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Abstract— Both the appearance based place and object recog-
nition is heavily influenced by the weather conditions. This
is valid for data acquired with 3D sensors such as stereo
cameras or time-of-flight sensors. Both sensors are affected by
the changes of the scene lightning conditions as well as the other
weather factors such as rain or snow. The real benefits-pitfalls of
the object classification algorithms can be evaluated on thedata
recorded in different illumination or weather conditions. The
focus on this paper is on the benchmarking of the different 3D
feature-descriptors in a object recognition pipeline in order to
highlight advantages of currently implemented algorithms. The
datasets were recorded in various weather conditions including
cloudy daytime, night time with moonlight illumination, ni gh
time with snow and daytime with sun. These objects were
captured with simultaneously from a similar viewpoint with
a stereo camera and a time-of flight sensor.

I. INTRODUCTION

The 3D visual perception in an autonomous robotics
application is a crucial in order to acquire real-time dense
enough information from the environment. A key component
of the perception is the scene understanding and the object
recognition which servers as the basis for several mapping
and navigation algorithms [1]. The use of 3D perception
sensors in the mobile robotics application became popular
during the last few years mainly due to the affordable camera
solutions. According to this idea the focus on the object
recognition based on feature descriptors got into the focus
[2], [3], [4], [5].

While in the 2D perception the problem of robustness
and invariance to the weather changes is already tackled
in several papers including [6], [7], [8], [9], in the 3D
perception field only a limited number of publications tackle
similar problems focusing mainly on indoor data [10]. Simi-
lar concepts to the 2D perception such as the popular bag-of-
words approach [1] is applied for RGB-D data in the work
of [11] and the popular SIFT [12] keypoint counterparts for
RGB-D data is available the challenging problems due to the
variations in the scene illumination or weather conditionsare
not generally solved. Further more, the different sensors react
in a different way to the changing weather conditions, as this
is shown in Figure 1. This example contains the same box
shaped object captured with stereo camera and mesa time
of flight (ToF) camera in sunny and moonlight illumination
conditions. These differences are due to the way that the

*This work was supported by Sciex-NMS project nr. 12.239
1 Technical University of Cluj-Napoca, Robotics Re-

search Group, Dorobantilor st. 71-73, 400609, RO;
Levente.Tamas@aut.utcluj.ro

2 Bern University of Applied Sciences, Institute for Human Cen-
tered Engineering, roboticsLab, Quellgasse 21, Biel/Bienne, CH-2502;
bjoern.jensen@bfh.ch

physical signals are received with the two sensors: while the
strong lighting is an important disturbance factor for the ToF
sensor, this is essential for the good quality stereo images.
These differences are also valid in case of extreme weather
conditions such as the night-snow or day-rain conditions
tested during the data acquisition phase.

In this paper we propose a thoughtful analyses for the
already implemented feature descriptors in the PCL [13]
library available with a BSD type license for different RGB-
D and XYZ-I data recorded in different weather conditions
for object recognition purposes [14], [15], [16]. This analyze
is focused on the data acquired with a Swiss Ranger 4000
(SR4K) time-of-flight camera and a Bumblebee2 (BB2)
stereo camera for outdoor objects with size ranging from
0.5m−3m and 1m−5m in depth. For performance metrics
the receiver operating characteristic (ROC) [17] curve is
considered based on the true positives and false positives
during the recognition tests.

In the first part of the paper we present the data prepro-
cessing as well as object recognition pipeline. The object
recognition test-bench proposed in this paper contains two
phases: an off-line training for extracting and storing the
characteristics of the object, and an on-line testing in which
the extracted features of an object is searched within the
database constructed in the previous phase. In the next sec-
tion the descriptors considered during the analyses phase are
shortly described. The robustness test results are summarized
in the section IV. Finally, the paper is concluded with the
overall test results performed on different recorded datasets.

(a) Stereo camera image (b) Mesa ToF image

Fig. 1: Test object observed with stereo camera (a) and ToF
camera (b) at daytime and night time(best viewed in color)



II. OBJECT RECOGNITION PIPELINE

In this section the data acquisition and preprocessing steps
are presented including the raw data filtering and the object
segmentation are necessary as a preliminary step for the
object recognition pipeline. Then the details regarding the
object recognition based on various types of feature de-
scriptors are presented as well as two different classification
algorithms.

A. Object filtering

The first step of the object recognition pipeline was the
filtering of the raw data. The main role of this step was to
reduce the outliers with a statistical filtering and to get a
compact representation of the data with a voxel-grid type
filter. Also a pass-through filter was considered in order to
cancel out the false readings from the SRK4 sensor which
are often present like far shadows for the objects and the
elimination of the points from the BB2 outside the disparity
range. All these filters are part of the PCL library and were
used with standard setups.

In our benchmarks the tuned parameters for the filters were
as follows: for the voxel grid we considered a grid size of
0.01m, which is close to the actual resolution of the sensor,
while for the statistical outliers we considered 50 points and
with the standard deviation threshold of 0.8.

B. Object segmentation

In the next step of the data preprocessing the major planes
are segmented out in order to get the objects from the
scene. This is an important step in order to end up with
the data containing only the objects from a scenario. In
order to achieve this, planar models are fitted to the acquired
data, and the largest horizontal ground planes up to a tuned
percentage are removed. The plane fitting is performed in a
standard sampling consensus (SAC) approach, and for the
plane removal parameter we set to 30 percentage of the
original data.

C. Object recognition with support vector machines

Another alternative for the object feature descriptor classi-
fication is the support vector machines (SVM) introduced in
[18] with the basic intuition of using hyperplanes to separate
the training data in different sets. The general problem
formulation makes use of a set of instance-pair labels denoted
with (xi ,yi) with i = 1, . . . , l wherexi ∈ Rn andy ∈ {1,−1}l

used to solve the following optimization problem:

min
w,b,ξ

1
2

wTw+C
l

∑
i=1

ξi (1)

subject to the constrainsyi
(

wTφ(xi)+b
)

≥ 1− ξi . The
functionφ maps the training vectorx to a higher dimensional
space, while theC is an error penalty parameter,w is the
normal of the vector to the separating hyperplane andξ
expresses the degree of misclassified points. Further more,
for the φ function the kernelK(xi ,x j) ≡ φ(xi)

T φ(x j) is
defined, for which several implementation variants exist. In

(a) (b)

Fig. 2: Test same object capture with stereo camera (a) and
time-of-flight camera (b). The objects(in top-down order):
box, cylinder, hydrant, stick, table, trunk, car, trash-bin (best
viewed in color)



our approach we used the radial basis function defined as
K(xi ,x j) = exp(−γ‖xi − x j‖2) with the tuning parameterγ.
Thus, in total two tuning parameters had to be chosen for
the implementation:C andγ [19].

This tuning we performed in the training phase using a
adaptive grid search technique, i.e. a course grid for the
potential optimal value search and a fine grid around this
point for further refinement. Before preforming the parameter
selection is essential to scale the input data in a common
scale in order to get good classification results. Further on,
in the prediction phase, the same range scaling has to be
done in order to match the train and test feature descriptor
data scale. A typical output for the feature data training using
the grid search approach is presented in Figure 3 with the
logarithmic scale representation for the parametersC andγ.

Fig. 3: A typical output of the grid based search space for
the parametersC andγ

III. 3D FEATURE DESCRIPTORS

In this section we present briefly the 3D feature descriptors
considered for the object recognition pipeline. The depth
feature descriptors as well as the image descriptors are
compact representation of data. Beside the fact that the data
is represented in a compact form, the features tend to contain
rich information extracted from the data. Another impor-
tant general characteristics is the invariance with respect
to certain transformations and disturbances. This invariance
is essential in order to use them as discriminators in a
recognition type applications.

Two main categories of descriptors are distinguished based
on the range of data on which are computed: local and
global ones [20]. Global descriptors are meant to be used
to describe a larger set of data containing objects of interest,
and they capture the geometric properties of these objects.
Local descriptors in contrast are usually computed on a
small subset of representative data (keypoints) for already
segmented scenes, and are capturing properties around these
keypoints.

A. Rotation invariant feature transform

The rotation invariant feature transform (RIFT) can be
applied to 3D data containing intensity information too.
Originally it was proposed in the work of [21] as an extension
to the SIFT image descriptors [22]. The algorithm iterates
over each pointPi in the input point cloud and and within a
sphere of radiusr all the points are considered to belong
to a subsetPik. An imaginary circle with 4 bins (rings)
are considered perpendicular to the normal at the pointPi.
All neighbors of the selected point are assigned to a ring
based on the relative distance based on gradient histogram
computed with 8 bins using a thresholding. Thus a total
number of 32 histograms are computed with this technique,
which describe circular features of a pointPi .

B. Intensity Gradient Estimator

The intensity gradient estimator (IGE) uses as input depth
data with intensity information. In the first step the normals
of the 3D points are computed, and for each point the
analytical intensity gradient is computed along the surface
direction of the considered region. This technique is similar
to the 2D image intensity computation [23]. In the final step
the computed gradient is projected onto the surface, and
the output of the estimator is the projection gradient vector
containing the intensity information computed for each input
point.

C. Intensity Spin Estimator

This type of descriptor is based on the work of [21], how-
ever the idea of using intensity information as a descriptor
was already present in the earlier work [24]. In contrast to
the IGE type of descriptor in this case there is no need
for explicit normal pre-computation at the input point cloud,
which gives a considerable speed-up for this algorithm. As
tuning parameters the point distance and intensity distance
bins can be set, having the same meaning as in the case of
the RIFT descriptor.

D. Spin Image Estimator

The original idea for the spin image (SI) estimation is
presented in the work [25] and can be applied to depth data
with pre-computed normals. The algorithm computes two
types of distances: the distance of the normals computed at a
point and the source normaln and the between the from the
considered point alongn. The distances larger than a tuning
threshold are rejected. From the remaining distance pairs a
histogram is built, which represents the occurrence of the
discrete distance pairs.

E. Point Feature Histogram

The local point feature histogram (PHF) [26] descriptor
extends the original surflet-pair relation histograms suggested
in the work of [27]. The input for this feature descriptor is
a pointcloud with normals. In the first step for each pointPi

the neighbors within a search radius are computed, denoted
with setsPik. Within these sets point pairs are considered
denoted withPs andPt with the meaning source and target.



For these pairs, the difference of normals are computed and,
described with 3 angles around the axis and a distance. As
the distance if varying with viewpoint, this can be left out.
Finally, these angles are considered to be sorted in the 125
binned histogram, which is the output of the algorithm for
each point.

F. Fast Point Feature Histogram

The fast point feature histogram (FPFH) [28] is an exten-
sion of the PFH yielding to computationally less expensive
variant of the PFH. The major difference between PFH and
FPFH is that while in the case of PFH all pairs of points
are considered in the subsetsPik, in this case only the point
pairs betweenPi and the rest of the point withinPik are
considered. Thus the computation cost drops fromO(nk2) to
O(nk). The three angles in this case are binned into a 11 bin
histogram, the total length of the obtained histogram is 33
for each point.

G. Viewpoint Feature Histogram

The global viewpoint feature histogram (VFH) [29] de-
scribes the pointcloudP as containing two components: a
component representing the viewpoint of the scene and one
containing the FPFH features. In this case the FPFH features
are binned into a 45 bin histogram, and the distance between
the points is also taken into account, thus a total number of 4
extended FPFH features are stored. The additional view point
feature is computed by taking the centroid of the pointcloud
denoted withPc and computing the FPFH for each neighbors.
The later histogram is represented using 128 bins, thus the
total number of bins for a pointcloud is 308 for this descriptor
for the entire pointcloud.

H. Clustered Viewpoint Feature Histogram

The clustered viewpoint feature histogram (CVFH) [30]
is an extension of the VFH in order to handle occlusion
or other types of sensor noise. This is mainly important
for the VFH, as in case of an occluded view of the same
object the histogram of the descriptor varies considerably.
The basic idea of the CVFH is the construction of stable
regions (clusters)Swhich step is done by computing compact
regions using the region growing approach with thresholding
on the normal values. Once theseSregions are computed, the
VFH for each of them is determined, and an additional shape
distribution (SD) is computed asSD= (c−pi)

2

sup(c−p2
i )

, wherec is

the centroid of the cluster S and thepi represents the points
from this region. This component is also stored in a binned
histogram, the total number of descriptor histogram bins for
a single point being equal to 308.

I. Ensemble of Shape Functions

The ensemble of shape functions (ESF) type descriptor
was proposed in the work [31] which is based on the A3,
D2, D3 shape descriptor functions [32] and extends the D2
type description presented in [33].

The algorithm starts with selecting a subset of 20000
points from the pointcloud, and samples three random points

from this Pa, Pb, Pc. The D2 distance is based on the metric
distance between the pointsPa and Pb. In the next step is
verified weather the line connecting the two points are on
the surface (in), or out the surface (out) or both (mixed).
The corresponding bin for the D2 distance is incremented
at the the computed bin. This procedure is repeated for the
remaining two point-pairs.

Another histogram, D2 ratio, captures the ratio between
the parts of lines lying on the surface and outside the surface.
The D3 histogram incorporates the area information for the
triangle defined by the three randomly chosen points. The
last histogram, A3 contains the angle information for the
three points and categorized as in case of D2 into in, out
and mixed categories based on the way that they are in space
with respect to the surface.

Finally, at the end of each loop the global descriptor with
10 sub-histograms containing 64 bin each are added together,
and the total of 640 bins are returned for the pointcloud.

J. Radius-based Surface Descriptor

The Radius-based Surface Descriptor (RSD) [34] has as
input an oriented pointcloud, i.e. with normals and describes
the local geometry of a point with respect to its neighbors in
terms of radii. Each point pair is supposed to lie on a sphere,
and the distance of the pointsd and the angle between the
normals at the two points has the relation:

d(α) =
√

2r ·
√

1− cos(α)≈ rα + rα3/24+O(α5) (2)

The equation holds forα ∈ (0,π/2), while for an accurate
estimation of the radii a linear regression is applied on the
extremas of the(α, r) pairs. Also an intuitive geometric
interpretation of the obtained radii makes it usable for surface
categorization, i.e. the large radii denotes planar surfaces,
while small radii is for cylindric objects. For the recognition
test we used the radii as histograms computed for individual
objects.

IV. OBJECT RECOGNITION BENCHMARKS

This section covers the object recognition benchmarking
description as well as the results of the different classifi-
cation benchmarks. During the training-test phase different
combinations of recorded data were tested, i.e. training with
data recorded daytime and testing against data captured at
night or night with snow. The tuning parameters for the
feature descriptors were chosen in such a way to be the
most discriminative to the size of the objects considered as
test objects in Figure 2. In order to apply the same type of
feature descriptors for the color depth data from the stereo
camera, this was transformed into depth-intensity data.

The output of the object classifier described in section II
were benchmarked using a quantitative comparison theACd

metric was used defined as [17]:

ACd = 1−
√

W · (1−TP)2− (1−W) ·FP2 (3)

where TP and FP denote the true positives respectively
the false positives andW is a weighting factor giving an



Descr. Svd. Srns. Srn Srd

VFH 0.55 0.63 0.78 0.44
CVFH 0.61 0.61 0.69 0.51
PFH 0.62 0.56 0.71 0.37
FPFH 0.41 0.46 0.50 0.39
RSD 0.73 0.52 0.77 0.42
RIFT 0.59 0.54 0.69 0.33
SI 0.78 0.64 0.83 0.59
ISE 0.77 0.59 0.83 0.48
IGE 0.64 0.57 0.80 0.42
ESF 0.63 0.65 0.79 0.49

TABLE I: SVM classification summary for different feature-
descriptor using stereo vision (Sv) data and Swiss ranger (Sr)
camera at daytime (d), night (n) and night-snow (ns)

application specific weighting toTP in favor of FP. The
over-season data matching results are shown in Table I: the
data recorded with stereo camera (Sc) and Swiss ranger (Sr)
at cloudy daytime as training data and compared against
sunny daytime (d) recordings, night (n) time data and night
time with snow (ns) fall. The night time images were only
partially visible with the stereo camera due to the lighting
limitations, thus the output for these test cases are with
limited performance.

The best results in average was achieved with the SI type
of feature descriptor and the most discriminative training-
test data set pair was obtained with the ToF camera on night
time data. The output for the SI type of feature descriptor
is summarized in a confusion matrix form using the same
daytime both at the training and testing phase for the SR
camera.

TABLE II: Rounded confusion matrix for the test objects
shown in Figure 2 using SVM and SI feature descriptors

box cyl. hyd. sti. tab. tru. car. t-b.
box 0.3 0.0 0.0 0.1 0.1 0.2 0.1 0.2
cyl. 0.0 0.5 0.0 0.0 0.0 0.1 0.4 0.0
hyd. 0.0 0.1 0.6 0.0 0.0 0.2 0.0 0.0
sti. 0.0 0.0 0.1 0.8 0.0 0.1 0.0 0.0
tab. 0.0 0.1 0.0 0.0 0.5 0.3 0.0 0.2
tru. 0.0 0.0 0.0 0.3 0.1 0.6 0.0 0.0
car. 0.0 0.0 0.1 0.0 0.1 0.3 0.5 0.0
t-b. 0.1 0.1 0.1 0.1 0.0 0.0 0.0 0.6

The next evaluation of the SVM classifier shows the per-
formance in terms of the ROC curve of the two cameras for
the best case scenario: the same period of day is considered
both for the training and test phases, and the daytime is
chosen for the stereo camera (results in Figure 6) and night-
daytime time for the SR sensor (results in Figure 4, 5). The
points on the curve represent the classifier output for the
objects. While the range of the considered objects varies in
a large range, the output for the different object classes also
suffers from these variations.

As it can be seen on these figures the data from SV and
ToF cameras have different discriminative characteristics,
and also the best results according to these figure is achieved
with the ToF camera during night-time.
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Fig. 4: Feature descriptor test results for the night-night
training-testing dataset with ToF camera (best viewed in
color)
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Fig. 5: Feature descriptor test results for the daytime-daytime
training-testing dataset with ToF camera (best viewed in
color)
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Fig. 6: Feature descriptor test results for the daytime-daytime
training-testing dataset with stereo camera (best viewed in
color)



V. CONCLUSIONS

In this paper the robustness of various 3D feature descrip-
tors was analyzed for outdoor data under different weather
conditions. The main scope of the analyses were to give
a quantitative and qualitative evaluation based on the test
dataset of the different feature descriptors for data acquired
with stereo camera and time-of-flight sensor under differ-
ent weather conditions including daytime, snow, nighttime
and cloudy weather. The results were summarized for the
different approaches using the ROC curves as well as the
confusion matrix for the test objects.

In future the fusion of the output from different 2D-3D
classifiers is proposed to be considered in an unsupervised
learning framework in order to enhance the classification
rate for the 3D outdoor classification under various weather
conditions.
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