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Abstract

In this paper, we propose a novel framework for detect-
ing multiple objects in 2D and 3D images. Since a joint
multi-object model is dif cult to obtain in most practical sit-
uations, we focus here on detecting the objects sequentially,
one-by-one. The interdependence of object poses and strong
prior information embedded in our domain of medical im- Figure 1. Examples of multi-object detection: ve landmarks of

ages results in better performance than detecting the ob- ¢ Atrium (LA) apical two chamber (A2C) view (left) and 3D

jects individually. Our approach is based on Sequential ES- irasound volume of fetal brain with three anatomies (right).
timation techniques, frequently applied to visual tracking.

Unlike in tracking, where the sequential order is naturally
determined by the time sequence, the order of detection of . . . .
multiple objects must be selected, leading to a Hierarchical tage 'Fhat th_e spatial _re_lat|or_13_h|ps between OpJeCtS can be
Detection Network (HDN). We present an algorithm that gxp!0|ted._ Since obtammg a.JO'nt. model of muI.t|pI§ objects
optimally selects the order based on probability of states IS d'.f cult in most practical situations, t.he r.nuly-.object d_e }
(object poses) within the ground truth region. The posterior tection task has been solved by multiple |nd|v!dual object
distribution of the object pose is approximated at each stepdEtectorS connected by a spatial modg! [Relative loca-

by sequential Monte Carlo. The samples are propagated:'r?nS oftthe objects gro;nt()je fconst_ralnttﬁ that heAp_ to mgke
within the sequence across multiple objects and hierarchi- € system more robust by focusing the search in regions

cal levels. We show on 2D ultrasound images of left atrium wh.ere the objectis expecte_d based on locations of the othgr
that the automatically selected sequential order yields low obje.cts'. The most challenging aspect of these algorlt_hms 'S
mean detection error. We also quantitatively evaluate the designing detectors that are fast and robust, modeling the

hierarchical detection of fetal faces and three fetal brain spatial refationships between objects, and determining the
structures in 3D ultrasound images detection order. In this paper, we propose a multi-object

detection system that addresses these challenges.

The computational speed and robustness of our system
is increased by hierarchical processing. In detection, one
major problem is how to effectively propagate object can-

Multiple object detection has many applications in com- didates across the levels of the hierarchy. This typically in-
puter vision systems, for example in visual tracking][ to volves de ning a search range at a ne level where the can-
initialize segmentation’], or in medical imaging{]. Fig- didates from the coarse level are re ned. Incorrect selection
ure 1 illustrates the two examples of multi-object detection of the search range leads to higher computational speeds,
we are interested in. State-of-the-art approaches for multi-lower accuracy, or drift of the coarse candidates towards in-
object detectiont, 19, 9] rely on an individual detector for  correct re nements. The search range in our technique is
each object class followed by post-processing to prune spu-part of the model that is learned from the training data. The
rious detections within and between classes. Detecting mul-performance of our multi-object detection system is further
tiple objects jointly rather than individually has the advan- improved by starting from objects that are easier to detect

1. Introduction



and constraining the detection of the other objects by ex-of a hypothesized pose is computed using a trained detec-
ploiting object con gurations. The dif culty of this strat-  tor. The detection scale is introduced as another parameter
egy is selecting the order of detections such that the overallof the likelihood model and the hierarchical schedule is de-
performance is maximized. Our detection schedule is de-termined in the same way as the spatial schedule.

signed to minimize the uncertainty of the detections. Using

the same algorithm, we also obtain the optimal schedule ofof the background literature in Secti@ The sequential

the hierarchical scgles. . _ ~ multi-object detection algorithm is proposed in Sectfon
Our approach is motivated by Sequential Estimation The algorithm is validated on a set of experiments presented

techniques {], frequently applied to visual tracking. In in Section4. We conclude the paper in Sectibn
tracking, the goal is to estimate at tinhghe object state

X¢ (e.g. location and size) using observatigns (object

appearance in video frames). The computation requires 3 Background

likelihood of a hypothesized state that gives rise to observa-

tions and a transition model that describes the way states are 5 giscrete set of object poses is tested for an object pres-

propagated between frames. Since the likelihood modelsgce with a binary classi er in many object detection al-
n pr_actut:)al :)Ituatlogs Ilead torllnt(;actalble Lnference, app_rolx- gorithms [.7, 19]. Unlike these algorithms, that typically
imation by Monte Carlo methods, also known as particle s3mple the parameter space uniformly, we sample from a
ltering, have been widely adopted. Ateachtime stefhe o 055 distribution 14] that focuses on regions of high
est|mat|on involves sampling from the propqsal distribution probability. This saves computational time as fewer sam-
P(XtjXo: 1;Yo:) Of the current statg, conditionedonthe 55 are required and inreases robustness compared to the
history of statee; ; up to timet 1 and the history of 556 \where the same number of samples would be drawn
observationy o.; up to timet. uniformly.

We also use sequential Monte Carlo technique in multi-
object detection. We sample from a sequence of probabil-

ity distributions, but the sequence speci es a spatial order results in stronger models, yet in recent literature, there has

rgther than a t'.me order (F|gu@. Thg posterior distribu- been a debate on how to model the object context in an ef-
tion of each object pose (state) is estimated based on all ob-

. . éective way [/]. It has been shown that the local detectors
servations so far. The observations are features compute . : .
can be improved by modeling the interdependence of ob-

from image neighborhoods surrounding the objects. The. . . - .
- . ; . jects using contextuab[ 13, 17] and semantic information
likelihood of a hypothesized state that gives rise to observa- : . L
. . L . ]. In our Sequential Sampling framework, this interde-
tions is based on a deterministic model learned using a larg : - o
. - pendence is modeled by a transition distribution, that spec-
annotated database of images. The transition model that der B e .
. : : i es the “transition” of a pose of one object to a pose of
scribes the way the poses of objects are related is Gaussian. ! . .
i . i another object. This way, we make use of the strong prior
Most object detection algorithms have focused ona xed jnformation present in medical images of human body. The
set of object pose parameters that are tested in a binary Clasi'mportant questions are how to determine the size of the

si cation system [L7, 19]. Employing the sequential sam-  ¢ontext region (detection scale) and which objects to detect
pling model allows us to use fewer samples of the object (st iy an optimal way.

pose and formally extend this class of algorithms to multi- . : )
ple objects. This saves computational time and increases ac- Multi-scale algorithms usually specify a xed set of
curacy since the samples are taken from the regions of highSc@/€S With predetermined parameters of the detection re-

probability of the posterior distribution. Many ideas from 9i0nS [L, 9. Choosing the scale automatically has the ad-
the Sequential Sampling literature on visual tracking can vantage since objects have different sizes and the size of the

likely be extended to multi-object detection. In Sectign context neighborhood is also different. We propose a multi-
we will demonstrate the bene t of the sampling when de- scale scheduling algorithm that is formulated in the same

tecting multiple landmarks in 2D images of the left atrium. way as the detection order scheduling.

Unlike in tracking, where the sequential order is naturally =~ The order of detection has been speci ed by maximiz-
determined by the time progression, the order in multi- ing the information gain computed before and after the de-
object detection must be selected. In our algorithm, the or-tection measurement is takeh1] and by minimizing the
der is selected such that the uncertainty of the detections isentropy of posterior belief distribution of observation [
minimized. So, instead of using the immediate precursor in Our scheduling criterion is based on probability of states
the Markov process, the transition model could be based on(object poses) within the ground truth region. Other mea-
any precursor, which is optimally selected. This leads to a sures could be used as well thanks to the exible nature of
Hierarchical Detection Network (HDN3. The likelihood the Sequential Sampling framework.

The paper is organized as follows. We give an overview

Multi-object detection techniques have focused on mod-
els that share features(] or object parts §]. This sharing



3. Sequential Monte Carlo

The state (pose) of the modeled objéds denoted as
¢ and the sequence of multiple object detections@s=
fp;r;sg denotes the
position p, orientationr, and sizes of the objectt. The
set of observations for objettare obtained from the im-
age neighborhootl;. The neighborhood; is speci ed by
the coordinates of a bounding box within ésdimensional
imageV, V : RY | [0;1]. The sequence of observa-

hoods in the sequendg.; might overlap and can have dif-
ferent sizes. An image neighborho@dmight even be the
entire volumeV. The observation¥; with a marginal dis-
tribution f (V;j () describe the appearance of each object

and are assumed conditionally independent given the state

t. The state dynamics,e. relationships between object
poses, are modeled with an initial distributibfi ¢) and a
transition distributiorf ( {j ot 1). Note that here we do
not use the Markov transition( ¢j  1).
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Figure 2. In multi-object detection, the set of observations is a se-

quence of image patches. The sequence speci es a spatial order

rather than a time order. The latter is typically exploited in track-
ing applications.

The multi-object detection problem is solved by recur-
sively applyingprediction and updatesteps to obtain the
posterior distributiorfi ( o:tjVo:t). The prediction step com-
putes the probability density of the state of the objexting
the state of the previous objett, 1, and previous obser-
vations of all objectsupto 1

f ( O:thO:t l) = f ( tj O:t l)f ( O:t leO:t l): (1)
When detecting objedt the observatioV; is used to com-
pute the estimate during the update step as:

fV OF CoiVor 1)

f( 0tjVor) = f (MjVox 1) ,

@)

wheref (V;jVo:t 1) is the normalizing constant.

As simple as they seem these expressions do not have
analytical solution in general. This problem is addressed by
drawingm weighted samplef {,,;w; g™, from the distri-
butionf ( o.tjVo:t), wheref JO:tgjm:l is a realization of state

o:t With weightw] .

In most practical situations, sampling directly from
f ( 0:tjVo:t) is not feasible. The idea of importance sam-
pling is to introduce gproposal distributionp( o:tjVo:t)
which includes the support &f( o:tjVo:t)-

In order for the samples to be propéer], the weights
are de ned as

f(Voui 60 ( bo)
p( ]O:thO:t)

Wi (3)

w,

i
Wi

Since the current states do not depend on observations from
other objects then

P( 0:tiVo:t) = P( ot 1jVoit 1)P( ¢f ot 1;Voir):  (4)
The states are computed as
Y .
fCo)=F(C0o) f(jjoj 1) (5)
j=1
Substituting ¢) and £) into (3), we have
W = f(Voud bOf (b) ©)

P( by Vo D)PC 4 by 15 Vo)
f (Vot] b)) ( be)

w

T M (Vo 1) e FChe DPCH By 15 Vor)
@)
COF OV DFC b )
— W{ L t t i t ot 1 : (8)

p( Jtl ot 1 Vo)

In this paper, we adopt the transition priof 1j §., ;)
as the proposal distribution. Hence, the importance weights
are calculated as:

wo=w of (W ) )
In future, we plan to design more sophisticated proposal
distributions to leverage relations between multiple objects
during detection.

When detecting each object, the sequential sampling
produces the approximation of the posterior distribution
f ( o:t]Vo:t) using the samples from the detection of the pre-
vious object as follows:



1. Obtainm samples from the proposaldistributiorﬁ, We aim to build a Hierarchical Detection Network
P( 1 b 1)- (HDN) from the order selection. As shown in Figugthe

) ) ) HDN is a pairwise, feed-forward network. Note that the
2. Reweight each sample according to the importance ra-.3scade is a special case of HDN.

tio . J. . Suppose that we nd the ordered detectors ug to 1,
wi = w4 f (M 1): (10) ©: @i (s 1- Weaimtoadd to the network the best
Normalize the importance weights. pair [s;(j)] (or feed-forward path) that maximizes the ex-

pected value of the following scoi®[s;(j )] over boths
3. Resample the particles using their importance and(j) computed from the second training set:
weights to obtain the unweighted approximation of

f( 01jVorr): Sls:(1) = (14)
0 f( s Vs ) Csi )F(Vs) s)d sd s 1);
FlotiVo) W (o he)i (A1) 2 %)
j:l ©:s 1)2( ©:s 1))
where is the Dirac delta function. where (' 7) is the neighborhood region around the ground
_ N truth . The expected value is approximated as the sample
3.1. The Observation and Transition Models mean of the cost computed for all examples of the second

Let us now de ne a random variable 2 f 1;+1g,  laining dataset.

wherey = +1 indicates the presence apd= 1 absence

of the object. To leverage the power of a large annotated (0) (1) (8'2) (S'l)
dataset, we use discriminative classi er (e.g. PET]] in oo

the observation model:

A
(W 0= T =+1] W), 12) 0 @
N . N . 2) (s3) s
wheref (y; = +1j ;V;) is posterior probability of object
presence att in V. . Figure 3. lllustration of the Hierarchical Detection Network
In tracking, often a Markov process is assumed for the (N and order selection. See text for details.
transition kernef ( {j ot 1) = f( ¢j ¢ 1), as time pro-
ceeds. However, this is too restrictive for multiple object
detection. The best transition kernel might stem from an 3.3. Detection Scale Selection
object different from the immediate precursor, depending
on the anatomical context. In this paper, we use a pairwise
dependency

Many previous object detection algorithmis/[ 19] use
a single size of image neighborhoddg g. Typically, this
size and corresponding search step need to be chosen a pri-
F(or 0=F(4 ;) 200t 1g (13) ori to balance the accuracy of the nal detection result and
' computational speed]. We propose to solve this problem
We modef ( ¢j o: 1)asaGaussian distribution estimated by hierarchical detection. During detection, larger object
from the training data. We will show how to select the best contextis considered at coarser image resolutions resulting

precursoj next. in robustness against noise, occlusions, and missing data.
High detection accuracy is achieved by focusing the search
3.2. Detection Order Selection in a smaller neighborhood at the ner resolutions. Denoting

the scale parameter asn HDN, we treat the scale param-

Unlike a video, where the observations arise in a nalu- gier a5 an extra parameter tg and use order selection to
rally sequential fashion, the spatial order in multi-object de- ¢ojact as well.

tection must be selected. The goal is to select the order such

th_at the postgr_ior pr.obabilitP( o-tiVoit) is.maximized_. 4. Experiments
Since determining this order has exponential complexity in
the number of objects, we adopt a greedy approach. We Our experiments are on 2D ultrasound images of left
rst split the training data into two sets. Using the rst atrium and 3D ultrasound images of fetus. In both cases,
set, we train all object detectors individually to obtain pos- we test the automatic detection order / scale selection (Sec-
terior distributionsf ( ojVo);f ( 1jV1);:::;f ( ¢jVt). The tion 3.2) and provide quantitative evaluation of the hierar-
second set is used for order selection as follows. chical detection (Sectio8.3).



4.1. Sampling Strategy 4.2. Detection Order Selection

In the next experiment, we evaluate the automatic de-
tection order strategy described in Sect®A. The goal is
to automatically determine the detection order of ve left
atrium landmarks (Figuré). As before, the landmark de-
tectors are trained independently using 281 annotated im-
ages. Total of 46 annotated images from the testing data set
were used to obtain the detection order. The remaining 90
cases were used for detection and evaluation comparison.

Three location detectors were trained independently us-  Figure 5 shows the score value (normalized after each
ing 281 images. The detection order for this experiment step) plotted for each stage of the 100 random cases and the
was xed: 09! 01! 05 (see Figures for landmark  automatically selected order. The greedy strategy selects
numbering). We test two different sampling strategies in order with the highest score value at each step. The nal
detection within 136 unseen images. In the rst strategy, selection order or the HDN is shown in Figuée
we obtainN number of samples with the strongest weight.  The automatically selected sequential order is compared
In the second strategy, we obtain upMo= 2000 samples  to 100 randomly generated orders. For each order, we
with the strongest weight and perforkameans clustering  record the nal detection error averaged over all testing im-
to getN number of modes. After each landmark detection, ages and detected landmarks. We also compute score as the

theseN samples are propagated to the next stage. The deprobability of states in the ground truth region (Ei) for
tected location is obtained by averaging tiesamples for

each landmark.

In our rst set of experiments, we detect ve left atrium
landmarks of the left atrium (LA) endocardial wall in the
apical two chamber (A2C) view (Figurg. The LA ap-
pearance is noisy since during imaging it is at the far end of
the ultrasound probe. The expert annotated ve landmarks
in a total of 417 images. The size of the images28 120
pixels on average.

The number of sampledy, varies between 1 and 50. 1
For each setting, the detection algorithm was run to obtain ,
locations of the three landmarks. Mean of the 95% smallest  0.8[SQ
errors was computed by comparing the detected locations to
manual labeling. Figuré shows, that by using tHemeans
sampling strategy, the errors are lower for all number of
samples. By focusing our representation on the modes of
the distribution, we avoid the explosion in the number of
samples that would otherwise be requirédig].

Score
o
(o]

0.2r

1057 0
mean sampling
10} — k-means sampling Order selection stage

957 Figure 5. Selected order score values after each order selection

stage. The selected order (red) has high score values across all
stages. The two high score values in the nal stage (see also Fig-

ure 7) have low scores at earlier stages. These detection orders
were therefore not selected by the automatic algorithm.

95% mean error [pixel]

6.5 I I I I I I
0 5 10 15 20 25 30 35 40 45 50

# candidates / modes

Figure 4. Sampling by obtaininy number of samples with the
strongest weight or by usig strongesk-means. By focusing on
the modes of the distribution, we can use small number of samples
The mean detection error is smaller.

Figure 6. The nal automatically selected detection order. At rst,

it might seem that landmarks 01 and 17 would be preferred over
landmarks 5 and 13 due to the higher distinctiveness of the region.
However, the high appearance variation of these landmarks causes
preference of landmarks 05 and 13.
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0.2 0.4 0.6 0.8 mean| std | median| max | #train | #test

Score CER | 2.289| 0.884| 2.213| 4.197 589 295

CM | 2.149| 0.807 2.075| 4.019 589 295

Figure 7. Comparing automatically selected order (red) to 100 ran- LV 2.245| 0.817 2154| 3.891 589 205

domly ”st‘-le(t:.ted .orders. Tr;edntal ?e(tjelctic:jn errli)rs \_/rvre]re averquq CER | 49611 6.767 3422 59.607 539 205
over all testing images and detected landmarks. The score indi-

cates preference of a particular order. The automatically selected CM | 4.989| 6.832 3.519) 68.679 589 295

order has a low mean detection error and a high score. LV | 4.565| 5.023 3.097 39.176 589 295

Table 1. Measurement errors of the hierarchical detection system
(top part of the table) compared to an earlier system without the
the nal selection stage normalized by the maximum prob- hierarchy P]. Mean error, standard deviation, median error, and
ability across all stages. The plot in Figutshows, thatthe ~ Maximum error are c_omputed. The system was trained using num-
automatically selected order has low mean error (among theP€r of volumes speci ed in the 6th column and tested on the num-
lowest when compared to the 100 random orders) and highP®" ©f volumes speci ed in the 7th column. The average detection

. . . . error using the hierarchy is 2.2 mm on data with 1 mm nest res-
probability (among the highest). The order with the high- . i : !

I~ olution. The average error of the system without the hierarchy is

est probability was not selected due to the greedy strategy, g .
This is because the probability of states near ground truth
was low at earlier order selection. Since in real detection
scenarios the ground truth is not available and sampling infetus ranged from 21 to 40 weeks. The average size of the
low-probability regions is not reliable, these sequential or- volumes is157 154 104mm. The major challenges of
ders are not preferred. Example detections are in Figire  this data set include varying appearance of structures due to
different developmental stage and changes in the face region
caused by movement of the extremities and umbilical cord.
The face was annotated by manually specifying mesh points
on the face region![J]. Bounding box of the mesh speci es

Our next experiment is on detecting three fetal brain . ) .
structures in 3d ultrasound data. The output of the system isthe pose that are automatically determined by the detection

: o : : . algorithm.
a visualization of the plane with correct orientation and cen- . . . .
tering as well as biometric measurement of the anatomy. A The system consists of three hierarchical Iev_e I.S with res-
total of 589 expert-annotated images were used for train-OIUtlons 4 mm, 2 mm, and 1 mm. The nal tralnlng error
ing and 295 for testing. The volumes have average sizeVas 5.48 mm and testing error 10.67 mm. The previous ver-
250 200 150 mm. We use three resolutions in a hi- >0 of the syst_em_only ope_rated ona §|ngle level of 1 mm
erarchical system shown in Figue which resulted in higer training and testing errors (6.90 mm

Quantitative evaluation is in Tableand several exam- a?di;‘tilo rgm respectively). Qualitative detection results
ples of detected structures in Figur& The HDN average are gure.

detection error 2.2 mm is lower compared to 4.8 mm error
of a system without HDN.

4.3. Brain Anatomies in 3d Ultrasound

5. Conclusion

: We have presented a Sequential Monte Carlo based Hi-
4.4. Fetal Face in 3D Ulirasound erarchical Detection Network (HDN) for detecting multiple
Our nal experiment is on the detection of fetal face in objects. The order of detection is automatically determined
3d ultrasound volumes. A total of 962 images were used by a greedy algorithm that puts the most reliable detections
in training and 48 in testing. The gestational age of the earlier in the detection sequence. The detectors are orga-
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Figure 9. Example results of the fetal face detection using a hierar-
chy of three resolutions. Initial pose after loading the volume (top
row), after automatic detection at the nest level (middle row), [11]
and after volume carving of the region in front of the face (bottom
row).

[12]
nized in a multi-scale hierarchy with the scale parameter
included in the order selection process. We have shown the
effectiveness of the automatic order selection process on thd13l]
detection of ve left atrium landmarks in 2D ultrasound im-
ages. The multi-scale hierarchical detectors have higher de-
tection accuracy than systems based on a single level as WﬁA]
demonstrated on detection of fetal face and three fetal brain
structures in 3D ultrasound images.

The described framework opens up several possible av-
enues of future research. One area we are particularly in-
terested in is how to include dependence on multiple ob-[15]
jects at each detection stage. This will result in a stronger
geometrical constraint and therefore improve performance
on objects that are dif cult to detect by exploiting only the
pairwise dependence.

[16]

[17]
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the noise, high appearance and shape variations, and shadowing effects. The landmark detection errors (in pixels) are shown below each
image in the left-bottom-right order.
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of the detection plane in the sagittal and coronal cross section.
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