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ABSTRACT Molecular clumps are the birth place of stars. A census of
molecular clumps and comprehensive studying of their properties will help
us to understand the star formation process and the evolution of the Galaxy
and the Universe. As the MWISP (Milky Way Imaging Scroll Painting)
project going to be completed, such a kind of studies become to be practicably feasible. With the large amount of data at hand, an algorithm that
automatically identiﬁes and veriﬁes molecular clumps is urgently in need.
For the widely used methods for the three-dimensional molecular line data,
including GaussClumps, ClumpFind, FellWalker, and Reinhold, one has to
input a number of parameters to control their performances, which need to
be repeatedly optimized and visually inspected, and then to obtain a satisfactory result. Therefore it is a human-power and time consuming task to
identify and verify clumps for large-scale survey data. To overcome the limitations of the traditional clump detection algorithms, artiﬁcial intelligence
(AI) would be a good solution. Here we propose a 3D CNN (Convolutional
Neural Network) method, which can perform the task automatically. The
whole process is divided into two steps, i.e., identiﬁcation and veriﬁcation.
First we use traditional method (ClumpFind) with low threshold to identify
candidates. The veriﬁcation is done by trained 3D CNN models. We have
done a series of experiments using artiﬁcial data. The results suggest that
our method is advantageous over the four traditional methods. Application
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of the method to the real MWISP data demonstrates that the performance
of the 3D CNN method is also satisfactory.
Key words stars: formation, ISM: clouds, techniques: image processing
Classified index: P145;
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Introduction

The structures that can be detected by CO in interstellar medium are collectively
referred to as molecular clouds, and the dense molecular cloud structure inside which
stars may form is called clumps[1–2] . It has become the consensus of astronomers that
stars originate in molecular cloud clumps. So far, the processes that convert molecular gas into stars are still unclear[3] . The MWISP (Milky Way Imaging Scroll Painting) project is dedicated to the large-scale survey of 12 CO(J=1-0), 13 CO(J=1-0), and
C18 O(J=1-0) lines, along the northern Galactic Plane. The project is implemented with
the Purple Mountain Observatory Delingha (PMODLH-13.7 m) telescope[4−5] . The data product can be used to identify molecular clumps and analyze their properties, etc.,
thus provide a promising opportunity to study the earliest stages of star formation.
For a large-scale project, such as the MWISP survey, one needs full-automatic
methods to analyse the data, especially in detecting clumps in various environments.
While a number of methods have been developed for identifying clumps, they are actually not intelligent enough to do the work automatically. The typical algorithms include
GaussClumps, ClumpFind, FellWalker, Reinhold, etc.
The GaussClumps algorithm[6] , performs least-square ﬁts with Gaussian function
to the brightest spot in the data. There are 19 parameters in GaussClumps algorithm, three of which are key parameters to control the detection background threshold
(THRESHOLD) and the minimum size of the clumps (FWHMBEAM, VELORES).
The ClumpFind algorithm[7] contours the data cube above a certain level, starting
from the brightest peak in the data. This technique was “motivated by how the eye
decomposes the maps into clumps” and it “mimics what an inﬁnitely patient observer would do”. This method ignores the backgrounds in which clumps are observed.
There are 11 parameters in the ClumpFind algorithm, two of which are the key parameters to control the detection background threshold (TLOW) and contour interval
(DELTAT). The FellWalker algorithm, proposed by Berry[8] , works in a similar way to a
mountaineering process, which starts from some of the relatively low-intensity locations, searching along the direction of the largest gradient until a common peak location is
found. Finally, all pixel points in all paths converging on the same maximum value are
grouped into a clump. There are 11 parameters in FellWalker algorithm, three of which
are the key parameters to control the minimum strength of clumps (MINHEIGHT) and
to distinguish adjacent clumps (MINDIP, MAXJUMP). The Reinhold algorithm[9] is
opposite to FellWalker, looking down from a relatively high-intensity position below a
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certain threshold as a boundary.
These existing algorithms have many parameters to control their performances
for speciﬁc project, which needs to be optimised in a number of iterations. Although
they can achieve satisfactory performances for speciﬁc data after repeated optimization,
the process is complex, time-consuming, and uncertain for diﬀerent analysers, and the
identiﬁed clumps still need to be manually veriﬁed. Now, with the scheduled progress of
the MWISP project, molecular cloud data is rapidly accumulating, and it is impossible
to be manually processed and veriﬁed. One cannot expect high levels of detection
completeness and accuracy in realistic MWISP project condition from such methods
without huge human-power. To overcome the limitations of existing molecular clump
detection algorithms, a fully automated clump detection method, which does not require
frequent human interaction, needs to be developed urgently. A promising candidate
would be the rapidly advancing artiﬁcial intelligent ﬁeld called deep learning, which
is a highly scalable machine learning technique that can learn directly from raw data,
without any manual feature extraction.
In recent years, the most concerned topics in the ﬁeld of deep learning is the
Convolutional Neural Network (CNN). Since 2012, AlexNet[10] has been proposed as
a CNN and achieved the best performance of ImageNet database[11] . The deep learning algorithm represented by CNN is widely used in image recognition[12−14] , target
detection[14−16] , and image segmentation[17] . CNN has also been successfully applied
in recognition and classiﬁcation of astronomical images. Petrillo et al.[18] trained CNN
with a self-made image to carry out gravitational lens candidate recognition. George et
al.[19] injected the generated signal into the LIGO (Laser Interferometer Gravitationalwave Observatory) data to train CNN, and used the trained CNN to detect the gravitational wave. Diﬀerent from the above examples, the products of MWISP are three
dimensional data with two dimensions as position, and one as velocity. The scale and
shape of molecular cloud clumps themselves are highly variable. To automatically identify and verify the molecular clumps from the position-velocity data cube of the
MWISP project, we propose a combination method, in which a CNN model, Voxnet[20]
is applied to the veriﬁcation process. For comparison we also try another CNN model
(i.e. Multi-view CNN[21] ). The structure of this paper is arranged as follows. In section
2, we introduce the method. The analysis and results of this method, and comparison
to the traditional algorithms are discussed in the third section; In section 4, we give
the conclusion.

2
2.1

Method
Detection process

The whole process of the detection is shown in Fig. 1. Firstly we use ClumpFind
to identify clump candidates within the original 3D data. The second step is to verify
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the candidates as positive or negative. Finally the catalog of the clumps is exported for
future scientiﬁc studies.

Fig. 1

A schematic view of the molecular clump detection process

The second step, i.e., veriﬁcation is the crucial one of this work. The trained CNN
models are used to verify candidates, the whole process of the veriﬁcation includes
following steps:
(1) Making samples;
(2) Training the CNN model;
(3) Labeling the clump candidates as positive or negative.
2.2

CNN model

There are two types of classiﬁcation methods to deal with 3D data. One is work
on raw 3D data directly (e.g., polygon mesh, discretization based on “voxel”, point
cloud, etc.), and the typical models are 3D ShapeNets and Voxnet. Among them, 3D
ShapeNets is more suitable for detecting the surface shape of 3D objects. Voxnet uses
voxel grid to describe point cloud data in voxel grid. The voxel grid data are similar
to MWISP data, so we chose Voxnet as the classiﬁcation model. The other is to use
several 2D projections to describe 3D objects, in this work, a 3D sample is replaced by
three integral images in diﬀerent directions. We designed a CNN model (i.e. Multiview CNN), and compare with the other 3D CNN model (i.e. Voxnet) to see which one
performs better.
The Voxnet model has two convolutional layers with a convolution kernel size of
5 and 3, and two fully connected layers with 128 and 10 neurons, respectively. The
entire process is activated using Relu (Rectiﬁled Linear unit). We used 32 kernels for
all the convolutions and 2 strides for the only (max) pooling layers. In this work, as
illustrated in Fig. 2, we set the number of neurons in the last layer to 2 for the positive
and negative classiﬁcation of clumps.
The Multi-view CNN model consists of three independent AlexNets[10] , each has
ﬁve convolutional layers with a convolution kernel size of 11×11×3, 5×5×48, 3×3×256,
3×3, and 3×3, and three fully connected layers with 4096, 4096, and 1000 neurons,
respectively. As is shown in Fig. 3, in the input layer, the input data were projected
to the X-axis, Y-axis, and Z-axis respectively to obtain three gray images of 227×227.
Each gray image was copied into the RGB channel, ﬁnally obtaining three samples of
227×227×3. We train AlexNet1 with the samples obtained from the X-axis integral,
50-4
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AlexNet2 with the samples obtained from the Y -axis integral, and AlexNet3 with the
samples obtained from the Z-axis integral. In this work, we set the number of neurons
in the last layer of AlexNet to 2 for the positive and negative classiﬁcation of clumps.
Finally, in the testing process the classiﬁcation results are output by voting.

Fig. 2

The VoxNet Architecture. C(x, y, z) indicates that the convolutional layer has x ﬁlters of size y

and at stride z, P (d) indicates pooling with an area d, and F (k) indicates fully connected layer with k
outputs.

Fig. 3

3

The Multi-view CNN architecture

Experiments

3.1

Experimental data set

A successful veriﬁcation process relies on stable trained CNN model, and the model
relies on the distinction of the training dataset. Our ﬁrst step is to make artiﬁcial
samples. The generated dataset can be used to directly quantify the performance of
the method, and easily compare with other four traditional methods.
Our simulated clumps were obtained by Cupid.makeclumps in the Starlink software1 .
Each clump has a Gaussian proﬁle with FWHMs (Full Width at Half Maximums) randomly ranging between 4–14 pixels in the ﬁrst two dimensions (position) and 4–12 pixels
in the third dimension (velocity). The peak values are distributed uniformly between
10 and 30.
In this experiment we always inject 100 simulated clumps of diﬀerent peaks into
1

Starlink software is freely available astronomical data reduction and analysis software, available from

http://starlink.jach.hawaii.edu.
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the data cubes. We make a large amount of cubes with Gaussian noises ranging between 1–20, indicating the signal-to-noise ratio of sample between 0.5–30. To simulate
the real data of diﬀerent source densities, 3 kinds of cubes are generated with sizes of
100×100×100 (hereafter Cube1), 150×150×150 (Cube2), 200×200×200 (Cube3) voxels.
The next step is to make samples. For generated data cubes, we use ClumpFind
to identify candidates with default parameters (DELTAT = 2 RMS, TLOW = 2 RMS,
RMS is the root mean square error). The output of ClumpFind is classiﬁed into two
groups. Those injected clumps are put into the positive group, while the others are
put into the negative group. Then we extract small cubes centered on the members
of the two groups. The size of the small cubes is ﬁxed to 15×15×19 voxels. After the
normalization of each small cubes, the samples are ready for the training and testing.
For the training process, the sample set is composed of more than 10000 positive
and negative samples, which are divided into the training set and the validation set
according to the ratio of 4:1.
For the testing process, we generated 15 new cubes in diﬀerent sizes and source densities in the same manner to training set. Again, we obtain candidates using ClumpFind
and extract small cubes. The small cubes corresponding to candidates are input into
the CNN models, which ﬂag out the candidates as positive or negative. The whole
program to ﬂag the candidates as positive or negative is referred to as a classiﬁer. Finally, scoring the performance for each algorithm. For comparison, the four traditional
methods, i.e., ClumpFind, GaussClumps, FellWalker, and Rainhold, are also tested for
these new cubes. The parameters for the four methods are set to default supplied by
the Cupid.ﬁndclumps in the Starlink software.
3.2

Experimental parameter setting

It should be noted that the two models have diﬀerent requirements on the size of
input data. In the operation of input layer, the input data are adjusted to the size
required by the model through nearest neighbor interpolation algorithm and “same
padding”.
About the training process, the ReLu is used as the activation function for the
two models to make a nonlinear mapping for the output results of the convolutional
layer, which enhances the expression ability of the data coeﬃcient and the nonlinear
expression ability of the CNN model, so that the model can better adapt to complex
problems, at the same time choose Adam (Adaptive moment estimation) and SGDM
(Stochastic Gradient Descent-Momentum) respectively as these two learning rules of
the model to optimize the training process. We describe the training paramenters of
the Voxnet model and Multi-view CNN model in Table 1. The loss values of both
the training set and the validation (train loss, val loss), and the accuracy of both the
training set and the validation (train acc, val acc) are comprehensively used to evaluate
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the eﬀectiveness of model in the training process.
Table 1

Hyper parameters of two CNN models. We have used the same set of hyper parameters for both
the simulated and MWISP data (M16) datasets.

3.3

Voxnet

Multi-view CNN

Activation function

ReLu

ReLu

Output layer

softmax

softmax

Learning rule

Adam

SGDM

Learning rate

0.0001

0.001

Batch size

400

128

Scoring the performance

According to the input and output, four statistics are obtained. They are: TruePositive (TP), True-Negative (TN), False-Positive (FP), and False-Negative (FN).
• TP: Number of samples belonging to the TRUE class, which are correctly labeled
by the classiﬁer as positive;
• TN: Number of samples belonging to the FALSE class, which are correctly labeled
by the classiﬁer as negative;
• FP: Number of samples belonging to the FALSE class, which are incorrectly labeled by the classiﬁer as positive;
• FN: Number of samples belonging to the TRUE class, which are incorrectly labeled
by the classiﬁer as negative.
An ideal classiﬁer requires both high recall rate (r) and detection precision (p),
which are deﬁned as:
r=

TP
TP
, p=
,
TP + FN
TP + FP

(1)

where the r value ranges between 0 and 1, and 1 implies that all candidates in the
TRUE class are labeled as positive. This parameter is prominent, when misclassifying
a TRUE sample has a higher cost than misclassifying a FALSE sample. The p is a ratio
of TRUE class labeled correctly to the total number of incidence, which are labeled as
positive (irrespective of whether they are true positives or not).
In order to combine the two parameters into a single score, we deﬁne F1 , which is
the harmonic mean of p and r, i.e.
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(2)

where the deﬁnition of F1 indicates that r and p are of the same weight. F1 ranges
between 0 and 1, which can signify the performance of diﬀerent methods. The value 1
indicates a perfect performance while 0 indicates poor.
3.4

The results for the simulated data

In Section 3.2, after the training set have been adjusted to the required input size
of the model, Multi-view CNN and Voxnet are trained respectively, and the recognition
accuracy and loss change curve of the veriﬁcation set are shown in Figs. 4 and 5 respectively. The abscissas in Figs. 4 and 5 are the number of network iteration steps. The
left vertical axis represents the loss value of training set and validation set; the right
vertical axis represents the accuracy of recognition.
Since the Multi-view CNN in this paper is composed of three independent AlexNets,
three diﬀerent loss and accuracy curves will be output during the training process. As
shown in left panels of Fig. 4(a)(b)(c), the loss values of both the training set and the
validation set gradually decrease to a low level after 100 epochs, and the changes tend
to be ﬂat. The panels on the right of Fig. 4(a)(b)(c) show that in the training process,
the accuracy curve of the validation set of the three AlexNet models all began to ﬂatten
after 150 epochs. The ﬁnal accuracy of AlexNet1 and AlexNet2 reached 0.85, and the
ﬁnal accuracy of AlexNet3 reached 0.76. As the output results of Multi-view CNN
model were voted by AlexNet1, Alexnet2, and Alexnet3, the accuracy of this model
could be predicted to be higher than that of the single AlexNet model. Voxnet uses
3D data for the experiment, there is less information loss. Compared with the loss and
accuracy curve of Multi-view CNN, Fig. 5 shows the accuracy curve of Voxnet model
converged faster and had a higher accuracy, reaching the highest level (0.92) around
the 75th round.
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(a) AlexNet1

(b) AlexNet2

(c) AlexNet3
Fig. 4

Classiﬁcation accuracy and loss curve of Multi-view CNN model based on simulation samples,
which is composed of three independent AlexNet models.
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Voxnet CNN model classiﬁcation accuracy and loss curve based on simulation samples.

In order to inspect the eﬀectiveness and reliability of the models, we use artiﬁcial
samples of diﬀerent densities to test trained Voxnet model and Multi-view CNN model.
It is found that adjusting the input sample size has little eﬀect on the experimental
results of the two models. Table 2 shows the results of our tests for Voxnet, Multi-view
CNN, and four traditional methods. As expected, 3D CNN methods, especially the
Voxnet method, performs stabler than the others. The F1 values of the Voxnet method
range between 0.78 and 0.89 in three diﬀerent environments, with an average of 0.84.
This is virtually better than all other methods. FellWalker algorithm, which performs
best after testing by Li et al.[22] , gives a high overall F1 value. However, this is because
that it performs very well in the sparsely populated environments. In dense regions,
the r value is not satisfactory.
Table 2

Detection results by diﬀerent methods. F1 is deﬁned as the mean of F1
Cube1

Method
r

p

Cube2
F1

r

Cube3

p

F1

r

F1

p

F1

Voxnet

0.75

0.86

0.78

0.84

0.85

0.84

1.00

0.86

0.89

0.84

Multi-view CNN

0.67

0.76

0.71

0.83

0.84

0.84

0.91

0.79

0.85

0.80

ClumpFind

0.84

0.27

0.40

0.94

0.31

0.44

0.97

0.27

0.40

0.41

GaussClumps

0.87

0.70

0.77

0.96

0.75

0.84

0.98

0.72

0.83

0.81

FellWalker

0.61

0.86

0.71

0.87

0.95

0.91

0.92

0.97

0.94

0.85

Reinhold

0.40

0.93

0.55

0.52

0.95

0.67

0.55

0.93

0.68

0.63

Therefore, it is not recommended for clump-extraction in dense regions, which is
frequently the case of 13 CO clumps. On the other hand, as the accumulation of training
set in the real work, the 3D CNN method is expected to perform better and better.
We note however, the performance of the four traditional methods can be improved
by deliberate adjustment of input parameters, but this is only applicable in studying
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individual ﬁelds – it is not reasonable to utilize for the study for large areas in the era
of big-data.
3.5

Testing for real data

In order to check if the Voxnet performs satisfactorily as well towards real data,
we use the M16 region as a show-case. The 13 CO data from the MWISP project
are adopted here. With the GaussClumps parameters setting (RMS = 0.3 K, FWHM
BEAM = 52.0′′ , FWHM START = 1.5, VELO RES = 0.167 km·s−1 , VELO START =
60.0, THRESHOLD = 4.0 K), approximately 500 clumps have been veriﬁed by Song[23] .
By visual inspection, we believe that 432 of them are real clumps. ClumpFind with
lower threshold can produce a large number of false detections, we regard 1926 false
detections as negative samples. It is not enough to train and test the CNN model.
Using data augmentation such as translation, zooming, and rotation, we ﬁnally obtain
9072 positive samples and 9276 negative samples. Both positive and negative samples
are randomly divided into two groups, in which 85% are used for model training and
15% for testing, respectively.
In Fig. 6, we present the samples before augmentation, which used to train Voxnet.
“∗” represents the position of the positive samples, and “+” represents the position
of the negative samples. The results of veriﬁcation by Voxnet algorithm are shown
in Fig. 7. “∗” and “+” represent the positive and negative test samples, respectively.
Circles represent those being properly classiﬁed (i.e., true clumps labeled as positive
and false detection labeled as negative). From the ﬁgure, we can see that all the positive
samples have been correctly veriﬁed by Voxnet. Only a small portion of negative samples
were misclassiﬁed. The values of r, p, and F1 are calculated to be 1, 0.89, and 0.94,
respectively, indicating that Voxnet is promising in working on real data.
Fig. 8 shows the curve of loss and accuracy during training. The left panel shows
the variation curve of the loss function during training, and it can be seen that the
loss gradually converges to a smaller value (less than 0.05). The right panel shows the
variation curve of the accuracy function during training, and the accuracy gradually
converges to a larger value (greater than 0.98). Overﬁtting may occur after the 30th
epoch, so we take the model at the 20th epoch as the best model to conduct the above
test experiment. The testing results suggest that Voxnet is also suitable for MWISP
real data sets.
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Training samples (positive)
Training samples (negative)

Galactic Latitude

01.20°

01.00°

00.80°

00.60°

00.40°

00.20°

00.00°

18.00°

17.50°

17.00°

16.50°

16.00°

15.50°

Galactic Longitude

Fig. 6

Data samples used to train Voxnet, and the background image is the integrated intensity of

13

CO

in M16. “∗” represents the position of the positive samples, and “+” represents the position of the
negative samples.

01.40°

01.20°

Testing samples (positive)
Testing samples (negative)
Properly classified

Galactic Latitude

01.00°

00.80°

00.60°

00.40°

00.20°

00.00°

18.00°

17.50°

17.00°

16.50°

16.00°

15.50°

Galactic Longitude

Fig. 7

Voxnet veriﬁcation result, and the background image is the integrated intensity of

13

CO in M16.

“∗” and “+” represent the positive and negative test samples, respectively. Circles represent those being
properly classiﬁed (i.e., true clumps labeled as positive and false detection labeled as negative).

Since the morphology of clumps is far more complicated in real data than in artiﬁcial data, more experiments are necessary to prove the solidity of the method. At the
beginning of the process, large amount of human-power is needed in visual inspection of
real clumps. As the work proceeds on, we believe that less and less human inspection is
necessary in building up training set, and that we can achieve a concrete model towards
automatical identifying and verifying molecular clumps with little human interaction.
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Classiﬁcation loss and accuracy during training process of Voxnet

Conclusion

We propose here a 3D CNN method, to identify and verify molecular clumps automatically for the MWISP data. The whole process of the method has two steps:
identiﬁcation and veriﬁcation. The candidates are ﬁrstly obtained by the classical algorithm ClumpFind with very low threshold and then veriﬁed with 3D CNN models.
The method has the advantage over the existing molecular clump detection algorithms
in that it does not need frequent interaction between machine and human in optimizing
parameters. The experimental results on simulated data demonstrate that the performance of the 3D CNN method is better than those of the traditional methods in
diﬀerent kinds of environments. Applying this method to the real M16 suggests that it
works satisfactorily as well. The Voxnet is a promising tool in automatically detecting
molecular clumps with little human interactions for the large amount of 3D data in the
big data era.
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摘要

分子云团块是恒星的诞生地. 分子团块的普查和其性质的全面研究将有助于了解恒星的形
成乃至星系和宇宙的演化过程. 随着银河画卷计划(MWISP)项目的深入进行, 这类研究方案变得切
实可行. 但是项目产生的分子云观测数据是海量的, 因此迫切需要一种能够自动识别和证认分子团
块的方法. 目前应用广泛的3维分子云数据处理方法有很多, 典型的包括GaussClumps、ClumpFind、
FellWalker、Reinhold等, 但都需要输入多个参数来控制它们的性能, 并且进行反复的参数优化和目测
才能得到比较满意的结果. 对于大规模的观测数据, 利用现有方法进行分子团块的证认将是一项耗时
耗力的任务. 为了克服传统分子云团块检测算法的局限性, 人工智能(AI)的方法将提供一个很好的解
决方案. 提出了一种3D CNN (Convolutional Neural Network)方法, 它可以自动处理3D分子谱线数
据, 整个过程分为检出和验证两个步骤. 首先, 通过设置较低阈值使用ClumpFind以检出候选对象, 然
后通过训练好的3D CNN模型进行验证. 利用仿真数据所做的一系列的实验结果表明, 该方法的综合表
现优于4种传统方法. 将该方法应用于实际的MWISP数据表明, 3D CNN方法的性能也令人满意.
关键词 恒星: 形成, 星际介质: 云, 技术: 图像处理
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