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Abstract. In the ﬁeld of computer aided medical image analysis, it is
often diﬃcult to obtain reliable ground truth for evaluating algorithms
or supervising statistical learning procedures. In this paper we present a
new method for training a classiﬁcation forest from images labelled by
variably performing experts, while simultaneously evaluating the performance of each expert. Our approach builds upon state-of-the-art randomized classiﬁcation forest techniques for medical image segmentation
and recent methods for the fusion of multiple expert decisions. By incorporating the performance evaluation within the training phase, we obtain
a novel forest framework for learning from conﬂicting expert decisions,
accounting for both inter- and intra-expert variability. We demonstrate
on a synthetic example that our method allows to retrieve the correct
segmentation among other incorrectly labelled images, and we present
an application to the automatic segmentation of the midbrain in 3D
transcranial ultrasound images.

1

Introduction

Manual segmentation of medical images is often time-consuming and highly
subjective, suﬀering from both inter-observer and intra-observer performance
variability, due to diﬀerences of interpretation and level of expertise. The segmentation task is especially challenging in ultrasound images, whose low signalto-noise ratio leaves a large place to interpretation. As a precise segmentation
is crucial for the analysis of images in computer-assisted diagnosis (CAD), it is
important to take into account this variability of performance when fusing the
segmentations given by diﬀerent experts. Moreover, the lack of reliable ground
truth in medical data limits the use of supervised learning methods to perform
automatic segmentation. These methods therefore have to be adapted to exploit
eﬃciently a multiplicity of labellings of variable accuracy.
The simplest way to make an estimate of the ground truth from multiple
segmentations is to perform a majority voting among the experts. However,
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this method assumes that all experts are equally good, and fails as soon as
there are more novice segmenters than good experts. Warﬁeld et al. [1] propose a method to perform simultaneous truth and performance level estimation
(STAPLE), consisting in ﬁnding the performance parameters (sensitivity and
speciﬁcity) which maximize the data likelihood. This optimization is performed
using the expectation-maximization (EM) algorithm. They also propose to incorporate spatial constraints with a Markov random ﬁeld (MRF) model [1,2] to
obtain a spatially consistent estimation of the ground truth. This method has
been widely accepted and successfully used for ground truth estimation or validation of segmentation algorithms [3]. However, the global model for experts’
performances does not take into account the intra-observer variations of performance level that are frequent in medical image segmentation. For instance, an
expert can be good at segmenting certain parts of the object of interest, while
classifying wrongly other parts of the same object. Commowick et al. [4] recently
addressed this issue by proposing an adaptation of STAPLE, which estimates
spatially varying performance levels, using a sliding window technique.
Although these algorithms are very eﬃcient for label fusion, they lack a link
to the images which have been segmented. Indeed, the fusion of labels is based
only on the segmentations independently from the original images, and thus can
not assess the visual coherence of each expert’s labelling. However, understanding the link between the segmentations and the image is crucial if one wants
to train a statistical classiﬁer in order to automatically segment new images.
Raykar et al. [5] introduce a general framework for supervised learning from
multiple annotators, which overcomes this issue by performing jointly the performance evaluation and the learning. However, this approach assumes that the
performance levels are not dependent on the instance on which the experts make
the decision. This assumption is in reality not true for the task of medical image
segmentation, where there is also a strong intra-expert performance variability.
The accuracy of an expert can for instance vary signiﬁcantly from an image to
another, depending on the image quality, the expert’s experience and tiredness,
and the time allowed to perform the diagnosis.
Recently, randomized classiﬁcation forests [6] have been shown to be able to
capture discriminative visual features from local and/or long-range context for
the analysis of medical images [7,8]. In this paper we propose a new method to
train a classiﬁcation forest from multi-supervised data, while jointly evaluating
the performances of the experts. Our approach aims at ﬁnding which expert
decisions are the most coherent with respect to the image. To this end we deﬁne
a consistency measure based on the information gain, to evaluate how well the
decisions of each expert can separate the chosen feature space. The motivation
for this approach is that our main objective is to select relevant features to train
the classiﬁer, and not to estimate a consensus ground truth. We demonstrate the
theoretical capabilities of our algorithm on a synthetic example, and validate its
performance for the segmentation of medical images on real 3D transcranial
ultrasound images.
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Methods

Let us consider a multi-supervised learning scenario, where we are given a training set S = {(xn , yn1 , . . . , ynR )}N
n=1 of N instances xn in a feature space X and
the corresponding labels ynr ∈ Y provided by R experts. Considering the instances and labels as realizations of two random variables X and Y respectively,
the goal of supervised learning is to provide an approximation of the posterior
distribution Pr(Y |X) in order to label previously unseen data. When the labels
are provided concurrently by several experts (R > 1), this task requires to make
an estimate of the true label yn for each instance. To this end, we deﬁne a matrix QN ×R (n, r) = (qnr )n,r representing the quality of each expert decision, from
which we make a probabilistic estimate wn = p(yn = 1|S, Q) of the true labels.
2.1

Random Decision Forests

We start by shortly presenting the classic random forest (RF) framework when
non-ambiguous labels are provided by a single expert (R = 1). Constructed as an
ensemble of decorrelated decision trees, random forests [6] are a state-of-the-art
learning algorithm that has been used in a wide range of applications [9]. The
general idea of random forest training is to select relevant subsets of features out
of X in order to build a piece-wise approximation of Pr(Y |X). In this paper we
focus on binary classiﬁcation forests (Y = {0, 1}), but similar techniques can be
easily applied to multi-class decision forests or regression forests.
A binary decision tree is a hierarchical collection of nodes and leaves. While
each node contains a weak classiﬁer which separates the data into two subsets
of lower entropy, each leaf provides a local estimate of the class distribution. A
tree is trained by optimizing recursively the parameters of each node. The entire
training set is input to the root, and split across the tree according to the rules
explained below. Training a node j on Sj ⊂ S consists in ﬁnding the parameters
of the weak classiﬁer that maximize the information gain (IG) of splitting Sj
into Sk and Sl , deﬁned as:
IG(Sj , Sk , Sl ) = H(Sj ) −

|Sk |
|Sl |
H(Sk ) −
H(Sl )
|Sj |
|Sj |

(1)

where H(Si ), i ∈ {j, k, l} is the empiric entropy of Si . Once the weak classiﬁer
has been optimized, its parameters are stored in the node, and the training data
is split accordingly into Sk and Sl , respectively sent to the left and right child.
The splitting stops when we reach a predeﬁned maximal depth, or when the
training subset does not contain enough samples. In this case, a leaf is created
that stores the empiric class posterior distribution estimated from this subset.
Using a collection of decorrelated decision trees allows to increase the generalization power compared to individual trees, often suﬀering from overﬁtting.
The randomness is introduced both by training each tree on a random subset of
the whole training set (bagging), and by optimizing each node over a random
subspace of the feature parameter space. At testing time, the output of the forest
is deﬁned as the average of the probabilistic predictions of the T trees.
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Multi-supervised Learning

Let us now consider the problem of multi-supervised learning (R > 1). Our
main objective is to select features that are coherent with respect to both the
expert decisions and the visual context, in order to build an approximation of
the posterior Pr(Y |X) that generalizes well to new data instances. Therefore, in
contrast to the usual label fusion framework [1,5], we evaluate the consistency
of the experts with respect to the visual features, rather than their accuracy
with respect to a ground truth estimate. Using the hierarchical structure of the
trees, we also capture the intra-expert performance variability by selecting at
each node the most consistent expert for splitting.
 r of the
To this end, we deﬁne for each expert r ∈ [|1, R|] an estimator E
j
expectation of the information gain on the training set Sj sent to the node j:

r = 1
E
IGr (Sj , Sk (θ), Sl (θ))
(2)
j
|Θj |
θ∈Θj

where the information gain IGr (Sj , Sk (θ), Sl (θ)) is estimated by (1) according
to the labels of the expert r, and Θj is a randomly selected subset of the feature
parameter space. Intuitively, this estimator measures how well the data can be
separated according to the labels of each expert. However, it suﬀers from two
weaknesses in lower nodes of the tree: (i) it is evaluated from less samples, and
hence becomes less reliable, and (ii) it quantiﬁes only the experts’ local consistency, without considering global consistency measures. Therefore we propose
to deﬁne the performance level qjr of each expert as a linear combination of the
 r on the path root = i0 (j) → . . . → iD (j) = j from the root to j:
estimators E
i
D(j)
r
d=0 |Sd |Eid (j)
r
(3)
qj =
D(j)
d=0 |Sd |
By weighting the estimators in proportion to the size of the training subset, we
give more importance to the global estimates of the experts’ consistencies, but
still take into account their feature-speciﬁc performances. Once the parameters
qjr have been computed, we select the expert r̂ that is the most consistent, i.e.
with the highest performance level:
r̂ = arg max qjr

(4)

r

In the considered node, we then split the data according to the feature parameters that maximize the information gain for the selected expert r̂, thus following
the decision of the most consistent expert:
θ̂j = arg max = IGr̂ (Sj , Sk (θ), Sl (θ))

(5)

θ∈Θj

If j is a leaf with parent node i, we deﬁne the estimate of the ground truth
as the weighted average of the expert decisions:
1
∀n : (xn , yn1 , . . . ynR ) ∈ Sj , wn = R

r
r=1 qi

R

r=1

qir ynr

(6)
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Equation (6) provides a soft voxel-wise estimate of the ground truth for each
tree, and a feature-speciﬁc estimate of the posterior Pr(Y |X) in each leaf. The
posterior is stored for prediction, and the ground truth estimate is averaged over
the forest, thus increasing its robustness.

3

Experiments

We ﬁrst use a synthetic example to validate our algorithm, and then demonstrate
its performance on a real dataset, for the segmentation of the midbrain in 3D
transcranial ultrasound (TC-US) images. For the validation we compare our
multi-supervised forest to a classic random forest trained on the precomputed
truth estimate of STAPLE (STAPLE+RF). We show that our estimation of the
ground truth is more robust to noisy labels, and that the prediction on new
images achieves an accuracy comparable to that of STAPLE+RF.
For both experiments we use the so-called context features [10], that are parameterized by an oﬀset t ∈ IR3 and two cube dimensions S (1) , S (2) ∈ IR3 . The
corresponding feature for a voxel v ∈ IR3 is computed as the binary diﬀerence
between the mean intensity in the cube of size S (1) centered on v and the cube
of size S (2) centered on v + t. This type of feature, already applied for MR images [10], is also well suited for ultrasound images, as it is independent of the
contrast and illumination.
3.1

Validation on a Synthetic Example

In this synthetic example the foreground consists in cubes of various dimensions,
placed randomly within the images. Gray-scale images are generated from this
ground truth by deﬁning for each image a maximal foreground intensity I1max
and a maximal background intensity I0max < I1max . The intensity of each foreground (resp. background) voxel is drawn uniformly between 0 and I1max (resp.
I0max ). With these settings, relying on voxelwise intensities would yield poor
results, but the foreground is separable using the box features described above.
Each expert r = 1, . . . , R is modeled by a maximal oﬀset Tr ∈ IR3 and
three deformation parameters (Δx , Δy , Δz ) ∈ IR3 . For each image, given the
true foreground cube centered on v0 and of size (sx , sy , sz ), the segmentation of
expert r is a cube centered on v0 + Ttrr  Tr and of size (sx + δx , sy + δy , sz + δz ),
where tr is drawn uniformly between 0 and Tr , and δx , δy , δz are drawn
uniformly between 0 and Δx , Δy , Δz respectively. With this model we can thus
generate a great variability of expert performances.
Table 1 summarizes the results obtained by performing leave-one-out crossvalidation on a set of 10 images labelled by 5 experts. We present the maximum,
minimum, mean, median, and standard deviation of the F-measure, deﬁned as
F = 2×precision×recall
precision+recall . The multi-supervised forest and the standard forest were
trained with the same parameters (16 trees, 50 tests per node, maximal depth
5, and bagging proportion of 0.5), and initialized with the same random seeds,
in order to make the comparison meaningful. Fig. 1 shows an example of results
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with these two methods. The estimation of the ground truth using the multisupervised forest is in this situation clearly more robust than STAPLE. This
demonstrates that using image information to assess the performance of the
experts can improve the label fusion. Moreover, the estimated segmentation is
in most cases closer to the actual ground truth than the expert segmentation.
The prediction of the multi-supervised forest is also more accurate than the
prediction of STAPLE+RF.
Table 1. Synthetic example – F-measure of the truth estimate and the prediction for
our multi-supervised forest algorithm and STAPLE+RF
Truth estimation
Experts Our algorithm STAPLE
max
0.83
0.85
0.72
mean
0.72
0.74
0.34
min
0.67
0.62
0.11
median 0.70
0.74
0.27
std
0.06
0.08
0.19

(a)

(b)

(c)

Prediction
Our algorithm STAPLE+RF
0.87
0.77
0.74
0.66
0.43
0.35
0.82
0.69
0.15
0.13

(d)

(e)

Fig. 1. Synthetic example (a) Ground truth (b) Truth estimate of the multi-supervised
forest (c) STAPLE truth estimate (d) Segmentation of the multi-supervised forest (e)
Segmentation of STAPLE+RF

3.2

Segmentation of the Midbrain

We now demonstrate the performance of our algorithm on medical data. We use
a dataset made available by the authors of [8], consisting of 22 three-dimensional
TC-US images, where the midbrain has been segmented by three diﬀerent experts (Fig. 2). Accurate segmentation of the midbrain is of interest for the diagnosis of Parkinson’s disease, which can be performed by volumetric analysis
of the substantia nigra within the midbrain [11]. This dataset is particularly
challenging due to the very low signal-to-noise ratio of TC-US images. To assess the performance of our approach compared to STAPLE+RF, we perform
a leave-one-out cross-validation. The forests were trained with 32 trees, a maximal depth of 20, a bagging proportion of 0.5, and 100 tests per node. In the
results presented in Table 2, the multi-supervised forest provided the same overall ranking between the experts than STAPLE. However the forest ground truth
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estimate was in average closer to the manual segmentations than the STAPLE
estimate, which often favored one of the segmenters. The predictive results of the
multi-supervised forest almost match those of STAPLE+RF. Note that we only
present here the rough posteriors of the algorithms without post-processing, as
the ﬁnal segmentation is beyond the scope of this paper.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 2. Segmentation of the midbrain in 3D TC-US (a) Ultrasound image (b-d) Manual
segmentations (e) Truth estimate of the multi-supervised forest (f) STAPLE truth
estimate (g) Segmentation of the multi-supervised forest (h) Segmentation of the forest
trained on STAPLE

Table 2. Midbrain dataset – F-measure of the truth estimate and the prediction for
our multi-supervised forest algorithm and Staple+RF
Truth estimation
Prediction
Our algorithm
STAPLE
Our
STAPLE
Exp. 1 Exp. 2 Exp. 3 Exp. 1 Exp. 2 Exp. 3 algorithm +RF
max
0.99 0.98 0.98 1.00 1.00 1.00
0.58
0.62
mean 0.92 0.96 0.92 0.89 0.96 0.90
0.31
0.33
min
0.82 0.89 0.80 0.81 0.75 0.71
0.06
0.05
median 0.93 0.97 0.94 0.89 1.00 0.91
0.32
0.35
std
0.04 0.02 0.05 0.04 0.06 0.07
0.15
0.17

4

Conclusion

We have proposed a new method to supervise the training of a random forest
from multiple experts, that accounts for both inter- and intra-expert performance
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variability. The robustness of our multi-supervised forest training algorithm was
demonstrated on a synthetic example, and we showed consistent results for the
segmentation of the midbrain in 3D transcranial ultrasound images. While our
algorithm was developed here for binary classiﬁcation, it can be naturally applied
to multi-class learning or regression. As future work we wish to extend this
method to label propagation, in a situation where only a few images in the
training set are correctly labelled.
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