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Binocular active vision point cloud target detection based on im-
proved euclidean clustering algorithm
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(Tianjin Key Laboratory for Control Theory &. Applications in Complicated Systems, School of Electrical Engi-

neering and Automation, Tianjin University of Technology . Tianjin 300384, China)

Abstract: In stereo matching of binocular vision, due to the lack of texture information on the same-tone
surface,not only has a large amount of computation but also has low matching degree, and the point
cloud in the generated scene has the nature of unstructured, the near is dense and the far is sparse.
Therefore,improving the matching accuracy and speed of binocular vision,and accurate segmentation of
the target has been a difficult problem in point cloud acquisition and target detection. To solve the above
problems. firstly,a 3D point cloud target acquisition method combining active laser is proposed to obtain
the original point cloud data quickly and accurately. And an improved algorithm based on Euclidean clus-
tering is proposed, which uses distance threshold and angle threshold as the threshold segmentation judg-
ment conditions to perform segmented clustering, the 3D point cloud target detection box with clear
boundary is obtained. The experimental results show that the designed 3D point cloud imaging system
can effectively obtain the 3D point cloud information of the target in front, and has the advantages of
lower cost, easier implementation and more information than lidar. The improved Euclidean clustering
algorithm can effectively solve the problem that the object is prone to under-segmentation or over-seg-
mentation, because the traditional algorithm is sensitive to the threshold,and the accuracy of target de-
tection is improved.the detection effect is better in indoor scenes.
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Fig.2 Schematic diagram of active binocular stereo

vision model environment perception
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Input:

data: a set observations

model: amodel to explain observed data points

n: minimean nwnber of data poirts required to estimate model paramneters
k: macimum ber of iteratiors allowed in the dlgorithm

t: threshold value to determine data points that are fit well by model

d: rumber of close data points reguived to assert that a model fits well to data
Ouput:

best_Model: model parameters which best fit the data
best_cornsensus_set: estimate the datapoints of the model

best_Error: The estimated model error related to the data

iterations=0
best_Model = rudl
best_corsensus_set = riuldl
best_Eryror = <
while (iterations < k) do
belnliers = n rardomly selected values fom data
maybe_Model =model p ters fitted to maybelnli
[~ set =maybelnli
Sor maybeOutliers do
if(point fits maybe_Model && ervor < 1)
add point to consersus_set
if(the ber of elemerits inc _set > d) then
better_Mopdel = model parameters fitted to all poirts
in_consensus_set
this_Error = a measure of how well better_Model fits these points
¥ (this_Error < best_Error) then
best_Model = better _Model

best_¢ _set = . set
best_Ervor = this_Error
end if
else
give up
end if
ncrement iterations

endwhile
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Fig.4 Pseudocode implements the RANSAC algorithm
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Fig.5 Linear data optimization based

on RANSAC algorithm
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Fig. 6 Flow chart of nearest neighbor query algorithm based on KD-Tree
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Fig.9 Flow chart of improved Euclidean clustering algorithm
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Tab.1 Experimental results of binocular calibration

and distortion correction

Camera Left camera Right camera

Internal 2.57 0 0 2.57 0 0
parameter { 0 2.57 O} { 0 2.57 O}

matrix/pt 658.75 521.35 1 671.07 528.85 1

Tangential
distortion Lo-ol o
Rotatio 0.99 —0.00 —0.02
i ron [o_ 03 1.00  —o. oo}
matrix 0. 20 0. 00 1.00

Translation

. [—201.54 0.75 3.55]
matrix/ mm
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Fig. 12 The image with a laser grating captured by

a binocular camera: (a) Left eye; (b) Right eye
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Fig. 14 Results of Euclidean clustering with a
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Fig. 15 Results of segmented clustering:

(a) Three divisions; (b) Five divisions
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Tab.2 Comparison between the traditional algorithm and the algorithm in this paper
Rate of under- Rate of over-
Algorithm segmentation segmentation Acc /%
Acc /% Acc /%
Only distance
Traditional threshold 28.6 42.9 28.6
algorithm Distance threshold 28.6 28.6 42.9
and angle threshold
o~ Only distance
. jf;ft"e d threshold 0 42.9 57.1
Cluste(rin Distance threshold 0 14.3 85.7
) g and angle threshold
Five Only distance
¢ ted threshold 0 28.6 71.4
‘lrujltciircl Distance threshold 0 14.3 85.7
clustering and angle threshold
R region graph convolutional neural network for point clouds
4 & i
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