneumatic supply lines (0.5–0.7 MPa) through a 
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Fig.  1:  System  electromechanical  platform  and  distributed  control  topology:  (a) 

Physical experimental testbed comprising the Aubo-i5 collaborative manipulator,  eye- 

in-hand  RealSense  D435i  sensor,  SMC  parallel  pneumatic  gripper,  and  workpiece 

fixture;  (b) Electromechanical signal flow and distributed asynchronous JSON-RPC 

communication architecture. 

 

high-speed directional solenoid valve. The gripper features a total stroke of 7.0 mm 

(3.5 mm per jaw). Given the workpiece rim cross-section of 2.5 mm, a clearance mar- 

gin of 2.25 mm per side is available, requiring sub-millimeter positioning precision 

to  prevent jaw-rim jamming.  Integrated  magnetic  switches  provide  deterministic 

binary feedback regarding jaw displacement states. 

•  Target Workpiece  Fixture: The benchmark workpiece consists of a quadrotor 

micro-UAV airframe (1 5 0  × 1 5 0  × 35  mm,  total mass 8 2  g )  positioned on a vertical 

fixture simulating an assembly line station. 

 

2.2  Distributed Asynchronous RPC Architecture  

To prevent resource-intensive deep visual inference from degrading real-time motion 

interpolation, the computational load is systematically partitioned between an Indus- 

trial PC (IPC) and the embedded robot controller (Fig. 1(b)): 

•  Host  IPC  Layer:  Manages  image  rectification,  TensorRT-accelerated  instance 

segmentation, point-cloud slicing, covariance matrix decomposition, and Cartesian 

waypoint synthesis. 

•  Embedded  Robot   Controller  Layer:  Executes  real-time  motion  planning, 

inverse  kinematics,  joint-space  interpolation,  and  digital  I/O  triggering  for  the 

pneumatic solenoid valve. 

All kinematic target poses and trajectory commands are encapsulated into lightweight 

JSON-RPC  message  packets  transmitted  over  a  dedicated  Gigabit  TCP/IP  link, 

ensuring sub-millisecond network latency and physical execution stability. 
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Fig. 2: Comprehensive boundary-constrained visual perception and 6-DoF grasping 

pipeline: from eye-in-hand RGB-D acquisition, YOLOv8-seg boundary segmentation, 

depth-quantile slicing (Q0.20 ), SVD covariance eigenspectrum analysis (κ ≥ 15.0), to 

SO(3) pose alignment, trajectory execution, and fault-tolerant visual interlocking. 

 

3  Algorithmic Methodology 

The complete computational and control sequence—from sensory acquisition, bound- 

ary segmentation, depth-quantile slicing, eigenspectrum planarity verification, SO(3) 

pose execution, to closed-loop fallback verification—is summarized in Fig. 2. 

3.1  Boundary-Constrained Representation via YOLOv8-seg 

Standard instance segmentation networks frequently fragment porous structures into 

disconnected components due to internal shadow cross-bars and varying illumination. 

We address this issue by training a customized YOLOv8-seg network [16] configured 

to  delineate  the  continuous  outer  perimeter  of the  structural  guard  while  ignoring 

internal openings. 

Let Ωouter  denote the closed annular perimeter corresponding to the solid external 

boundary. The target binary image mask M (u, v) is defined as: 

 

 

By explicitly assigning M (u, v)  = 0 over internal void cavities, active infrared rays 

traversing rotor openings and reflecting off the underlying table are filtered out prior 

to 3D back-projection, as evidenced in Fig. 3. 
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Fig.  3:  Boundary-constrained  perception  result  under  active  infrared  illumination: 

(Left)  Raw  RGB  input  capturing  the  micro-UAV  frame  on  the  assembly  fixture; 

(Right) Extracted continuous external perimeter contour Ωouter   (green border), effec- 

tively suppressing internal void penetration and active infrared depth bleed. 

 

3.2  Depth-Quantile Filtering and SVD Eigenspectrum Analysis 

Given  the  camera  intrinsic  calibration  matrix  K,  masked  depth  pixels  are  back- 

projected into camera Cartesian coordinates: 

P = {pi  = [xi , yi , zi]T   ∈ 耽3  | M (ui , vi ) = 1}                          (3) 

Because the micro-UAV frame exhibits vertical depth relief (35 mm height), vertical 

sidewalls and lower ribs must be decoupled from the top graspable plane. Let ZP  = 

{z i  } represent the optical depth distribution. The  upper contact facet is extracted via 

a nearest-20% depth-quantile filter: 

Ptop  = {pi  ∈ P | zi  ≤ Q0.20 (ZP)}                               (4) 

where Q0.20  denotes the 20th percentile threshold along the optical z-axis, capturing 

the top structural rim closest to the sensor. 

For the filtered subset P top  containing N spatial points, the spatial centroid c and 

spatial covariance matrix Σ  ∈ 耽3 × 3   are evaluated as  [22]:  
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Singular Value Decomposition  (SVD) of Σ yields real sorted eigenvalues λ 1   ≥ λ2   ≥ 

λ3  ≥ 0 and mutually orthogonal eigenvectors v1 , v2 , v3 . The eigenvector v3  correspond- 

ing  to  the  minimal  eigenvalue  λ3   defines  the  surface  normal  direction  [17, 18].  To 
resolve directional sign ambiguity and ensure the normal is camera-facing, we enforce: 

n = sign(v3
Tdcam)v3                                                                                (6) 

where dcam   denotes the vector pointing from centroid c toward the camera optical 

center. 

3.3  Planarity Gate and SO(3) Orientation Synthesis 

To ensure stable parallel jaw contact, the candidate surface facet must be evaluated for  

sufficient geometric planarity. Geometrically, the minimal eigenvalue λ3  measures out- 

of-plane scatter variance  (surface thickness and sensor noise), whereas λ 1  represents 

the principal lateral dispersion across the facet [22]. We evaluate local planarity using 

the eigenvalue spectral ratio: 

                                                                  (7) 

A candidate contact surface is verified as a planar contact interface if: 

κ  ≥  τ ratio                                                                                              (8 )  

where τratio  = 15.0 serves as an analytical planarity validation gate. A value exceeding 

this threshold confirms that the out-of-plane variance is negligible compared to the 

primary  planar  span.  If κ  <  τratio ,  a  degenerate  non-planar  condition  is  detected, 

triggering a safety fallback re-imaging routine. 

Upon passing the spectral verification gate, an orthonormal coordinate frame is 

synthesized. Due to the symmetrical  150 × 150 mm footprint of the frame, in-plane 

eigenvalues are approximately equal (λ1  ≈ λ2). This spectral degeneracy makes eigen- 

vectors v1  and v2  sensitive to point-cloud noise, causing potential yaw flips. To resolve 
this  in-plane  ambiguity, the  dominant  2D  axis  dref   is extracted  from the  detected 
outer contour Ωouter  and projected onto the tangent plane orthogonal to n: 

 

Sign ambiguity is resolved by enforcing v 1Tdref  > 0. The transverse vector is obtained 

via v2  = n × v1 , constructing the target rotation matrix Rtarget  = [v1  v2  n] ∈ SO(3). 

To align the parallel jaws with the structural rib of the micro-UAV, a calibrated 

transformation offset is applied through the matrix exponential on SO(3) [31]: 

Rgrasp  = R target  exp(ω̂θ) ∈ SO(3)                                       (10) 

The pre-grasp hover waypoint ppre  and final grasp waypoint pgrasp  are parameterized 

as: 

pp r e   = c + da p p r o a c h  n,    pg ra s p   = c + do f f s e t  n                           (11)  
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where dapproach  = 80 mm ensures clearance relative to the 35 mm-tall structure, and 

dof fse t   = 5 mm positions the jaw contact center along the upper rim. The manipulator  

executes a linear descent strictly along _n to eliminate shear forces, followed by digital 

triggering of the pneumatic gripper. 

4  Experimental Results and Analysis 

4.1  Segmentation Performance Evaluation 

The boundary-constrained instance segmentation network was evaluated using logs 

from three independent optimization runs under varied laboratory illumination and 

viewing attitudes. The task-specific dataset collected in the experimental workspace 

comprises 106 high-resolution annotated images (640×480), partitioned into a training 

set (95  images,  89 .6%) and a validation set (11  images,  10.4%).  

 

Table 1: Boundary instance segmentation validation metrics across three in dependent 

runs  
Run Precision Recall mAP@0.5 mAP@0.5:0.95 

Run 1 (51 Epochs) 100.0% 99.5% 99.5% 98.5% 

Run 2 (46 Epochs) 100.0% 99.2% 99.5% 99.5% 

Run 3 (49 Epochs) 98.7% 100.0% 99.5% 96.4% 

 

 

As summarized in Table 1, all three runs consistently converged to highly stable 

detection indicators on the validation sets, yielding  a boundary mask mAP@0.5 of 

99 .5%,  with mAP@0.5:0 .95  spanning between 96.4% and 99 .5%.  This confirms that 

suppressing  internal  visual  textures  effectively  prevents  the  network  from  learning 

erratic internal shadow variations. 

4.2  Physical Workspace Benchmarking and Jitter Analysis 

To evaluate the metrological repeatability and stability of the 6-DoF pose estimator 

under actual industrial conditions, an empirical trial series comprising 68 logged oper- 

ational  runs was  conducted  on the  physical  Aubo-i5 testbed.  The  logged  database 

encompasses multi-station stationary captures as well as continuous relocations across 

varied workspace depths and planar attitudes. 

The empirical evaluation is organized into two sequential phases, as summarized 

in Table 2 and illustrated in Fig. 4: 

1.  Phase  I   (Static   Repeatability  Benchmark,   N   =   24):  Across  consecu- 

tive  stationary  captures  logged  at  calibrated  fixture  stations  (camZ  =  269  mm 

to 343 mm), the framework demonstrated sub-millimeter positioning repeatabil- 

ity.  Specifically,  the  spatial  positioning jitter  σpos      remained 

bounded at 0.167 mm, while the rotational orientation jitter σrot  evaluated under 

SO(3) distance metric was confined to 0.249◦ , with a mean detection confidence of 
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Table  2:  Real-world  evaluation  on  Aubo-i5  physical  setup  across  68  experimental 

trials  
Evaluation Phase Trials Pos. Jitter Rot. Jitter Metric / Ratio 

Phase I (Repeatability) 24 0.167 mm 0.249 ◦ Confidence: 0.9644 

Phase II (Generalization) 43 – – L/S Ratio: 0.955 

Anomalous Frame (Rejected) 1 – – L/S Ratio: 0.476 

Total Convergence 67/68  Convergence Rate: 98.5% 

 

 

 

(a) Workspace Generalization Envelope            (b) Physical Margin vs. Positioning Jitter 

Fig.  4:  Empirical  evaluation  across  physical  workspace  trials:  (a)  3D  operational 

envelope boundaries recorded across 43 generalization runs; (b) empirical spatial posi- 

tioning jitter (σpos  = 0.167 mm) and orientation jitter (σrot  = 0.249◦  ) evaluated over 

24 stationary repeatability trials and compared against the unilateral gripper clear- 

ance tolerance (cmargin  = 2.25 mm). 

 

0.9644. Compared to the gripper’s unilateral clearance tolerance of 2.25 mm, this 

jitter profile guarantees deterministic, jamming-free jaw engagement. 

2.  Phase II  (Workspace  Generalization, N = 43): The workpiece was dynam- 
ically repositioned over a broad operational envelope, spanning translations from 

__5 5  mm to 5 9 0  mm in X ,  __3 6 2  mm to 3 8 4  mm in Y ,  and vertical working depths 

camZ  ∈  [263, 375]  mm.  Under these varied  perspectives, the  structural  contour 

aspect ratio (L/S , representing major-to-minor perimeter axis ratio) exhibited high 

geometric  consistency with  a mean value of 0.955 ± 0.024,  closely matching the 

nominal square-frame aspect ratio  (≈ 1.0) and demonstrating that the boundary 

extraction preserves global structure regardless of perspective foreshortening. 

 

 

 

 

 

9 



 

(a) Nominal Capture State (L/S ≥ 0 .80)         (b)  Anomalous  Trial  #26  Logged  (L/S  < 

0.80) 

Fig. 5: Case study of the geometry-prior fault-tolerant rejection mechanism: (a) nom- 

inal sensing state with  an  aspect ratio of L/S  =  0.955  ≥ 0.80  authorizing normal 

trajectory execution; (b) empirical visual anomaly recorded in trial #26, where severe 

active  infrared  penetration  contracted   the  detected  contour  to  L/S  =  0.476  and 

induced an orientation distortion of ry   =  _53.56◦ , immediately intercepted by the 

analytical shape-prior gate prior to physical manipulator motion. 

 

4.3  Geometric-Prior Fault-Tolerant Rejection Mechanism  

A  critical  safety  feature  for  robotic  handling  of porous  structures  is  the  ability  to 

detect and reject corrupted point clusters caused by severe multi-path infrared bleed 

or peripheral occlusions. 

In  our  empirical  evaluation,  trial  #26  logged  a  severe  visual  anomaly:  due  to  

intense optical penetration through the internal voids, the 2D contour tracker expe- 

rienced  an  abnormal  boundary  contraction,  resulting   in  an  aspect  ratio  drop  to 

L/S = 0.476 (contrasting with the nominal operating band [0.90, 1.25]) and a heavily 

distorted orientation estimate  (ry   =  _53.56◦  ). Under our analytical geometry-prior 

gate (L/S ≥ 0.80), this frame was immediately flagged and rejected as a degenerate 

sensing state, as depicted in Fig. 5. Consequently, across all 68 physical experiments, 

67 valid trials achieved robust convergence, establishing an overall empirical success 

rate  of 98.5%.  This  result  demonstrates  that  analytical  shape-prior  gating  reliably 

prevents catastrophic gripper-rim collisions before physical trajectory execution. 

4.4  Parameter Sensitivity and Algorithmic Robustness 

To establish the physical rationale of the empirical hyperparameters without introduc - 

ing unnecessary mechanical fatigue to the lightweight airframe, the operating margins 

of the pipeline are analyzed analytically: 
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Fig. 6: Physical slicing envelope of depth-quantile filtering along the 35 mm vertical 

profile: analytical operating window highlighting the numerical SVD ill-conditioning 

risk for Qk  < 0.10, the parasitic sidewall inclusion risk for Qk  > 0.25, and the deter- 

ministic selection of Q0.20  as the optimal planar contact interface. 

 

4.4.1  Depth-Quantile Operating Envelope  

The depth-quantile cutoff Qk  governs the vertical slice thickness of Ptop  in Eq. (4). An 

analytical sweep across recorded sensory point sets indicates that setting Q k   > 0.25 

permits parasitic point inclusions along the 35  mm vertical sidewalls, which artificially 

inflates the out-of-plane scatter variance λ3  and tilts the computed surface normal n. 

Conversely, choosing Qk  < 0.10 renders the contact subset excessively sparse, increas- 

ing numerical ill-conditioning during  SVD covariance decomposition.  Consequently, 

Q0 .20   serves  as  the  deterministic  boundary  ensuring  both  geometric  planarity  and 

numerical stability, as characterized in Fig. 6. 

4.4.2  Safety Gate and Fault-Tolerant Interlocking  

The analytical planarity criterion (κ ≥ 15.0) and geometric aspect-ratio gate (L/S ≥ 

0.80) establish a deterministic software interlock. As evidenced by trial #26, intense 

multipath penetration that contracts the effective  contour immediately triggers safety 

rejection, preventing erroneous manipulator descent. This multi -stage analytical verifi- 

cation guarantees that physical execution is authorized exclusively when the estimated 

contact interface satisfies rigorous rigid-body grasping constraints. 

4.5  Mechatronic Latency Profiling 

End-to-end hardware grasp tests conducted on the Aubo-i5 platform verified that the 

synthesized approach vector _n successfully positioned the parallel jaws over the struc- 

tural rim without mechanical jamming. Computational profiling reveals the following 

latency breakdown: 

•   TensorRT YOLOv8-seg inference:  12 .4 ± 1 .2  ms;  
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•  Depth-quantile point back-projection: 6.1 ± 0.8 ms; 

•  SVD covariance decomposition and SO(3) pose generation: 3.2 ± 0.4 ms; 

•  JSON-RPC TCP/IP network transmission: 1.5 ± 0.3 ms. 

The total per-frame perception-to-command latency remains below 25 ms (> 40 FPS), 

satisfying real-time constraints for industrial sorting lines. 

5  Discussion and Limitations 

While the boundary-constrained architecture resolves multipath infrared bleed over 

hollow structures, several constraints remain: 

1.  Monolithic  Structural Frame Assumption: The current formulation targets 

continuous outer boundaries. Highly fragmented or articulated lattice structures 

may require multi-contour graph association. 

2.  Absence  of External  Ground-Truth  Metrology: The physical experiments 

establish  workspace  feasibility  and  sub-millimeter  repeatability  across  68  oper- 

ational  captures;  millimeter-level  absolute  tracking  requires  an  optical  motion 

capture system. 

3.  Adaptive  Quantile  Scaling: The quantile Q0.20  is scaled to the 35 mm height 

profile. Transferring the pipeline to objects with continuous non-uniform vertical 

curvature will necessitate adaptive quantile thresholding. 

6  Conclusion 

This paper presented a boundary-guided 6-DoF robotic grasping framework tailored 

for thin-walled porous structures subject to infrared depth penetration. By segmenting  

the closed structural boundary with a customized YOLOv8-seg network, optical bleed 

through internal voids is fundamentally suppressed. Coupling a nearest-20% depth- 

quantile filter (Q0.20 ) with covariance eigenspectrum analysis enables robust extrac tion 

of camera-facing normal vectors, planar degeneracy verification (κ ≥ 15.0), and SO(3) 

grasp orientation  alignment. Physical experiments on  an industrial Aubo-i5 collab- 

orative  platform  equipped  with  an  eye-in-hand  RGB-D  sensor  verified  valid  solver 

convergence across 68 operational workspace trials, achieving a stat ic positioning jitter 

of 0.167 mm, an angular jitter of 0.249◦ , and an overall geometric convergence rate of 

98.5% alongside an instance segmentation mAP@0.5 of 0.995. The proposed pipeline 

establishes an effective baseline for automated robotic handling of porous and lattice 

components without CAD templates. Future work will  investigate dynamic visual ser- 

voing and adaptive multi-quantile estimation on complex irregular topology-optimized 

workpieces. 
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