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Abstract: To improve algorithm versatility and picking efficiency, recognizing more kinds of fruits or vegetables and
planning picking sequence for fruit clusters in visual field have become hotspots and trends of harvesting robot research.
Primates can find objects and shift attention through visual selective attention mechanism, which has similarities with
harvesting robots to recognize targets and to plan picking sequence. Hence, by adopting the idea and technology of bionics,
a new visual selective attention-based method was proposed for fruit cluster recognition and picking sequence planning.
According to Itti visual attention computational model, this algorithm changed computing process for color feature maps,
and improved feature integration method for building color conspicuity map and saliency map by introducing priori
knowledge about fruits and vegetables. Using the reference of the biological neural network competition mechanism called
Winner-Take-All and artificial expertise from professional picking operators, distance, area and saliency were adopted to
design the weighted preferential picking sequence strategy for fruit clusters. The experimental results showed that the
proposed method in this paper achieved recognition of more than 23 kinds of familiar fruits and vegetables. Recognition

correctness was higher than 93.36% . In addition, the results of picking sequence planning showed that its planning way

was consistent with artificial expertise from manual picking operation.
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0 Introduction

Harvesting robots are a class of perceptive machines
that can be programmed to perform a variety of
agricultural tasks such as transplanting, cultivating,
spraying, trimming and selective harvesting''’.

In recent years, most related researches are about
picking a specific type fruit or vegetable, such as apple

-9]

. 12 .
or citrus And they always use visual sensors to

analyze the difference between fruits and their

background in color, shape and texture. Bayesian
decision, artificial neural network and support vector
machine are also adopted to recognize a specific kind of

(10-13] these methods ’

fruit or vegetable Hence,
extension ability is limited. The current researches also
rarely discuss about planning fruit cluster ( which
means a cluster of fruits adhering or overlapping
together, a single fruit is a special case of fruit cluster)

picking sequence, which makes harvesting robots
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difficult to be applied to the actual.

By integrating several features of targets and their
scene, animals can use visual selective attention to
choose their interested targets quickly in complex
background and to change the focus of attention though

targets’ saliency "’

This mechanism not only has
adaptability and interference rejection for complex
environment, but also has similarities with harvesting
robots to recognize targets and to plan picking
sequence.

A bionic method was designed to recognize fruit
clusters and to plan their picking sequence by
simulating visual selective attention mechanism and
attention computational

improving Itti > s visual

model > 710!

. On one hand, it can increase fruit cluster
algorithm adaptive capacity for complex agriculture
environment and versatility for the algorithm to
recognize more kinds of fruits and vegetables; on the

other hand, by planning fruit clusters picking sequence
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ahead, it will decrease repetitive motions and improve

work efficiency.

1 Visual selective attention mechanism and

its computational model

Primates can select the interested or the most
important target quickly from huge visual data by using
visual selective attention mechanism. In other words,
through attentional process, the focus of attention can
be concentrated on a specific location, object or
information'"”” .

Psychological researches show that this mechanism
[17-18]

contains data-driven and target-driven processes

In data-driven process, feature detector accepts
different environment stimuli and combines several
visual features ( color, motion and so on) together to
form the characterizations of objects and their scene. In
target-driven process, visual cortex can amend the
characterizations in terms of priori knowledge and task
expectation.

According to this visual cognitive process, ITTI''
designed a data-driven visual attention computational
model, which combined psychological model using

") and conceptual model

feature integration theory
proposed by KOCH and ULLMAN"") (ogether. In this
model, multiple scale features ( color, intensity and
orientation ) and center — surroud difference were
adopted to generate conspicuity maps. Then
conspicuity maps could be combined into the saliency
map. Depending on saliency, this model also used the
biological neural network competition mechanism called
Winner-Take-All to shift the focus of attention for

several visual  field

[20-21] However, due to the lack of target-

[20]

concerning targets  in
successively
driven process ™, Itti computational model only can
find the locations which have significant difference to
surrounding environment.

In agricultural harvesting process, an operation plant
should be chosen firstly from a large amount of plants.
And then several fruit clusters in the plant can be
recognized, and the harvesting sequence will be
planned. Finally, a single fruit can be positioned and
isolated from the cluster, which will prepare for picking
manipulator to achieve harvesting task.

This paper focuses on fruit cluster recognition and its

picking sequence planning in the second process of the

above. By introducing familiar fruits and vegetables
visual features and harvesting requirement, priori
knowledge was supplied to the computational process.
According to artificial picking expertise, conspicuity
maps and saliency map generated methods were

improved to adapt to the actual need in picking task
(Fig. 1).
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Fig. 1 Improved algorithm sketch of visual selective

attention for picking task
2 Variable weight fruit cluster recognition
algorithm

2.1 Color

conforming to operation object characteristics

feature maps generated method

Itti computational model used intensity I, colors
( broadly-tuned red channel R, green channel G, blue
channel B and yellow channel Y) and orientation

0,(n=0°, 45°, 90° and 135°) as early visual features.

And the four color channels were defined as'™

R=r-(g+b)/2
G=g-(r+b)72
B=b-(r+g)/2
Y=(r+g)22-1r-gl/2-b

where r, g and b are the red, green and blue channels

(1)
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information of input image.

When extracting color features, obvious contrast area
in R/G or B/Y could be found though color antagonism
theory ( these basic visual perceptual units come in
pairs. When one is inhibited, the other one will be
activated ) .

In harvesting environment, green and blue always
mean background, such as leaves and sky. And the
most kinds of mature fruits (less vegetables) are red or
yellow. Based on this color feature priori knowledge,
the method inhibited the nerve which could perceive
green or blue and only activated the nerve which could
perceive red or yellow. Thus, color feature maps
generated method would be

RG' (c,s) (RG'(c,s)=0)
{ (RG'(c,s) <0)
YB'(¢,s) (YB'(c,s)=0)

YB(e,s) = {0 (YB'(c,s) <0) 3)

RG(c,s) = (2)

Among them
RG'(c,s) =(R(c) =G(c)) o(G(s) —R(s)) (4)
YB'(c,s) =(Y(c) =B(c)) o(B(s) =¥(s)) (5)
where RG(c,s) is red/green feature image. YB(c,s)
RG' (c,s) is the

comparative results between red and green features.

is yellow/blue feature image.

YB'(c,s) is the comparative results between yellow
and blue features. ¢, s are the scale ¢, s in Gaussian
pyramid, ce {2, 3, 4}, 8€ {3, 4|, s=c+6. cisa
subtraction operator, which uses linear interpolation to
make the image at scale ¢ have the same resolution as
the image at scale s, then the two images can have a
subtraction. R(c¢) and R (s) are red information at
scale ¢ and s. G(c¢) and G(s) are green information at
scale c and s. Y(c¢) and Y(s) are yellow information at
scale ¢ and s. B(c¢) and B(s) are blue information at
scale ¢ and s.
2.2 Conspicuity and saliency maps generated
method

Using multiple feature integration to recognize target
like people, Itti basic model has improved the
algorithm adaptability to complex environment.
However, this model only imitates data-driven process.
It cannot recognize a specific target or amend
recognition results with task expectation. Sometimes,
noise may be even introduced to the maps.

As shown in Fig. 2a, this kind of apple has lighter

red , which makes RG (c,s) low. However, pixels in

the cycle has more yellow information, which makes
YB(c,s) large. So if RG(c,s) and YB(c,s) are
added in equal proportions using Itti basic model,
noise will be introduced to color conspicuity map C as
shown in Fig. 2b.

To adapt to different kinds of fruits and vegetables,
variable weights were introduced into generating color
conspicuity map. The values could be computed by
supervised learning method, and would be adjusted
dynamically according to the current picking object

color feature. Hence
4 c+4

C=@ @ [0N(RG(c,s)) +w,,N(YB(c,s)) ]
(6)

where @ is an operation symbol, which makes the two
images all at scale 4 add point-to-point. @, is red/
N () is a standardized

. w,, is yellow/blue feature weight.

green feature weight.
[15
operator

As shown in Fig. 2¢, based on this kind of apple’s
color feature, the method not only keeps the effect of
YB(c,s), but also reduces noise when wg;: w,; =

0.7:0.3.

-

(c) Proposed algorithm

Fig.2  Comparative experiment results of color

conspicuity map

Similarly, when liti basic model is used to add
intensity, color and oritantion conspicuity maps (}, c
and 0) in equal proportions, high bright sky or other
background will be introduced into saliency map S from
I. Hence, when computing S, weights were also used
in the algorithm, and the values could be adjusted
timely depending on the current light condition.
Therefore

S=w,N(I) +o,N(C) +w,N(0) (7)

where w, is intensity conspicuity map weight. [ is

intensity conspicuity map. @, is color conspicuity map
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weight. C is color conspicuity map. w, 1s orientation
conspicuity map weight. 0 is intensity conspicuity
map.

As shown in Fig. 3, compared with Itti basic model,
the algorithm using variable weights makes fruit
clusters more prominent in saliency map (In Fig. 3b,
0 o w,1s0.25:0.5:0.25).

Because the boundary between foreground and
background in saliency map is blurry, it will be hard to
threshold

which used dynamic

use fixed method.  Otsu
method "’ |

adopted to extract fruit cluster information here. The

segmentation

threshold, was

results of segmenting fruit clusters out and eliminating

too small area or too far clusters are shown in Fig. 4.

(a) Using Itti model (b) Proposed algorithm

Fig.3 Comparison of saliency map about Fig.2a

(a) Using Onsu (b) Eliminating too small area

Fig.4 Results of fruit clusters recognition in Fig. 2a

3 Picking sequence
Winner-Take-All

planningbased on

Winner-Take-All is a biological neural network

(14-15] Neurons in this

competition mechanism
mechanism and pixels in saliency map S have one-to-
one correspondence, and the neurons are independent
of each other. These neurons can generate different
strength electrical signals because of different saliency
signal stimuli, and they will begin to accumulate. Only
the neuron who is the first to reach threshold voltage
can be the winner and the current focus of attention. It
will not join to compete again. The other neurons are
inhibited and reset until the next competition starts,
they will be reactivated. Hence, this process can
achieve shifting focus of attention.

Higher salicency means stronger electrical signal, so
attention sequence is always from the highest to the
when people

lowest depended on saliency. However,

pick fruits, they will not simply consider saliency.

Our surveys in Weinan city and Xianyang city,
Shaanxi province show that, picking works usually start
from the nearest cluster and then gradually move
further and further away. For reducing repeating
action, they will pick the nearest cluster to current
picking cluster. Meanwhile, in order to prevent fruits
from falling by shake, the cluster with more fruits will
be harvested first. Hence, picking task is a process
which takes clusters distance and fruit quantity into
account, and also a process which is from near to far
and from more to less.

Based on above expert experience, fruit cluster
picking sequence can be regarded as a competition
among clusters. In monocular vision, when the cluster
has more fruits and much closer to observation point,
its area S; will be larger. Thus, the proposed algorithm
stipulated that planning work started from the most salient
cluster. If j stood for all clusters which needed to pick,
the picking sequence would be

_ ’
F. = m;ax(wssj +wS/VIVSMj

—w,d;) (8)

where F,,, is the next picking cluster. o, is cluster
area weight. S'is the normalized area of each clusters,
which wait for picking. wy, is saliency weight. V. is
the most salient point in cluster j. w, is distance
weight. d; is the normalized Euclidean distance
between the most salient point in last determined
cluster i and the most salient point in undetermined
clusters j.

Weights in Eq. 8 can be decided by different picking
expert experiments for different kinds of fruits and
vegetables.

As shown in Fig. 5, compared with Winner-Take-All
mechanism which only uses saliency, the weighted
preferential picking sequence strategy using distance,
area and saliency is more aligned with artificial picking

experience and reduces repetitive movements better.

(b) W0, 0, is 0,2:0.3:0.5

(a) Using Winner-Take-All

Fig.5 Comparative results of picking sequence planning

4 Experiment results and analysis

For verifying the method application effects in
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practical agricultural environment, 10 images in each
23 kinds of fruits and vegetables (only Huanghemi has
6 images) from the web were tested. These images
could imitate single visual sensor to acquire image, so
they were used to analyze monocular vison effect to
recognize fruit clusters and plan picking sequence.
4.1 Cluster recognition results and analysis

As shown in Fig. 6, introducing fruits and vegetables
color feature as priori knowledge guarantees that the
more salient areas will all be clusters, when the
saliency map is generated with multiple visual features.
What’ s more, this method improves the signal-to-noise
ratio obviously.

Fig. 7 is on the basis of Fig. 6. It is the fruit clusters
images after using Otsu to make dynamic threshold
segmentation. In these images, very few branches and
leaves are mistakenly classified, so recognition results
are much better than basic Itti model ™' ( Fig. 8).
Statistical results in Tab. 1 show that, the proposed
algorithm recognizes clusters accurately except in few
images where branches and leaves color or shape are
too close to fruits. Average recognition correctness is
higher than 93. 36% .

Compared with the method only using single feature

like chromatic aberration''"*

, the algorithm on one
hand improves fruit cluster recognition accuracy, which
will provide noise-free fruit cluster location information
for planning picking sequence; on the other hand, it
has recognized more than 23 kinds of fruits and
vegetables so that it has better generality and
adaptability to satisfy practical picking work needs.

4.2 Picking

analysis

sequence planning results and

As shown in Fig.9, the weighted preferential
picking sequence strategy using distance, area and
saliency makes picking work start from the most
saliency cluster. The sequence after that has balanced
cluster saliency, fruit quantity and the distance to the
last operation position.

Compared with Winner-Take-All which only uses
saliency or the picking sequence planning method and

[23

only considers distance between fruits' >’ | the proposed

method is more aligned with artificial picking
experience and closer to real picking process. Using
saliency to find the first operation object can be

relevant for people to choose the focus of attention.

Bl

(b} Apricot

PP

() Cherry

{a) Apple

(d) Delicious (e) Grapefruit (f) Huanghemi

(g) Lemon (h) Litchi (i) Cheange

(k) Pear (1) Persimmon

(j) Peach

(m} Pimiento () Plum

LO;

(n) Pitava

(r) Strawberry

(p) Pomegranate

(17} Pumpkin

0
L
B

() Tangerine (t) Tomato () Waxherry

{v) Yellow peach  (w) Yellow bell pepper
Fig.6 Saliency maps of 23 kinds of fruits and
vegetables using the proposed algorithm

Introducing distance makes sure that when harvesting
robot picked fruits, it will have a short motion distance
and high efficiency. Adopting area makes picking work
start from the clusters with more fruits to the clusters
with less fruits, which reduces fruit damage rate.
4.3 Algorithm execution time

The algorithm was programmed on Matlab R2012a.
Computer configuration; processor was Intel (R),
Core(TM) i3-2120 CPU @ 3.30 Hz; memory was
4.00 GB.

As shown in Tab. 1, average execution time for 226
images using the proposed algorithm is 967. 7 ms. The
shortest time is 872. 2 ms, and the longest is 1 070 ms.
It has a similar executing time with the fast tracing
recognition method for apple'*’.

Because the calculation using feature integration to
establish saliency map is invariable, the main reason of
time differences is the fruit quantities and cluster areas

difference. In other words, execution time will be
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(a) Apple (b) Apricot (¢) Cherry

(d) Delicious (#) Grapefruit (f) Huanghemi

*K

() Lemon (h) Litchi

(n) Pitaya (o) Plum
(1) Pumpkin (r) Strawberry
(1) Tomato (u) Waxberry

-

(w) Yellow bell pepper

(v} Yellow peach

Fig.7 Segmentation results by Otsu

(e) Persimmon (i) Plum

Fig. 8 Recognition results using Itti visual
attention computational model
longer, if there is more clusters in image, which need
more time to calculate connected domain area,
eliminate too small area and get the edge information

about connected domain and so on.

5 Conclusions

(1) A new method for fruit cluster recognition and

picking sequence planning was proposed, by imitating

Tab.1 Recognition correctness and whole execution time

of 23 kinds of common fruits and vegetables

Name Recognition correctness/%  Execution time/ms

Apple 100 973.9
Apricot 90 971.5
Cherry 90 970.7
Delicious 90 987. 1
Grapefruit 80 975.6
Huanghemi 83.3 985.0
Lemon 90 970. 8
Litchi 100 975. 1
Orange 100 965.0
Peach 100 968. 5
Pear 90 958.4
Persimmon 90 966. 0
Pimiento 100 963. 4
Pitaya 80 967. 1
Plum 90 962.0
Pomegranate 90 967.3
Pumpkin 100 953. 4
Strawberry 100 951.9
Tangerine 100 976.3
Tomato 100 962.5
Waxberry 80 961.9
Yellow peach 100 959.5

0

Yellow bell pepper 100 970.

(d) Delicious

(m) lelf-nln

(p) Pomegranate

. \‘] Yellow peach (w) Yellow bell pepper

Fig.9 Results of picking sequence planning
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primates’ visual selective attention mechanism, using
different picking objects common features as priori
knowledge and introducing picking experts operational
experience. The results show that the method has
achieved recognition of more than 23 kinds of familiar
fruits and vegetables. Picking sequence planning result
is consistent with artificial expertise from manual
picking operation.

(2) Compared with visual attention model using
only data-driven or fruit recognition method using only
single feature, the proposed method not only adapts to
the complex agricultural environment better, but also
improves algorithm versatility and the ability to
recognize more kinds of picking objects.

(3) Based on the above research, further study will
be needed to segregate a single fruit from the cluster,
plan picking sequence for individual fruits and locate
them. This can provide more accurate information for

harvesting robot to achieve concrete operations.
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Abstract; To improve algorithm versatility and picking efficiency, recognizing more kinds of fruits or
vegetables and planning picking sequence for fruit clusters in visual field have become hotspots and trends
of harvesting robot research. Primates can find objects and shift attention through visual selective attention
mechanism, which has similarities with harvesting robots to recognize targets and to plan picking
sequence. Hence, by adopting the idea and technology of bionics, a new visual selective attention-based
method was proposed for fruit cluster recognition and picking sequence planning. According to Itti visual
attention computational model, this algorithm changed computing process for color feature maps, and
improved feature integration method for building color conspicuity map and saliency map by introducing
priori knowledge about fruits and vegetables. Using the reference of the biological neural network
competition mechanism called Winner-Take-All and artificial expertise from professional picking
operators, distance, area and saliency were adopted to design the weighted preferential picking sequence
strategy for fruit clusters. The experimental results showed that the proposed method in this paper
achieved recognition of more than 23 kinds of familiar fruits and vegetables. Recognition correctness was
higher than 93.36% . In addition, the results of picking sequence planning showed that its planning way
was consistent with artificial expertise from manual picking operation.
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attention for picking task
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Fig.5 Comparative results of picking sequence planning
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vegetables using the proposed algorithm
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Tab.1 Recognition correctness and whole execution time

of 23 kinds of common fruits and vegetables
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