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Hardwarovy setup
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Intel RealSense Viewer




s kamerou

Vyuzité kniZnice

Kéd je implementovany v Pythone 3.6 s vyuzitim kniznic:

m pyrealsense
m NumPy

m OpenCV

m PPTK viewer

m scikit-learn
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Citanie dat z kamery - pipeline a align

import pyrealsense2 as rs

def retrieve_aligned_pipeline(width=640, height=480, fps=15
cfg = rs.config()
cfg.enable_stream(rs.stream.depth, width, height,
rs.format.z16, fps)
cfg.enable_stream(rs.stream.color, width, height,
rs.format.rgb8, fps)

pipeline = rs.pipeline ()
p_cfg = pipeline.start(cfg)

align_to = rs.stream.color
align = rs.align(align_to)

return pipeline, align
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Zzkladna pr kamerou

Citanie d4t z kamery - zakladny cyklus

import numpy as np

set_dev_preset ("presets/ShortRangePreset. json")

pipeline, align = retrieve_aligned_pipeline ()
try:
while (True):
frames = pipeline.wait_for_frames (timeout)
aligned_frames = align.process(frames)

depth_frame = aligned_frames.get_depth_frame ()
color_frame = aligned_frames.get_color_frame ()

depth_image = np.asanyarray(depth_frame.get_data())
color_image = np.asanyarray(color_frame.get_data())

#do something
finally:

pipeline.stop ()
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s kamerou

Citanie d4t z kamery - farebny obraz a hibka

import cv2

cv2.imshow (depth_image / np.max(depth_image))
cv2.imshow(color_imagel[:,:,::-1])

cv2.waitKey (0)

10/52



P=(X,Y,Z)

Z=z X

- I

v

1
1
1
[}
1
| P
A

v

principal
point
(cz.cy)

PP, R P e

S

11/52



Vypocet pointcloudu - kéd

def create_xyz(depth):

depth = depth / 1000

height = intrinsics[’height’]

width = intrinsics[’width’]

xyz = np.zeros ([height, width, 3], dtype=np.float32)

xyz[:, :, 2] = depth

mg = np.mgrid [0: height, O0: width]

xyz[:, :, 0] = (mgl1, , ] - intrinsics[’ppx’])
* depth / intrinsics[’fx’]
(mg[0, :, :1 - intrinsics[’ppy’])
* depth / intrinsics[’fy’]

xyz[:, :, 1]

return xyz
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s kamerou

Vypocet pointcloudu - redukcia

def reduce_pts(color_image, xyz):

¢ = np.logical_and.reduce(["np.isnan(xyz[:,
2] > min_limit,
2] < max_limit,

xyz[:, :,
xyz[:, :,
xyzl[:, :,
1 = np.where(c)
return color_image[1l], xyzI[1l]
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Zobrazenie pointcloudu

import pptk

viewer = pptk.viewer (xyz)
viewer.attributes (color_image / 255)
viewer .wait ()

viewer.close ()
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Z3akladna praca s kamerou
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Pointcloud viewe

15/52



Segmentacia podla farby

Farebné priestory

RGB priestor

Farby reprezentujeme RGB trojicou, bud' ako uint8 (0-255), alebo
ako float (0-1.0). Tieto hodnoty tvoria priestor na ktorom méZeme
zaviest metriku. A merat tak vzdialenosti medzi farbami.

Iné priestory

RGB priestor vSak nieje vhodny pre rozliSovanie farieb. Existuji
rdzne farebné priestory ktoré vedia reprezentovat farby napr. HSV,
CMYK, YUV, CIE Lab atd.
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podla farby

CIE Lab

CIE Lab

Budeme vyuZivat priestor CIE Lab. V fom mame namiesto RGB
trojice trojicu Lab, kde L reprezentuje svetlost - luminance (0-100),
a reprezentuje poziciu na Cerveno-zelenej ose a b reprezentuje
poziciu na modro Zltej ose. Tento priestor je vhodny na
segmentaciu, pretoZe lepsie koreSponduje s ludskym vnimanim
priestoru.
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Segmentacia podla farby
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Segmentdcia pomocou CIE Lab

Farby s ktorymi porovnavame

Najprv si musime zistit farby s ktorymi porovnavame. To spravime
tak, Ze si manudlne vyberieme z obrazkov €asti na ktory sa
nachddzaju farby. Potom z tychto &asti spo&itame pra kazdu zlozku
Lab spocitame priemernt hodnotu a $tandardni odchylku.

Vypocet vzdialenosti od farby

Pre kazdy pixel p v obrazku po¢itame hodnotu df pre farbu f s

priemermi pk, p2, 4 a $tandardnymi odchylkami ok, 02, o

nasledovne:

i N2
- | 2.

g
i€[L,a,b] f
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a podla farby

N3jdenie bodov v objektoch

Pri prvom porovndvani budeme pouZivat relativne prisny prah, aby
sme nasli len zopar pixelov o ktorych sa ale s velkou
pravdepodobnostou d4 povedat, Ze patria Zelanym objektom.

lab = cv2.cvtColor(color_imagel[:, np.newaxis, :],
cv2.COLOR_RGB2LAB)[:, 0, :]
stddev = np.divide (1, stddev)
col_dist = np.sum(np.square((lab - color) * stddev),
axis=-1)

l_col_match = np.asarray(col_dist < t1).nomnzero () [0]
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Segmentacia podla farby
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Najdenie bodov v objektoch

log of grid|size: port 60334 log of grid size: port 60334
Attribute 2|of 2 €28.9 /fps|Attribute 1|of 2 352.0

136105 points lloaded
Look-at position: x = 0.047, y = 0.133, z = 0.411 136105 points loaded




N3jdenie bodov v objektoch

Druhé prahovanie

Pri druhom porovndvani vyuZijeme znalost priemernej pozicie
pixelov z prvého prahovania. Pri vyuZiti vySieho prahu nam tak
nebude vadit napr. pixely z pozadia.

col_center = np.average(xyz[l_col_match], axis=0)
spatial_dist = np.sum((xyz - col_center) ** 2, axis=-1)

c_final = np.logical_and.reduce([col_dist < t2,

spatial_dist < d_t])
1_final = np.asarray(c_final).nonzero () [0]

21/52



Segmentacia podla farby
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Najdenie bodov v objektoch

7 viewer

port 60851 log of grid size: port/ 60851
Attribute 2 pf 2 655.7 fps Attribute 1 pf 2 587.4 fps

136105 points loaded 136105 points loaded
Look-at position: x = 0.043, y = 0.131,/ z = 0.437 Look-at position: x = 0.043, y = 0.131, z = 0.437




Viacero objektov jednej farby

Viacero objektov

Tento pristup nam v3ak zlyha pri 2 a viac objektoch rovnakej farby.

MeanShift

Potrebujeme teda body, ktoré ziskame z prvého prahovania
klustrovat. Na to méZeme pouZit algoritmus MeanShift.
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Segmentacia podla farby
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MeanShift

Iteracia

KaZdy bod budeme postivat do novej pozicie a? do konvergencie:
_ Diengy K —x)xi
ZieN(x) K(xi—x)’
kde N(x) uddva tie body pre ktoré K(x; — x) # 0.

Kernelové funkcie

Kernelové funkcie st rozne, ale v naSej implementacii pouZijeme

funkciu:
| <
K(x) = 1 !f IIx|]| < h
0 if [|x]|>h
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entacia podla farby
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Mean Shift po prvom prahovani

from sklearn.cluster import MeanShift

ms = MeanShift (bandwidth=2 x* object_bandwidth,
bin_seeding=True)

ms.fit(xyz[1l_col_matchl])

ms_labels = ms.labels_

labels_unique = np.unique(ms_labels)

pts_list = []
for label in labels_unique:

l_cluster = np.asarray(ms_labels == label).nonzero ()[0]

col_center = np.average(xyz[l_col_match[l_cluster]],
axis=0)

spatial_dist = np.sum((xyz - col_center) ** 2, axis=-1)

c_final = np.logical_and.reduce([col_dist < t2,
spatial_dist < d_t])
1_final = np.asarray(c_final).nonzero () [0]
if len(l_final) > 100:
pts_list.append(xyz[1l_finall)
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I[dea RANSACu
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I[dea RANSACu
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RANdom SAmple Consensus Algorithm

Ciel je najst parametre modelu, tak aby najlepsie sedeli na data.
Algoritmus:

1. Vyberieme ndhodnd podmnoZinu dat

2. Nafitujeme model na tito podmnoZinu
3. Otestujeme model voci vietkym datam
4

. Iterujeme pokial nesplnime nejaké kritérium
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Pointcloud a RANSAC

V nagom pripade sii dita vektory z R3.

Modelujeme najma jednoduché objekty:
m Priamka - 2 body
m Rovina - 3 body
m Gulové plocha - 4 body
m Valec - 4 body

29 /52



Kritéria ukondéenia

Maximalny podet iteracii

Najjednoduchsim kritériom je uréenie si maximdlneho poctu iterdcii
a vybrat najlepsi zo zatial testovanych modelov.

Vyhodnotenie modelu

.....

modelom. Pri jednoduchych geometrickych modeloch si uréime
napr. vzdialenost od objektu pri ktorej si povieme, Ze datovy bod
stihlasi s modelom. Toto mdZeme nahradit aj nejakym inym
vyhodnotenim.
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RANSAC
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Geometria

Rovina

Rovina je mno¥ina vektorov X € R3 pre ktort plati:

axy + bxp + cx3 + d = 0. Vektor 7= (a, b, ¢) je normalovy vektor
roviny. Normalovy vektor spolu s parametrom d nigje pre rovinu
jednoznaény, ale to nam nevadi.

Rovina z 3 bodov

Majme tri body p1, p2, p3. Potom parametre roviny v ktorej leZia
mozeme urdite nasledovne:
= (p2 — p1) x (P3 — p1)
d = —(flps)
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RANSAC

©

Geometria

Vzdialenost bodu od roviny

Majme rovinu definovani vektorom P = (a, b, ¢, d). Body X € R3
budeme reprezentovat v tzv. homogénnych siiradniciach ako

X = (x1,x2,x3,1) € R*. Potom vzdialenost bodu od roviny
pocitame pomocou:
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Rovina z 3 bodov

def get_plane_3pts(pl, p2, p3):
vli = p3 - pl
v2 = p2 - pl
cp = np.cross(vl, v2)
d = -np.sum(cp * p3)
return np.concatenate([cp, d], axis=-1)
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RANSAC pre rovinu

def find_first_plane(xyz_h):
n = xyz_h.shape [0]
bestP = None

bestC = 0
for i in range (64):
idxs = np.random.choice(n, 3, replace=False)

P = get_plane_3pts(xyz_h[idxs[0]],
xyz_h[idxs [1]],
xyz_h[idxs [2]])
sp = np.matmul (xyz_h, P.T)
C = np.sum(sp < 1e-3 * np.linalg.norm(P[:3]))
if C > bestC:
bestC = C
bestP P
return bestP
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Vektorizacia

Vieme predchadzajiici kéd zefektivnit?

V predchddzajiicom kéde mame for cyklus. Naskyta sa teda
otazka, & nieje mozné nahradit ho vektorizovanymi (v naSom
pripade skor vektorizovanej$imi) operdciami

Potrebujeme teda najprv vygenerovat namiesto 64 vektorov P

jednu maticu s rozmermi 64 x 4, kde kazdy riadok bude
predstavovat jednu rovinu.
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Rovina z 3 bodov

def get_plane_3pts(p):
""" Returns a plane wvector diven three points

:param p: array of shape 3 = n T 3, where n 1s number
of planes, wectors are in the last dim
:return: n x 4 array with plane spec such in each
row coresponds to a, b, c, d n
a*x + b*xy + c*¥z + d = 0

"wmn

vl pl2] - plo]

v2 = p[1] - plo]

cp np.cross(vl, v2)

d = -np.expand_dims(np.sum(cp * p[2], axis=-1), axis=-1
return np.concatenate([cp, d], axis=-1)
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Vektorizacia

Maticové nasobenie

Nech A € RP*9 B € R9*" C € RP*", potom:

q
C=AB <= Cj=(Viep)(Vjer)) AiBiy
k=1

Maticové nasobenie v RASNSACu

Maticové ndsobenie mdéZzeme vyuZit pri vypotte vzdialenosti bodov
od rovin bez pouZitia for cyklu.
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RANSAC pre rovinu - vektorizovana verzia

row_i = np.random.choice(n, [3, 64])

P = get_plane_3pts(xyz_h([row_i, :3])

d = np.abs(np.matmul (xyz_h, P.T))

n = np.sqrt(np.sum(P[:, :3] #**x 2, axis=-1))
1l =d < 1e-3 *n

good = np.sum(l, axis=0)

best_idx = np.argmax(good)

bestP = P[best_idx]
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Body patriace rovine

1 = np.abs(np.matmul (xyz_h, bestP)) <

2e-3 * np.sqrt(np.sum(bestP[:3] *x 2))
pts = xyz_h[(1l).nonzero()[0], :]
r_xyz_h = xyz_h[("1).nonzero () [0], :]

Sdradnice roviny

Ak najdeme p1, po, ktoré su kolmé navzdjom a na normalu roviny.
NavyZe ak ||p1]| = ||P2|| = 1, tak pre kazdy bod x ndjdeme jeho
priemet nového stradného systému ako

x, = (X —C|p1),yr = (X — C|P2), kde vektor C sa premietne na
bod (0, 0) v novom systéme.
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Spracovanie bodov v rovine

P = np.expand_dims(bestP, axis=-1)

xyz_c = np.mean(pts, axis=0)

dist = np.matmul (xyz_c, P)

Pn = np.divide(P[:3], np.linalg.norm(P[:3]))
xyz_c = xyz_c[:3] - dist * Pn.T

pl = np.array([P[2, 0], O, -P[0, 0]], dtype=np.float32)
pl = pl / np.linalg.norm(pl)
p2 = np.cross(pl, P[:3, 0].T)
P2 = p2 / np.linalg.norm(p2)

x = np.sum(pl * (pts[:, :3] - xyz_c), axis=1)
np.sum(p2 * (pts[:, :3] - xyz_c), axis=1)

<
]
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Body v novych sidradniciach
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Uréenie orientacie

Orientécia obdi¥nika

Na&im cielom v tomto kroku bude zistit orientaciu obdi¥nika
projektovaného na rovinu ziskani RANSACom.

Konvexny obal

Budd ndm stadit body na obvode ttvaru. Preto pouZijeme
konvexny obal. Z minulého slidu vieme, Ze je moZné mat body,
ktoré sii falo¥né a budii kazit detekciu. Preto budeme orientaciu
uréovat z konvexného obalu pre ndhodnii podmnoZinu bodov a nie
pre celd mnoZinu bodov.
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Pozicia kvadra
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Uréenie orientacie

Orientacia

Body konvexného obalu st usporiadané proti smeru hodinovych
ru€ic¢iek. PouZiejeme preto vektor rozdielu po sebe idicich bodov
na uréenie ich smeru. Tieto smery potom spriemerujeme aby sme
dostali zelany priemer.

Cirkuldrny priemer

Pre cirkuldrne hodnoty nemd zmysel potitat aritmeticky priemer.
Napriklad priemer uhlu 359° a 1°, by sme ¢akali ako 0°, ale s
aritmetickym priemerom to bude 180°. Definujme preto cirkularny
priemer pre hodnoty s periédou 27:

n n
_ 1 . 1
a = atan2 | — E sinaj, — E cos o)
n< n-
J=1 J=1
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Pozicia kvadra
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Uréenie orientacie

Orientacia obdi¥nika

KedZe obdiZnik je symetricky pre rotacie o 90°. Periéda pre
cirkularny priemer by teda mala byt 5. To docielime tak, e kaZdy
uhol a upravime na 3 nasledovnym spGsobom:

ﬂ:4(amod %)

Potom spotitame cirkuldrny priemer 5. Z neho dostaneme nag
Ziadany priemer nasledovne:

Qi
Il

EN o]
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Xy
S,

for

= np.column_stack([x, y1)
c, ns = 0, 0, O

in range (num_repeats):

hull_pts = cv2.convexHull (xy[np.random.choice(
xy .shape [0], xy.shape[0]
// num_repeats)]
.astype(np.float32))

ns += hull_pts.shape [0]

lines = hull_pts[:, 0, :] - np.roll(hull_pts[:, O, :],

-1, axis=0)

alphas = np.arctan2(lines[:, 0], lines[:, 1])

alphas np.mod (alphas, np.pi/4)

alphas *x= 4

s += np.sum(np.sin(alphas))

¢ += np.sum(np.cos(alphas))

alpha_final = np.arctan2(c / ns, s / ns) / 4

dir

ection = np.array([np.cos(alpha_final),
np.sin(alpha_final)]) 45 /52



Sudradnice zarované s obdlZnikom

Novy systém siradnic

Smer z posledného slidu ndm umoZni vytvorit novy suradnicovy
systém, ktory je zarovanany s nasim predpokladanym obdlZnikom.

ppl
ppl
pp2
pp2

= np.matmul (np.column_stack ([pl, p2]), direction)
= ppl / np.linalg.norm(ppl)
= np.cross(ppl, P[:3, 0].T)
= pp2 / np.linalg.norm(pp2)

np.sum(ppl * (pts[:, :3] - xyz_c), axis=1)
np.sum(pp2 * (pts[:, :3] - xyz_c), axis=1)
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Rozmery objektu

Rozmery obj

V novom stradnom systéme si spocitame rozmery objektu
jednoducho podla maximélnych a minimalnych hodnét x-ovych a
y-ovych stiradnic. Potom méZeme ndjst rohy kvadru.

x_m, y_m, x_dim, y_dim, z_dim = get_cuboid_dims(x,y)
xy_corners = np.array([[x_m - x_dim / 2, y_m - y_dim / 2],
[x.m - x_dim / 2, y_m + y_dim / 2],
[*x_m + x_dim / 2, y_m + y_dim / 2],
[x_m + x_dim / 2, y_m - y_dim / 2117,
dtype=np.float32)
corners = xyz_c + np.matmul (np.column_stack([ppl, pp2]),
xy_corners.T).T
nP = P[:3, 0].T / np.linalg.norm(P[:3, 0].T)
if nP[2] < O:
nP = -nP
corners = np.row_stack([corners, cormners + z_dim * nP])
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Robotickd ruka v novvych siradniciach

0.02 A

0.01

0.00 A

—0.01 A

—0.02 A

T T T
-0.03 —0.02 -0.01 0.00 0.01 0.02 0.03 4852



Grasper
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Uréenie orientacie

Orientacia graspera

Rovinu graspera sme nasli obdobne ako pre kvadre. Budeme
potrebovat opit zarovnat siradnicovy systém. To spravime tak, Ze
najprv rozdelime body do dvoch klustrov vd'aka k-means
clusteringu. Potom aplikujeme algoritmus LDA, tak aby sme nasli
smer v ktorom s tieto dva klustre najlepSie separovatelné.

LDA

LDA (Linear Discriminant Analysis) je metéda hlad4 linedrnu
kombindciu priznakov (v nasom pripade x, y), ktord je najlep3ia pre
klasifikiciu dat. Dostaneme teda smer, ktory najlepsie rozdeluje
dve triedy.
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Orientacia graspera

labels = KMeans(n_clusters=2).fit_predict (xy)
lda = LDA()

lda.fit(xy, labels)

w = lda.coef_

ppl = wl[0, 0] * pl + w[O, 1] * p2
ppl = ppl / np.linalg.norm(ppl)
pp2 = np.cross(ppl, P[:3, 0].T)
pp2 = pp2 / np.linalg.norm(pp2)

x = np.sum(ppl * (pts[:, :3] - xyz_c), axis=1)
y = np.sum(pp2 * (pts[:, :3] - xyz_c), axis=1)
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Relevantné body

if np.median(y) < O:
pp2 = np.cross(-ppl, P[:3, 0].T)
pp2 = pp2 / np.linalg.norm(pp2)

y = np.sum(pp2 * (pts[:, :3] - xyz_c), axis=1)
x_0O_min = np.percentile(x[labels == 0], 5)
x_1_min = np.percentile(x[labels == 1], 5)

if x_O_min < x_1_min:
label_left, label_right
else:
label_left, label_right

1]
o
=

]
-
o

y_bottom = np.min(y)

y_top = y_bottom + 0.010

x_left = np.percentile(x[labels == 1
x_right = np.percentile(x[labels ==

bel_left], 95)
abel_right], 5)

)
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Detegované body
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