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AGENDA

+ Task description

3D detection pipeline
« Synthetic data generation
+  Depth estimation + surface normals
« Learning 3D detection

+ Results

PrimitivePose: Unseen 3D Object Detection



3D OBJECT DETECTION FROM STEREO

PrimitivePose: Unseen 3D Object Detection

Left stereo

Right stereo

No 3D models required

Only stereo images
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CHALLENGES

« Unseen objects

*  Appearance variations

* Symmetries

« Textureless objects

- Pose annotations for training data

« Synth-to-Real gap

PrimitivePose: Unseen 3D Object Detection Own tabletop evaluation images 6
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SYNTHETIC DATA GENERATION

» Blender to render synthetic stereo images

« 3D primitives

» Obtain GT 6D pose, object size, occlusion
etc.

« Overcomes data sparsity but what about
synth-to-real gap?

PrimitivePose: Unseen 3D Object Detection
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DEPTH ESTIMATION AND SURFACE NORMALS

+ Stereo model (AANet [2]) for disparity

- ,Real” stereo-matcher on synthetic images
delivers close-to-real disparity maps [3]

+ Obtain surface normal images from disparity

- Disparity-scaled surface normal images
preserve depth information as well

PrimitivePose: Unseen 3D Object Detection 15
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LEARNING 3D OBJECT DETECTION
* Objects as points (CenterNet [4]) extended for 3D detection

Ebo:c j-— L= £bozc + ﬁcenter S
Eang + Edim + Edep

Ecente’r

Y Relative angles Ly

N Object dimensions L j;m,

|
PrimitivePose: Unseen 3D Object Detection Center depth ﬁdep 16
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REAL 3D OBJECT POSE ANNOTATION

* Annotate 6DoF pose of arbitrary objects from RGB images (uncalibrated)

Calibration 5 N
frame fspy

Pose
' annotation

https://qgithub.com/vindicate-qit/PrimitivePose-Annotation-T o0l
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https://github.com/vindicate-git/PrimitivePose-Annotation-Tool

UNSEEN OBJECT 3D DETECTION

IEEE Robotic Comimt’ing
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RESULTS ON OUR TABLETOP DATASET

-« Correct pose if rotational error e, [5] is below a certain threshold

« Compare to PoseCNN [6], very popular method trained on YCB objects
+ Also report 3D IoU of 3D bounding boxes

Method Large ‘ Mixed ‘ Small | Large | Mixed | Small | Large | Mixed | Small | Large ‘ Mixed ‘ Small | Large | Mixed | Small | Large | Mixed | Small
Recall (e;0r < 2°) Recall (eror < 5°) Recall (e;ot < 10°) Recall (e,0¢ < 15°) Recall (er0t < 25°) Recall (e;or < 40°)
PoseCNN [5] 0.0 0.0 0.0 0.0 1.2 0.0 2.5 1.6 0.8 37 2.3 1.1 4.4 3.7 4.1 7.4 9.3 10.6
I 27.5 225 47.7 38.6 32.8 55.6 45.5 39.2 60.3 49.9 43.6 62.7 53.8 47.1 65.0 57.1 499 67.4
N 19.1 14.6 29.1 33.6 26.4 40.0 42.3 357 45.0 47.5 40.8 48.0 51.7 44.9 512 55.5 48.2 54.0
Ns_s 22.0 19.3 29.7 372 34.5 43.4 453 42.1 50.4 50.7 46.9 54.6 55.8 50.8 576 59.8 54.2 60.5
ToUsp (dyn = 0%) IoUsp (dior = 4%) IoUsp (dgo; = 8%) ToUsp (dyo = 12%) IoUsp (dyor = 16%) IoUsp (dyor = 20%)
4 15.3 12.2 5.0 20.0 16.7 8.6 24.2 20.5 124 27.3 23.0 15.5 29.5 24.7 17.6 31.0 25.9 19.0
N 6.8 1.8 0.2 9.1 3.0 0.6 11.7 4.7 1.5 14.4 6.6 3.0 16.8 8.5 4.7 18.9 10.2 6.1
Ns_s 12.4 7.0 24 159 10.2 4.0 19.2 13.4 6.4 21.9 16.3 8.7 24.0 18.6 10.6 25.7 20.3 12.3

* Quantitatively, simple disparity & is best model input
- Disparity-scaled surface normals Ny_, are second -> depth information

PrimitivePose: Unseen 3D Object Detection 20




RESULTS ON OUR TABLETOP DATASET

-« Correct pose if rotational error e, [5] is below a certain threshold

« Compare to PoseCNN [6], very popular method trained on YCB objects
+ Also report 3D IoU of 3D bounding boxes

Large ‘ Mixed ‘ Small

Large | Mixed | Small

Large | Mixed | Small

Large ‘ Mixed ‘ Small

Method Large | Mixed | Small | Large | Mixed | Small
Recall (e;0r < 2°) Recall (eror < 5°) Recall (e;ot < 10°) Recall (e,0¢ < 15°) Recall (er0t < 25°) Recall (e;or < 40°)
PoseCNN[5] | 00 00 00 | 00 12 00 | 25 16 08 | 37 23 1.1 | 44 37 41 | 74 93 106
[ s 275 25 417 | 6] 38 [556 | 455] 392 499 436 538 471 571 499
N 190 146 291 | 336 264 400 | 423 357 450 | 475 408 480 | 517 449 512 | 555 482 540
Ni—s 20 193 297 | 372 [345] 434 | 453 [421] s04 [[507  469] sa6 |[558 08| 576 [[598 s42] 605
ToUsp (dy,; = 0%) loUsp [dt-og = 4%) loUsp (dt-o,f = 8%) ToUsp (d;, = 12%) IoUsp (dyy = 16%) IoUsp (d;,; = 20%)
[ 153 122 50 | 200 167 86 | 242 205 124 | 273 230 155 | 295 247 176 | 310 259 190
N 6.8 18 02 | 91 30 06 | 117 47 15 | 144 66 30 | 168 85 47 | 189 102 6.1
Ni—s 124 70 24 | 159 102 40 | 192 134 64 | 219 163 87 | 240 186 106 | 257 203 123
 Quantitatively, simple disparity § is best model input
- Disparity-scaled surface normals Ns_; are second -> depth information
PrimitivePose: Unseen 3D Object Detection
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FAILURE CASES

* Non-compact objects
« Symmetry due to self-occlusion
* Object cavities

PrimitivePose: Unseen 3D Object Detection 22
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RESULTS ON STIOS DATASET [7]

conveyor-belt lab-floor office-carpet robot-workbench  tool-cabinet white-table wooden-plank wooden-table
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RESULTS ON STIOS DATASET [7]

conveyor-belt lab-floor office-carpet robot-workbench  tool-cabinet

white-table wooden-plank wooden-table

PoseCNN

Ours

- 8 different environments with YCB objects
 Different object configurations

* Provides stereo images and semantic masks but no pose annotations

PrimitivePose: Unseen 3D Object Detection
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RESULTS ON STIOS DATASET [7]

PoseCNN

PrimitivePose: Unseen 3D Object Detection

conveyor-belt

lab-floor office-carpet robot-workbench  tool-cabinet white-table wooden-plank wooden-table

8 different environments with YCB objects
Different object configurations

Provides stereo images and semantic masks but no pose annotations

Problems with maximum disparity
Acceptable results but dataset transfer is always hard
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MAIN CONTRIBUTIONS

Stereo-based, real-time 3D object detection

+ Learned from synthetic data, no pose-
annotated images required

« Generalizes reasonably to other environments

« Toolkit for pose annotation of objects from
monocular, uncalibrated camera images

PrimitivePose: Unseen 3D Object Detection 27
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