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Agenda 
• Overview of Real Time Proximity Mapping 

Challenges and Novel Approaches to Meet Them 
– Essential Ideas and Introduction to the LASR Laboratory 

– Videos and Discussion of Recent Experiments on Advanced 
Real-Time Multi-Sensor Fusion  

– TAMU Computational Vision Pipeline 

• HD36 LADAR, Vision Sensors and Data Fusion 
– LADAR Innovations 

– HD6D: An Embedded System for Fusion of LADAR and HD 
Image Data for Simultaneous Location and Mapping 

• Directions, Implications, Concluding Remarks   
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A Good Picture is Worth 1000 Words 
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updated: 

A Good Video is Worth 1000 Pictures 
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Show Videos 



The Crucial Step in Real-Time Mapping From Overlapping 

Images is Solving the Correspondence Problem 
Challenges: 

  - Reliability & Robustness (illumination, pose, blur, scene texture, …) 

  - Speed & Storage  (Must be Feasible in Real Time …) 

  - Ability to Characterize Accuracy “on the fly” 

  - Fusion/co-registration of imagery with lidar (or ladar …) 
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Natural Feature Detection 

• Feature Detection/Characterization/Matching: 
1. SIFT (David Lowe ,1999-, Difference of Gaussian Blurs) 

2. SURF(Herbert Bay ,et al. 2006-, uses Haar Wavelet Operator) 

3. SVT(Chen, et al, 2008-, Multi-view logic tree descriptor)  

4. Randomized Trees (Lepetit, et al, 2005-) 

5. MVKP (Wang et al, 2006-, Walsh-Hadamard kernels) 

6. BRIEF (Calonder, et al, Binary Robust Independent  
                Elementary Features. 2008-) 

 

 

 

Assessments Based on Our Research: 

• Reliability favors Randomized Trees, BRIEF, SIFT, SURF 

• Speed favors 2, 4-6, however, all 6 operate in a GPU or FPGA @ frame rate … 

• All methods fail reliably for sufficiently difficult scenes, all work well for sufficiently 
textured, nicely illuminated, and near-planar scenes 

• None of these consider 3D Geometry simultaneously with Texture => Flewelling R&D 

• Pervasive Problem, Characterizing “How Well” these methods are working on the fly! 

• Any of these can serve more than satisfactorily to find the features and form the initial 
hypothesis in our vision pipeline (will justify) => statistical rejection of spurious features. 

• Other Methods are more attractive for recursive feature tracking after initial detection. 

All of these strive to  efficiently and 

robustly  locate the most distinct 

features from texture maps and 

characterize  them uniquely, and 

tolerate blur, distortion,  large 

linear & angular displacements, and  

large scale changes 
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Five Benchmark Images  (Oxford) 

SIFT and SURF have been compared over these 5 standard image sets in which known transformations are 
applied to generate the 5 varied images (#1 are the 5 reference images). 

Viewpoint, Blur, Rotation & Scale, Illumination, and JPEG Compression 
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2 
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SURF

SIFT++

Large Rotations and  

Range Variations 
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SURF

SIFT++

JPEG Compression 

*http://www.robots.ox.ac.uk/~vgg/research/affine/ 
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SURF

SIFT++

Viewpoint 

All Five of The 

Image Variations  

are “Large” 

Repeatability  =                         

% of correctly detected features 

Repeatability of SIFT and SURF for the Oxford Benchmark Images* 
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Structure of Kinect HD IR Projected Light:  Nine 

Intensity Zones, Nine Bright IR Targets, Unique Quasi-

Random Fainter Texture  
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“One-Frame” 3D Reconstructions  
From Standard Kinect Sensor 

10% Scale Model of Hubble (smooth ~textureless model) 

Highly Textured & Occuluded Artificial Terrain (“laboratory Afghanistan”) 

Junkins and Manoranjan     -     Advances in Real-Time Computational Vision    -     UAS Workshop Texas A&M   -    Oct 25-26. 2011    -     Slide 10 



Junkins and Majji     -     Advances in Real-Time Computational Vision    -     UAS Workshop Texas A&M   -    Oct 25-26. 2011    -     Slide 11 

Time Out For Demonstrations 
 

 

 

 
A Good Picture is Worth 1000 Words 

 Updated 1.0: 

A Good Video is Worth 1000 Pictures 

Updated 2.0: 

A Live Demo is Worth at least 10 Pictures* 

_____________________ 

*unless the Live Demo fails! 



Perspective 

BOTTOM LINE: 

Computational Mapping using Overlapping Imagery  

alone is not an adequate basis for solving the family of SLAM 

problems of interest in space proximity operations, because 
• Scene Texture, Lighting, Geometry, and Range-to-Object variations  

causes failures that are difficult to anticipate (and/or tolerate!) 

WHAT IS NEEDED:   
• New Sensor Technologies to Fuse with overlapping imagery, to find and match 

corresponding feature points & be far less susceptible to the above problems.  

• Algorithms that Exploit the Feature Point redundancy, => better tolerate  

the wide variability of lighting, texture, and image quality => statistically  

select the best features and characterize accuracy, “ON THE FLY”. 

WE ARE RESEARCHING & BUILDING b PROTOTYPES OF: 
• A revolutionary sensor:  HD6D , a new generation LADAR ~12 x 106 range  

measurements/sec +/- 3mm 1s, co-registered & synced with a HD video camera.   

• A novel software pipeline: fuse overlapping LADAR and HD imagery in real time 

• Basic Advance: Point Cloud Fusion Formulation => Rigorous Linearization 

• HP_RANSAC:  statistical characterization & spurious feature rejection  
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Point Cloud Fusion 
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Existing methods for point cloud fusion  

suffer from two difficulties: 

 

• A nonlinear least squares iteration is required 

to converge to the optimal relative translation 

and rotation for two or more point clouds. 

 

• No real time, rigorous methods exists for 

error characterization and spurious feature 

deletion. 
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Point Cloud Fusion 

Junkins and Noster     -    The Coming Revolution:  6D Imaging for ISR    -    Imaging for Decision Making (AIPR)    -    Oct 11-13. 2011    -     Slide 14 

Characterize errors  

on the fly,  

Accept/Reject logic 

Where, for any vector, v : 

i = 1, …, n 

 

 

 

 

 

 

Some Details 

 

A Rigorous Linearization 

of the Point Cloud Fusion Problem 
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Hybrid Preemptive RANSAC 

Measurements 

+ 
+ 

+ 

+ 

+ 

Measurement Subsets 

Selected at Random 

Inlier 

Legend 

+ Outlier 

Hypotheses 

Model 1 

Model 2 

Model n 

Good Model 

(Hypothesis) 

Bad Model 

… 

Testing 

1 2 m … 

1 
Measurement Subset 

Selected for Testing 

… 

… 

… 

…
 

Bad Score 

Good Score 

Decision,  

Rejections, 

& Metrics 

Best Scores 

for 

Comparison 

Best 

Data and 

Fused 

Models! 

+ 
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17 
Junkins and Sallee, NRO TECHNOLOGY SEMINAR SERIES 28 

March, 2011 

HP_RANSAC Demonstration 
Feature Correspondence/Accuracy/Fusion 

   Feature Extraction, Matching & Tracking 

3D “Most Distinct” Key Points (total ~ 500) 
[0] {XYZPt=[500]([1](-0.38129929,-1.0411041,4.1248903), 

   [2](-1.0364742,-0.92280954,3.6800454), 

   [3](-0.98979926,-0.92159337,3.6904376), 

        …)} 

[1] {XYZPt=[500]([1](-0.41590828,-1.0331542,4.1079597),…)} 

[2] {XYZPt=[500]([1](-0.43298972,-1.0292591,4.1021328),…)}  

… 

frame 

frame 

frame 

Relative Pose Estimation (frames 1 and 2) 

 Hypothesis Generation (Using OLTAE – 3D Alg.) 

 

 

[0](0.0004, 0.0046, 0.0012) 

[1](-0.0011, 0.0027, 0.0028) 

[2](-0.0011, 0.0029, 0.0022) 

… 

Orientation (CRPs) Hyp 
 

 

[0](-0.1101,-0.4791, 0.0945) 

[1](0.0299, -0.0012, -0.0016) 

[2](0.0173, 0.0034, 0.0036) 

… 

Translation Hyp (m) 

Each hypothesis generated by using a random subset 

of measurements (from frames 0 and 1) using “a 

rigorously linear least squares solution” 

Local geometry & texture => hypotheses are different (outliers)! 

[0](0.0257, 0.0034, 0.0052, 0.0367, 0.0045, 0.2586, 0.0032, 0.0119, …) 

[2](0.0279, 0.0017, 0.0077, 0.0421, 0.0014, 0.2902, 0.0047, 0.0113, …) 

[3](0.0282, 0.0029, 0.0045, 0.0389, 0.0016, 0.3409, 0.0051, 0.0168, …) 

[4](0.0226, 0.0021, 0.0037, 0.0361, 0.0040, 0.2577, 0.0042, 0.0056, …) 

[5](0.0262, 0.0033, 0.0035, 0.0407, 0.0027, 0.2330, 0.0050, 0.0135, …) 

… 

Hypothesis Number  

T
e

s
t 
 N

u
m

b
e

r 
 

Performance 

Good Hypotheses 
Bad 

Hypothesis 

Hypothesis Testing Results (Residual Errors)  

Best Estimate Relative Displacement 

(-0.0012,0.0027,0.0028) CRP (Gibbs Vector) 

(0.0276, 0.0102, 0.0017) Translation  (m) 

Error (m)  1s 0.0027 

Fused, Super-resolution 3D SLAM Model 

from many overlapping HD pt clouds 

Camera Pose 

Typically, tens of hypothesis tests result in ~500 pts  

reduced to ~100 validated pts incl statistical accuracy. 

@ faster than frame rate, gives locally adaptive  

SLAM with accuracy estimates, a revolution. 



So, thanks to our recent progress,  
the Close Range (<10m) HD Camera-Vision-Based 
SLAM Technology and Real-Time Algorithms are 

Maturing Quickly =>  Now What?  

Question: 
How can we extend existing capabilities so that  
HD  SLAM is possible in real time, seamlessly,  
                      =>   from <1m to > 25km?  

 

Answers: 
- HD6D:  Revolutionary LADAR Sensor  

    - TAMU_CV:  Computational Vision Software.  
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HD3D 
Real-Time Vision-

Based Mapping 
 

“real-time fusion of ultra high speed scanning  

LADAR, and high definition imaging to enable  

orders of magnitude improvement of proximity 

navigation and mapping” 
 

 

 

J. Junkins, et al 

Texas A&M University 

Brad Salley, et al 

SPEC 

October, 2011 

 

HD3D Specifications 
 FOV: 300 

 Range Meas @ 12MHZ 

 Range Accuracy: ~3mm 

 Range to Target Variation: 

                  <1m to > 25km 

 Mass: <3kg, Power: <30w 
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Notional Performance of HD3D LADAR 
Revolutionary HD Sensor Designed for Wide Range of Space Protection Applications 

Note, due to the foveal scan intrinsic to the HD3D Risley Scanning Prism optical design, 
the spatial sampling is over 2x as dense near the center of the FOV, and as consequence, 
the pixels over-sample the object at long range.  This has the consequence of a degree of  
super-resolution –>  very advantageous when there are fewer than 100 pixels on the object. 

3D Imaging 2D Imaging Range & Direction Detection 

Small SWAP 3D-Lensless HD LADAR, Fused with Imagery for Unprecedented Real-Time 
Estimation of Sensor-to-Imaged Vehicle Pose & HD Geometry and Surface Characteristics 

Current Design: 
30 Km Max 

3mm  

resolution 
Adaptive Laser and Receiver  

Photonics: enable  
revolutionary performance  

with a single sensor 

Enables Wide Variation in Standoff Range from Sensor to Object 
Provides HD Range Image @ Video Rates 

 

 
 

20m                          2.5km                      5km                        7.5km                       10km 
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The above approach captures a simpler idea than used in HD3D, a proprietary, sophisticated MEMs 

Risley Scanner has been developed by SPEC to simultaneously scan multiple laser beams with unique 

structured light.  Each of many beams is directed along a specific unit vector(t) calibrated accurate to  

~0.5 mrad, and an independent APD photo-detection channel senses the shaped pulses of each distinct 

beam. Up to 3 range measurements are made for each outgoing pulse, corresponding to 1st, 2nd and 3rd 

return pulse detected => extra information to measure/characterize scenes with “foliage” and with sharp 

edges.   => Result of SPEC innovations: ~12 M range meas/sec over 30o FOV, accurate to +/- 3mm 

inside 300m, accuracy decays to about 0.5m @ 40km. 

Toward the SPEC/TAMU HD3D  
Χ Risley tǊƛǎƳ {ŎŀƴƴŜǊ Χ 
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HD scanning LADAR, to update “HD Frames” ~106 meas @ ~12HZ 

SWAP 

Requirements: 

- < 2kg 

- < 30 w 

- < 4”x4”x12” 

-     Eye Safe 

-     1550nm 
 

Prototype  

Delivery:  

By 7/31/2011 

Fusion of State of The Art: 

- Laser pulse generation 

- Multi-Channel Photo-Detection  

Optics and Photonics (Use “Laser 

Comm” SOA Photonics & Detectors) 

- Novel High Speed Risley Scanner   

Design 
 

Range Measurements: 
- +/- 3mm 3s 
- ~12MHZ 

- 300 FOV 

- Range: from 1m to 25km 

- Accuracy Varies: 

         +/- 3mm inside 300m range down  

         to +/- <1m at 25km range 
 

Embedded High Performance  

Parallel Processing:  
-  Real-time Send/Receive  Laser 

     Pulse Waveform Convolution 
 

Output “Frames” of HD dense  

range point clouds @ 12HZ: 
- Use scanner resolver measurements 

  and IMU to compensate motion 

HD3D:  Revolutionary LADAR 

Novel Risley Prism Design for HD3D Scanner 
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Gen IV LADAR (HD3D): S/N vs Range 

Sept 2011 HD3D Bench  

Test Configuration 
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Convolution of Received  

and Sent Waveform 

High precision 

Clock  and Multiple 

High Precision A/D 

Waveform 

Measurements & 

Convolution Enable 

Orders of 

Magnitude Accuracy 

Improvement. 
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HD3D Specifications 
 FOV: 300 

 Range Meas @ 12MHZ 

 Range Accuracy: ~3mm 

 Range to Target Variation: 

                  <1m to > 25km 

 Mass: <3kg, Power: <30w 

HD Point Cloud 

10% Scale Model of the  

Hubble Space Telescope 
From LASR Laboratory Experiment 

~10^7 Fused Point Cloud +/- 3mm 
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Most Fundamental Aspects of Approach:                                       First Prototype:  

 

•  TAMU/SPEC teamed to research an Ultra-Fast Scanning LADAR …       => June, 2011  

   Ą Co-Register LADAR with a Synchronized HD Camera via Calibration 
     =>  HD3D:  both HD video and full frame HD LADAR refreshed at ~12 HZ, 3mm accuracy,  … 
 

       =>  Co-optimize with algorithms and computer architecture to enable us to fuse, in real time  

            camera/video images with 12M HZ LADAR => HD3D {X,Y,Z;R,G,B;t} models … => a revolution! 
• 

 

 

Status as of September 2011: 
• Full HD3D Prototype Operational In Bench Test, Generating 12M range measurements/second with  

• Beta-Testing of HD3D Sensor with TAMU Pipeline to Fuse HD3D Data, Complete by First 1Q 2012 
 

Research and Development Path:   
•  Simultaneously Refine the HD3D LADAR and the Software Pipeline  

• Waveform Processing & Algorithm Optimization 

                            =>  3mm range accuracy goal inside 300m range, < 0.5m at 25km range 

• Develop HP_Ransac algorithm for point cloud fusion and statistical validation (use redundancy) 

• Develop/implement algorithms via Pipeline & FPGA computation  

• Outcome:  Ą   TRL 5 Prototype of the embedded system by 2nd Q 2012 

• Opportunities for TDM Ą   TRL 7+ during CY 2012, 2013, on-orbit validation/demonstrationé 

HD3D Research Project 

• A“Pipeline” of Novel Technologies has been conceived for future products … 
• Synthetic Aperture Optical LADAR => HD3D from long range 

• Raman Spectral Surface Material Property Characterization 

• Real-time Holographic “Video” Visualization of HD6D Imaged Objects  

• … 
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Questions? 
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