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ABSTRACT
Active object detection refers to the problem of determining
the existence and location of objects in an image by actively
selecting which regions of the image to explore. Herein, an
object detection algorithm is proposed that models image regions as vertices and overlap relationships as edges in a directed weighted graph. Information is propagated from labeled vertices through graph edges that operate as noisy channels via message passing over locally informative trees that
are extracted from the original graph using an informationtheoretic criterion. Influential vertices are determined by an
appropriate centrality index. Our algorithm can be applied on
top of any state–of–the–art region proposal method as it treats
it as a black box. The effectiveness of the proposed algorithm
is illustrated on different scenarios, where in some cases only
0.45% of the total regions is evaluated.
Index Terms— active object detection, graphs, locally informative trees, mutual information, degree centrality
1. INTRODUCTION
Object detection is a fundamental, yet very challenging task in
image analysis. A typical object detection algorithm first generates a set of region proposals. These can be either fixed and
class–independent [1–5] or generated on the fly while searching for a particular object [6]. Each such proposal is then assigned a class label by running a set of detectors. Evaluating
a large number of region proposals will certainly lead to high
detection accuracy, but will incur high computational costs if
each detector evaluation is computationally expensive.
Active object detection refers to the problem of determining the existence and location of objects in an image by actively selecting which region proposals to explore. In contrast
to traditional approaches, where all region proposals are evaluated, we argue that this is not necessary if we appropriately
exploit the structure of the generated regions and carefully
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select which ones to evaluate. We base our intuition on the
fact that relationships between region proposals carry important information, i.e., the labels of spatially related proposals
are correlated. This fact can significantly reduce the computational effort required to detect objects and give rise to significant speed ups.
In this work, we adopt a graphical model approach for
the active object detection problem, where region proposals
are modeled as vertices in a graph, edges between them capture overlap relations, and edge weights denote the amount
of overlap. We then propose the DE–LITE (DEtection via
Locally Informative TrEes) algorithm that selects informative
vertices based on weighted degree centrality and propagates
information from labeled vertices to unlabeled ones through
graph edges that operate as noisy channels. This is achieved
by building locally informative trees on top of the original
graph and propagating information via message passing. The
flow of information is captured by the mutual information between the root and the leaves of the trees. We demonstrate
the effectiveness of our algorithm by illustrating its performance on different scenarios. Our method can be a salient
part of a successful detection pipeline, since it is agnostic of
the intricacies of the region proposal generation process and
the operation of the rest parts of the pipeline.
Our approach is inspired by [7], where query strategies are
devised for graphs with hidden vertex types that are correlated
with the graph topology. In contrast to the above work, where
vertices are queried one at a time without information propagation taking place, we select vertices based on weighted
degree centrality and exploit the correlation between labels to
propagate information. Furthermore, we work with the more
challenging case of noisy labels.
Prior art has considered the design of active object detection strategies [4, 5, 8]. A Bayesian approach and two heuristic strategies are proposed in [8]. An active search strategy
proposed in [4] sequentially chooses the region proposal to
evaluate on the basis of a belief map, which is updated using
context and classifier score information. A Markov Decision
Process formulation is proposed in [5], which starts with the
whole image and proceeds to narrow down the object loca-

tion. Unlike the above strategies that either adopt a specific
model for the active detection task and/or define subjective
cost functions, we adopt a simple approach that estimates
key decision statistics from data and exploits information–
theoretical principles to achieve efficient object detection. In
[4, 5], only one region is evaluated at each time step and a
fixed number of regions is evaluated in total. In contrast, in an
effort to speed up the detection process, we evaluate multiple
regions at each time step and exploit the spatial correlations
to label adjacent regions through information propagation. In
addition, we stop the search process based on application–
specific criteria (e.g., a positive example has been identified
or a negative example is inferred).
The remainder of the paper is organized as follows. Section 2 introduces the active object detection problem and our
approach. Next, Section 3 describes the tree–growing process
and two information bounds used during this process. In Section 4, we present the DE–LITE algorithm, and in Section 5,
we illustrate its performance. Finally, we conclude the paper
in Section 6.
2. APPROACH
We consider an image represented by a set of region proposals. Our goal is to quickly and accurately detect any objects
present by evaluating only a subset of them. Since region
proposals exhibit certain structure, we encode this relation–
rich environment in a weighted graph and formulate active
object detection as a labeling task on this graph. We devise
an algorithm that decides which vertices to query and exploits
their labels to infer the labels of other vertices. The main idea
is that information “propagates” from already labeled vertices through graph edges that operate as noisy channels. We
achieve this by extracting subtrees of the original graph and
propagating information along these trees via message passing, where we have assumed that both the hidden labels and
the observable detector outputs behave as random variables
on the vertices of the graph.
The joint probability distribution over the graph vertices
characterizes the structure of the hidden labels. However, a
general graph contains loops that may affect performance of
iterative inference strategies, such as belief propagation. To
avoid this pitfall, we consider a tree approximation of the joint
distribution by extracting locally informative subtrees of the
original graph. Tree-structured models are a useful approximation because many inference tasks on them can be carried
out exactly using belief propagation. Our approach essentially avoids dealing with a large inference problem by exploiting local graph structure (i.e., vertex–specific content information and link–based dependencies) and local decision
making in an effort to achieve a near–optimal global solution.
We need a quantitative measure of influence to pick a
root vertex that will initiate the tree–growing process. In
graph theory and network analysis, centrality indices are real–

valued functions on the graph vertices that provide a ranking
and identify the most important nodes. Due to the way region proposal methods operate [9,10], many region proposals,
which are related to the objects of interest, overlap in various
ways. Weighted degree centrality indices are able to capture
this structure and can be computed very efficiently. Thus, we
use them for selecting informative vertices.
2.1. Setting
We consider a directed weighted graph G = (V, E, w) with
edges (ordered pairs) e = (u, v) ∈ E ⊆ V × V and realvalued edge weights w = {we }e∈E . Each v ∈ V corresponds
to a region proposal. The weighted indegree and outdegree
centralities of a vertex v ∈ V are defined as
X
X
d−
w(u,v) and d+
w(v,u) , (1)
v =
v =
u: (u,v)∈E

u: (v,u)∈E

respectively. The presence of an object in v ∈ V is described
by a random hidden label Xv ∈ {−, +}, which can only be
observed imperfectly through a detector, with output Yv ∈
{−, +}. The joint distribution of X = (Xv ) and Y = (Yv )
is unknown and may be arbitrarily complicated, so we only
collect information about the performance of each detector
and about pairwise conditional distributions among the Yv ’s.
Specifically, we make the following assumptions:
1. The detectors are accurate, i.e.,
max P[Yv 6= Xv ] ≤ ε for some ε < 1/2.
v∈V

(2)

2. For each edge e = (u, v) ∈ E, the conditional distribution of Yv given Yu is known and given by a 2 × 2
stochastic matrix Ψe with entries
Ψe (y, y 0 ) = P[Yv = y 0 |Yu = y], y, y 0 ∈ {−, +}. (3)
We will work with rooted subtrees in G. Consider an arbitrary tree T = (VT , ET ) with root r ∈ V , where VT ⊂ V and
ET ⊂ E. We attach to each v ∈ VT a binary random variable
Zv ≡ Yv , and let ZT , (Zv )v∈VT , ZT \r , (Zv )v∈VT \{r} .
Then, we can write down the following tree-structured conditional distribution for all internal vertices given the root:
Y
P[ZT \r = zT \r |Zr = zr ] =
Ψe (zu , zv ). (4)
e=(u,v)∈ET

Note that if the original graph G is not a tree, then (4) will not
capture all of the dependencies between the Zv ’s, so we treat
it as a tractable local approximation. The amount of information Zr contains about the hidden label Xr is measured by the
mutual information I(Xr ; Zr ) = H(Xr ) − H(Xr |Zr ) [11];
in particular, from the assumption (2) and from Fano’s inequality [11, Sec. 2.10] we see that
I(Xr ; Zr ) > log 2 − h2 (ε),

(5)

where h2 (ε) , −ε log ε − (1 − ε) log(1 − ε) is the binary
entropy function. Now let LT ⊂ VT denote the set of leaves
of T . The amount of information about Zr that will propagate
through the tree to the leaves is captured by the information
transmission coefficient of T :
ϑ(r, T ) ,

I(Zr ; ZLT )
,
H(Zr )

where path(v) is the set of e ∈ ET on the path from r to v.
For the upper bound, we introduce the strong data processing
constant (or SDP constant, for short) [13] of a noisy channel
PU |V with input U and output V :
η(PV |U ) , sup

(6)

Since I(A; B) ≤ min{H(A), H(B)}, ϑ(r, T ) ≤ 1, and we
will say that the tree T is δ-informative (about r) if ϑ(r, T ) ≥
1 − δ for some δ ∈ [0, 1). If we attach additional edges
to the leaves of T to get a new subtree T 0 of G rooted at
r, then ϑ(r, T 0 ) ≤ ϑ(r, T ) by the data processing inequality [11]. Therefore, the informativeness of such local subtrees
will monotonically decrease with depth.
3. TREE–GROWING PROCESS
In this section, we describe the tree–growing process. The
process has two iteration loops. At each iteration t of the
outer loop, we have a subgraph Gt = (Vt , Et ) of G, induced
by a vertex set Vt ⊂ V . Assume a root rt ∈ Vt has been
selected to build a rooted tree Tt = (Vt,T , Et,T ). Once the
root is picked, we sequentially add edges to the tree, while
the tree Tt stays δ–informative.
The addition of edges takes place in the inner loop. At iteration τ = 0 of the inner loop, we start with Ttτ = ({rt }, ∅).
At each iteration τ ≥ 1, we add another edge to Ttτ −1 to generate Ttτ and check whether ϑ(rt , Ttτ ) > 1−δ. The inner loop
terminates once this condition is violated. The computation
of ϑ requires the knowledge of the joint probability distributions of Zrt and ZLT τ , which can be computed exactly using
t
Sum–Product Variable Elimination. Unfortunately, determining the optimal elimination order is N P–hard [12], while at
each step of the tree–growing process the number of vertices
in the tree increases. To avoid these pitfalls, we will use easily
computable lower and upper bounds for the mutual information instead of the exact value.

PU 6=QU

D(PV ||QV )
,
D(PU ||QU )

(9)

where D(·k·) denotes the relative entropy (Kullback–Leibler
divergence), and where PV (respectively, QV ) denotes the
resulting output distribution when the input distribution is
PU (respectively, QU ). It can be shown that, for any input distribution PU , I(U ; V ) ≤ η(PV |U )H(U ). Therefore,
ϑ(r, T ) ≤ η(r, T ), where η(r, T ) denotes the SDP constant
of the channel with input Zr and output ZLT induced by the
tree-structured conditional distribution (4). Moreover, as we
will show next, the quantity η(r, T ) can be upper-bounded
using the entries of the matrices (7) for all e ∈ ET . For any
v ∈ VT , let Tv denote the rooted subtree of T consisting of
v and all of its descendants, and let η(v, T ) denote the SDP
constant of the channel with input Zv and output (Zw )w∈LTv .
Then an upper-bound on η(r, T ) can be computed recursively
as follows:
Theorem 2. If T has depth 1, i.e., if VT = {r} ∪ LT and
ET = {(r, v) : v ∈ LT }, then
η(r, T ) ≤ η UB (r, T )
2 !
q
Y q
− +
+ −
(1 − εe )εe + (1 − εe )εe
.
, 1−

(10)

e∈ET

If the depth of T is greater than 1, then
!
η(r, T ) ≤ η

UB

(Tt ) ,

1−

Y

(1 − η(r,v) η(v, T ) ,

(11)

v∈ch(r)

where ch(r) is the set of all children of the root r.
3.2. Evolution of information during tree-growing
There are two possible scenarios of growing the existing tree
Ttτ −1 by adding a new vertex v to it:

3.1. Mutual information bounds
Consider a rooted tree T = (VT , ET ) with root r. It will be
convenient to parametrize the entries of the stochastic matrix
Φe corresponding to each edge e = (u, v) ∈ ET as follows:


1 − ε−
ε−
e
e
Ψe =
.
(7)
ε+
1 − ε+
e
e
The mutual information can be lower-bounded as follows:

• a lateral addition, where the new vertex v is a neighbor
of a non–leaf of Ttτ −1 ;
• a vertical addition, where the new vertex v is a neighbor
of a leaf u ∈ LT τ −1 .
t

In the first case, we have LTtτ = LT τ −1 ∪ {v}, and the chain
t
rule for mutual information gives

Theorem 1. Let π , P[Zr = +]. Then
I(Zrt ; ZLT τ ) = I(Zrt ; ZLT τ −1 , Zv )

I(Zr ; ZLT ) ≥
2π(1 − π) log e

t

1 X
|LT | v∈L

!2
Y

−
(1 − (ε+
e + εe ))

T e∈path(v)

, (8)

t

= I(Zrt ; ZLT τ −1 ) + I(Zrt ; Zv |ZLT τ −1 ),
t

t

(12)

so the mutual information increases. In the second case,
though, the mutual information will decrease. To see this, we
need the following lemma.
Lemma 1. Let X, U, V, W be four discrete random variables,
whose joint distribution factorizes as PXU V W (x, u, v, w) =
PXU V (x, u, v)PW |V (w|v). Then:
I(X; U W ) − I(X; U V ) = I(X; W |U ) − I(X; V |U ) 6 0. (13)

Let u ∈ LT τ −1 be the leaf whose neighbor v ∈
/ VT τ −1 will be
t
t
τ −1
added to Tt . Then, applying the above lemma to X = Zrt ,
U = ZL τ −1 \{u} , V = Zu , and W = Zv , we see that
Tt

I(Zrt ; ZLT τ ) = I(Zrt ; ZL
t

6 I(Zrt ; ZL

τ −1 \{u}
Tt

, Zv )

, Zu )
τ −1 \{u}

Tt

≡ I(Zrt ; ZLT τ −1 ).

(14)

t

We can upper–bound the amount of mutual information decrease using the following result [14, Cor. 1]:
Lemma 2. Let X, U, V, W be four discrete random variables,
where V, W ∈ {−, +}, and (X, U ) → V → W is a Markov
chain. Then
I(X; W |U )
≤ sin2 θ,
(15)
I(X; V |U )
where p = P[W = +|V = −], q = P[W√ = −|V = +],
√
and θ√is the angle between the vectors ( 1 − p, p) and
√
( q, 1 − q) in R2 .
For each e ∈ E, let θ(e) be the angle between the vectors
p
p 
p
p

1 − ε−
ε−
ε+
1 − ε+
e ,
e and
e ,
e .
Ttτ −1 ,

Let u be the leaf of
whose neighbor v ∈
/ VT τ −1 is to be
t
added as a new leaf. Then, by Lemmas 1 and 2, we get:
I(Zrt ; ZLT τ ) ≤ I(Zrt ; ZLT τ −1 )
t

t

− cos2 θ((u, v))I(Zrt ; Zu |ZL

τ −1 \{u}
Tt

).

(16)

Since lateral additions increase mutual information, while
vertical additions decrease it, the tree–growing process is
essentially an alternating sequence of lateral and vertical additions. This is because, at some point, there may be no
more neighbors in a particular direction, but the termination
criterion has not been met yet. As a result, the tree–growing
process begins with a vertical addition, continues with lateral
additions until there are no neighbors in this direction, then
performs a vertical addition, continues with lateral additions,
etc. The process stops when all possible vertical additions
result in I(Zrt ; ZLT τ ) becoming less than (1 − δ)H(Zrt ).
t
This protocol is followed during the execution of the DE–
LITE algorithm, described in the next section. The next two
corollaries provide recursive forms of the bounds presented

in Section 3 that exploit the structure of the tree–growing
process. Specifically, let IτLB denote the lower bound on the
mutual information at iteration τ of the inner loop, and let
ητUB denote the upper bound on the SDP constant of the tree.
Corollary 1. If a lateral addition of a new leaf u is performed
at round τ , then
s
|LTtτ |
IτLB
LB
Iτ +1 = 2π(1 − π) log e
|LTtτ | + 1 2π(1 − π) log e
!2
1
+
−
+
· c(parent(u)) · (1 − (εe + εe )) , (17)
|LTtτ | + 1
where e = (parent(u), u) and the function c(·) captures the
contribution of the path from the root r to the parent of the
newly added vertex u with c(r) = 1. For a vertical addition
of a new leaf u, the lower bound can be updated as follows:
s
IτLB
IτLB
+1 = 2π(1 − π) log e
2π(1 − π) log e
!2
1
+
−
−
· c(parent(u)) · (εe + εe ) ,
(18)
|LTtτ |
with the initial condition I0LB = 2π(1 − π) log e (1 − (ε+
e +
2
ε−
e )) and e = (r, u).
Corollary 2. For lateral additions, the upper bound can be
recursively updated as follows:
UB
ητUB
+ η(pa(vτ +1 ),vτ +1 )
+1 = ητ
! τ
!
Y
Y
×
ηe
Avi ,vi+1 ,
e∈path(pa(vτ +1 ))

(19)

i=0

where pa(vτ +1 ) denotes the parent of vτ +1 , path(pa(vτ +1 ))
the path from the root to the parent of the
Q newly added vertex vτ +1 , ηe , sin2 (θ(e)), Avi ,vj , v∈ch(vi )−{vj } (1 −
η(vi ,v) η(Tt,v )), and v0 , r. For vertical additions, the upper
bound can be recursively updated as follows:
UB
ητUB
− (1 − η(pa(vτ +1 ),vτ +1 ) )
+1 = ητ
! τ −1
!
Y
Y
×
ηe
Avi ,vi+1 .
e∈path(pa(vτ +1 ))

(20)

i=0

The initial condition is η1UB = η(r,v) , where v is the first
added child of the root r.
4. DE–LITE ALGORITHM
In this section, we describe the DEtection via Locally Informative TrEes (DE–LITE) algorithm, which consists of
a training and a testing phase. In both phases, a graph

G = (V, E, w) is created for each image, where each vertex
corresponds to a region proposal, the edges represent overlap/containment relationships and the weights represent the
Intersection over Union (IoU) affinity measure
IoU(A, B) ,

area(A ∩ B)
,
area(A ∪ B)

(21)

where A and B are region proposals defined by the coordinates of the top–left and bottom–right corners. An edge
e = (u, v) ∈ E is created as follows: 1) if A and B do not
overlap, u and v are not connected through an edge, 2) if A
and B overlap, u and v are connected with two edges u → v
and v → u, 3) if A is contained in B, u and v are connected
with edge u → v, and 4) if B is contained in A, v and u are
connected with edge v → u.
During the training phase, the channel transition probabilities in (3) are estimated from training data using the
Krichevsky–Trofimov estimator [15]:
N ((y, y 0 ), we ) + 12
,
Ψe (y, y ) = P
00
x N (y , y), we ) + 1
0

Table 1. Performance of DE–LITE algorithm (LB: lower
bound, UB: upper bound)
LB (true labels)
UB (true labels)
LB (noisy labels)
UB (noisy labels)

AP
1
1
0.76
0.35

qT
18.97%
18.97%
18.95%
21.54%

qP
2.50%
2.50%
0.45%
18.19%

to the rest of the vertices u ∈ Vt,T via the Max–Product variable elimination algorithm [12]. Once this is done, we form
Vt+1 by removing Vt,T : Vt+1 = Vt \Vt,T . This process continues until a certain application–specific condition has been
met. During the execution of the DE–LITE algorithm, the
root pmf is either estimated from training data as described
above or determined based on the channel matrices and the
label of the leaf neighbor that will serve as the new root.
5. EXPERIMENTS

(22)

where N ((y, y 0 ), we ) denotes the number of edges with label
assignment (y, y 0 ) and weight we . The above smoothed estimator alleviates the fact that some of the counts above may
be zero or close to zero. We estimate the root pmf as follows:

T
N0
N1
πr =
,
,
(23)
N0 + N1 N0 + N1
where N1 (N0 ) denote the number of images in the dataset
that (do not) contain the object of interest.
The testing phase of the algorithm consists of two parts.
During the first part, a test image is selected from the testing
dataset, a set of region proposals is extracted via an appropriate algorithm, and the corresponding graph is generated. During the second part, the actual algorithm is run on the graph
G. At each iteration t = 1, 2, . . . of the algorithm, we have a
graph Gt = (Vt , Et ), induced by a vertex set Vt ⊂ V . Note
that we initially start with the graph G = (V, E, w). As a first
step, we select a vertex v ∈ Vt to serve as the root. We may
accomplish this step by either of two ways. If this is the first
iteration of the algorithm or the leaves of the tree generated
in the previous iteration have all their neighboring vertices already labeled, then we select as root the vertex that has the
largest weighted outdegree (indegree) centrality and has not
been labeled yet. If a tree was generated in the previous iteration and the associated leaves have unlabeled neighboring
vertices, we select as root the neighbor that has the largest
weighted outdegree (indegree) centrality among the unlabeled
neighbors. After having selected the root vertex, we use the
tree–growing process described in Section 3 to build a rooted
tree Tt = (Vt,T , Et,T ), such that Tt is δ–informative. Once
the tree is built, we query the detectors at the leaves and observe their outputs {Zvt ≡ Yvt , vt ∈ Lt,T }. We assign labels

In this section, we illustrate the performance of the DE–LITE
algorithm on the detection of a specific object type. Training and testing were performed on a subset of the training
and testing sets of the Pascal 2007 dataset [16]. All included
images contain at most one object instance of the aeroplane
class. Since we are interested in detecting single object instances, images with multiple instances of aeroplanes are ignored during training and testing. Both the training and testing datasets consist of 200 images. The Selective Search algorithm [9] is used to extract region proposals for these two
datasets. In general, the number of generated proposals per
image ranges from 259 and 4102. We have also assumed that
there is always a tight region proposal that encompasses the
object of interest.
The DE–LITE algorithm stops either if a label 1 is assigned to a specific region proposal or a maximum number
of queries per image has been met. The latter threshold corresponds to a percentage, which is estimated from the training dataset using the weighted degree centrality value of the
ground truth boxes as a discriminator of positive and negative examples. To be considered as a correct detection, the
IoU between the recovered region proposal and the ground
truth must exceed 0.5. We evaluate performance with respect to: (1) average Precision (AP) [16], (2) total executed
queries percentage qT , which denotes the percentage of executed queries over the entire testing dataset, and (3) total
executed positive queries qP , which denotes the percentage
of executed queries over the positive examples in the testing
dataset. Results are reported for δ = 0.8, weighted in–degree
centrality and the two mutual information bounds. Results for
the weighted out–degree centrality are not included since they
result in smaller AP.
We consider two cases for evaluation purposes. In the
first case, the ground truth labels are used during training and

testing. We study this scenario, since we wanted to test the
behavior and correctness of the DE–LITE algorithm in a detection error free setting. In the second case, noisy labels
are used during training and testing. These are generated by
considering the addition of structured noise as follows: random Bernoulli noise is added with probability p = 0.1 to
the ground truth labels of the region proposals that have IoU
greater than or equal to zero with the ground truth region. We
study this particular case since these region proposals usually
lead to false positive detections that significantly affect AP.
We do not consider location–independent noise, because this
is not the case in practice. Note that bad results in terms of AP
are usually caused by detection errors (e.g., detector misses an
object or makes a false detection), which is the case for large
values of p or actual detector scores.
Table 1 illustrates AP, qT and qP results for the two cases
using the two bounds. In the case of true labels and using either of the two bounds, AP is equal to 1, which suggests that
all objects are retrieved. This perfect performance is achieved
by querying only 18.97% of the total number of region proposals. Furthermore, qP is only 2.5%, which implies that
most effort is spent on recognizing negative examples. In
fact, recognizing positive examples requires minimal effort!
In the case of noisy labels, we observe a decrease in AP due
to detection errors. Using the upper bound to build locally informative trees leads to lower AP and larger values of qT and
qP . This is due to the fact that we may significantly overestimate the true value of mutual information, thus adding more
uninformative vertices to the tree. To alleviate this issue, one
should use larger values of δ. On the other hand, using the
lower bound leads to lower qP values, since the search process may stop earlier due to a lower quality detection. Note
that using either bound leads to better AP versus the brute
force approach of evaluating all proposals, which yields AP
0.29 due to the existence of many false positives. At the same
time, randomly selecting which region proposals to evaluate
results in AP 0.31 with qT = 65.82% and qP = 45.32%.
Thus, carefully ranking and actively selecting region proposals can decrease both the number of queries and false positives.
6. CONCLUSION
In this paper, an algorithm was proposed that addresses the
active object detection problem as information propagation
in graphs. To this end, region proposals are modeled as vertices and overlap relationships as edges in a directed weighted
graph. Information is propagated through graph edges that
operate as noisy channels. Locally informative trees are built
on top of the graph to facilitate this process and vertices are
selected based on weighted degree centrality. The performance of the proposed algorithm is illustrated, where in some
cases only 0.45% of the total regions is evaluated. In future
work, we plan to consider the case where multiple objects of

different classes and different types of detectors are present.
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