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Fig. 4.

tured from a vehicle-mounted calibrated stereo camera rig in
an urban environment. For each manually labeled pedestrian,
we create additional samples by geometric jittering. Non-
pedestrian samples result from a pedestrian shape detection
pre-processing step, cf. [18], with a relaxed threshold setting
(to not include largely uniform image patches, such as road
surface or sky), as well as ground-plane constraints and
prior knowledge about pedestrian geometry, i.e. containing
a bias towards more “difficult” patterns, weakly resembling
pedestrians in geometry and structure. Note, that this selection
strategy has already been performed for both the provided
training and test data, i.e. it is not required to be implemented
to reproduce and compare to the results presented in this paper.

Training and test samples have a resolution of 48 x 96
pixels with a 12-pixel border around the pedestrians; there
is no artificial extension of the border (padding, mirroring)
in our data. Dense stereo is computed using the semi-global
matching algorithm [22]. To compute dense optical flow, we
use the method of [54]. See Table I and Fig. 3 for an overview
of the dataset.

We consider K = 4 view-related clusters Uy, roughly
corresponding to similarity in appearance to front, left, back
and right views of pedestrians. We use the approximated
cluster prior probability, see Sec. IV-D, as cluster membership
weights for training:

28 = wi(x;) = P(Ty]x;) (17)

To compute wg(x;), a set of 10946 shape templates corre-
sponding to clusters Wy is used according to the methods
outlined in Sec. IV-D.

B. Feature Extraction and Classification

Regarding features for our multi-cue classifiers, we choose
histograms of oriented gradients (HOG) [4] and cell-structured
local binary patterns (LBP) with uniformity constraints [39],
[53] out of many possible feature sets, cf. [7], [10], [36].
The motivation for this choice is two-fold: First, HOG and
LBP are complementary in the sense that HOGs are gradient-
based whereas LBPs are texture-based features. HOGs are
sensitive to noisy background edges which often occur in
cluttered backgrounds. LBPs can filter out background noise
using uniformity constraints, see [53]. Second, HOG and LBP
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Pose-level Mixture-of-Experts vs. monolithic classifier. (a) HOG features in intensity modality. (b) LBP features in intensity modality.

features are still among the best performing (and most popular)
feature sets available, cf. [7], [10], [53].

We follow [4] and compute histograms of oriented gradients
with 9 orientation bins and 8 x 8 pixel cells, accumulated to
overlapping 16 x 16 pixel blocks with a spatial shift of 8
pixels. HOG features are computed using the implementation
provided by [4]. To compute cell-structured LBPs, we adopt
the terminology and method of [53] and compute L1-sqrt
normalized LBP§71 features, using 8 x 8 pixel cells and a
maximum number of 0-1 transitions of 2. The resulting feature
dimensionality is 1980 for HOG and 4248 for LBP. Note, that
the same HOG and LBP feature set is extracted from intensity,
dense stereo and dense flow images.

For classification, we employ multi-layer perceptrons
(MLP) with one hidden layer consisting of eight neurons with
sigmoidal transfer functions, trained stochastically using the
online error back-propagation algorithm. We utilize the FANN
library for MLP training [38]. Compared to the popular linear
support vector machines (1inSVM), MLPs provide non-linear
decision boundaries which usually improve performance, see
[36]. The training of non-linear support vector machines was
practically infeasible, given our large datasets.

Expert classifier weights s}f’f , see Egs. (10) and (11), are
computed using the linear SVM approach given in Sec. IV-C,
applied to the training set. We utilize the LIBLINEAR library
for linear SVM training [14]. The actual weights for individual
features and modalities are listed in Table II.

We reiterate, that the proposed framework is independent
from the actual feature set and discriminative models used.
We encourage the scientific community to present results of
other feature-classifier combinations on our multi-cue data.

VI. EXPERIMENTS

Our experiments are designed to evaluate the different levels
of our proposed Mixture-of-Experts framework, see Fig. la,

Intensity | Depth | Motion
HOG 0.27 0.14 0.08
LBP 0.24 0.11 0.16

TABLE II
EXPERT WEIGHTS s;”’f FOR FEATURES AND MODALITIES, ESTIMATED BY
A LINEAR SVM ON THE TRAINING SET.
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Modality-level Mixture-of-Experts. (a)-(b) Individual classification performance of HOG (a) and LBP (b) features in intensity, depth and motion

modality. (c)-(d) Combined classification performance of HOG (c) and LBP (d) features in intensity, depth and motion modality. Note the different scaling

on the x-axis.

both in isolation and in combination, to quantify the contribu-
tion of the individual cues to the overall performance. After
presenting the experimental results for pedestrian classification
in terms of ROC performance, we analyze the correlation of
classifier outputs in different modalities/features to gain further
insight into the observed performance.

A. Pose-Level Mixture-of-Experts

In our first experiment, we evaluate the benefit of
our Mixture-of-Experts architecture on pose-level only. For
that, we compare the proposed pose-specific mixture archi-
tecture to single “monolithic” classifiers trained on the whole
dataset irrespective of view. We do not consider multi-modality
or multi-feature classifiers yet. For this experiment, we utilize
HOG and LBP features separately, operating in the intensity
domain only. Regarding classifiers, we compare linear support
vector machines (1inSVM) to multi-layer perceptrons (MLP).
Note that the monolithic HOG/linSVM approach corresponds
to the method proposed by Dalal & Triggs [4]. Results are
shown in Fig. 4a for HOG and Fig. 4b for LBP features.

Irrespective of the employed feature set, the pose-level
mixture classifiers perform better than the corresponding
monolithic classifiers. The decomposition of the problem into
view-related subparts simplifies the training of the expert
classifiers, since a large part of the observable variation in the
samples is already accounted for. Classification performance
and robustness is increased by a combined decision of the
experts. The performance benefit for the pose-level mixture

classifier is up to a factor of two in reduction of false positives
at the same detection rate. Further, multi-layer perceptrons
outperform linear support vector machines, because of their
non-linearities in decision space. Except for some experiments
in Sec. VI-E, we utilize pose-level Mixture-of-Experts classi-
fication throughout the following experiments.

B. Modality-Level Mixture-of-Experts

In our second experiment, we evaluate the performance of
modality-level classifiers, as presented in Sec. IV-C, compared
to intensity-only classifiers. Pose-level mixtures are also used,
that is, the first two levels of our framework, see Fig. 1a, are
in place in this experiment. Performance is evaluated for both
HOG and LBP features individually. In each feature-space, we
first evaluate all modalities separately and incrementally add
depth and motion to the baseline intensity cue. Results are
shown in Fig. 5a and Fig. 5c for HOG and Fig. 5b and Fig.
5d for LBP features.

The relative performance of classifiers trained on intensity,
depth and motion features only is consistent across the two
different feature spaces, cf. Fig. 5a (HOG) vs. Fig. 5b (LBP).
Classifiers in the intensity modality have the best performance,
by a large margin. In depth and motion modalities, perfor-
mance is similar for both feature sets with depth features
performing better then motion features at higher false positive
rates and worse at lower false positive rates. Note, that these
performance relations are also apparent in the individual expert
classifier weights, see Table II.
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Figs. 5c and 5d show the effect of incrementally adding
depth and motion to the intensity modality. Here, the best
performance is reached, when all modalities are taken into
account. However, the observable performance boosts are
different for HOG compared to LBP features. The HOG
classifier using intensity, depth and motion has approx. a factor
of four less false positives than a comparable HOG classifier
using intensity only, cf. Fig. 5c. From Fig. 5d we observe, that
in case of LBP features, the performance boost resulting from
utilizing all modalities vs. intensity-only is approx. a factor of
twelve in reduction of false positives at equal detection rates.

C. Feature-Level Mixture-of-Experts

Similar to analyzing the effect of modality-level Mixture-of-
Experts , we now evaluate the effect of feature-level Mixture-
of-Experts. To that extent, we combine pose-level Mixture-of-
Experts with feature-level Mixture-of-Experts and evaluate
the performance of the multi-feature approach in all three
modalities, i.e. intensity, depth, motion, individually. Recalling
our framework architecture, see Fig. la, this corresponds to
having levels 1 (pose) and 3 (features) in place. Results are
given in Figs. 6a (intensity), 6b (depth) and 6¢ (motion).

In all modalities, one can observe that combining HOG and
LBP improves performance over using both features individu-
ally. The largest performance boost coming from the feature-
level Mixture-of-Experts exists in the intensity modality. Here,
the combined HOG+LBP classifier has up to a factor of four
less false positives than the HOG classifier, which in turn
outperforms the LBP classifier at higher detection rates. In
depth and motion modalities, the corresponding performance
boosts amount to factors of 2 (motion) and 1.5 (depth) at
equal detection rate levels. Compared to the performance
improvement obtained by combining different modalities, as
shown in Sect. VI-B, the effect of feature-level Mixture-of-
Experts is less pronounced, but still significant.

D. Multi-Level Mixture-of-Experts

We now evaluate the performance of our full multi-
level Mixture-of-Experts framework combining pose-,
modality- and feature-level expert classifiers. As baseline
performance, the monolithic (i.e. no delineation of classifiers
at pose-level) HOG/1inSVM approach of [4], as well the best
performing variants from the previous two experiments are
utilized: modality-level Mixture-of-Experts using LBP/MLP
in intensity, depth and motion, cf. Sect. VI-B, as well as
feature-level Mixture-of-Experts using HOG+LBP Mixture-
of-Experts in intensity domain only, cf. Sect. VI-C.

ROC performance is given in Fig. 7. We observe that
our combined multi-level Mixture-of-Experts approach signifi-
cantly outperforms both variants using either modality-level or
feature-level fusion, as well as the state-of-the-art monolithic
HOG/1inSVM approach [4]. To quantify performance, Table
III lists the false positive rates of all approaches shown in Fig.
7 using a detection rate of 90% as a common reference point.
We further indicate the resulting reduction in false positives,
in comparison to the monolithic HOG/linSVM classifier as
baseline.
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0.15 0.2

If we combine experts on pose-level with experts on feature-
level (HOG/MLP + LBP/MLP, intensity modality) we achieve
a reduction in false positive of more than a factor of 6
over the Dalal & Triggs HOG/linSVM approach. The use
of pose-level and modality-level experts (LBP/MLP, inten-
sity+depth+motion modalities) reduces false positives by more
than a factor of 13 compared to the HOG/linSVM baseline.
Our full multi-level Mixture-of-Experts approach (HOG/MLP
+ LBP/MLP, intensity+depth+motion modalities) further boost
performance up to a reduction in false positives by a factor of
42.

The results clearly show the benefit of our integrated multi-
level architecture. Additionally, we observe that the combi-
nation of different modalities attributes more to the overall
performance, than the use of multiple features within a single
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modality. Given that most recent research has focused on
developing yet another feature to be used in the intensity
domain, multi-cue classification approaches seem to be a
promising direction for future research in the domain of object
classification to boost overall performance.

To gain further insight, we compute the correlation of
classifier outputs (decision values) for the individual modal-
ity/feature expert classifiers, computed for pedestrian and non-
pedestrian samples individually and then averaged over the
two classes, see Table IV. The correlation analysis shows,
that classifier outputs are far less correlated across different
modalities (Table IVa) than across different features (Table
IVb). Here, the less correlated two modalities/features are, the
larger the benefits obtained in classification performance, cf.
Figs. 5 and 6.

E. Classifier Fusion

In our final experiments, we compare our multi-
level Mixture-of-Experts fusion approach to other techniques
for classifier fusion. First, we analyze fusion approaches
involving a combination of different classifiers in other ways
than our Mixture-of-Experts framework. Second, we compare
our approach against a single classifiers using a joint feature
space which consists of all features in all modalities L2-
normalized and concatenated into a single feature vector,
cf. [56]. Given our feature setup as presented in Sect. V-B,
the total dimensionality of the joint feature space is 18684.
For comparison, the performance of the Dalal & Triggs
HOG/1inSVM baseline [4] is also given. Results are shown
in Fig. 8a for the multi-classifier fusion and in Fig. 8b for the
joint space fusion approaches.

The multi-classifier fusion approaches (entitled “Uniform
Sum”, ”Product” and ”Sugeno Fuzzy Integral”) involve in-

FP Rate Factor
HOG/1inSVM - Intensity [Dalal & Triggs] 1.1e-2 1
HOG+LBP/MLP MoE - Intensity 1.7e-3 6.4
LBP/MLP MoE - Int.+Dep.+Mot. 8.2e-4 13.4
HOG+LBP/MLP MoE - Int.+Dep.+Mot. 2.6e-4 42.0

TABLE III
PERFORMANCE OF APPROACHES IN FIG. 7 USING 90% DETECTION RATE
AS A COMMON REFERENCE POINT, SEE TEXT.

dividual classifiers for each feature (HOG and LBP) and
modality (intensity, depth and motion). Altogether, there are
six classifiers to be combined, using the sum and product of
the individual decision values, cf. [26], as well as a fuzzy
integration using Sugeno integrals, cf. [40]. Fuzzy integration
involves treating the individual classifier outputs as a fuzzy
set and aggregating them into a single value using the Sugeno
integral. While those approaches improve performance over
the state-of-the-art Dalal & Triggs HOG/linSVM classifier
[4], our multi-level Mixture-of-Experts classifier has a much
better performance. This clearly shows the benefit of gating on
pose-level, see Eq. (4), and the learned classifier combination
weights in Eq. (12).

In terms of joint space approaches, we train both a multi-
layer perceptron (MLP) and a linear support vector machine
(IinSVM) in the enlarged 18684-dimensional joint feature
space (training a non-linear SVM was not feasible given our
large dataset). While one could expect the MLP to improve
performance over the 1inSVM, due to the non-linear decision
boundary, our results paint a different performance picture.
The MLP classifier is outperformed by the 1linSVM by a
significant margin. We attribute this to the so-called “curse
of dimensionality”, e.g. [8], which relates the number of
free parameters in a classifier (as given by feature space
dimensionality) to the amount of available training samples.
As a rule-of-thumb, the number of training samples should be
a factor of 10 larger than the number of free parameters to be
estimated during training [8]. This rule is severely violated in
case of the MLP in the 18684-dimensional joint feature space
with 149489 free parameters and 84577 training samples.
The linear support vector machine can better cope with the

HOG | LBP HOG / LBP
Intensity / Depth 0.21 0.21 Intensity 0.52
Intensity / Motion | 0.19 0.01 Depth 0.61
Depth / Motion 0.25 0.13 Motion 0.62
(@) (b)
TABLE IV

CORRELATION OF CLASSIFIER OUTPUTS IN (A) DIFFERENT MODALITIES
AND (B) DIFFERENT FEATURES.
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higher dimensionality given its maximum-margin constraint
at the core which is less susceptible to overfitting effects
in high-dimensional spaces. Still, our multi-level Mixture-of-
Experts framework using MLPs as expert classifiers outper-
forms the joint space 1linSVM. We can afford to use more
complex sub-classifiers in our model, since each MLP is
an expert in a lower-dimensional modality/feature subspace,
weighted by the contribution of the shape cues.

VII. DISCUSSION

We obtained a significant boost in pedestrian classification
performance from the use of multiple modalities and features
in a Mixture-of-Experts setting. Our experiments show that
the largest performance gain stems from the combination of
intensity features with depth and motion features. We expect
the use of additional modalities, e.g. far-infrared (FIR) [31],
to further increase performance. Multi-modality classifiers
particularly outperform multi-feature classifiers in a single
modality. Yet, modalities and features are orthogonal, so that a
combined multi-modality / multi-feature approach can further
boost performance.

In this work, we did not heavily optimize the feature sets
with regard to the different modalities. Instead, we transferred
general knowledge and experience from the behavior of fea-
tures and classifiers in the intensity domain to the depth and
motion domains. At this point, it is not clear, if (and how)
additional modification and adaptation of the feature sets to
the different characteristics found in depth and motion data,
cf. Sec. IV-A, can further improve performance. While the
HOG/MLP classifier outperforms the LBP/MLP classifier in
all modalities in our experiments, this may not be generally
true, cf. [43], where the relative order of feature/classifier
performance reverses with respect to intensity and depth.

Orthogonal to the improvements presented in this paper
are benefits resulting from an increased training set, cf. [10],
[36]. In the intensity domain, feature-classifier combinations
respond differently to an increased training set (in both size
and dimensionality), e.g. in terms of classifier complexity, dis-
criminative power, practical feasibility and saturation effects,
cf. [10], [36]. It is currently unknown, to what extent similar
(or different) effects are present for features and classifiers in
other modalities.

Joint Space Fusion Techniques
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Recent work analyzed the dependence of classification
performance and pedestrian image size (as a proxy for distance
to the camera) in the intensity domain [7]. Results show
significant relative performance differences of the evaluated
classifiers across multiple scales. Similar effects may also
be found in depth and motion features, particularly since
depth and motion measurements tend to get noisy at larger
distances to the camera. In case of stereo vision, the range of
measurements is further limited by the camera setup.

Certainly, more research is necessary to fully explore the
benefits of multi-modality / multi-feature classification. For
that purpose, we provide our multi-cue dataset not only as a
means for benchmarking but also to stimulate further research
on the issues mentioned above.

VIII. CONCLUSION

This paper presented a probabilistic multi-level Mixture-
of-Experts framework involving a view-related and sample-
dependent combination of multi-cue / multi-feature pedestrian
classifiers. We use highly complementary Chamfer distance,
HOG and LBP features that are extracted from intensity,
dense depth and dense flow data. The pose-specific Mixture-
of-Experts formulation, which divides the complex pedestrian
classification problem into better manageable sub-problems,
is feature- and classifier-independent, practically feasible and
does not suffer from overfitting effects in high-dimensional
spaces.

Results show a significant performance boost of up to a
factor of 42 in reduction of false positives at constant detection
rates over a state-of-the-art intensity-only classifier using HOG
features and linear SVM classification. The observed perfor-
mance improvements stem both from the fuzzy sub-division
of our data in terms of pose and the combination of multiple
features and modalities. In our experiments, we identified the
use of multiple modalities as the most benefiting factor which
is confirmed by a correlation analysis. We make our multi-cue
dataset publicly available for benchmarking purposes and to
stimulate further research to address open issues with regard
to multi-cue / multi-feature classification.
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