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Grasping and human-robot handover (HRH) have a broad prospect of appli-
cation. Grasping is one of the classic tasks in robotics, widely used in vari-
ous industries of people’s production and life. For example, industrial robots
can accomplish the pick-and-place task, which is laborious for human laborers,
and domestic robots can assist disabled or older people in their daily grasping
tasks [17]. In addition, HRH [11] has become a research hotspot of cooperative
robotics in recent years [2]. For example, industrial robot assistants can fetch
or pass tools to human workers to increase efficiency in factories. Service robots
can fetch or pass objects that older or disabled adults are needed to help them
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Abstract. Robot grasping and human-robot handover (HRH) tasks can
significantly facilitate people’s production and life. In these tasks, robots
need to obtain the real-time 3D position of the object, and the distance
from the object to the camera plane is the critical information to get
the object position. Currently, depth camera-based distance detection
methods always need additional equipment, which results in more com-
plexity and cost. In contrast, RGB camera-based methods often assume
that the object’s size is known or the object is at a fixed height. To
make distance detection more adaptive and with low cost, a novel and
efficient distance detection method based on monocular RGB images is
proposed in this paper. With a simple marker, the method can estimate
the object’s distance in real-time from the pixel information obtained by
a general, lightweight target detector. Experiments on the Baxter robot
platform show the effectiveness of the proposed method, where the suc-
cess rate of the grasping test reaches 87.5%, and the success rate of the
HRH test goes 84.7%.
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To achieve grasping or HRH, robots must locate the 3D position of the object
quickly and accurately. It’s worth noting that in HRH tasks, unlike grasping tasks
where the object is placed on a table of constant height, the object will be held
in the human hand, and its height will change, which will make it more difficult
for robots to locate the object.

The distance from the object to the camera plane, namely depth information
of the object, is the key information for robots to locate the object. Currently,
most robots are equipped with RGB cameras. Still, the object is difficult to
be located from RGB cameras directly because 2D images obtained by RGB
cameras lack depth information in space. Existing analytic-based object distance
detection algorithms [3,7,8] are fast but restricted, which are difficult to adapt to
complex and changeable robot applications. For example: (1) The object must
be placed on a fixed horizontal plane to calculate the distance, which makes
the algorithm unsuitable for HRH tasks; (2) In some algorithms, the size of
the object must be known, which limits its applicability to a variety of objects.
As a result, researchers need to provide additional distance sensors to robots in
practical tasks. With the development of depth cameras, the current mainstream
method is to use the depth information obtained by depth cameras to calculate
the distance between the object and robot [14,19,20]. This approach is practical,
but there are some problems: (1) Due to the high price of depth cameras, large-
scale deployment in a factory environment will significantly increase the cost;
(2) The hardware performance and technical level of depth cameras will seriously
restrict its practical application effect; (3) When additional depth cameras are
loaded, their coordinate system needs to be embedded very precisely into the
robot system, which adds the complexity of device deployment.

For human beings, they can easily judge the distance of the object and com-
plete grasp or handover tasks, which is the effect of complex human visual mech-
anism: (1) For objects of the same size, the size of the object perceived by human
eyes is inversely proportional to the distance. (2) For multiple objects of different
sizes, people can quickly judge the distance between different objects and them-
selves, which benefits from the rich prior knowledge acquired by birth, enabling
people to know the size difference between objects in advance judge the dis-
tance. (3) Rich prior knowledge can help people quickly estimate the size of the
unknown object by comparing it with the known object to judge the distance of
the unknown object.

Inspired by human vision, this paper proposes a novel two-stage unknown
object distance detection algorithm based on monocular RGB images. In the
first stage, a known size marker is used as prior knowledge to calculate the
distance of the unknown object on the desk. In the second stage, the object’s
distance on the desk is used to calculate the object’s distance at any position.
The algorithm uses a general, lightweight object detector to obtain the pixel
information of the object in real-time, establishes a geometric-imaging model,
and calculates the distance of the object on the desk and in the air successively.
It meets precision and real-time performance; simultaneously, it is cheap and
easy to be deployed.



644 D. Liu et al.

2 Related Works

There are three ways to estimate the distance from the object to the camera
plane: RGB-D-based methods, analytics-based methods, and model-based meth-
ods. Firstly, recent works of grasping and HRH tasks are introduced in Sect. 2.1,
where the distance is obtained by RGB-D camera. Afterward, the traditional
analytics-based distance detects methods are discussed in Sect. 2.2. Lastly, the
model-based methods are introduced in Sect. 2.3, which use deep neural networks
to detect the distance of the object in RGB images directly.

2.1 RGB-D-Based Methods

Robot grasping is a classic task. In recent years, most studies have completed the
grasping tasks by connecting the external RGB-D camera to obtain the 6D target
pose [18] or infer the 6D grasping pose of the end-effector [9,10,16]. In these
works, the object distance is calculated from point cloud information by the k-
means clustering algorithm. Zhang et al. [21] estimated grasping points through
RGB images and realized grasping on the Baxter robot platform, however in
actual grasping tasks, instead of using the RGB camera on the robot’s head,
they use an external depth camera.

HRH has become an important research topic. Rosenberger et al. [14] used
object detection, human segmentation, hand segmentation, grasping point detec-
tion to realize the handover of a variety of objects while ensuring the safety of
human partners. Yang et al. [20] divided the gestures of people grasping objects
into seven categories, and each category corresponds to a grasping trajectory. In
their subsequent research [19], they proposed an HRH method for transferring
objects of arbitrary shape, size, and stiffness. In these implementations, objects
are also located by the RGB-D camera.

2.2 Analytic-Based Methods

The analytical-based algorithms use the principle of optical imagery and geom-
etry to directly solve the distance between the object and the camera plane
from RGB images. The distance can be calculated from a simple optical imaging
model when the object’s size is known. For example, Pathi et al. [12] imple-
mented a distance detection algorithm for people, in which the pixel distance
from human ear to clavicle is obtained through a human pose estimation algo-
rithm, and then using optical imaging model to calculate the distance between
human and cameras. The process assumes that the actual distance from the ear
to the clavicle is the same for different adults and takes it as a known size.
The challenge is to detect the distance of unknown objects using RGB images.
Ricardo et al. [13] proposed a handover method based on binocular vision.
This method configures two RGB cameras to obtains the distance of the object
through multi-view geometry [1]. Krishnan et al. [8] proposed a complex loga-
rithmic mapping (CLM) method, but it required objects to be placed on and
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perpendicular to the optical axis, so it is not widely used. Chiang et al. [3] pro-
posed a geometric triangulation method for measuring the object distance, in
which some hard-to-measure information in the workspace needs to be taken as
known quantities. Jmzad [7] implemented a soccer robot that uses a distance
detection algorithm with variable pitch angles to locate the ball. Still, the algo-
rithm also needed to measure some hard-to-measure information in advance, and
the ball must be on the ground.

2.3 Model-Based Methods

With the development of deep learning, some researchers use neural networks
to solve monocular distance detection problems. Zhu et al. [22] proposed a dis-
tance detection model for specific objects, which is used for vehicle distance
detection in the process of autonomous driving. This method is only suitable for
specific objects (size range is fixed) and unsuitable for indoor multi-object robot
tasks. Haseeb et al. [6] also proposed a distance detection model for road scenes
and set the average size of different categories of targets. This method requires
manual measurement to mark large datasets. Griffin et al. [5] proposed a target
depth estimation model, which requires the relative movement of the target and
camera and maps the pixel transformation of the target to distance. Still, this
method is only suitable for the circumstances of a comparatively fixed object
pose when object location is unchanged. Posture changes, the pixel will also
undergo significant changes, resulting in a drastic change of detection distance.

To sum up, the model-based distance detection method is more flexible. It
has high accuracy but slow reasoning speed and poor generalization, making it
difficult to use for complex and changeable robot tasks. Moreover, it needs to
take up extra space, train the network, and download many data sets, which is
inefficient. Using RGB-D cameras to obtain the object distance can meet the
requirements of robot tasks in speed and accuracy. Still, the cost is high, and
the RGB-d camera’s hardware performance and technical level seriously restrict
the practical application effect. Analytic-based methods have some advantages
of high efficiency, low cost, and easy deployment. In theory, the effect of these
methods is less affected by the camera hardware performance and more depends
on the rationality of the algorithm. Unfortunately, existing analytics-based algo-
rithms have significant limitations and cannot be applied to robotic tasks. There-
fore, our goal is to design a novel analysis-based algorithm to detect the distance
between the unknown object and the camera plane using the monocular image.
It can be successfully applied to grasping or HRH tasks while retaining the
advantages of traditional algorithms overcoming some limitations.

3 Method

The implementation process of our method is as follows (see Fig. 1): Firstly, the
robot obtains the image of the workspace through a head-fixed camera (inter-
nal parameters are known). Then a general detector is used to obtain the 2D



646 D. Liu et al.

Pixel
Hand-object RLINuEHTT] Object Position Robot
Detect Positioning Control

Image

Command
&
®. ()
% ¢

]
eaees

Fig. 1. General diagram of our method

pixel information of the hand and the object. Next, the 2D pixel information is
transformed into the 3D position of the object through the object positioning
module. Finally, the robot control module receives the 3D position of the object
and sends commands to control the manipulator to move towards the target, to
implement grasping or HRH.

Object Positioning

(U, V) onDesk Distance Detection A Distance Detection B (W, V)inair

(X' Y, Z)inAir

(X, Y, Z) onpesk Coordinate Transformation

Fig.2. Overview of object positioning module, where (u,v)onDesk; DonDesk,
(X,Y, Z)onpesk respectively represent the pixel coordinates of the object on the desk,
the distance to the camera, and world coordinates; (u, v)inair, Dinair, (X,Y, Z)inair
respectively represent the pixel coordinates of the object in the air, the distance to the
camera, and world coordinates.

In this section, we describe the object positioning module (see Fig.2) in
detail, which is composed of three sub-modules: (1) Distance Detection A, which
is used to detect the distance of the object on the desk; (2) Distance Detection
B, which is used to detect the distance of the object in the air. (3) Coordinate
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Fig. 3. Geometric-imaging model of workspace, in which the object is on the desk

conversion, which converts the object pixel coordinates to world coordinates
using the acquired distance between the object and the camera plane. We focus
on Distance Detection A (Sect. 3.1) and Distance Detection B (Sect. 3.2). In the
grasping task, only Distance Detection A and Coordinate Transformation are
needed to locate the object. In HRH, Distance Detection A is first used to get
the object’s distance on the desk, and then Distance Detection B and Coordinate
Transformation are used to locate the object’s location in the air.

3.1 Distance Detection A

This sub-module calculates the distance of the object to the camera plane when
the object is on the desk (Dynpesk). We abstract the side view of the workspace
as a geometer-imaging model (see Fig. 3): the height of camera ¢ to the tabletop
is H, the horizontal distance of the marker m to the camera plane is L, the
camera inclination angle is 8, the focal length is f, and object is abstracted as a
particle o. Before calculation, workspace is simply marked: the pixel information
of marker Pix,ark(AUmark, Umark) i obtained and taken as a known quantity,
where v, represents the v-axis pixel coordinates at the bottom of marker and
Aypari Tepresents the pixel width at the bottom of the marker. The essence of
this process is, at the position where the vertical distance to the camera is H, and
the horizontal distance to the camera plane is L, the pixel information projected
by a line segment of length W in the camera is fixed. This pixel information can
be regarded as a size prior information in the current workspace and used as a
reference of the unknown object. Therefore, only one mark is required when the
workbench height is fixed; it needs to be re-marked when its height is changed.
The distance of the object on the desk can be expressed as:
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Donpesk = distance A(Pixmark, PiTobject) (1)

where distanceA(-) is a distance calculation function of the object on the desk,
and Pizopject is the pixel information of the object on the desk, which the detec-
tor can obtain. Next comes the concrete reasoning of Eq.1. To be specific, an
optical imaging model is first established according to the distance between the
object o and the marker m: Next comes the concrete reasoning of Eq. 1.

m,
Lmo* . Lmog

L-cos  f 2)

where L™ (cm) is the projection length of line segment mo in the camera,
which is equivalent to the projection length of virtual image mo* in the camera;
Lo+ (em) is the length of line segment mo*. In addition, an optical imaging
model is established according to the width W of the marker:

w _ Wimg
L-cosf  f

3)

where W (em) is the actual width of the marker and W¥™9(em) is the projection
width of the marker in the camera. In the geometric model, triangle similarity
theorem is used to obtain:

Lmo’ DonDesk -sec — L
H -sech D,npesk - sec

(4)

From Egs. 2, 3 and 4, it can be deduced that:

L
Donpesk = W Limg (5)
sect — 7 Jrima

In addition, we can easily find that:

Limg Ay - dv
Wvmg Atpark - du

where Av,,, is the pixel length of line segment mo in image, Aty,q.1 is the pixel
width of marker. du, dv(em) is the length of each pixel in direction of u and v
axis respectively. In general, du = dv(em), so Eq. 5 can be changed to:

L
DonDesk = W Avmo (7)

0 — — . ————
see H Aumark

wherein, # can be set by itself or returned by robot topic, Av.,,e and Avpy,qrr can
be directly obtained by pixel information Pix,q,r and Pixz,bject. So Doppesk
can be solved. Equation 7 is equivalent to Eq. 1.
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Fig. 4. Geometric-imaging model of workspace

3.2 Distance Detection B

This submodule uses the previous information to calculate the distance from the
object in the air to the camera plane (Djpa4r):
Dinair = distance B(Pixy;oct, Piobject; DonDesk) (8)

where distanceB(-) is a function of the distance of the object in the air, Pizg, ;. .,

is the pixel information when the object is in the air. Next comes the concrete
reasoning of Eq.8. Specifically, we use the previously obtained information of
the object on the desk to calculate the distance D;y, 44 (see Fig.4). We set up
optical imaging models for the two states of the object on the workbench and in
the air:

img
Wobject Wobject

= 9

DonDesk f ( )

Wobject _ W;Z;gct’ (10)
DinAir f

where Wopject(cm) represents the actual width of object, W;Z:;'th(cm> is projec-

tion width in the camera of the object on the workbench, and W*"9

object = Au@bj€Ct'

du, where Augpject is pixel width of object on the workbench. wima (cm) is

) object’
the projection width in camera of the object in the air: W7, = Aul,..., - du,

in which u’object is the pixel width of object in the air. According to Eq.9 and
Eq. 10:
Au!

object
DinAir = DonDesk . Ai (11)
Uobject
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The essence of Eq. 11 is to find a scale-invariant of an object, to connect the
pixel information of an object in different states. We choose object width as the
scale-invariant and use the bounding box width to approximately replace the
pixel width of the object. Equation 11 is equivalent to Eq. 8.

After obtaining the distance D (Doppesk 0 Dinair), we can convert 2D pixel
coordinates (u,v) to 3D world coordinates (X,Y, Z):

(xc,yc,zc)T =D-K ' (u,v,l)T (12)
(X7KZ71>T =Tt (xcvycvzml)T

where K33 is the camera’s internal parameters matrix, and Ty 4 is the camera’s
external parameters matrix, (¢, ye, 2c) is the coordinates of the object in the
camera coordinate system.

4 Experiments and Results

To evaluate the effectiveness of our approach, a set of experiments are performed
on a Baxter robot platform. First, introduce our experimental equipment in
Sect. 4.1 and preliminary work experiments in Sect. 4.2. Afterward, the process
and results of the robot grasping experiment are reported in Sect. 4.3. Then the
process and results of HRH experiments are reported in Sect 4.4. After that, the
time cost of our method is fully described in Sect. 4.5. Lastly, the weaknesses of
the proposed distance detection algorithm are qualitatively discussed in Sect. 4.6.

4.1 Experimental Equipment

A Baxter robot is used in the experiment, with an RGB camera (1280 x 800)
on its head, a laptop computer with an NVIDIA 1050 Ti graphics for image
processing, and robot control. A workbench is placed within the effective working
range of the manipulator in front of the robot. A worker is present in the scene.
Ten objects with different materials, shapes, and sizes (see Fig.5) are used as
targets, including five large-size objects and five small-size objects to verify the
applicability of our method to objects with different attributes.

4.2 Preliminary Work

For the Baxter workspace (see Fig. 6), actually, we measured the distance L’ from
the marker to the Y-O-Z plane of the world coordinates instead of measuring L.
Because L’ is easier to be measured and L can be calculated by L'

L=1— (Xcamera — H - tan ) (13)

where X qmerae 18 the distance from the camera to the world coordinate Y-O-Z
plane.
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Fig. 5. Objects used in the task, the unit of size is cm. (a) Large objects (L-objects),
in order: plastic box (15.3 x 10.8 x 4.3), square carton (10.0 x 10.0 x 6.0), long carton
(11.6 x 10.0 x 4.6), adhesive tape (10.4 x 5.0%), Long tin box (15.4 x 9.4 x 3.0). (b)
Small objects (S-objects), in order: rubber (3.1 x 2.1 x 1.2), small cap (0.9 x 2.3%),
small ball (3.8%), U-disk (4.3 x 2.9 x 1.6), cosmetic box (3.5 x 3.0%).

We get the camera’s parameter matrix (Ksys and Tyx4) and correct the
camera’s distortion. Then the workspace is measured and marked to obtain H =
58(em), W = 6.3(em), L' = 52(cm), Pitmark(Atumark, AVmark) = (52,790).

For the object detector, we chose YOLOv5 [4] to meet the real-time require-
ments and trained it with a 100K Frame-level dataset [15], in which only objects
in contact with hands are labeled. After training, the detector takes a single
RGB image as input, outputs the bounding box of the hand and objects that
contact the hand. Objects that do not contact the hand cannot be detected. In
addition, we filter the detection results to exclude the cases of the hand touch-
ing the tabletop, touching itself, and misdirecting the robotic arm as the hand,
which can lead to task failure or cause danger (see Fig. 7).

4.3 Grasping Tests

The diagram of grasping tasks is shown in Fig.8. Clamping jaws of different
specifications (9.5 cm—13.5 cm, 2 cm—6 cm) are used to perform grasping tests on
five large and five small objects (L-object and S-object) successfully. Objects
are placed on the workbench at any location. The worker randomly touches
the object and drives the robot to grab it; When the manipulator is moving, the
worker constantly adjusts the location of other objects (only change the location,
not change the object posture). 200 experiments are conducted on large objects
and small objects respectively (total of 400), and each of which resulted in one
of the following four conditions:

— Success: Baxter successfully grabs the object and puts it back where it was.
— Drop: Baxter grabs the object, but it drops out and is not put back in place.
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Fig. 6. Real workspace is abstracted as a geometric model, where Colored labels are
world coordinates

Table 1. Success rates of the grasping tests about grasp L-objects (Large objects) and
S-objects (Small objects).

Success | Drop | Inaccuracy | Unreachable
L-objects | 91.5% |0% |6.5% 2%
S-objects | 83.5% |5% | 9% 2.5%
Total 87.5% | 2.5% | 7.75% 2.25%

— Inaccuracy: Baxter cannot accurately move its arm to the object location and
fails to grasp.
— Unreachable: Baxter gets the object’s location but can’t move the arm to it.

Table1 shows the result of grasping: The overall grasping success rate is
87.5%, among which the grasping success rate of large objects reaches 91.5%,
while that of small objects is only 83.5%, this is because small objects are much
smaller in size than large objects and are difficult to grab. Large objects do
not fall, while small objects fall 5% of the time, this is because when there is a
slight deviation, large objects can be grabbed firmly, but small objects cannot be
grabbed firmly. Failed to fetch in 7.75% of cases: (1) Most of the time is after the
start moving, the change in the object location; (2) Part of the situation because
of the two objects get too close, makes the detector produce error detection,
which results in location errors; (3) For small objects, some deviations make the
robot arm cannot reach the object grasping range, resulting in fetching failure. In
2.25% of cases, the manipulator cannot reach the target position because only the
left manipulator is used, and the angle of the end-effector is fixed perpendicular
to the working platform. Still, such grasping failure has nothing to do with the
accuracy of our algorithm.
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Fig. 7. Detection effect. (a) The hand does not make contact with the object, only
detects the hand. (b) When hands touch objects, both hands, and objects are detected.
(c) Even small objects can be detected. (d) Hands touching the body makes people the
target of detection, which will lead to dangerous interactions (e) Touch the workbench,
and the workbench will be detected, which will cause the task to fail. (f) The robot
arms are wrongly detected as the human hand.

4.4 Human-Robot Handover Tests

The diagram of Human-robot handover tests is shown in Fig.8. Only large
objects are used (small objects cannot be used for handover). Three objects
are placed on the workbench, and 10 participants in the experiment (including
six males and four females). Workers randomly grab objects on the workbench
for handover, take the objects to different positions in the workspace and keep
the object posture relatively fixed. Each worker carried out 30 handover tests a
total of 300 times, and the results of each test can be divided into the following
three conditions:

Success: Baxter successfully catches the object and returns it to the human.
— No hand: The detector cannot detect a hand, end the handover in advance.

Inaccuracy: Mechanical cannot move to the object location accurately and
get it.

— Unreachable: Baxter is unable to move its arm to the positions of the object.

HRH results are shown in Table 2: The success rate of experiments is 84.7%;
1.3% of the cases does not detect the hand, which is because the hand is blocked
by the object and cannot obtain the interactive information, which led to the
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Fig. 8. The schematic diagram of the experiment scene. (a) robot grasping task. (b)
human-robot handover task.

Table 2. Success rates of the HRH tests about grasp L-objects (Large objects).

Success | No hand | Inaccuracy | Unreachable
L-objects | 84.7% | 1.3% 9.7% 4.3%

handover failure. In 9.7% of cases, the detection is not accurate, one part is
because the failure of the handover due to the change of the location of the object
when the manipulator moved to the object, another part is due to the inaccurate
positioning, which causes the failure of the handover due to the inability of the
manipulator to move to the handover accurately. In 4.3% of cases, the robotic
arm cannot reach the location. Here are two possible situations: (a) The object
is located correctly but beyond the effective workspace and cannot be reached;
(b) The object is in the effective workspace but is wrongly positioned outside
the effective workspace and cannot be reached. There is no excellent criterion to
distinguish between the two conditions.

4.5 Time Cost

To prove that our method is efficient, has a low delay, and can meet the real-
time requirements of the robot, we conducted an additional 40 experiments (20
grasping experiments and 20 HRH experiments). We counted the following five
time indicators respectively:

— IAP-ATM: Image acquisition average time, the average time required to pull
an image from a video stream and preprocess it.

— MD-ATM: Model detection average time, the average time from image input
to YOLOv5 model to output detection results.

— DC-ATM: Distance calculation average time, the average time required to
calculate the distance of the object and locate its position in space.

— RM-ATM: Robot movement average time, the average time it takes for the
robot to move from start to finish the task.

— T-ATM: Total average time, the total average time it takes from the moment
the image is pulled to the robot completes the task.
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Table 3. Average time cost of IAP-ATM (image acquisition average time), MD-ATM
(model detection average time), DC-ATM (distance calculation average time), RM-
ATM (robot movement average time), and T-ATM (Total average time). Time mea-
sured in s.

IAP-ATM | MD-ATM DC-ATM RM-ATM | T-ATM
Grasping | 4.416 s 8353 x 10725 |7.328 x 10755/ 28.83s |33.33s
HRH 3.595 s 8.306 x 1072 5| 7.419 x 107° 5 |35.02s | 38.70 s
Total 4.006 s 8330 x 10725 |7.3714 x 107°531.93s |36.02s

Table 3 shows the time cost of our approach. We can see obviously that the
main factors affecting time cost are robot moving time, the network delay to
some extent, also affect the time cost. The model of reasoning and distance
calculation takes very little time, hardly can be ignored, this shows that our
proposed distance detection algorithm is low latency, can satisfy the real-time
requirements of robot tasks. The factors that restrict the real-time completion
of tasks are the robot’s own moving speed and network delay. In grasping and
HRH tasks: (1) The distance detection time is almost the same, which indicates
that our distance detection method is very stable. (2) The difference in image
pulling time is nearly 1s, caused by network fluctuation. (3) The difference in
the moving time of the robots is about 7s, which is because the trajectories and
distances of the two robots are different.

4.6 Qualitative Results and Future Work

Besides the reported evaluation, additional internal tests are conducted to iden-
tify weaknesses that should be addressed in future work. During these tests,
(1) Change the position of the object to traverse the entire workspace. (2) Change
the posture of the object. These internal tests do not have a strict evaluation
procedure but are intended to verify the adaptability of the proposed algorithm
to object position and pose.

The further tests reveal some limitations of our approach. (see Fig.9): (1)
Because the height information of the object is ignored, when the object is
very high, the success rate of grasping and transferring will decrease. (2) When
calculating the distance of objects in the air, we choose the width at the lowest
point of the object as the size-invariant, so the object must be facing the robot
and keep its relative posture unchanged. When the object rotates, the accuracy
of distance detection will be affected; (3) We simply use the width of the object
bounding box from the detector to replace the object width approximately. When
the object deviates from the central axis of the robot, there will be an error.

These limitations are essentially caused by the loss of spatial information
in 2D RGB images. The object detection model can only obtain 2D position
information of the object, cannot obtain the size and pose information of the
object. In future work, we will obtain more abundant information of the object
through a real-time monocular-based object 6D pose estimation model of the
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Fig. 9. The green line is the object’s width, and the blue box is the bounding box. (a)
When the object is facing the robot and on the central axis, the width of the bounding
box is approximately equal to the object’s width. (b) After changing the object’s pose,
the width of the bounding box is not equal to the object’s width. (¢) When the object
is on the optical axis, the width of the bounding box is not equal to the object’s width.
(Color figure online)

object based on RGB image to further improve the current distance detection
algorithms and the practicability of the algorithm in practical tasks.

5 Conclusion

This paper proposes a novel two-stage unknown object distance detection algo-
rithm based on monocular RGB images, and a marker of known size is used
as prior knowledge. Compared with existing RGB-D-based and analytics-based
methods, the proposed algorithm has more adaptive, higher efficiency with low
cost meets the requirements of real-time, accuracy, and effectiveness in robot
tasks. It is successfully used for robot grasping and HRH tasks.

But the algorithm also has some limitations in actual use. For example, the
object posture needs to be relatively fixed, and the algorithm is unsuitable for
irregular objects. The root cause of these limitations is that the RGB camera
loses the 3D information. A simple object detector can only obtain the pixel posi-
tion information, which cannot determine object size and pose. There are some
other restrictions: two-stage although distance detection algorithm is effective
to solve the monocular RGB image the distance of the object under the air, the
flexibility to drop, and the space parameter measurement method is more simple
than before, but still affect the practicability of the proposed algorithm. These
two points, to a certain extent, restrict the practical application of the algorithm.
We will focus on real-time monocular-based object 6D pose estimation technol-
ogy and grab point estimation technology. We will use them to obtain more rich
information about objects from RGB images to address the limitations of the
need for fixed object orientation and the inability to grasp irregular objects. We
will also further improve the proposed distance detection algorithm to improve
the practicability of practical tasks.
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