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ABSTRACT

Component-graphs provide powerful and complex struc-
tures for multi-band image processing. We propose a multi-
band astronomical source detection framework with the
component-graphs relying on a new set of component at-
tributes. We propose two modules to differentiate nodes
belong to distinct objects and to detect partial object nodes.
Experiments demonstrate an improved capacity at detecting
faint objects on a multi-band astronomical dataset.

Index Terms— Morphology, component-graphs, multi-
band image, astronomical source detection

1. INTRODUCTION

In the framework of mathematical morphology, component-
trees (CT) and component-graphs (CG) are classical struc-
tures for image modeling and analysis. The CT (Min-Tree,
Max-Tree [1] [2], Tree of Shape [3]) benefit from fast, effi-
cient construction and varied filtering algorithms [4] [5] [6].
However, they are limited to single-band image process-
ing [7]. Extension to multi-band image processing requires
a total vectorial order that is arbitrary and application-
dependent [8] [9]. On the other hand, the CG is designed
to handle multi-band images by relying only on partial order-
ings. The CG is more powerful at the cost of a higher com-
plexity [10] [11]. This work aims at exploring possibilities of
the CG for source detection on multi-band astronomical data.

To detect astronomical sources, SExtractor [12] is the de-
facto standard automated tool. MTObject/Sourcerer [13] [14]
was introduced to extend the SExtractor thresholding strat-
egy by using the Max-Tree. MTObject/Sourcerer has already
shown its robustness. It has far fewer parameters than other
faint source detection methods. However, both methods fo-
cus on single-band processing while multi-band information
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Fig. 1: General filtering framework using the CG.

is available. Relying on the CG, the goal of this work is to
extend astronomical source detection to the context of multi-
band processing regardless the wavelengths. We thus improve
detection sensitivity and deblending capacity. The proposed
framework is illustrated in Fig. 1. Intuitively, Fig. 2a shows
how the CG can improve the detection sensitivity by leverag-
ing the multi-band information, whereas Fig. 2b shows how
the richness of the CG structure can enhance the deblending
capacity. Apart from these advantages, Fig. 3 reveals that the
CG is no longer a tree, but a directed acyclic graph (DAG),
which is significantly more challenging to filter than the clas-
sical CT structures [15].

Contribution Motivated by astronomical applications,
we propose a CG-based detection and segmentation frame-
work for multi-band images, named CGO. After some pre-
liminary definitions in Sec. 2, we introduce in Sec. 3 a new
set of multi-band component attributes, and two proposals for
node differentiation and partial object detection. Experimen-
tal results in Sec. 4 show that our method is able to detect
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(a) A two-band single object input with Gaussian noises and
its detected source in the CG and the CT. At the same level
of confidence, the CT in separate bands could not capture the
source. It shows that the CG is able to detect faint sources, i.e.,
sources at low signal-to-noise ratios.
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(b) A two-band input containing three overlapping circles. Mid-
dle circle appears in the CG as an isolated component while it is
merged with adjacent regions in the CT of separate bands: this
explains the missed circle in the CT detection. It depicts that
the CG is richer than the CT for capturing input structures.

Fig. 2: Illustrations of the CG features for (a) detection sensitivity and (b) deblending capacity.
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Fig. 3: (a) A two-band image, viewed as a graph (G, F) val-
ued on V C N2 equipped with the marginal order relation
<m; (b) The Max-tree of the first band; (¢c) The CG O; (d)
the CG @, and (e-i) Threshold sets V,, for v € V. The let-
ters (R, A-D) refer to the connected components correspond
to the nodes in the tree and graphs.

faint sources on simulated and real multi-band optical images
(KIDS bands u, g, 1, i [16]), with significantly better precision
and recall scores than a state-of-the-art method [13].

2. COMPONENT-GRAPHS

We recall necessary notions on graphs and component-
graphs. Fig. 3 shows an example of two CG variants and
a Max-tree constructed from a two-band input.

Connected Component Given a graph G = (V| E), where V
is afinite setand E C {(z,y)|z,y € V Az # y}, we say that
a sequence (xg,...,Z,) € VisapathinV from zg to ,, if
(xi—1,2;) € E\Vi € {1,...,n}. Asubset V' C V issaid to
be connected if for any two distinct elements x,y € V', there
exists a path from x to y. Connected components of G are
the maximal connected subsets of V. The set of all connected
components of G, denoted as C[G], is a partition of V.
Valued Graph Let F : V' — V be a function from V to a
nonempty set V which is equipped with an order relation <.
We say that (G, F) is a vertex-valued graph (or valued graph).

Component-Graph Given a valued graph (G, F), we define
the threshold set V,, = {z € V|F(x) > v}, where v €
V. The threshold set V,, induces a subset E, = {(x,y) €
E|z,y € V,} and a sub-graph G, = (V,,, F,). The set of
connected components of the sub-graphs G, of G is denoted
as ¥ = J, ey ClGy].

If (V, <) is totally ordered, the Hasse diagram of the par-
tially ordered set (¥, C) forms a Max-tree (see Fig. 3b) of
the valued graph (G, F). If (V, <) is partially ordered, the
Hasse diagram of the partially ordered set (¥, C) forms a
CG © of the valued graph (G,F) [17] (see Fig. 3c). This
research works on a simplified version of the CG, denoted
as © (see Fig. 3d), where its set of connected components
¥ ={X € VY|Uye(zewzcx} Y # X} contains only con-
nected components that conf:ribute to the visibility of the im-
age F [10]. The CG © and © are DAGs. In the remaining of
this paper, we always use the simplified CG ©.

The parents of a node N are the smallest nodes of 6
greater than the node N: parents(N) = min{X € ©|N C
X}. The significance sn(N) of a node N of © is a predicate
saying whether the node N is relevant for filtering, its design
is upon applications. The closest significant ancestors of a
node N are its significant ancestors having maximal levels

SNanc(N) = L(X), (1)

argmax
Xe{YeO&d|NCYandsn(Y)}

where level L(N) = min{F(z),x € N} is the minimal pixel
value in N. Because of the partial order <, anode N € © may
have several parents and several closest significant ancestors.

3. FILTERING THE COMPONENT-GRAPH

We introduce CGO, a framework to handle multi-band source
detection with the CG. Given the CG © with node attributes
introduced in Sec. 3.1, filtering is described in Algorithm 1.
First, two types of relevant nodes are extracted during a
root to leave order traversal of the CG: significant nodes with-
out significant ancestors that are associated to disjoint objects;
and significant nodes different from its closest significant an-
cestors that are associated to extended-objects lying on top of
their parents. The node differentiation is based on the dupli-



Algorithm 1: Filtering the component-graph o.

Input : 6,a component-graph.

Output: objs, a list of object nodes.

/* Filter duplication from root to leave */
1 foreach significant node N € 6 do
2 | ifsngc(N) =0 or d(N, X) VX € snan(N)

then objs < objsUN;

/* Filter partial objects */
foreach node N € objs do
4 ‘ if partial(N, ©) then objs < objs\{N} ;
return objs;

w

W

cated object assumption, described in Sec. 3.2.

Second, we check whether relevant nodes are parts of the
same object based on partial object detection, described in
Sec. 3.3. Due to partial ordering in the ©, an object can ap-
pear as several isolated components. Partial object detection
is designed to deal with this issue on the fly. The second step
guarantees that each detected node is only associated to a sin-
gle object. In the end, nodes are marked as objects.

3.1. Generalized Significance Test

We extend the idea of MTObject significance test in single-
band [13] into the multi-band context with respect to a chi-
square distribution of normalized node power and node area.
Node power is the sum of the squared difference between
node pixel values and the level of the parents. Since a node
in the CG © may have several parents, this definition use the
supremum (average, infimum, max area node are other possi-
bilities) of parent levels as reference.

02

L) [ » @

EN) =) |Fa@)—- \/

zeN y€Eparents(N)

where \/ is supremum operator and ° is element-wise power.
Node normalized power normalizes the node power by local
background variance.

EN)=EN)o (&gg + L(parents(N)) © gain), (3)

where gain = (fig — A,y F(z)) @ 67, refers to the
CCD gain in astronomy; © is element-wise division; and
flbg, g € R stand for mean and standard deviation of
background of image F'.

Node significance relies on hypothesis testing. For multi-
band images, we propose a significance test combining sepa-
rate bands and synthesized band, formalized as

sn(N) :(Hi € [0,n) &' (N); > cdfx?(a, a(N))) or

n “4)
( Z E'(N); > cdfx?(a,n a(N))) )
i=0

0,0)

(a) A two-band image

Fig. 4: (a) A two-band input and (b) its CG O, where yel-
low nodes are significant. Considering the first band, node A
and C' should be considered as two parts of a single object,
but they are isolated because of disagreement in the two-band
space. Similarly for node B and C'in the second band. Partial
Object Detection is designed to mark C' as a non-object node
by checking whether C' merges with its adjacent siblings.

where n is number of band; cdfy?() is the chi-square cu-
mulative distribution function; « is a significance level; and
a(N) = |N| is the area of the node N.

3.2. Duplicated Object Assumption

In the CT and the CG, objects appear differently at differ-
ent thresholding levels as sequences of significant nodes. For
instance, the object in Fig. 3a is represented by one branch
(A — B — D) in the Max-tree (see Fig. 3b), or two branches
(B — D) and (C — D) in the O (see Fig. 3d). The key of
object filtering on these hierarchies is to differentiate nodes
belonging to distinct targets. In the context of the CT with
a total order, the assumption of main branch (defined as the
significant descendant of a node with the largest area) was
used in MTObject [13], where a node and its main branch
reside in the same object. Then finding objects is finding
their sequences of main branches. However, in the context of
the CG with partial orders, there may exist several branches
containing incomparable nodes belonging to a single object.
So as to identify those nodes, we introduce a new assump-
tion: branches corresponding to an identical object eventu-
ally grow to similar centers. We define a predicate saying
whether two nodes belong to the same object as d(N1,Ns) =
||ml(N;) — ml(Ny)|| < r, where node N1, Ny € O, function
ml(N;) returns center pixel, precisely, the brightest pixel of
the node N;, and r is a thresholding radius. The center pixel
can be possibly designed as the central mass or the center of
the best eclipse fitting of the node covering region.

3.3. Partial Object Detection

In the CG, significant adjacent components may be incompa-
rable, i.e., orders in separate bands disagree. Those compo-
nents will be captured as isolated objects whereas they may
belong to the same object in separate bands. An example is
shown in Fig. 4, where multiple significant adjacent compo-
nents are incomparable in a two-band input, but they are not
isolated objects.
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Fig. 5: Detection upper bounds of the CT and the CG.

To determine whether a significant node N is an object
or a part of an existing object, its adjacent nodes ADJ (N)
have to be checked, but ADJ(N) is costly to query. In this
work, we pay attention to the adjacent sibling set which is a
subset of AD.J (N) but is available in the CG in constant time.
Precisely, a significant node N is said to be part of another
object in two possibilities: 1. If it exists an adjacent sibling
belonging to an object, then N falls into the same object with
the sibling; 2. If the union of N and the adjacent sibling forms
a non-significant node, then N is a non-object node.

4. EXPERIMENTS

We analyse CT and CG detection capacities on simulations
and compare the CGO versus MTObject on synthetic data.

4.1. Upper Bound Detection Capacity of CT and CG

In order to detect target objects, their morphological repre-
sentation must capture them as components. We see how well
objects are preserved in the CT and the CG by studying their
component similarity upper bounds on synthetic data. For a
set of components ¥ and a ground-truth gt, the upper bound
similarity s(¥, gt) is equal to maxnew J(N, gt), where J
stands for the Jaccard distance between two components.

We simulate 10* three-band images each with a single
source with Gaussian noises. Ground-truth is defined as the
region covering 99% of the object brightness. The CT on sep-
arate bands, average band, and the CG on the three-band im-
age are constructed. We analyse the similarity upper bound of
each structure on the dataset, illustrated in Fig. 5. On this syn-
thetic data, CG provides higher similarity upper bounds than
CT, i.e., the CG is more likely to detect and segment target
objects properly.

4.2. Proposed Astronomical Source Detection Results

Dataset We use a three-band optical simulation with ground-
truth [18], which imitates the Fornax Deep Survey. It contains
1500 stars as point sources, 4000 background galaxies and 50
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Fig. 6: Precision-recall of CGO versus MTObject.
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Fig. 7: A KIDS image (u,g,r) bands [16] and CGO detection.

background clusters. Because the CG construction is time
consuming (O(n?)), we slice the simulation into tiles (size
(500, 500) pixels, overlapping 250 pixels).

Metric For evaluation, we use precision, recall, and F1-score.
In order to match between detection map and target map, each
target object is represented by its brightest pixel, as a conse-
quence, each representative pixel is included in either back-
ground or one object in the detection map. In case of one
detected object accommodates multiple representative pixels,
the brightest will be chosen.

Quantitative results We have compared our CGO versus the
state-of-the-art MTObject [13], the only parameter for both is
the significance level a. Since the signal in border regions is
less reliable, we do not take into account object centers ly-
ing within 100 pixels from the borders. Precision and recall
curves for each method are shown in Fig. 6. It is clear that
the proposed method improves on MTObject at both preci-
sion and recall metrics. An illustration on a real astronomical
KIDS image [16] is shown in Fig. 7.

5. CONCLUSION

We have investigated how the CG structure can handle source
detection on multi-band data. From the theoretical point of
view, our studies have shown that the CG are better at preserv-
ing object structures comparing to the classical CT. Further-
more, we proposed CGO - a detection framework and a set of
new component attributes on the CG to detect astronomical
sources. Practical results show that CGO outperforms exist-
ing methods on the multi-band astronomical dataset at both
precision and recall metrics.
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