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INTRODUCTION & OBJECTIVES

The Primacy of Depth: Visual signals are the foundation of humanoid intelligence. Depth perception is the "entry
point" for the Perception —Planning — Control loop, enabling 3D navigation and manipulation, today’s challenges.

'Objectives: A Biomimetic Alternative
Current depth sensing (LIDAR, Radar) and Deep Learning are computationally expensive and lack transparency.
Our Goal: A human-like binocular stereo system using RCE Neural Networks to achieve:

e Low Cost: Real-time performance on standard edge-CPUs (no GPUs).

e High Speed: Sub-20ms latency for dynamic humanoid movement.

o XAI: Transparent, physically-grounded "DNA" matching logic allowing to manually debug and ensure accuracy
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PROPOSED RECOGNTION SOLUTION & VALIDATION

Physics-Encoded Feature DNA: The Modular Adaptive Registry Restricted Coulomb Energy Neural Networks (RCE NN)
Vector Fusion: 10-bin modular histograms are concatenated 2. Sobel (Edges) Physics-inspired engine for human-like cognition and incremental learning. It maps

into a compact, adaptive 60D "DNA" feature vector. object signatures as dynamic hyper-spheres in the feature space
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A unique physical fingerprint for object identity, enabling
transparent region comparisons bypassing DL inference.
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Perception Lab: Challenging Black-Box Vision with Recurrent Coulomb Energy NN webapp: [1];

A real-time framework for benchmarking few-shot recognition and 3D spatial awareness:
o Stereo Depth Analysis: Comparative evaluation of SOTA backbones, localization strategies, and the custom RCE network against traditional Depth NNs.
o Multi-View Generalization: Quantifying recognition robustness and cross-view consistency across calibrated stereo image pairs.
» On-the-Fly Adaptation: Instant model evolution via real-time "head" fine-tuning on user-provided or curated datasets
o Explainable Al (XAl): Moving beyond the "black box"—visualizing internal feature maps and energy landscapes

Architecture Strategy Technical Advantage Method Description & Algorithmic Logic

ResNet-18 Deep CNN High-dimensional feature stability for complex textures. Sliding Window Brute-force grid scan evaluating the recognition head at every pixel coordinate.
MobileNetV3-S | Efficient CNN Minimal parameter count; optimized for edge-Al latency. Image Pyramid Multi-scale search processing image resizes to handle distance and scale variance.
MobileViT-XXS | Hybrid ViT/CNN Global spatial context through multi-headed self-attention. Coarse-to-Fine Two-pass hierarchical refinement; low-res candidate detection followed by high-res local
search.

YOLOv8n Regression Direct bounding box prediction with one-stage inference. . _ . _ _

Contour Proposals Edge-driven selection using Canny/Morphology to isolate candidates; 10-100x faster than
ORB Classical Geom. Transparent, rotation-invariant keypoint descriptor matching. exhaustive.
RCE Network Energy Minimization | Proposed: Vectorized, non-black-box spatial logic. Template Matching | Fast baseline using OpenCV cross-correlation (NCC); runs in optimized C++ backend.
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