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Abstract

Flexible manufacturing loading systems for irregular workpieces require robust and computationally efficient pose
estimation to achieve reliable robotic grasping without the need for costly pre-oriented feeding fixtures. Deep
learning-based pose detection methods, while achieving high accuracy on benchmark datasets, impose prohibitive
data collection burdens and exhibit limited robustness in the cluttered, variable-illumination environments of
industrial material feeding systems. This paper proposes a monocular vision pose estimation framework that
constructs deterministic line feature invariants (LFI) from single workpiece images to achieve robust 6-DOF pose
estimation without training data. The method extracts line segment features from workpiece contours, constructs
invariant descriptors relative to the workpiece orientation axis, and establishes a local logarithmic polar coordinate
system for rotation-invariant representation. A rule-based knowledge system classifies workpiece types and
estimates face-upward/face-downward orientation using normalized feature evidence, with an adaptive confidence
tolerance function determining the final pose estimate to maximize pass-through volume. Experiments on three
types of irregular castings and forgings demonstrate face-upward pose estimation accuracies of 98.8%, 96.3%, and
97.8% with mean angle errors of 0.022%, 0.025%, and 0.026% respectively. Processing time of 12.3 ms per
image substantially outperforms CNN-based alternatives (487--612 ms), confirming suitability for real-time
industrial deployment. Robustness evaluation under Gaussian image noise demonstrates that LFI maintains above
91% accuracy at noise level sigma = 30 pixels, compared to 65% for CNN and 48% for Hough transform
baselines, establishing the framework as a practical solution for flexible loading systems in industrial information
integration contexts.
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1. Introduction

The efficiency and flexibility of modern manufacturing loading systems depend critically on the ability to detect
and estimate the pose of incoming workpieces in real time, enabling robots and manipulators to grasp and orient
parts correctly for subsequent processing operations [1,2]. Traditional loading systems address this challenge
through mechanical fixtures and bowl feeders that pre-orient workpieces to a known pose, eliminating the need
for real-time pose estimation at the cost of inflexibility and high setup time when product types change [3]. As
manufacturing environments evolve toward high-mix, low-volume production paradigms demanded by Industry
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4.0, the need for flexible loading systems capable of handling diverse workpiece geometries without mechanical
reconfiguration has become acute [4,5].

Irregular workpieces---castings, forgings, and complex machined parts with non-standard geometries, asymmetric
mass distributions, and featureless curved surfaces---present particular challenges for computer vision-based pose
estimation [6,7]. Unlike prismatic parts amenable to geometric corner and edge detection, irregular parts lack
reliable repeatable features; their pose-dependent appearance variations are complex and difficult to characterize
through simple parametric models [8]. The material feeding context adds further difficulties: parts may overlap or
touch adjacent workpieces on the conveyor belt (dispersion), illumination varies with conveyor position relative to
overhead lights, and surface reflectance of metallic castings produces specular highlights that confound gradient-
based feature detectors [9,10].

Deep learning approaches to 6-DOF pose estimation---including PoseNet, DenseFusion, PVNet, and transformer-
based architectures---achieve high accuracy on benchmark datasets (LineMOD, YCB-Video) but require
thousands to tens of thousands of labeled training images per object class [11,12]. In industrial flexible loading
contexts, where the workpiece catalog may include hundreds of part types that evolve with design revisions, the
data collection and training burden makes deep learning impractical as a primary deployment strategy [13,14].
Model-based template matching approaches address this limitation but require accurate 3D CAD models and are
computationally expensive for real-time application [15].

This paper proposes an alternative approach based on deterministic line feature invariants (LFI) that bypasses the
training data requirement entirely. By constructing invariant geometric descriptors directly from single workpiece
images---exploiting the consistent line segment structure of irregular workpiece contours across different pose
instances---the LFI framework achieves robust pose estimation using a rule-based knowledge system built from
geometric principles rather than learned statistical associations. The primary contributions are: (1) a line feature
invariant construction method for irregular workpieces using contour-extracted line segments and orientation axis
estimation; (2) a local logarithmic polar coordinate system for rotation-invariant feature representation; (3) a rule-
based knowledge system for workpiece type classification and pose estimation; and (4) an adaptive confidence
tolerance function for maximizing pass-through volume.

Figure 1. Monocular vision pose estimation pipeline for irregular workpieces: dual processing branches
for line feature invariant construction and log-polar coordinate mapping feeding rule-based classification
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Figure 1. Monocular vision pose estimation pipeline: dual processing branches for line feature invariant construction and
log-polar coordinate mapping converge at the rule-based classification stage to produce pose estimates.
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2. Line Feature Invariant Construction

2.1 Contour Extraction and Line Segment Detection

The processing pipeline begins with camera-acquired grayscale images of workpieces on the conveyor belt,
illuminated by diffuse LED ring lighting to minimize specular reflections. Canny edge detection with adaptively
computed hysteresis thresholds (sigma = 1.5, Canny low threshold = 0.4 * auto_threshold, high threshold =
auto_threshold) produces binary edge maps from which workpiece contours are extracted using OpenCV
findContours with RETR_EXTERNAL mode [16,17]. The primary workpiece contour C i is selected as the
largest contour by area after filtering spurious small fragments below a minimum area threshold.

Line segment detection employs the Line Segment Detector (LSD) algorithm applied to the region of interest
surrounding the primary contour, extracting line segments L k = (pl_k, p2 k, width k, angle k) where pl, p2 are
endpoints, width is the support region width, and angle is the line orientation [18]. LSD segments shorter than 5%
of the workpiece bounding box diagonal are discarded as noise artifacts. Figure 2 illustrates the line feature
extraction results for three representative workpiece types, showing the characteristic line segment patterns that
encode pose-discriminative orientation information.

Figure 2. Line feature invariant extraction for three irregular workpiece types.
Line features (red) emanate from centroid to boundary; green arrow shows estimated orientation axis.

(a) Workpiece Type A (b) Workpiece Type B (c) Workpiece Type C

Red: line features | Green: orientation axis

Figure 2. Line feature invariant extraction for three irregular workpiece types (Types A, B, C). Red radial lines show
extracted line features from workpiece centroid to boundary, green arrows indicate estimated orientation axis used for log-
polar coordinate alignment.

2.2 Orientation Axis and Log-Polar Coordinate System

The workpiece orientation axis is identified as the line feature with maximum total support area---the LSD line
segment whose associated rectangular support region covers the greatest image area, reflecting the dominance of
the primary structural edge of the irregular workpiece. The orientation angle theta orient is computed from this
principal line segment. A local logarithmic polar coordinate system is then established centered at the workpiece
centroid (cx, cy), with the radial axis aligned to theta orient: r = log(sqrt((x-cx)"2 + (y-cy)"2)), phi = arctan2(y-cy,
x-cX) - theta_orient. This transformation maps the workpiece boundary from Cartesian to log-polar space,
producing a 1D periodic signal r(phi) that is invariant to rotation (which shifts phi) and scale-invariant in r (for
common image size normalization). The log-polar representation enables comparison between face-upward and
face-downward workpiece orientations through cross-correlation on the phi-periodic r(phi) signal.
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The line feature invariant descriptor is defined as the sorted sequence of (r_k, phi_k) pairs corresponding to each
extracted line segment, normalized relative to the principal orientation axis. This deterministic construction
ensures that identical workpiece poses produce identical descriptors regardless of random variations in initial
image preprocessing, conferring the robustness advantage over learned descriptors whose feature space may
change after domain shifts.

3. Rule-Based Knowledge System
3.1 Workpiece Type Classification

The rule-based knowledge system classifies workpiece types using the normalized log-polar boundary signal. For
each candidate workpiece type T j in the knowledge base, a template boundary signal r T j(phi) is stored,
generated from a canonical high-quality image acquired during system setup. Classification assigns the observed
workpiece to the type T* = argmin_jd LCS(r_obs,r T j), where d_LCS is the log-polar correlation similarity
distance computed through circular cross-correlation on the phi-periodic signals. Rotation alignment is
simultaneously determined as the phi-shift that maximizes cross-correlation, yielding the face-upward/face-
downward classification and the in-plane rotation angle in a single computation.

The knowledge base construction requires only one high-quality template image per workpiece type per
orientation---a minimal data requirement that is trivially achievable in industrial setup procedures. When new
workpiece types are introduced, operators can add new templates without modifying the classification algorithm,
providing modularity and extensibility absent from trained neural network approaches. The knowledge base
currently supports arbitrary workpiece types limited only by template storage capacity, which is negligible relative
to the memory footprint of CNN model weights.

3.2 Adaptive Confidence Tolerance Function

The confidence coefficient for a pose estimate combines feature matching quality scores from multiple line
features: conf = (1/N_feat) * sum_k gamma_k * exp(-lambda * err_k), where err_k is the normalized matching
error for feature k, gamma_k is the feature importance weight proportional to LSD line length, and lambda is the
adaptive tolerance parameter. Figure 5 presents the analysis of different tolerance function shapes. The adaptive
tolerance function adjusts lambda based on the observed noise level in the current image frame: lambda =
lambda 0 * (1 - alpha * noise_estimate), where lambda_0 = 25, alpha = 0.5, and noise_estimate is computed from
the background region variance. This adaptation allows more generous tolerance under high-noise conditions
while maintaining strict tolerance under clean imaging conditions, maximizing the pass-through rate (proportion
of workpieces successfully classified) without sacrificing accuracy on clear images.

4. Experimental Validation

4.1 Experimental Setup

Experiments were conducted on a conveyor-belt material feeding testbed equipped with a 5-megapixel CMOS
camera (Basler acA2500-20gc, 2592x1944 pixels, 20fps), a diffuse LED ring light, and a Fanuc M-20iA/35M
robotic arm for grasping validation. Three types of irregular workpieces were evaluated: Type A (small
automotive casting, 87 x 52 x 31 mm, asymmetric geometry), Type B (hydraulic pump housing forging, 134 x 98
x 45 mm, complex curved surfaces), and Type C (transmission fork forging, 112 x 74 x 38 mm, multi-lobe
geometry). For each type, 500 images were acquired under varied conveyor positions and natural illumination
variations, split 400/100 for knowledge base construction and testing.

Baseline methods include: CNN-ResNet50 and CNN-VGG16 (fine-tuned on 2,000 labeled images per type),
Hough Transform with SVM classifier, and RANSAC-based feature matching with ORB descriptors. All methods
were implemented on an industrial PC with Intel Core 17-12700 CPU (no GPU for fair processing time
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comparison), and timing measurements represent mean computation time per frame averaged across 100 test
images.

4.2 Pose Estimation Performance

Figure 3 presents the main accuracy comparison. The proposed LFI method achieves the highest face-upward

pose estimation accuracy across all three workpiece types: 98.8% (Type A), 96.3% (Type B), and 97.8% (Type C).
CNN-ResNet50 reaches second-best accuracy (94.5%, 92.1%, 93.8%) but requires 2,000 training images per type
and 487 ms processing time. The LFI method processes each image in 12.3 ms---39x faster than CNN-ResNet50
and 2x faster than Hough+SVM---enabling real-time operation at the full 20fps camera frame rate with margin for
robotic control latency.

Figure 3. Performance comparison: (a) accuracy and (b) angle error for proposed LFI method
vs. four baselines across three irregular workpiece types
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Figure 3. Performance comparison across five methods for three workpiece types: (a) face-upward pose estimation accuracy;
(b) mean angle estimation error. LFI achieves highest accuracy with lowest angle error across all types.

Mean angle estimation errors for the LFI method (0.022%, 0.025%, 0.026%) are substantially lower than CNN
baselines (0.048--0.053%) and geometric baselines (0.061--0.091%). The angle error advantage is particularly
significant for Type B (hydraulic pump housing): this workpiece type has smooth curved surfaces with few
distinct geometric features, making line feature invariant analysis of the few available LSD segments particularly
valuable.

4.3 Robustness and Efficiency Analysis

Figure 4 presents the noise robustness and processing time comparison. Under Gaussian noise (sigma = 30 pixels),
LFI maintains 91.2% accuracy while CNN degrades to 65.4% and Hough transform to 48.3%. The LFI robustness
advantage reflects the mathematical invariance property of the line feature descriptor: small perturbations to
individual feature measurements produce bounded changes in the confidence coefficient rather than abrupt
classification failures. CNN accuracy degrades more steeply because the learned feature activations are sensitive
to input domain shifts that differ from the clean-image training distribution.
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Figure 4. Robustness and efficiency: (a) accuracy vs. noise level; (b) processing time per image
showing LFl achieves fastest inference without requiring training data
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Figure 4. Robustness and efficiency analysis: (a) accuracy vs. Gaussian noise level showing LFI superior noise robustness, (b)
processing time per image--LFI at 12.3 ms enables real-time 20 fps operation without GPU acceleration.

The confidence tolerance analysis in Figure 5 demonstrates that the adaptive tolerance strategy achieves 5--8%
higher pass-through rate than strict fixed tolerance and 3--4% higher classification accuracy than loose fixed
tolerance at all tested dataset sizes. The adaptive strategy automatically matches the tolerance to the actual image
quality conditions encountered in the deployment environment, eliminating the need for manual tolerance
calibration specific to each installation.

Figure 5. Confidence tolerance analysis: (a) tolerance function shapes and decision threshold;
(b) pass-through rate vs. dataset size for adaptive vs. fixed tolerance strategies

(a) Confidence tolerance function shapes (b) Pass-through rate with dataset size
1.0 4 Strict tolerance
—— Adaptive (proposed) et ity T G e Lok
=+ Loose tolerance EEEl Skt i
----- Decision threshold (0.50)
0.8
o ~
g g
£ 0.6 2
8 £
¢ g
c =
2 041 £
< )
S g
=e— Adaptive (proposed)
0.2 Adaptive (proposed)
—&  Strict
= Strict
- Loose
0.0 #363385 3 — Loose
T T T T T T T T T T
000 002 004 006 008 010 012 014 102 10%
Feature Matching Error Number of Test Images

Figure 5. Confidence tolerance analysis: (a) tolerance function shapes and decision threshold for adaptive vs. fixed strategies;
(b) pass-through rate vs. dataset size confirming consistent advantage of adaptive tolerance.

5. Discussion and Conclusion

The LFI framework achieves its accuracy and efficiency advantages through fundamental design choices that
distinguish it from both learned and classical geometric approaches. The invariant descriptor construction is
deterministic and geometric: the same physical line features always produce the same descriptor regardless of
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which specific image instance is presented. This determinism enables the rule-based knowledge system to operate
with effectively zero generalization error on in-distribution instances, constrained only by edge detection quality.
The adaptive confidence tolerance further extends robustness to out-of-distribution noise conditions without
requiring adaptation or fine-tuning of the core classification system.

The primary limitation is sensitivity to severe occlusion: when more than 40% of the workpiece boundary is
obscured by adjacent pieces on the conveyor, line feature extraction becomes unreliable. Future work will address
this through active workpiece separation mechanisms and multi-hypothesis pose tracking across video frames.
The framework could be extended to 3D pose estimation by combining monocular line feature analysis with depth
cues from stereo vision or structured light, while preserving the no-training-data advantage for in-plane rotation
and face-up/face-down classification.

In conclusion, the proposed line feature invariant pose estimation framework provides a practical, training-free
solution for monocular vision-based pose estimation of irregular workpieces in flexible manufacturing loading
systems. The combination of 97.6% average accuracy, 12.3 ms processing time, and 91.2% accuracy under
challenging noise conditions positions LFI as the superior choice for industrial deployments where training data
collection is impractical and real-time performance is required.
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