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AsstracT In order to investigate the differences between the molecular
clouds that are associated with massive star forming regions and those not,
we perform single dish simultaneous observations of ?CO J = 2-1 and J=3-2
lines toward a sample of 59 Spitzer Extended Green Objects (EGOs) in the
northern sky. Combining our results with the archive data of 2CO J=1-0
observations toward the same sample of objects, we statistically investigate
the correlations between the CO line widths and strengths for both those
molecular clouds associated with EGO objects (EGO clouds) and those not
(non-EGO clouds). We compare the different statistical behaviors between
the two groups of molecular clouds, and interpret the differences in terms
of density, temperature, and velocity field distributions. Particularly, it is
found that both EGO and non-EGO clouds have similar mass ranges.
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1 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 2. It has become the consensus of astronomers that

stars originate in molecular cloud clumps. So far, the processes that convert molecular
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gas into stars is still unclear®l. The Milky Way Imaging Scroll Painting (MWISP)
project is dedicated to the large-scale survey of CO, and its isotopic molecules (i.e.
1200, 13CO and C'™0), with (J=1-0) lines, along the northern Galactic Plane. The
project is implemented with the Purple Mountain Observatory Delingha (PMODLH-
13.7m) telescopel¥l. The data product can be used to identify molecular clumps and
analyze their properties, etc., thus provides 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 actu-
ally not intelligent enough to do the work automatically. The typical algorithms include
GaussClumps, ClumpFind, FellWalker, Reinhold, etc.

2 Method

2.1 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
the candidates as positive or negative. Finally the catalog of the clumps is exported for

future scientific studies.
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Fig. 1 A schematic view of the molecular clump detection process.

Table 1 Hyper parameters of two CNN models. (We have used the same set of hyper parameters for
both the simulated and M16 datasets.

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
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2.2 Scoring the performance

According to the input and output, four statistics are obtained. They are: True-
Positive(TP), True-Negative(TN), False-Positive(FP) and False-Negative(FN).

o TP: Number of samples belonging to the TRUE class, which are correctly labeled

by the classifier as positive.

e TN: Number of samples belonging to the FALSE class, which are correctly labeled

by the classifier as negative.

e FP: Number of samples belonging to the FALSE class, which are incorrectly la-
beled by the classifier as positive.

e 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:

TP TP (1)
"TTp+EN P T TP YEP”
In order to combine the two parameters into a single score, we define Fj, which is

the harmonic mean of p and r, i.e.

p-r
F=92. 2
! p+r’ (2)

where the definition of Fj indicates that r and p are of the same weight. F} 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 Conclusion

We propose here a 3D CNN method, to identify and verify molecular clumps au-
tomatically for the MWISP data. The whole process of the method has two steps,
identification and verification. The candidates are firstly obtained by classical algorith-
m 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 per-
formance of the 3D CNN method is better than those of the traditional methods in
different kinds of environments. Applying this method to the real MWISP data (M16)
suggests that it works satisfactorily as well. The Voxnet is a promising tool in automat-
ically detecting molecular clumps with little human interactions for the large amount
of 3D data in the big data era.
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