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/ * Top-view scene analysis for safe human-robot collaboration. B | \
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I Problem Statement \ .
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| e In the industrial scenario humans and robots often share the CRF Modeling :
| same workspace posing a lot of threats to human safety 1ssues. :
: * We focus on: |
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| » Intuitive and natural human-robot interaction. / . :
: » Safety considerations and measures in a shared work: “Pixel-wise RDF |
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: » Realization of cooperative process &w‘/When trained on

[ » Workflow optimization. ~ modeled dataset :
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: Contributions | :

l * We model human and object interactions to learn these . - :

| . . . ; . . B - Depth data :

\ interactions in RGB-D data i order to improve segmentation / |

I which can be useful for safe human-robot interaction and \< B :

: collaboration scenarios. S |
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| * We show that synthetic data generated from a density e :

" function, that governs the human-object (H-O) and object- i j

: : : : : !

\ object (O-0O) mteractions, can be effectively used to train , : /

\ thods to achieve improved segmentation performance b Top-view segmentation results for real- /
me
\ o P g p y world depth data. /
Yo 7% m mAP and mAR over state-of-the-art methods on real- /
/
~ world data. ’
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a8 Approach Overview .
/ Random
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/ decision forest \
| classifier \
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[ Each leaf node of the |
[ trained tree represents I
| e Data Generation using a Synthtetic Ground e empirical class distribution :
' density function: Truth Image l |
. » We used a Virtual Robot Feature o Real-World Test I
| Experimentation Platform Selection Classification Depth Image
[ Depth :

(VREP) for modeling and (Depth, FEEs |
[ : label)
I dataset generation. | I
: The synthesized RGB-D l\s/ly::?f;; EZFE’:‘) |

training dataset incorporates Sensor 111 Real-World |
: modeled H-O and O—0O Tralnlng Ground Truth I
I relationships and interactions T t image ]
| obtained using a density CS ll’lg I
I function based scene modeling. I
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Density Function

d /Synthetic dataset generation using a density function
/ * The density function @ capturing the context of human-object (/H-0) and object-object (O-0) \
relationships in a scene S is defined as: ®(S) = W(H,0; O)¥ (0, 0; ©), where 0O is threshold of \\
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preferred occlusion of boundaries.
* We chose 4 industrial objects (1.e. chair, plant, table, and storage) based on an industrial environment, ,
and 6 localized human body-parts of the human as object classes (1.e. head, body, upper-arm, lower-
arm, hand and legs).
* The density function describing the human-object and object-object relationships is defined as:

¥ (H:O; ®) — ‘IJ (Hheig ht)l/J (Hp ose)lp (Hposition)l/) (Horientation)lp (Oheight)lp (Oposition)

lp(Oorientation)l/J ((H: 0)@))#’ ((H: O)Telationship)
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> N Synthetic Training Dataset: (Top) Ground truth labels of synthetic depth data (Bottom) R4 /
RN - generated using a density function with a synthetic KINECT sensor. _ - -
Fl-measure | Avg Head Body UArm LArm Hand Legs Charr Plant Storage  Table
CRFNon—Modeledl1,2] | 0.76  0.90 0.71 0.73 0.65 0.69 048 0.85 0.78 0.90 0.91
CRFyrodeteda | 0.84  0.96 0.84 0.79 0.70 0.79 052 093 090 0.98 0.97
0.8
. ** RealOrd s » | No.r;‘_.Z.M.Oide:Lid (Row 1:) Prediction results
= - OusModeled s for real-world test depth data
E | using the modeled and non-
0.65 modeled training dataset.
0 1,000 2,000 3,000 4,000 5,000 The segmentation
F ‘ improvements can be seen in
 'Modeled - RDF - 1 Modeled - CRF - 1 the modeled case: the
o .‘W};’ § = .\' *  misclassification around the
F - - y ‘ border of the human has
o 0.6 T k. ; ’ 1 I‘" diminished significantly; the
<C | — SOA-Non-Modeled - O v human hand placed on the
S os| | | w— table and the chair are
0 1,000 2,000 3,000 4,000 5,000 - Modeled - RDF - 2 Modeled - CRF - 2 classified well with reduced
ST T y ¥ : - mislabeling. (Row 2-3.)
F &) shows the predictions
Comparison of the modeled ) | obtained from the RDF
and non-modeled training ? . - classifier and the CRF
dataset, llSiIlg mAR and | ‘ m()de]ing.
mAP as a function of

number of training
synthetic depth frames (F ).
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