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Abstract:   In industry, it is becoming common to detect and recognize industrial workpieces using deep learning methods. In this field,
the lack of datasets is a big problem, and collecting and annotating datasets in this field is very labor intensive. The researchers need to
perform dataset annotation if a dataset is generated by themselves. It is also one of the restrictive factors that the current method based
on deep learning cannot expand well. At present, there are very few workpiece datasets for industrial fields, and the existing datasets are
generated from ideal workpiece computer aided design (CAD) models, for which few actual workpiece images were collected and utilized.
We propose an automatic industrial workpiece dataset generation method and an automatic ground truth annotation method. Included
in our methods are three algorithms that we proposed: a point cloud based spatial plane segmentation algorithm to segment the work-
pieces in the real scene and to obtain the annotation information of the workpieces in the images captured in the real scene; a random
multiple workpiece generation algorithm to generate abundant composition datasets with random rotation workpiece angles and posi-
tions; and a tangent vector based contour tracking and completion algorithm to get improved contour images. With our procedures, an-
notation  information can be obtained using the algorithms proposed  in this paper. Upon completion of the annotation process, a  json
format file is generated. Faster R-CNN (Faster R-convolutional neural network), SSD (single shot multibox detector) and YOLO (you
only look once: unified, real-time object detection) are trained using the datasets proposed in this paper. The experimental results show
the effectiveness and integrity of this dataset generation and annotation method.
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1   Introduction

Deep learning  datasets  play  an important  role  in  the

history of object recognition. They have always been one

of the most important factors in making great progress in

this field. At present, a large number of images on the In-

ternet can be accessed at any time, which makes it  pos-

sible to build a rich, large number of images and types of

datasets.

Early  datasets,  such  as  Caltech  101  or  Caltech  256,

were  criticized  for  lacking  inter-class  variance.  SUN[1] is

based  on  images  indicating  different  scene  categories,

many of which have scene and object annotation that can

support scene recognition and object detection. The Tiny

Images  dataset[2] generates a  dataset  with  a  large  num-

ber  of  object  categories  and  scenes,  but  its  annotated

data have  not  been  verified  manually,  and  contain  not-

able  errors.  The two benchmark datasets,  CIFAR10 and

CIFAR100, evolved from the Tiny Images and have trus-

ted tags.  The PASCAL VOC dataset[3] is used to evalu-

ate object recognition and classification algorithms for an-

nual competitions. Since 2005, there have been only four

kinds  of  objects,  and they have  increased to  20  kinds  of

common  objects  in  daily  life.  ImageNet[4] contains  more

than 14 million images and more than 20 000 categories of

objects.  The  main  supporting  dataset  of  the  ImageNet

large scale visual recognition challenge (ILSVRC) contest

has pushed object recognition research to a new level. Im-

ageNet has also been criticized for its large objects in the

dataset, which are all  in the center of  the image,  an oc-

currence which is not typical in real world situations. To

solve  this  problem,  researchers  have  created  the  MS

COCO dataset[5],  pushing  the  research  to  a  richer  stage

for image understanding. The images in MS COCO com-

prise complex daily scenes, containing common objects in

their  natural  background.  It  is  very  close  to  real  life

scenes. The object  label  provides  a more accurate detec-

tion and  evaluation  result  by  using  a  full  instance  seg-

mentation method. The Places dataset[6] contains 10 mil-

lion scene pictures, which are annotated by scene semant-

ic categories, thus providing an opportunity for the deep

learning  algorithms  that  are  badly  needed  for  data  to

reach  the  human  recognition  level.  Open  Images[7] is  a

dataset  with 9 million images  labeled by image sets  and

object bounding frames.

At  present,  there  are  a  multitude  of  open  datasets.

However,  for  many  specific  domains,  there  are  no  open

datasets available. Therefore, while obtaining many ideal

workpiece  three-dimensional  models  and  some  actual

workpiece  images,  the  ability  to  automatically  and

quickly generate a dataset in a specific field would be of
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great value to researchers.

2   Related work

2.1   Dataset generation

Dataset  annotation  is  a  very  labor  consuming  and

time consuming task. The annotation process is very diffi-

cult to  perform,  for  it  requires  much  professional  know-

ledge. To overcome these shortcomings, in 2018, NVIDIA

Corporation released a virtual dataset generator for deep

learning:  the  NVIDIA  deep  learning  dataset  synthesizer

(NDDS)[8].

In the same year, NVIDIA also released a dataset for

three-dimensional  object  detection  and  pose  estimation:

Falling  things[9],  which  contains  21  common  objects  in

families from the Yale-CMU-Berkeley (YCB) dataset[10], a

total  of  60 000  tagged  pictures.  For  each  image  in  the

dataset,  provided  are  the  corresponding  instance  level

classification, the two-dimensional object bounding boxes,

the  three-dimensional  object  bounding  boxes,  and  the

three-dimensional poses. Each element in the dataset con-

tains a  monocular  RGB (red,  green  and  blue)  color  im-

age, binocular RGB color images and a dense depth map

after registration.

Arsenovic  et  al.[11] of  the  University  of  Novi  Sad

presented an automated collection of images on the Inter-

net, as well as some scattered images, as the dataset used

by  researchers  themselves.  They  used  two  methods  to

automatically annotate the collected images: 1) the tradi-

tional  image retrieval  method to process  the images  and

get the position coordinates of the bounding boxes of the

objects, and 2) the convolutional neural network (CNN)-

based  neural  network  method  to  detect  the  bounding

boxes of the objects. When the bounding box of the tar-

get  is  detected,  the  coordinates  of  the  upper  left  and

lower  right  corners  of  the  bounding  box  are  stored  in  a

JavaScript  object  notation  (JSON)  file.  There  are  two

drawbacks for using this method to automatically annot-

ate datasets: 1) There are misjudgments or omissions us-

ing  either  the  traditional  image  retrieval  method  or  the

CNN-based  object  detection  method.  Additionally,  after

the  detection  process,  the  paper  does  not  participate  in

data  cleaning  artificially,  so  the  annotated  data  are  not

clean; 2) This method only gives the annotation results at

the bounding  box  level.  In  some  finer-grained  applica-

tions, such  as  instance  segmentation,  the  annotation  in-

formation at  the  instance  level  is  needed.   Sun  et  al.[12]

combines top-down and bottom-up saliency to detect and

measure the workpieces. Poolsawad et al.[13] discussed the

issues  in  the  existing  datasets,  such  as  missing  values,

high dimensionality, and unbalanced classes. Gong et al.[14]

gave an overview of contour detection approaches.

2.2   Manual and semi-automatic annota-
tion of deep learning datasets

Aldoma  et  al.[15] proposed  a  method  for  automatic

1

3

“ground truth” annotation for  multi-view RGB-D object

instance  recognition  datasets.  Lai  et  al.[16] proposed  a

method  of  automatic  annotation  using  a  sliding  window

detector,  which  can  annotate  RGB-D  three-dimensional

scenes at the pixel level. Cicco et al.[17] proposed an auto-

matic  model  based  dataset  generation  method.  Among

them, procedural  generation  is  a  commonly  used  tech-

nique  in  the  graphics  field,  which  is  used  to  generate

some scenes, such as virtual city generation[18] and virtu-

al  dungeons  generation[19].  Richter  et  al.[20] proposed  a

method to obtain the ground truth of datasets from mod-

ern  computer  games.  Although  the  source  code  and  the

data contents  of  the  commercial  games  cannot  be  ac-

cessed, the  author  intercepts  data  from  the  communica-

tion  between  games  and  graphics  display  devices,  and

then automatically  generate  the  datasets  with  high  effi-

ciency. The authors combine the automatically generated

dataset  with  of  the  training  set  of  another  dataset  to

train  on  a  deep  neural  network,  which  outperforms  the

results of entirely training on another dataset. Massachu-

setts  Institute  of  Technology  (MIT)[21] proposed  Label

Fusion. By reprojecting the annotation results of three-di-

mensional scenes,  each  scene  can  be  annotated  corres-

ponding to  RGB-D  images.  This  tool  enables  the  re-

searchers to work in just a few days. More than 1 000 000

annotated objects were collected. But the disadvantage of

this  tool  is  that  it  is  also  a  semi-automatic  labeling tool

assisted by humans. Hodan et al.[22] have used this tool to

produce the T-LESS dataset, which contains about 49 000

RGB-D  low-texture  images,  with  each  object  being

labeled  with  six  degrees  of  freedom.  In  addition,  there

have  been  some  recent  efforts  to  extend[23] using  large

amounts of simulated data from small-scale real datasets.

Koppula  et  al.[24] of Cornell  University  proposed  a  se-

mantic  segmentation method for  three-dimensional  point

clouds in indoor scenes, and proposed a solution to the se-

mantic  annotation  of  these  three-dimensional  point

clouds. Sony[23] proposed a method of learning pedestrian

detectors  in  specific  scenarios  without  real  data.  When

the amount of real data is limited, this method can out-

perform  the  model  trained  in  a  specific  real  scene  while

only using artificial data. Xie et al.[25] of the University of

Washington proposed a method of annotating street scene

semantic  instances  using  a  three-dimensional  to  two-di-

mensional annotation  transformation  method,  and  re-

leased  a  new  dataset  containing  400 K  images.  Google′s
Zoph et al.[26] proposed a data augmentation strategy for

object  detection,  which  migrated  data  augmentation

strategies  for  different  computer  vision  tasks,  and

achieved good  results  for  image  classification,  object  de-

tection, semantic  segmentation and other fields.  The au-

thors  predict  that  the  research  on  data  augmentation

strategy can  effectively  replace  the  acquisition  of  addi-

tional human annotated data,  thus  saving a  lot  of  man-

power and time costs.
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Visual  geometry  group  image  annotator  (VIA)[27],  an

annotation  tool  developed  by  the  visual  geometry  group

(VGG) at Oxford University, is very compact and can be

opened in the form of web pages. It also provides circular,

rectangular,  triangular,  polygon  and  other  annotation

shapes. In each annotation area, users can define the cat-

egory  attributes  of  the  area  themselves,  which  is  very

convenient to use. Ahn and Dabbish[28] proposed a meth-

od to label the images while people playing the computer

games,  rather  than  using  computer  vision  techniques.

While  most  of  the  existing  methods  can  only  support

polygon  bounding  box  drawing  for  annotation,  Zhang  et

al.[29] proposed  Mask  Editor  for  image  mask  generation

with irregular shapes. LabelMe[30], a data annotation tool

released  by  MIT,  also  offers  applications  for  both  the

iPhone and the iPad versions. The tool can annotate the

mask polygon information of different object instances in

the image,  and can assign the attribute value of  the an-

notated instance manually. After the annotation process,

a JSON format annotation file can be obtained, contain-

ing the polygon information for different object instances.

Label  Fusion[21] is  a  semi-automatic  assistant  annotation

software for RGB-D object at the pixel level released by

MIT.  The  tool  can  generate  RGB-D  datasets  of  pixel-

level labels and corresponding pose data of objects at the

same time. Johnson-Roberson et al.[31] describe a method

to  incorporate  photo-realistic  computer  images  from  a

simulation engine to generate annotated data, which can

be used for training the deep neural networks.

3   Proposed approach

At  present,  the  public  datasets  have  the  following

shortcomings: 1)  There  are  few  workpiece  datasets  fo-

cused on  industrial  area,  and  most  of  the  datasets  pub-

lished on the Internet are of animals, human beings, daily

used  things,  etc.  In  some  specific  areas,  there  are  no

known public datasets, such as polishing workpiece data-

sets. 2) Even when having dataset images, the process of

annotating datasets  manually  is  also  very  time  consum-

ing.  Although  there  are  some  open  source  methods  for

semi-automatic dataset assistant generation, there are no

automatic methods.

In view of the above problems, this paper proposed a

systematic automatic dataset generation scheme: 1) Tak-

ing  the  polishing  workpiece  as  an  example,  a  complete

automatic dataset  generation  system  scheme  is  intro-

duced.  2)  The  transformation  method  from  a  three-di-

mensional computer aided design (CAD) workpiece mod-

el to  a  series  of  other  dataset  formats  is  introduced,  in-

cluding  two-dimensional  multi-view  workpiece  datasets,

two-dimensional  multi-workpieces  scene  datasets,  etc.  3)

An  automatic  annotation  algorithm  is  proposed,  which

can  automatically  generate  annotation  information  for

two-dimensional single workpiece, two-dimensional multi-

workpieces, etc.

There  are  two  steps  for  automatically  generating  a

two-dimensional workpiece dataset: image dataset genera-

tion and annotation information generation. The annota-

tion information includes the polygon point coordinate ar-

ray  of  the  workpiece  and  the  vertex  coordinate  of  the

two-dimensional bounding box of the workpiece. This pa-

per introduces the above two steps separately.

3.1   Automatic image dataset generation

By setting the position and angle of a virtual camera

and the number of images to be collected, the Phong illu-

mination  reflection  model[32] is  used  to  generate  multi-

view polishing workpiece images. Fig. 1 shows some of the

original  three-dimensional  workpiece  models,  and Fig. 2
shows some  of  the  multi-view  images  generated  accord-

ing to the Phong illumination reflection model.

In  addition,  the  Phong  reflection  model  can  provide

the calculation  of  the  illumination  intensity  of  each  sur-

face point by having a set of all  light sources, the direc-

tion vector  between  the  point  on  the  surface  of  the  ob-

ject and the light source, the normal vector of the point

on the surface of the object, the direction of the ideal re-

flected  beam,  and the  direction  of  the  light  projected  to

the observer (or virtual camera).

1) Simulated workpiece versus real workpiece

According  to  the  Phong  illumination  model  proposed

above, the simulated image of  any workpiece can be ob-

tained  from  any  angle  of  view.  In  addition,  the  robotic

manipulator is also used to collect real workpiece images

in different  poses.  Afterwards,  these  workpieces  are  ex-

tracted from the collected images as the backup material

for real workpieces. Figs. 3 (a) and 3 (b) are schematic dia-

grams of simulated workpiece and real workpiece.

 

Fig. 1     Selected original three-dimensional model of polishing workpieces
 

 

Fig. 2     Selected multi-view images of polishing workpieces
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2) Single workpiece versus multiple workpieces

Different kinds of datasets are generated according to

the situation that there is only one workpiece in the im-

age or there is more than one workpiece in the image. In

the case of only one workpiece present in the image, the

simulated multi-view workpiece image and the workpiece

captured by camera from the  actual  industrial  scene  are

rotated,  zoomed,  and  translated  to  augment  the  image

dataset. Then, multiple workpieces are randomly selected

and combined into an image. In the process of combining

multiple workpieces  into  an  image,  the  collision  and  oc-

clusion of different workpieces are detected, and the posi-

tions of different workpieces are adjusted iteratively. This

paper  proposes  a  random  multiple  workpiece  generation

algorithm.  The  flow chart  of  that  algorithm is  shown in

Fig. 4. Figs. 3 (c) and 3 (d) show  the  sketches  of  a  single

workpiece and  of  multiple  workpieces.  All  of  the  work-

pieces were composed by our random multiple workpiece

generation algorithm.

3) Blank background versus real background

Two  kinds  of  datasets  are  generated  according  to

whether there is a real environmental background or not.

One kind of  dataset has no background; the background

in the image is purely white. Another kind of dataset has

a real factory environmental background. We collected a

number of environmental backgrounds in different factor-

ies,  under  different  lighting  conditions  and  on  different

locations. These environmental backgrounds can well rep-

resent  the  rich  environmental  features  in  factories,  and

enable deep convolutional neural networks to learn actu-

al  and  specific  environmental  features.  After  training  on

this dataset,  good  results  can  be  obtained  in  the  infer-

ence  process  with  real  factory  scenes. Fig. 5 shows  the

flow chart of the workpiece and background composition

algorithm. Figs. 3 (e) and 3 (f) show an image without an

environmental  background  and  of  an  image  with  a  real

environmental  background,  respectively. Fig. 3 (f) was

composed by the workpiece and background composition

algorithm.

 

(a) (b) (c) (d) (e) (f)

Fig. 3     Different types of generated workpiece images: (a) Simulated workpiece; (b) Real workpiece; (c) Single workpiece; (d) Multiple
workpieces; (e) Blank background; (f) real background
 

 

Start

Generate random workpiece index workpiece_ idx

ranged from 0 to 83

Generate random rotation angle rotate_ angle

ranged from 0 degree to 360 degree

For the workpiece indexed with workpiece_ idx,

rotate that image with angle rotate angle, and

obtain the rotated image

Iterate for enough times?

Obtain the composed image without any background content

End

Compose this workpiece image into the whole

composed image 

Is this workpiece overlapped with the

composed multiple workpiece image?

Obtain the workpiece mask image and its 

bounding box with a threshold algorithm

No

No

Yes

Yes

Fig. 4     Flow chart of the random multiple workpieces generation algorithm
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3.2   Automatic annotation file generation

3.2.1   Single & multiple workpiece contour images

generation

In  this  paper,  we  proposed  a  tangent  vector  based

contour tracking and completion algorithm to obtain the

contour  image.  The  pseudo  code  of  the  tangent  vector

based  contour  tracking  and  completion  algorithm  is

shown as  Algorithm 1. Fig. 6 shows the single  workpiece

contour  image  generation  process,  and Fig. 7 shows  the

multiple workpiece contour images generation process.

Algorithm  1. Tangent  vector  based  contour  track-

ing and completion algorithm

F = fijInput: Input Image ;

C = cijOutput: Output Image ;

gray ̸= 0

1) Set NBD = 1. set LNBD = 1 while scanning new

line. For the pixel :

fij == 1 fi,j−1 == 0a) If , and , then NBD = NBD +

 

Have all of the pixels been

traversed?

Return the composed image

with background

End

Start

Traverse all of the pixels in the composed

image without background

Does the gray value at

location [i, j] equal to 0?

Set the gray value of pixel located at [i, j] to the gray value at

the same position in the background image

No

No

Yes

Yes

Fig. 5     Flow chart of the workpiece and background composition algorithm
 

 

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

Fig. 6     Single  workpiece  contour  image  generation  process:  (a)  Single  workpiece  with  background;  (b)  Single  workpiece  with  no
background; (c) Binary image; (d) Contour image
 

 

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

Fig. 7     Multiple workpiece contour image generation process: (a) Multiple workpieces with background; (b) Multiple workpieces with
no background; (c) Gray image; (d) Contour image
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(i2, j2) = (i, j − 1)1, and ;

fij ≥ 1 fi,j+1 == 0

(i2, j2)=(i, j+1) LNBD=fij , iffij >1

b) If , and , then NBD = NBD +

1, and ; Set ;

　　c) Otherwise, jump to Step 4).

(i, j)2)  From start  point ,  track  the  detected  contour

through 2.1 to 2.5.

(i2, j2)

(i, j)

(i1, j1) fij

a)  From  on,  find  the  non-zero  pixels

around  in  a  clockwise  direction.  Suppose

 is the first found non-zero pixel. Set  to

be –NBD, then enter Step 4);

(i2, j2) (i1, j1) (i3, j3)

(i, j)

b) Update  to , and update  to

;

(i2, j2)

(i3, j3)

(i4, j4)

c)  From next  element  of  pixel  on,  search

the non-zero pixel around current pixel  in

a  anti-clockwise  direction,  and  set  the  first  non-

zero pixel as ;

fi3,j3　　d) Change  according to the following rules:

(i3, j3 + 1)

fi3,j3

i)  If  pixel  is  zero  after  being

checked with Step 2)–c), then update  to

–NBD;

(i3, j3 + 1)

fi3,j3 1

fi3,j3

ii)  If  pixel  is  non-zero after  being

checked with Step 2)–c), and  is , then

update  to NBD;

fi3,j3　　　　iii) Otherwise, do not change .

(i4, j4) == (i, j) (i3, j3) == (i1, j1)

(i2, j2) (i3, j3)

(i3, j3) (i4, j4)

e)  If ,  and 

(back to start point),  then execute with Step 4);

Otherwise,  update  to ,  update

 to , then go back to Step 2)–c).

fij ̸= 1 |fij |
(i, j + 1)

3)  If ,  update LNBD to ,  and then search

from pixel  untill  the edge of  the lower right

corner is reached.

4) Connect the components if the connection condition

is  satisfied  (the  details  of  the  condition  are  listed  in

Section 3.2.1).

C = cij5) return .

The procedure to attach two contour connected com-

ponents is detailed below:

1) Extract the eight neighborhood connected compon-

ents,  as  shown  in Fig. 8 (a). Fig. 8 (b) shows  an  eight

neighborhood diagram.

Nthresh

2)  Filter  out  the  connected  componets  in  which  the

number of pixels is less than .

Nthresh

3) Insert the connected components in which the num-

ber of pixels is larger than  into the vector.

4) Calculate the gravity center position of every con-

nected component in the vector.

pi{i = 0, 1, · · · , n− 1}
5)  For  every  connected  component,  fit  the  beginning

and the ending line segments ( ) us-

ing  the  random  sample  consensus  (RANSAC)  method,

and obtain the corresponding tangent vectors.

kc
k ki

6) Defining the slope of the obtained tangent vector as

, and the slope of tangent vector of the current connec-

ted  component′s i-th  nearest  neighborhood  as ,  the

error function is given below:

E = α|kc − ki|+ β
√

(xc − xi)2 + (yc − yi)2. (1)

α β α

β

α

β

α β

The weight values of the slope difference and the end

points′ distance are  and , respectively. When  is set

to 0 and  is set to 1, only the distance between the end

points  is  used  to  decide  whether  to  merge  and  connect

two connected components or not. When  is set to 1 and

 is set to 0, only the similarity between the two slopes of

the two  tangent  vectors  of  the  two  connected  compon-

ents is used to decide whether to merge and connect the

two connected components or not. The distance between

the  end  points  is  used  to  decide  whether  to  merge  and

connect the two connected components or not. In this pa-

per′s experiment,  is set to 0.6 and  is set to 0.4.

7) If E is less than Ethresh, then the two tangent vec-

tors of the two connected components should be connec-

ted, as shown in Figs. 8 (c) and 8 (d).

Fig. 8(e) shows the  contour  image  after  being  pro-

cessed by this algorithm.

After  extracting  the  vertex  coordinates  of  the  outer

edge polygon of the workpiece in the image, according to

the organization format of the JSON file, the annotation

file is formatted and outputted.

4   Experiments and results

4.1   Generated dataset

The generated datasets include a composite dataset of

a single simulated workpiece with no background, a com-

posite dataset of a single simulated workpiece with a real

environmental  background,  a  composite  dataset  of  a

single real  workpiece  with  a  real  environmental  back-

ground, a  non-composite  dataset  of  a  single  real  work-

piece with a real environmental background, a composite

dataset of  multiple  simulated  workpieces  with  no  back-

 

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

Fig. 8     Tangent vector based contour tracking and completion process: (a) Original image; (b) 8-neighborhood; (c) Before connection;
(d) After connection; (e) Result image
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ground, a composite dataset of  multiple simulated work-

pieces with  a  real  environmental  background,  a  compos-

ite dataset of multiple real  workpieces with a real envir-

onmental  background,  and  a  non-composite  dataset  of

multiple real workpieces with a real environmental back-

ground. Fig. 9 shows the  typical  images  in  the  eight  dif-

ferent datasets.

For the single real workpiece with a real environment-

al background  non-composite  dataset  and  for  the  mul-

tiple real  workpieces  with  a  real  environmental  back-

ground  non-composite  dataset,  we  need  to  segment  the

workpieces out of the images and then extract the work-

piece contours in order to generate the ground truth an-

notation information automatically. For this purpose, we

proposed a point cloud based spatial  plane segmentation

algorithm  to  segment  the  workpieces  in  the  scenes.  We

assume  that  all  of  the  workpieces  are  located  above  the

spatial ground plane or above the work platform, which is

the case in the preponderance of industrial situations. We

can then fit the spatial plane parameters and segment all

of  the  points  above  the  spatial  plane. Fig. 10 shows  the

actual  workpieces  and  their  point  clouds. Fig. 11 shows

the  intermediate  results  of  our  proposed  algorithm.

Fig. 11(a) shows  the  complete  point  cloud,  including  the

fitted spatial plane point cloud and the segmented work-

pieces  point  cloud.  After  filtering  out  the  noises  in  the

segmented  point  cloud,  the  segmented  workpieces  are

shown  in Figs. 11 (b) and 11 (c). The  inputs  of  this  al-

gorithm are  an  RGB image  and  a  depth  image.  The  al-

gorithm is described as follows:

1) Obtain the point cloud set from the depth image.

2) Define  the  plane  in  the  three-dimentional  coordin-

ate system as

Ax+By + Cz +D = 0. (2)

P1([x1, y1, z1]) P2([x2, y2, z2]) P3([x3, y3, z3])

3)  Define  the  random generation  seeds,  and then use

those  seeds  to  pick  up  the  three  point  coordinates,

,  and . Calcu-

late the spatial plane parameters using those coordinates:



A = y1(z2 − z3) + y2(z3 − z1) + y3(z1 − z2)

B = z1(x2 − x3) + z2(x3 − x1) + z3(x1 − x2)

C = x1(y2 − y3) + x2(y3 − y1) + x3(y1 − y2)

D = −[x1(y2z3 − y3z2)+

x2(y3z1 − y1z3) + x3(y1z2 − y2z1)].

(3)

4) Calculate  the  distances  from the points  to  the  fit-

 

(b) (c)(a)

Fig. 10     Actual workpieces and their point cloud: (a) Actual workpiece 1; (b) Actual workpiece 2; (c) Point cloud
 

 

(b) (c)(a)

Fig. 11     Point cloud based spatial plane segmentation algorithm: (a) Complete point cloud; (b) Segmented workpiece 1; (c) Segmented
workpiece 2
 

 

Fig. 9     Typical images in eight different datasets
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Pi{xi, yi, zi}
ted  spatial  plane.  The  distance  between  the i-th  point

 and the plane is defined as:

di =
|Axi +Byi + Czi +D|√

A2 +B2 + C2
. (4)

k

di

5) Iterate  times to find the parameters of the plane

which minimize the sum of :

A,B,C,D = argmin

n∑
i=0

|Axi +Byi + Czi +D|√
A2 +B2 + C2

. (5)

Dthresh

Dthresh

6)  Set  the  distance  threshold value  as ,  insert

the  points  whose  distances  are  larger  than  into

the vector.

7)  Project  all  of  the points  in the vector back to the

two-dimensional coordinate system, according to the cam-

era intrinsic parameter.

8)  Calculate  the  convex  hull  of  the  projected  two-di-

mensional  points  to  obtain  the  minimum  circumscribed

polygon of the workpiece.

The single workpiece and multiple workpiece datasets

statistics  data  are  shown  in Table 1.  The  dataset  is

evenly distributed.  In  each  category,  the  number  of  im-

ages they contain is very close.

4.2   Training and testing results analysis of
Faster R-CNN, SSD and YOLO

We use Faster R-CNN (Faster R-convolutional neural

network)[33],  SSD  (single  shot  multibox  detector)[34] and

YOLO (you only  look once:  unified,  real-time object  de-

tection)[35] as  the testing networks,  to train and test  the

dataset proposed in this paper. Both Faster R-CNN and

SSD used VGG16 as their backbone network, and YOLO

used darknet  as  its  backbone  network.  To  verify  the  ef-

fectiveness of our proposed datasets, we directly train on

the datasets  proposed  by  this  paper.  The  following  as-

pects  are  analyzed  respectively:  training  loss  curve,  test

set  accuracy,  receiver  operating  characteristic  (ROC)

curve,  and area under curve (AUC) value.  We used this

dataset for training deep neural networks[36], and the loss

curve  of  training  set  in  training  process  also  existed  in

that paper.

1)  Loss  curve of  training set  in training process:  The

loss  curve  of  Faster  R-CNN in  training  on  the  polishing

workpiece  dataset  generated  in  this  paper  is  shown  in

Figs. 12 and 13. Fig. 12 shows the change curve of the loss

value on four datasets with only one workpiece in the im-

age. Fig. 13 shows a loss curve on four datasets with mul-

tiple  workpieces  in  the  image.  In  the  training  set,  there
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Fig. 12     Curve of loss value in the single workpiece training process
 

 

Table 1    Single workpiece and multiple workpieces datasets statistics data

Description Total Train Test

Single simulated workpiece without background 302 400 280 000 22 400

Single simulated workpiece with real scene background 302 400 280 000 22 400

Single real workpiece with real scene background 241 920 220 000 21 920

Single real workpiece with real scene background non-composite dataset 241 920 220 000 21 920

Multiple simulated workpieces without background 50 000 35 000 15 000

Multiple simulated workpieces with real scene background 50 000 35 000 15 000

Multiple real workpieces with real scene background 50 000 35 000 15 000

Multiple real workpieces with real scene background non-composite dataset 60 000 50 000 10 000
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are  66 000  images  corresponding  to  the  eight  datasets

mentioned above, of which 8 250 images are in each dataset.

Among them, Dataset 1 in Figs. 12 and 13 represents

a  composite  dataset  of  simulated  workpiece (s)  without

environmental background.  Dataset  2  represents  a  com-

posite  dataset  of  simulated  workpiece (s) with  a  real  en-

vironmental background. Dataset 3 represents a compos-

ite dataset of real workpiece (s) with a real environment-

al  background.  Dataset  4  represents  a  non-composite

dataset  of  real  workpiece (s)  with  a  real  environmental

background.  The  loss  value  of  Faster  R-CNN  on  the

training set can be converged well.

2)  Detection  accuracy,  ROC  curve  and  AUC  value:

Precision is  defined as  the  ratio  of  true  positive  samples

to all judged positive samples. The ROC curve is called a

receiver  operating  characteristic  curve.  The  abscissa  of

the ROC curve is the false positive rate and the ordinate

is  the  true  positive  rate.  The  full  name  of  AUC is  area

under curve, which is the area under the ROC curve.

This paper uses Faster R-CNN, SSD and YOLO, the

current  mainstream object  detection  neural  networks,  to

test  2 500  single  workpiece  images  and  2 500  multiple

workpiece images. The number of workpieces in the test-

ing set is 84. The images include multi-view images gen-

erated using the Phong illumination model and the work-

pieces captured in real scenes. In the multiple workpieces

testing set, the number of possible workpieces in each pic-

ture is from 1 to 15. Table 2 shows the detection accuracy

of Faster R-CNN on the polishing workpiece dataset gen-

erated in this paper. The test result is obtained after the

deep neural network being trained on all eight datasets.
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Table 2    Detection accuracy of Faster R-CNN, SSD and YOLO

Single
workpiece

Multiple
workpieces

Workpiece category number 84 84

Workpiece number 1 1~15

Image number in training set 66 000 66 000

Image number in testing set 2 500 2 500

Detection accuracy of Faster R-CNN 94.33% 92.85%

Detection accuracy of SSD 91.25% 90.60%

Detection accuracy of YOLO 89.75% 88.25%
 

F. Q. Liu and Z. Y. Wang / Automatic “Ground Truth” Annotation and Industrial Workpiece Dataset Generation ··· 547 

 



Fig. 14 shows  the  ROC curve  of  Faster  R-CNN,  SSD

and YOLO trained on the dataset proposed by this paper:

The AUC values  of  Faster  R-CNN, SSD and YOLO,

corresponding to the ROC, curve are shown in Table 3.

From  the  experimental  results  above,  it  can  be  seen

that the dataset generated in this paper contains abund-

ant workpiece features and can make the loss value of the

deep convolutional  neural  network  trained  on  this  data-

set to be converged to a small value.

4.3   Annotation time comparison

The method proposed in this  paper can save a lot  of

manpower and time, and the larger the size of the image

dataset is, the more time can be saved. The time statist-

ics  data  comparison  between  manual  annotation  and

automatic annotation under different data scales is coun-

ted in Table 4.

The experimental results show that with the powerful

computing  ability  of  modern  computers,  the  automatic

ground  truth  annotation  method  proposed  in  this  paper

can be processed in  a  very short  period of  time.  In con-

trast, manual  annotation  processes  cost  a  lot  of  man-

power and time.

4.4   Integrity of the dataset

Being unable to find a public dataset for certain spe-

cific  fields,  researchers  need  to  be  able  to  generate  their

own  datasets.  The  method  proposed  in  this  paper  can

quickly  and  efficiently  be  used  to  generate  customized

datasets. At the same time,  the types  of  datasets  gener-

ated in this paper are with a better integrity. It meets the

requirements of  training  deep  convolutional  neural  net-

work in different scenarios.

5   Conclusions

To address  the  scarcity  of  industrial  workpiece  data-

sets that  can  directly  be  used  to  train  deep  neural  net-

works, as well as to address the time consuming problem

of  dataset  annotation,  this  paper  proposes  an  automatic

deep  learning  dataset  generation  method  and  a  “ground

truth” annotation information generation method.  Based

on  a  theoretical  workpiece  model,  real  environmental

background data and actual data collected by individual

workpieces, and according to an illumination transforma-

tion, and multi-view/multi-source image fusion algorithm,

many types of datasets, namely the multi-view theoretic-

al  workpiece,  the  theoretical  workpiece  model  with  real

environmental  background,  and  the  real  workpiece  with

the  real  environmental  background,  are  generated.  The

experimental  results  show that  the  dataset  generated by

the method proposed in this paper can satisfy the train-

ing requirements of  deep neural  networks,  and make the

trained deep neural networks useful in practical industri-

al  applications.  To solve the time consuming problem of

data annotation for training deep neural networks, based

on the generated two-dimensional workpiece dataset, and

the algorithms proposed in this paper, an annotation file

is generated in the JSON file format. Compared with the

traditional  manual  annotation  method,  the  annotation

method proposed in this paper can greatly reduce the an-

notation time,  while  obtaining  the  same  or  a  higher  an-

notation  quality.  The  experimental  results  of  Faster  R-

CNN, SSD and YOLO show that the annotation file gen-

erated by this method can meet the training and testing

requirements of deep learning.
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