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ABSTRACT  

Robot grasping technology is favored by scientific researchers because of its importance in the field 

of robotics and its prospects. The main challenge of robotic grasping is to design an effective 

grasping detection algorithm for accurate grasping of the robot. Recently, various robotic grasping 

techniques have been proposed to improve the grasping performance of the robot. However, for 

random objects in an unstructured environment, even if accurate target classification is performed, 

multiple targets may overlap, which leads to a decline in the grasping performance of many robot 

grasping methods and cannot meet the accuracy requirements. To solve this problem, we propose 

an innovative grasping detection algorithm, which we call MR-GPD. MR-GPD is based on the robot 

grasping gesture detection algorithm (GPD), embeds the Mask-RCNN deep learning model to 

classify and segment the grasped target, then combine the results of target segmentation to construct 

a grasping candidate screening mechanism to evaluate and filter the outputted grasping candidates, 

and retain the best grasping candidate plan in the planned grasping task. To meet the requirements 

of the robots actual grasping task, an improved Mask -RCNN neural network model is proposed, 

the speed and accuracy of target segmentation in the actual grasping process of the robot are 

improved, and the accuracy of the model reaches 97.5%. In this article, we conducted experimental 

evaluations through experimental tests and Baxter robots. The experimental results show that the 

method has a good grasp effect on randomly placed objects in unstructured environment, and the 

average success rate is about 91.2%, it reveals the feasibility of our proposed MR-GPD method, 

which is expected to provide important information for robot grasping in unstructured environment. 

Keywords: random; MR-GPD; Mask-RCNN; segmentation; grasp detection 

1. Introduction 

Traditionally, robot grasping involves three related subproblems: perception, 

planning, and computing[1]. The sensing subsystem is used to obtain the position and 

attitude (direction) of the object to be grasped, the planning subsystem is used to 

execute where the manipulator moves and how to plan the path, and the computing 

component, that is, the "brain" part of the robot, processes the data machine of each 

subsystem, and then makes the motion decision[2]. Due to the inaccuracy of the drive 

and sensor, the characteristics of the object such as position, shape, attitude, and 

material are uncertain[3]. The reliable grasping of robot is still challenging, and it is 

also a research hotspot in the field of robot. Recently, the research results of researchers 

show that the neural network is trained on the image data set of manually gasping tags[4] 
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or physically gasping results[5], and the training results drive the planning component 

to calculate the feasible arm and hand trajectories that can grasp local objects, which is 

similar to object detection in computer vision[6]. However, this kind of method requires 

a lot of manpower for data collection and tedious manual marking and requires high 

physical computing power, which usually takes several months of execution time[7]. 

At present, another method of robot grasping is to use physics to plan the grasping 

task-based on the point cloud of the CAD model of the grasped object[8]. This type of 

method assumes a perfect perception subsystem that can accurately estimate the 

position of the object. Then, the planning and calculation component calculates the 

feasible arm/hand trajectory that can perform local object grasping[9]. This method is 

prone to errors, may not be well applied to new objects, and in the execution process, 

the process of matching the known model with the point cloud may be very slow [10], 

and in reality, in the case of noise in the environment and interference from the external 

environment, it becomes difficult to accurately locate the posture of the object. Recently, 

researchers have proposed a variety of robot grasping detection methods[11]. The main 

principle of these methods is to use noisy RGBD images or point clouds as input[12], 

and generate feasible grasping object pose estimates through algorithm calculations. 

Generally, this type of method is similar to the object detection algorithm in computer 

vision[13]: first, the algorithm generates a large number of objects grasp candidates and 

then evaluates the reliability of each grasp candidate. As shown in Fig. 1, the Baxter 

robot is grasping in real-time. 

 

Fig. 1. Baxter Grasp Inspection Platform. 

Although the robot grasping detection method is very promising, it has not been 

proved that this method is reliable enough to be widely used, and this type of method 

does not segment the object[14], which can easily cause the grasping of multiple objects 

as an atomic object. Picking, for example, when gasping larger objects, this will become 

an easy occurrence. Another problem is that the grasping detection method cannot 

perform orderly grasping of specific objects of interest[15]. For new objects that appear 

alone or in a cluttered environment, the grasping success rate of most grasping detection 

methods is generally between 75% and 95%[2]. Such a success rate is not only 
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unsatisfactory for actual robot grasping applications, but also a reliable grasping 

detection for new objects in realistic clutter scenes. 

In this article, we design to generate grasp candidates directly from the object depth 

images obtained by the Kinect sensor and predict the success rate of gasping[16]. The 

method is to train on many grasp data sets through a deep convolutional neural network 

(CNN). To improve the grasping success rate and grasping flexibility, we have added 

the object segmentation algorithm Mask-RCNN[17] to solve the multi-object 

recognition error caused by the random scene and realize the orderly grasping of 

specific objects of interest. 

This article has made the following main contributions and innovations, which have 

improved the success rate of robotic grasping and grasping flexibility, making it easier 

to apply in real-world production and life. 

1. This paper proposes an object segmentation method combined with grasping, 

which combines the object segmentation feature of Mask-RCNN with robotic grasping, 

which not only improves the classification accuracy of grasping by about 6% but also 

reduces the robot in random scenes. The success rate of grasping objects under the 

download increased by about 4%. 

2. Improved the Mask-RCNN network structure and trained its own capture data set. 

This method improves the accuracy of object segmentation and proves that it is still 

reliable in an unstructured environment. 

3. This article introduces and evaluates a method that combines object segmentation 

and capture detection to identify and capture specific target objects in complex random 

scenes. 

Improvement of grasping detection performance. Each innovation has been 

experimentally verified on simulation and robot hardware. This paper also describes 

the algorithm in detail and evaluates the feasibility of the algorithm. The performance 

of the algorithm is quantified, and the parameters such as the running time of the 

algorithm are quantified. At the same time, the experimental results are expressed in 

various forms. The robot used in this article is the Baxter Research Robot used to grasp 

objects on the workbench. The number of physical experiments for gasping is about 

1600 times. Finally, a series of robotic gasping experimental data are reported. The 

results show that the method used in this article is suitable for random and complex 

scenes. The average accuracy of grasping objects is about 92%. 

The rest of this article is organized as follows. Section 2 reviews previous related 

work, focusing on the advantages and limitations of existing methods. Section 3 details 

the proposed GPD method. Section 4 introduces the improved Mask-RCNN algorithm. 

Section 5 introduces the improved combination of Mask-RCNN and GPD. Section 6 is 

the conclusion and future work. 
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2. Related Works 

Robot capture plan. Grasp detection is one of the important parts of robot grasp. 

Due to the constraints of grasp object, grasp configuration and external 

environment[18], the methods of robot grasp plan can be divided into two categories 

according to the success criteria: analysis method and robust grasp (RGP) method. The 

analysis method usually assumes that the position, attitude and contact position of the 

grasping object are known accurately[19], and considers the comprehensive 

performance of the grasping ability and the movement ability of the object according 

to the physical model. 

The Robust Grasp Planning (RGP) method can greatly improve the robustness of 

robot gasping[20]. It needs to use the currently emerging three-dimensional vision 

sensors (Realsense, Kinect, and Google Tango are typical representatives). This method 

usually uses visual and geometric similarity to model the object point cloud with the 

3D object in the database. Recent studies have shown that the use of machine learning 

to transform three-dimensional data of objects into successful labels that can be directly 

mapped to robots through sensors[21]. Research in this field mainly focuses on 

associating human tags with reliable capture areas in point clouds or RGB-D images. 

We created an RGB-D image data set of more than 1k, This data set is used to train a 

detection model based on Mask-RCNN.  

(6-D) Attitude estimation. In the process of research, Fischinger and Vincze 

proposed a method that exceeds the standard three degrees of freedom (3-D) [22]. This 

method is to iteratively run (3-D) grasp detectors on a set of different planes. A set of 

planes can represent "viewing" objects from different angles, thereby fundamentally 

realizing 6-degree-of-freedom detection. There are mainly several types of 6-D pose 

detection methods for grasping objects[23]. For example, in the image space configured 

with x and y, the graspable object model is modeled as the directional rectangle in the 

RGBD image, to complete these Gasping, at this time, the robot gasping the end effector 

must approach the gasping target from a direction orthogonal to the RGBD image[9]. 

This paper adopts the robot grasping gesture detection algorithm (GPD), which 

generates grasping candidates according to the local features of the object surface and 

obtains the optimal grasping strategy according to the candidate screening method of 

this article. 

Mask-RCNN. Through the research of robot grasping, it is found that the success 

rate of robot grasping will be greatly reduced when facing complex scenes[24]. 

Therefore, this paper proposes a targeted method to solve this problem and uses mask 

RCNN to segment the captured objects. Mask RCNN is a target detection method 
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proposed after fast RCNN, which can not only output the specific categories and 

objects[25]. Therefore, this method can not only improve the classification accuracy of 

objects, but also realize the segmentation of gasping objects, which solves the problem 

of multiple objects being mistaken for the same object caused by object stacking and 

reduces the probability of gasping candidate generation failure. In this paper, through 

the combination of the improvement of mask RCNN and grasp detection, the grasp is 

more targeted, and the accuracy of robot grasp is improved. 

3.Grasp pose detection 

The robot grasping posture detection (GPD) is designed to enable the two-finger 

gripper manipulator to detect the 6-DOF grasping pose of the object in the 3D point 

cloud space and realize the grasping[26]. GPD and other robots grasp method are 

different because it tries to characterize the surface of the object that can be grasped 

based on local features rather than the overall object geometry, as shown in Fig. 2. Lenz 

et al. proposed a new feature learning algorithm for multi-peak data based on group 

regularization. The geometric model that can be captured in the RGBD image is 

modeled as an oriented rectangle[27], and many candidate rectangles are generated. 

Machine learning methods are trained on human label data to predict feasible gasping 

rectangles. Pinto et al. took a similar approach, except that the training data comes from 

the data set interactively collected by the robot during the execution process[28]. More 

than 700 robots collected 50K attempts in one hour. The two tasks introduced have an 

important common feature. The grasp detection is performed in the plane of the RGBD 

sensor, and both correspond to the x, y, θ positions and directions in the RGBD image. 

In order to use these grasp detections, the robot completes the grasping. At this time, 

the end gripper has a direction and position limit. It must approach the target from a 

direction roughly perpendicular to the plane of the RGBD sensor. Several other methods 

in the literature, such as Redmon et al., regard grasp detection as a regression problem 

and use convolutional neural networks (CNN) and direct regression models to predict 

global information about images solve[10] , The preliminary work mainly draws on the 

research of Andreas and others on grasping detection to complete 6D posture detection. 

The input of the GPD algorithm is a 3-D point cloud data. Each point in the point 

cloud is paired with an RGBD sensor, V :C V→  , where 3V ⊂   represents the 

viewpoint set, and ( )CV= , ,C V V represents the combination of the point cloud and the 

viewpoint. The input of the GPD algorithm includes the geometric parameters θ of the 

manipulator and a subset of points gC C⊂ , these points can identify the part of the 

object to be captured by the point cloud, and a set of manipulator postures ( )3H SE⊂  
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are output. If the two-finger manipulator is moved to the output gripper at H in the same 

posture, the finger force of the mechanical gripper is closed, and some objects in the 

scene can be grasped. The end effector of the robot used in this article is 1-DOF Two-

finger parallel jaw jaws. 

 
Fig. 2. 6-DOF grasping attitude. 

In the first step, we build a grasp generator library for training. The database contains 

1500 3D object mesh models. For each object, we sample hundreds of two-finger 

parallel jaw grippers to cover the surface and use sampling to evaluate the robust 

analysis of grasp metrics. For each stable pose of the object, we associate a set of 

optimal and collision-free grippers for a given gripper model Grasp. 

We generate thousands of capture candidates for each point cloud file, and each 

capture candidate is a 6-degree-of-freedom gesture h∈SE (3). First, we randomly and 

uniformly sample from CG, for each point cloud model, we calculate the surface normal 

of the object and the main principal curvature axis and generate potential grasp 

candidates in the regular direction orthogonal to the curvature axis. Once the viewpoint 

cloud is preprocessed and N 6-DOF grasp gestures are generated, we will check 

whether the force of the grasping gesture contains any point from the object point cloud. 

If it does not contain any content in the object point cloud, then Candidate gasping 

gesture objects, the process will continue until gasping candidate gestures reaches the 

desired number we set[22]. 

After acquiring the RGBD of the object, we generate grasp candidates based on the 

geometry of the observed surface and the unobserved surface and then retain the 

effective grasp candidates through screening. The algorithm in this article uses a CNN 

convolutional neural network to parallelize each candidate the jaws assign scores and 

then select the grasp to be performed based on the applicability of grasps and relevant 

considerations such as evaluation scores. Fig. 3 illustrates the use of this method to 

generate the full details of candidate grasp gestures. 
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Fig. 3. The process of GPD algorithm gasping candidate selection. 

This method divides the object to be gasped from its cloud and calculates the surface 

characteristics of the object. For each face in the object, a coordinate frame is created 

at the center of each face, as shown in Fig. 4, and oriented so that the x-axis Point to 

the outside, perform a one-dimensional grid search on a set of angular displacements 

around the x-axis, and "push" the hand toward the object. 

 

Fig. 4. Gasping the candidate coordinate system. 
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4. Improving Mask-RCNN for object segmentation and target 

detection 

In traditional robot grasping, the CAD model of the grasped object is usually 

registered to the 6-DOF spatial point cloud. The robot uses the depth camera to capture 

the RGBD image of the grasped object, and randomly selects the object for 

grasping[21]. In this process, no object detection is involved, and there is no 

requirement for object segmentation. But this does not mean that the identity of the 

object is irrelevant, because determining the identity of the object to be grasped is a 

necessary part of the grasping perception process. For example, in the assembly process, 

there are almost always certain requirements for the order of grasping objects, not just 

anyone object[29]. Grasp detection can be combined with object detection to form a 

system that can grasp specific target objects. However, it is currently difficult to achieve 

high object classification accuracy. In the study of Andreas ten Pas et al., 85% object 

classification accuracy can be achieved [30]. 

We propose a targeted method to accomplish this task, using Mask-RCNN to 

segment the captured objects to improve the accuracy of robot capture[31]. Mask-

RCNN is a target detection method proposed after Faster-RCNN[32]. It can not only 

output the specific category and object frame of the object but also segment the object 

and target. Therefore, this method can not only improve the classification accuracy of 

the object but also Target segmentation is achieved, which solves the problem of 

multiple objects being mistaken for the same object due to object stacking, resulting in 

failure to generate gasping candidates. 

A. Mask-RCNN network framework: 

(1) Input the image to be processed into the pre-trained ResNet50 + FPN network 

model to extract features and obtain corresponding feature maps. 

(2) The feature map output from the backbone network is extracted from the 

candidate frame network (RPN) to generate the region of interest (RoI), then the 

softmax classifier is used for binary classification, and the frame regression is used to 

obtain a more accurate candidate frame position Information and filter out part of the 

ROI through non-maximum suppression. 

(3) Send the feature map and the filtered ROI to the RoIAlign layer and generate a 

fixed-size feature map for each ROI. 

(4) Mapping the RoI output from the RPN to extract the corresponding target features 

in the shared feature map.  

In this paper, the mask branch is improved. ROI region x is shown as follows: 

1

1

i

X = i

a i jw x b+∑                         (1)   
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Where
i

aw  is the weight vectors, 1 jb  the offset vectors. Using stochastic gradient 

descent algorithm to minimize the expected risk, the cost function is as follows: 

( ) ( ) 21
J( ) ( ( ) )

2

i i

ww h x y= −                       (2)   

And the output results are up sampled and restored to get a new 1 2,x x , after another 

convolution and pooling process, get the result 1( )f x , the function is as follows: 

1

1( ) ( )i

c i j

i

f x relu w x b= +∑                       (3)   

To obtain the segmentation result, combine ( )f x and multiply it by the shared weight 𝜆𝜆 obtained by the time distribution layer operation. 

( ) ( ( ))i

i

f x mask f i λ= ⋅∑                       (4) 

The process passes through two branches, one branch enters the fully connected layer 

(FC) for object classification and frame regression, and the other branch enters the uses 

the fully convolutional network (FCN) based on pixel segmentation for target 

classification and instance segmentation. This process produces classification scores, 

bounding boxes, and segmentation masks[33]. The structure diagram is shown in Fig. 

5. 

 

Fig. 5. The Structure diagram of Mask-RCNN algorithm. 

B. Improvement of backbone network structure 

Generally, the backbone network of mask RCNN adopts resnet101 with 101 

layers[34], but there is a problem that too many layers will greatly reduce the speed of 
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the network structure. To adapt to the research of this paper and improve the speed of 

the algorithm, this paper uses the layer resnet50 with 50 network layers 

Since the size of the training image used in this article will be different, only one 

convolutional neural network may not be able to extract all the attributes of the image 

well. Therefore, this article uses FNP (feature pyramid network) which mainly solves 

the problem of multi-scale target detection. Combined with the backbone structure of 

ResNet50. FPN uses a top-down convolutional neural network with horizontal 

connections to generate four sets of feature maps and uses horizontal connections and 

top-down methods to fuse these four different sets of feature maps, to merge each layer 

of the network All have deep and shallow characteristics. This method solves the 

problem of extracting the multi-scale of the target object from the image to building the 

network feature pyramid. It not only has strong robustness and adaptability but also has 

less parameter input. 

To further improve the detection accuracy, this paper improves the ResNet backbone 

network structure and adjusts the order between layers, as shown in Fig. 6. The upper 

part of the figure is called the "residual" branch, and the lower part is called the 

"identity" branch. To keep the input and output consistent, the value of the "identity" 

branch remains unchanged, so that it will not affect the transmission of information and 

will not cause loss. In this paper, by adjusting the layer order on the "residual" branch, 

the information transmission is not hindered when the backpropagation meets the basic 

requirements. Second, when the concept of "pre" is applied to the weight (Conv) layer, 

using the BN layer as pre-activation not only enhances the regularization of the model, 

but also improves the generalization performance. 

 

Fig. 6. Improved ResNet network structure. 

  RPN (Region Proposal Network) was first proposed in the Faster-RCNN network 

based on convolutional neural networks. The basic principle is based on a sliding 

window-based unclassified target detector to generate possible target candidate regions. 

The structure is shown in Fig. 7. Show. RPN is a feature map generated by a 
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convolutional neural network. It generates multiple anchor points on the scale of the 

original image and classifies and regresses the generated anchor points. RPN uses a 

sliding window mechanism to scan the backbone feature map and find the area where 

the target exists. Each sliding window can predict k anchors. RPN generates two outputs 

for each anchor: anchor category and frame fine-tuning. At the same time, the anchor 

is divided into foreground and background (FG/BG) by RPN, and the representation in 

the regression layer is 2k. At the same time, each anchor has 4 coordinates, which are 

represented as 4k outputs in the regression layer. In the network, RPN can generate a 

total of 5 anchors with different proportions, and each anchor is divided into 

{ }0 : 2,1:1,3 :1 , so k = 15, the loss function of RPN is the sum of classification loss and 

regression loss. 

 

Fig. 7. RPN structure and parameter settings. 

Since the region of an interest alignment layer (RoIAlign) is used in Mask-RCNN, 

the RoI avoidance in Faster-RCNN eliminates the quantized RoI boundary and 

improves the accuracy of detection or segmentation. The principle is shown in Fig. 8. 

The mask branch of Mask-RCNN is a convolutional network that takes the positive 

region selected by the ROI classifier as input and generates a low-resolution: 28x28 

pixel mask. The small size of the mask helps to maintain the lightness of the mask 

branch network[35]. In the training process, the real mask is reduced to 28x28 to 

calculate the loss function, and in the inference process, the predicted mask is enlarged 

to ROI The size of the border to give the final mask result, each target has a mask. 
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Fig. 8. RoIAlign schematic. 

The loss function in Faster RCNN: 

{ } { } * * *1 1
L( , ) ( , ) ( , )i i cls cls i i i reg i i

i icls reg

p t L L p p p L t t
N N

λ= +∑ ∑          (5) 

Similar to the loss function in the Faster RCNN model, the loss function of Mask-

RCNN is as follows: 

cls box maskL L L L= + +                        (6) 

Where clsL is the classification loss function, boxL is the prediction box loss function, 

and maskL
is the mask loss function. The error function of the category prediction branch 

in the Mask-RCNN is shown below: 

[ ]L( , , , ) ( , ) 1 ( , )u u

cls locp u t v L p u u L t vλ= + ≥                (7) 

Where p is the predicted class, u is GT class, 
ut is the predicted bounding box for 

class u, v is GT bounding box. 

C-training mask RCNN model 

All the training and testing experiments in this paper are carried out on NVIDIA 

geforce RTX 2080 GPU with 8 GB memory. The framework uses tensorflow GPU 

version. The environment configuration is installed on Anaconda 3 platform and runs 

on Windows 10 system. Transfer learning includes a source domain and a target domain, 

defined as: 

{ } { }D(s)= , ( ) , ( ) , ( )x P x D t x P x=                   (8) 
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where D(s) is the source domain, ( )D t the target domain, x the feature space, and ( )P x

the marginal probability distribution, { }1X , , nx K x x= ∈ . 

In this paper, labelme is used to annotate the experimental data and generate part 

mask images[36]. In the process of model training and model parameter optimization, 

these masks are used to calculate the reverse loss. In addition, to evaluate the 

performance of the training model for instance segmentation, it is necessary to compare 

the annotated mask image with the predicted result of mask and the annotated mask 

image is zeroed the data set marked in this paper is shown in Fig. 9. 

 

(a)                  (b)                   (c)                 (d) 

Fig. 9. Data set labeling results. (a) Original image. (b) Mask image of instance 

segmentation. (c) Visualization of mask image. (d) Robot grasp images 

In this paper, a total of 800 sample images are prepared during the experiment, and 

the training set and test set are created according to the proportion of 75%: 25%. In the 

training process, used COCO pre-trained weights as starting point, in which the learning 

rate is set to 0.000001, the model training takes about 6 hours, the loss value is about 

0.19, and the recognition time of each image is kept within 0.35s. After testing on the 

test set, the recognition accuracy is about 98.5%. To evaluate the performance of the 

trained model, we take the loss rate, recall rate, AP and accuracy as evaluation indexes. 

 

Re

Pr

TP
call

TP FN

TP
ecision

TP FP

=
+

=
+

                       (9) 

Compare the test results of the improved method with the test results of other 

methods. Through multiple sets of control experiments, the test model accuracy and 

recall rate conform to formula (9), which is used to measure the influence of the model 

on ship positioning. TP represents a positive sample that is correctly classified, FP 

represents a positive sample that is incorrectly classified, and FN represents a negative 

sample that is incorrectly classified. 
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1

2 Re Pr

Re Pr

call ecision
F

call ecision

× ×
=

+
                     (10) 

 

After verification, the accuracy of the model we obtained is 97.5%, the recall rate is 

95.6%, and the MAP is 93.4%. The specific data values are shown in Fig. 10. Therefore, 

the training model has excellent detection performance. 

 

Fig. 10. AP values of multiple categories. 

In this paper, Resnet-101, VGG19, ResNeXt-50 and improved network Resnet-

50(RPN+Lr) are used to test the un-improved and improved mask generation models. 

Figure 11 shows the comparison of test precision of different models. 

It can be seen from Fig. 11 that the model test accuracy of Resnet-50 (RPN+Lr) is 

97.5% higher, 4.6% higher than ResNet-101, and 36.8% higher than VGG19. The test 

results show that the improved Mask RCNN model can detect and locate the target 

accurately, and the proposed Mask RCNN is more accurate than the existing ones. And 

in the robot grasping experiment below, the model ensures the accurate segmentation 

of objects in a random state and solves the problem of grasping failure caused by 

recognition errors. 

 

Fig. 11. Comparison of test precision of different models. 
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5. Combination of Mask-RCNN and robot grasping 

In traditional robotic grasping applications, the CAD model of the object is generally 

registered in the 6-dimensional pose space in the form of a point cloud[21]. At this time, 

determining the category of the object to be grasped is an essential part of the grasping 

perception process. However, in certain practical situations, such as processing, 

inspection, and assembly, we are always very interested in gasping a specific object, 

not just any one of several objects. Object detection is also becomes meaningful[29]. 

Considering the robot s grasping algorithm and actual production scene, the grasped 

object may not be presented in the ideal state within the robots visual range, and the 

grasped object will be stacked, which may cause errors in the grasping. An object is 

mistakenly regarded as a single object[37], resulting in a failure to capture. At this time, 

object segmentation can solve this problem here, which means that it is necessary to 

combine target detection segmentation with capture. 

This paper proposes an effective method to solve this problem, adding target 

segmentation to it, using Mask-RCNN to segment the detected objects to avoid object 

confusion. Because we have trained different captured objects in our previous work, 

the Mask-RCNN method is effective in identifying captured objects. We have verified 

the effectiveness of the algorithm for a single target in different scenarios. The 

effectiveness of the algorithm for each target in different scenarios has also verified the 

effectiveness of the algorithm in a regular environment and in a random environment, 

as shown in Figure 11, showing the effect of object segmentation in four scenarios, Fig. 

12(a) It shows the detection result of a single target of object A in a random scene. Fig. 

12(b) shows the detection result of a single target of object B in a random scene. Fig. 

12(c) shows two objects in a regular scene A. Target detection result. Fig. 12(d) shows 

the detection results of multiple targets for two objects in regular scene B. From the 

results, the improved method proposed in this paper can accurately identify and 

segment the capture in different environments. Take the object, using the improved 

Mask-RCNN model, it can accurately detect the shape of each gasped object, showing 

that the model has excellent robustness. 
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Fig. 12. Objects detection results. (a) Detection result of single target in scene A. (b) 

Detection result of single target in scene B. (c) Detection results of multiple targets in scene 

A. (d) Detection results of multiple targets in scene B 

In this paper, to evaluate the feasibility and performance of our method in complex 

random situations, we have created 6 sets of complex scenes including 5 objects (Fig. 

13 shows one of them), in 6 random scenes, we use the improved Mask-RCNN for 

object detection, and a total of 1330 object predictions and segmentation are generated.  

 

Fig. 13. One of the random scenes 

Before the robot needs to perform the corresponding grasp operation, the robot will 

be notified of an object suggestion identification, grasp the specified object, and record 

the experiment Later, we evaluated the accuracy of the Mask-RCNN models object 

classification and segmentation, and calculated that out of 1330 captures, our model 

correctly classified and segmented 1116 times (accuracy of 83.9%). As shown in Fig. 

13, we list the corresponding confusion matrix. By using Mask-RCNN to segment the 

object, the accuracy of object classification is improved, because in addition to the 
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mastered object category, each object is segmented from multiple random scenes this 

avoids the classification errors caused by overlapping and improves the grasping 

process. Therefore, it is concluded that the above method can be applied to some 

practical. 

 

Fig. 14. Confusion matrix of 5 objects used to test combined gasping and object 

classification and segmentation. 

Since the grips generated by the robot grasping posture detection algorithm (GPD) 

are randomly generated, for the individually placed objects in a regular environment, 

the generated grasping candidates may have better effects. We conducted experiments 

to separately place the object of has been grasped and detected. As shown in Fig. 15, 

the grasping and detection of independent objects in this simple environment have good 

results. 

 

Fig. 15. Grasp detection results for independent targets. 

  However, in the random scene, the randomly stacked objects often fail to meet the 

requirements. As shown in Fig. 16, fig. 15(s2) shows the 12 grasp candidates detected 

in the random scene. What we can see is that the grasp candidates are not generated in 

each object, and because the distance between objects is too close, they will be detected 
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as an object, and the wrong grasp candidates will be generated So it cant meet our 

gasping requirements. Currently, we add object segmentation and combine mask 

RCNN with grasp candidate screening to propose a grasp candidate generation and 

screening mechanism. By using the grasp detector of mask RCNN, the system can focus 

on the grasp objects, and use object segmentation to screen the wrong grasp candidates. 

Fig. 16(s3) shows the segmentation suggestions of corresponding objects in RGB 

image We can get the object label of the object according to the classification 

characteristics of mask RCNN in the capture system, so we can select the object to 

capture in a planned and purposeful way. Fig. 16(s4) shows the capture detection results 

obtained by our method. 

 
Fig. 16. Grasp candidate selection mechanism combined with mask RCNN. 

In the experiment, we prepare nine objects, six of which are trained by mask RCNN 

network, and three of which are untrained. In the experiment, we set up nine scenes and 

put nine objects randomly on the workbench within the robots grasp range (where there  

is stacking). Then, we use the method proposed in this paper to carry out the grasp 

experiment, and the grasp process is shown in Fig. 17. Finally, we pass a series of grasp 

experiment tests and succeed in 1000 times of grasp test the number of grasps is 912. 

Although the success rate of gasping is not significantly improved compared with other 

methods, it is of great significance to achieve such gasping in random scenes. 
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Fig. 17. The process and results of Baxter grasp experiment. 

To verify the effectiveness of our proposed grasp detection method (MR-GPD), we 

built an unstructured scene in a laboratory environment, Using Baxter robots, 9 types 

of items such as cola (experimental results replaced with A, B, C, D, E, F, G, H, I) were 

carried out 100 grasping tests, we also do the experiment of traditional grasp detection 

(GPD). The experimental results are shown in Fig. 18. The experimental results show 

that the method proposed by us has better grasping effect for objects randomly placed 

in unstructured environment, and the success rate of grasping is significantly higher 

than that of traditional methods. 

 

Fig. 18. The results of the grasping comparison test. 
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6. Conclusions  

Recently, many grasping detection methods have been proposed for the problem of 

robot grasping. Although these methods have achieved certain results in robot grasping, 

the following problems still exist: 

1) Most existing methods only target single-target grasp in a regular environment, 

and cannot solve the grasping of randomly placed objects in an unstructured 

environment. 

2）Most methods cannot solve the problem of grasping and segmentation at the same 

time, and cannot achieve purposeful grasping. 

3) Due to the complexity of robot grasping, some detection algorithms have certain 

limitations in actual grasping applications, and the detection speed and detection 

accuracy cannot meet the grasping requirements. 

To solve the above problems, we propose an innovative grasping detection algorithm 

(MR-GPD). MR-GPD is based on the robot grasping gesture detection algorithm (GPD), 

embeds the Mask-RCNN deep learning model to classify and segment the grasped 

target, then combine the results of target segmentation to construct a grasping candidate 

screening mechanism to evaluate and filter the outputted grasping candidates, and retain 

the best grasping candidate plan in the planned grasping task. To meet the requirements 

of the actual grasping task of the robot, an improved Mask-RCNN neural network 

model is proposed to improve the speed and accuracy of the target segmentation of the 

robot in the actual grasping process. At the same time, the experimental results show 

that our proposed grasping detection algorithm (MR-GPD) has shown excellent 

performance in actual robot grasping tasks. even in an unstructured scene where objects 

are randomly placed, MR-GPD has high accuracy and good robustness, and the robot 

grasping success rate has reached 91.2%. In addition, the improved Mask-RCNN neural 

network model also has good results. The accuracy of the model has reached 97.5%. 

The accuracy and speed of target recognition and segmentation in the robot grasping 

process fully meet the requirements of the robot in actual grasping tasks. 

According to the good performance of MR-GPD, its contribution in the field of robot 

grasping is worthy of recognition. We also plan to apply it to future work to solve other 

practical and engineering problems, such as (1) parts grasping of intelligent assembly 

robots (2) Human-computer interaction of smart home robots (3) Medical assistance of 

medical assistant robots. 

With future work, the complexity of the robot grasping method will be further 

simplified, making it highly robust and accurate, In addition, in this article, a lot of 

manpower is consumed in the process of tagging the captured objects, and the number 

of training objects is not enough, In other words, it is necessary to adopt a faster data 
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labeling method(Lee, et al., 2018) in future work, which not only solves the problem of 

labeling, but also obtains more object types. 
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