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Abstract. In this paper we present a framework for semantic scene
parsing and object recognition based on dense depth maps. Five view-
independent 3D features that vary with object class are extracted from
dense depth maps at a superpixel level for training a classifier using ran-
domized decision forest technique. Our formulation integrates multiple
features in a Markov Random Field (MRF) framework to segment and
recognize different object classes in query street scene images. We evalu-
ate our method both quantitatively and qualitatively on the challenging
Cambridge-driving Labeled Video Database (CamVid). The result shows
that only using dense depth information, we can achieve overall better
accurate segmentation and recognition than that from sparse 3D features
or appearance, or even the combination of sparse 3D features and appear-
ance, advancing state-of-the-art performance. Furthermore, by aligning
3D dense depth based features into a unified coordinate frame, our algo-
rithm can handle the special case of view changes between training and
testing scenarios. Preliminary evaluation in cross training and testing
shows promising results.

1 Introduction

Scene parsing, which refers to the process of simultaneously classifying and seg-
menting objects in an image, is one of the fundamental problems of computer
vision. A successful scene parsing system is of great benefit to a variety of vision
applications, such as object recognition, automatic driver assistance and 3D ur-
ban modeling. In this work, we focus on semantic segmentation of urban scenes
from a monocular video sequence filmed at street level and propose an effective
algorithm to address this particular problem. The most distinct feature that dif-
ferentiates our approach from existing solutions lies in the use of dense depth
maps recovered via multi-view stereo matching techniques as cues to achieve
accurate scene parsing.

While the task of segmentation traditionally relies on color information alone,
using depth information has some obvious advantages. Firstly it is invariant to
lighting and/or texture variation; secondly it is invariant to camera pose and
perspective change. Therefore using depth can potentially enable successful seg-
mentation independent of illumination or view, significantly expanding the range
of operation conditions. Recently, advances in structure from motion (SFM) tech-
niques make it easier to obtain depth ques from video sequences. As a result there
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is notable progress in performing semantic segmentation using 3D cues. A pio-
neer work in using depth for urban scene segmentation is [9], in which the authors
demonstrated that semantic segmentation is possible based solely on sparse 3D
point clouds obtained from structure from motion techniques. Given the success
of [9], a natural question raised is whether dense 3D information can perform
equally well, or, even better on this challenging task. Our experiments indicate
that this is true for street scene segmentation and recognition.

1.1 Related Work

Recently, many efforts have been made to achieve accurate semantic segmenta-
tion and classification. Traditional approaches employ 2D appearance informa-
tion, such as color, texture, shape [10,3,12] and have achieved impressive results.
However, a drawback of appearance based features is that they may change
dramatically under different imaging conditions. For example, in day time and
night, summer and winter, a scene may have different appearances. With recent
advances in 3D imaging, 3D structure information has been exploited for seman-
tic segmentation and recognition [9,11]. Specifically, when the input is a video
sequence rather than a still image, the available motion based cues contain a
large amount of information that can be used for segmentation and recognition.
They are invariant to appearance changes. In [3], Liu et al. proposed a novel
nonparametric approach for scene parsing using dense scene alignment. Their
method is based on the alignment of testing image and its best matching image
in the database by SIFT flow. However their formulation requires a large amount
of training data of around 2700 fully annotated images [2].

The approaches most related to ours are [9] and [11]. Our method is inspired
by the work of [9] with the following distinctions: First, we propose to use dense
(per-pixel) depth map information for street scene segmentation, while in [9]
they proposed to utilize sparse structure from motion point clouds; and in [11]
they combined structure from motion and appearance descriptors together. Sec-
ond, although both of the two previous approaches have achieved impressive
results, some of the features, such as height above camera, is defined as the rel-
ative height between object and camera, therefore dependent on camera pose.
Note there are two types of common camera configuration: front-view camera
(as used in [9]) and side-view camera (as used in [11]). Training using one of
the datasets and testing on the other is likely to lead to fail in both approaches.
In our approach, because we only use per-pixel depth information without any
dependence on camera pose or appearance, our segmentation algorithm can be
easily formulated in a view-independent fashion. Applying our approach we can
get satisfactory segmentation results from a video sequence using training data
captured under a different configuration from testing data. Finally, while it is
shown in [9] that motion-derived information leads to results comparable to
existing state-of-the-art appearance based techniques, we demonstrate in this
paper that semantic segmentation using only dense depth information outper-
forms both sparse structure from motion based method and appearance based
method, or even the combination of sparse depth with appearance.
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Fig. 1. Overview of our framework

1.2 Overview and Contributions

Figure 1 shows an overview of our scene parsing pipeline. The proposed al-
gorithm starts from generating dense depth maps by plane swiping method.
An over-segmentation is applied to video sequences and 3D information is ob-
tained using dense depth maps. Five discriminative 3D features are extracted
from dense depth maps and combined together to build a randomized decision
forest classifier to obtain accurate semantic scene segmentation. The primary
contribution is that we demonstrate a scene parsing algorithm that uses only
dense 3D depth information to outperform the combination of sparse 3D fea-
tures and appearance. Moreover, we demonstrate that by transferring those 3D
features to a common coordinate system that is independent on camera pose,
view-independent semantic scene segmentation can be achieved. Training in one
type of camera view and application in a changed camera view is now possible.

In summary, our dense depth based segmentation algorithm lends itself well for
real-world applications in which the viewpoints, lightings and object textures are
likely to be significantly different from those captured in the training database.

2 Depth Maps Recovery

Stereo reconstruction of dense depth maps from a video sequence has long been a
research topic in computer vision. Recently, there have been great advances that
are based on high-quality stereo matching algorithms and effective 3D modeling
pipelines [19,15]. As depth recovery is not the primary focus of this work, we
simply modify existing techniques to compute the scene depth information from
video.

Given an input video sequence {It} captured at street level, we first employ
the SFM software released by Zhang et.al. [20] to estimate camera parameters.
Then, our stereo matching module takes as input camera poses and the corre-
sponding frames from the video and produces a dense depth map Dt for each
frame. The stereo matching pipeline used in our paper consists of a depth ini-
tialization step followed by a depth refinement process.

For depth initialization, we model stereo matching as an energy minimization
problem. The global energy function contains three terms, i.e., a data term, a
smoothness term and a segmentation term. The data term measures how well
the depth map agrees with the input images under the color consistency as-
sumption. In this paper, we use the standard plane-sweep approach as described
in [4,17] to compute data costs. In our implementation, the plane-sweep stereo
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is solved on 17 consecutive images where the middle one is the reference view.
The smoothness term incorporates the assumption that the scene is piecewise
smooth and penalizes assigning different depth values to neighboring pixels. We
use the truncated linear model [6] to define our smoothness cost. In order to
better handle textureless areas, we incorporate the segmentation information
into our MRF stereo framework as a soft constraint. We first segment each ref-
erence frame using mean-shift algorithm [5]. Each color segment is treated as a
nonfronto-parallel plane in 3D and a robust plane fitting method [7] is applied to
estimate the plane parameters. Similar to [16], the segmentation term is modeled
to penalize depth assignment that departs from that given by the pixel’s corre-
sponding plane parameter. For each frame It, we use belief propagation (BP) [6]
to estimate an initial depth map ˜Dt by minimizing our energy function.

In depth initialization step, we compute the disparity map ˜Dt for each frame
without considering the temporal consistency among depth maps. To address
this issue, during the depth refinement step a multi-view fusion algorithm [13] is
applied to refine the depth maps returned by BP. Depth maps after refinement
are smooth both spatially and temporally and contain less visual artifacts.

3 Semantic Segmentation from Dense Depth Maps

After recovering dense depth maps from videos, our algorithm starts by over-
segment each image into homogeneous pixel clusters, i.e. superpixels, then extract
feature vectors. These vectors are used for training and classifications. Raw clas-
sified outputs are combined via a pairwise Markov Random Field (MRF) for
final segmentation. Details are presented below.

3.1 Image Over-Segmentation

Over-segmentation of image into superpixels is a common preprocessing step
for image parsing algorithms. We choose to use over-segmentation as one of the
preprocessing steps in semantic segmentation due to the following reasons: First,
each superpixel in 2D images can be approximately viewed as a patch in 3D.
Some features we employed in this work can be well defined over a patch, e.g.,
surface normal, surface planarity etc. Second, over-segmentation can increase
the chances that the boundaries of different object classes are extracted. In this
regard, pixel-wise classification may result in less consistent boundaries. Finally,
using over-segmentation can reduce the computational complexity of the system,
since by counting each superpixel as one sample, the number of total samples
are largely reduced as compared to pixel-wise training and testing.

We applied a geometric-flow based algorithm named “TurboPixels” [1] to
achieve dense image over-segmentation. This recent technique can produce su-
perpixels with uniform size and shape, maintain connectivity and compactness,
and preserve original image edges. The choice for superpixel size is a key issue.
On one hand, using large superpixels may bring in the risk of a superpixel span-
ning across multiple semantic objects. On the other hand, a small superpixel
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(a) color image (b) depth map (c) superpixel (d)surface normal

(e) local (f) global (g) height above (h) distance to
planarity planarity ground camera path

Fig. 2. Visualization of different steps and features in our algorithm

may contain insufficient points to precisely define a good feature. In our experi-
ment, we set the initial number of superpixel as 6800 for image of size 960×720,
roughly 100 pixels per superpixel.

3.2 Features from Dense Depth Map

For each superpixel, we extract five features in 3D space to train our classifier.
These features are computed based on the 3D points within each superpixel.
All five features are invariant of appearance changes. The five features are sur-
face normal, height above ground, surface local planarity, surface neighboring
planarity, and distance to camera path, which are denoted as F i

n, F
i
h, F

i
l , F

i
g, F

i
d

for each superpixel i. Brostow et.al. [9] defined some similar features based on
sparse 3D points and projected the features from 3D point clouds to 2D image
plane. The way we compute our 3D features is different from theirs, and dense
depth maps allow us to estimate these features in a more principled way.

Surface normal (F i
n): We compute surface normal F i

n of a 3D patch by fitting
a least square plane to the set of 3D points within a superpixel. Similar method
has been used in [11].

Height above ground (F i
h): An object’s height information is normally fixed

and invariant to change of driving direction, thus can be used as a good feature
for classification. [9] used height above camera center as one of the structure
features. However, this feature is not invariant to the car on which the camera
is mounted, or, large camera position changes. We instead use height above
ground as our feature. Our algorithm requires a process to estimate ground
plane parameters from depth map. In our implementation we use an iterative
RANSAC method to estimate ground plane. At the beginning only 3D points
whose normal are close to the up direction in camera coordinate system are
used as samples. To avoid including points from sidewalk into plane fitiing, after
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each RANSAC procedure we decrease the error threshold Th used by RANSAC
by half and use inliers from previous iteration to fit a new plane. Here Th is
simply a value that controls the point to plane distance. RANSAC will treat
a point as an inlier if the distance from the point to plane is smaller than Th.
After a few iterations (6-8 in our implementation) the algorithm terminates and
the final plane parameters are treated as ground plane parameters. We find this
method works fairly well for our data, where nearly half of the pixels in images
are dominated by ground scene. For a superpixel i, height above ground F i

h is
computed as the average distance to ground within the corresponding 3D patch.

Surface local and neighboring planarities: We in work define two types
of surface planarity. One is the local planarity of a 3D patch (F i

l ), which cor-
responds to a superpixel in the image. The other is the neighboring planarity
(F i

g), that is, measuring the variance of a 3D patch orientation with respect
to its neighboring patches. The local planarity is computed by using RANSAC
based least square plane fitting and calculating the sum of square distances
from points to the plane. The neighboring planarity is defined as the average
difference of a 3D patch’s surface normal with respect to its neighbors’ surface
normals. These features are useful for splitting planar and non planar objects,
for example, building facades and plants.

Distance to camera path(F i
d): Inspired by [9], we can take advantage of

the distance to camera path to separate objects which are horizontally dis-
tanced from the camera. We compute the minimum distance from the centroid
of the 3D patch to the camera path. The camera path is estimated by fitting a
quadratic curve to the camera trajectory. This approach is more accurate and ro-
bust for computing objects’ distances to camera path, and works well on various
scenarios.

3.3 Randomized Decision Forest

Randomized decision forest is a well-known machine learning technique that
has been employed in many computer vision tasks [14]. We use this technique
to train our classifier based on features derived from the depth maps. In our
implementation, we choose the proportion of training data used at each split node
to be 0.66. A total number of 80 random decision trees are built for training.
We experimentally find these parameters work well for achieving satisfactory
recognition rate. We also apply the idea in [10] to balance the number of classes
used for training, thus achieve a better class average performance.

3.4 Graph-Cut Based Optimization

We construct a pairwise Markov Random Field (MRF) for each image I by
building a graph G = 〈V,E〉 , where each node vi ∈ V in the graph represents a
superpixel and each edge eij ∈ E denotes the neighboring relationship between
superpixels. The labeling problem is equal to assign a label li ∈ L to each node



714 C. Zhang, L. Wang, and R. Yang

vi ∈ V . The optimal assignment Lassign can be achieved by minimizing the
energy:

E(Lassign) =
∑

vi∈V

ψi(li) + λ
∑

eij∈E

φij(li, lj) (1)

Data term ψi(li) and smoothness term φij(li, lj) are defined in the following
paragraphs. They are computed from the feature responses and the random-
ized decision forest based classifier. After the costs are computed, a graph-cut
optimization [18] is applied to obtain the global optimal labeling configuration.

Data term. The feature responses F i
n, F

i
h, F

i
l , F

i
g , F

i
d of each superpixel i are

collected and applied rank normalization before passed to randomized decision
forest for training. Specifically, given the samples for a feature F for all the
superpixels as F 1, F 2, ..., Fn, where n is the number of superpixels, we first find
the low-to-high order statistics F (1), F (2), ..., F (n) and then replace each image’s
feature value by its corresponding normalized rank, as:

˜F i =
rank(xi) − 1

n− 1
(2)

where F i is the feature value for the i’th sample. The procedure uniformly maps
all the features to the range of [0, 1]. When there are multiple samples with
the same feature value, they are assigned the average rank of that value. We
applied this data processing approach based on the fact that there are some
scale factors between the features’ measurements of different scenes. In addition,
normalized rank is effective to compensate some inaccuracies induced by depth
map generation and 3D features computation. After rank normalization, the
feature responses of each superpixel are passed to randomized decision forest
with corresponding ground-truth labels to build the classifier. When testing,
the feature responses of each testing sample are passed to the classifier and a
posterior probability distribution Pi(li|F i

n, F
i
h, F

i
l , F

i
g, F

i
d) which represents the

probabilities the testing sample belongs to each category li ∈ L is returned. We
define the data term in MRF as :

ψi(li) = −logPi(li|F i
n, F

i
h, F

i
l , F

i
g, F

i
d) (3)

Smoothness term. For a superpixel vi and each of its neighbor superpixel vj ,
the smoothness cost is defined as:

ψij(li, lj) = [li �= lj ] · 1
δ‖ci − cj‖2 + 1

(4)

where ‖ci − cj‖2 is the L2-Norm of RGB color difference between neighbor su-
perpixels. The penalty is inversely proportional to the color difference between
neighbor superpixels. The more similar the colors of two neighbor superpixels
are, the less likely they belong to different categories. In our experiment, the
value of λ is set to be 1.9 and δ to be 0.1.
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3.5 Temporal Multi-view Fusion

The temporally redundant information in video can be used to enhance the
accuracy of scene parsing. In Xiao et al.’s work [11], they utilized multi-view
information by defining a Markov Random Field for the entire sequence and
imposing smoothness terms on superpixels in different images. The way we take
advantage of multi-view segmentation consistency is different from theirs. The
output of randomized decision forest classifier is a posterior probability distribu-
tion which represents the probabilities that a certain testing superpixel belongs
to each class. Although we prefer to deem each superpixel belonging to one
class, there are some thin structures, such as a column pole, which are far from
filling the whole superpixel. In this case, a pixel-wise refinement is needed to
achieve more accurate results. Moreover, for those superpixels which are mis-
classified, temporal fusion is able to increase the chance of making refinement
based on neighbor frames’ classification results. The fused probability distribu-
tion of each pixel can be represented as: pr(c) =

∑

j∈N wjpj(c), c = 1, 2, ..., k
where pr(c) represents the probability of a pixel in reference view belonging to
class c, pj(c) is the probability of correspondence pixel in neighbor view j be-
longing to class c. N represents the set of neighbor frames and k is the number
of classes. The fused probability distribution is computed as weighted average
of neighbor frames’ probability distributions, where weights wj are determined
by how far the neighbor frame j is from reference view r. We define wj as a
Gaussian function:

wj = exp (− (j − r)2

σ
) (5)

where σ is set to 10 in our implementation.
After pixel-wise temporal fusion, we applied a superpixel level refinement by

aggregating the refined probability distributions of all pixels within a superpixel.
In this way we incorporate segmentation consistency across adjacent views.

3.6 Cross Training and Testing

We propose the idea of cross training and testing based on the fact that using
per-pixel depth information is independent on camera pose and appearance. In
our five 3D features, only surface normal is dependent on camera pose because
we compute each 3D patch(a superpixel in 2D)’s normal in camera coordinate
system. For cross view training and testing, surface normals in training and test-
ing datasets should be transformed to a common coordinate system. We define
the common coordinate system to be as the following: taking the surface normal
of ground and camera moving direction(vertical to ground surface normal) as y
axis and z axis, x axis can be obtained by the cross product of them. Note that
since we only need to transform surface normals, the origin of the coordinate
system does not matter. Any normal calculated in the camera coordinate can be
rotated to the common coordinate frame, enabling cross training and testing.
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Building

Tree

Sky

Car

Sign-Symbol

Road

Pedestrian

Fence

Column-Pole

Sidewalk

Bicyclist

Void

Sequence # of Frames Dataset

0016E5 204 Day Train

0006R0 101 Day Train

0001TP1 62 Dusk Train

Seq05VD 171 Day Test

0001TP2 62 Dusk Test

Fig. 3. (a)Labeled colors for 11 object classes. (b)Split of sequence as training or testing
data.

4 Experiments

We use the challenging CamVid database [8] to evaluate our algorithm’s perfor-
mance. The database includes four high quality video sequences at 30 fps with
total duration about 10 minutes. The labeled ground truth images are extracted
from the four original video sequences at a rate of 1 fps, with a part of one of the
sequences at 15 fps. The image resolution is 960 × 720. Camera extrinsic and
intrinsic parameters are also provided in the database. 32 semantic object classes
are defined which include fixed objects, types of road surface, moving objects
(such as vehicles and people) and ceilings (such as sky, tunnel, archway). Same
as in [9], we use 11 dominant categories: Building, Tree, Sky, Car, Sign-Symbol,
Road, Pedestrian, Fence, Column-Pole, Sidewalk and Bicyclist. Labeled colors
for each object class are shown in Figure 3(a). A quantitative comparison to the
state of art is provided. In addition, in order to show our algorithm’s compati-
bility of view-independent training and testing, we carried out another test on
images captured by a side-view camera provided by Google. Even using our clas-
sifier trained by the CamVid database which is mostly composed of front-view
video sequences, we still get decent classification results.

4.1 Evaluation Using the CamVid Database

For comparison with the results from [9], we split the training labeled frames into
two groups in the same way as in [9], shown in Figure 3(b). Two groups of the
labeled training data, 0016E5 and 0006R0, are used for day sequence training
data, and another group 0005VD are used for day sequence testing. The first
half of the dusk sequence (0001TP) are used for training, and the second half
are used for testing.

We train our classifier using randomized decision forest based on the five
dense depth based 3D features and carry out the same set of experiments as
in [9]. Table 1 shows the quantitative testing result. In terms of global accu-
racy(i.e. pixel-wise percentage accuracy), we achieve 82.1% in comparison to
69.1% of combined structure from motion and appearance based approach and
61.8% of solely structure from motion based approach in [9]. Our algorithm also
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Table 1. Comparison of Pixel-wise percentage accuracy with [9]. Our dense depth
map based approach gives best result on 7 classes. ‘Global’ is the percentage of pixels
correctly classified. ‘Average’ is the average value of per-class accuracies.
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Depth 85.3 57.3 95.4 69.2 46.5 98.5 23.8 44.3 22.0 38.1 28.7 55.4 82.1

(Seq05VD #390) (Seq05VD #270) (0001TP #525) (0001TP #1770)

Fig. 4. Scene Parsing result samples. From top to bottom: test image, ground truth,
dense depth map inferred segmentation. Note that our algorithm solely using dense
depth map is able to achieve accurate segmentation and recognition of street scene.

performs well on most of per-class accuracies and outperforms combined motion
and appearance based approach in 7 classes out of 11 classes, which are Building,
Sky,Car, Sign-symbol, Road,Column-Pole and Bicyclist. There are two categories
(Sidewalk, Pedestrian) that our approach’s performances are not as good as in
[9]. Both can be attributed to the lack of high-quality depth maps, in which the
depth difference between the ground and sidewalk is small. Pedestrian is moving
so its depth map is usually wrong. In addition, there are not sufficient samples
for the Pedestrian class. Applying superpixel based training on such small classes
may face the problem of insufficient samples compared with pixel-wise training
approach. Figure 4 shows the qualitative results achieved by our approach.
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Table 2. Comparison of pixel-wise percentage accuracy with [9] in illumination varia-
tion test

Algorithm Day Train - Dusk Test Dusk Train - Day Test

Mot&Struct 45.5% 59.4%

Appearance 21.7% 50.5%

Depth 63.4% 69.2%

DuskTrain&DayTest1 DuskTrain&DayTest2 DayTrain&DuskTest1 DayTrain&DuskTest2

Fig. 5. Robustness to lighting condition changes. In the left figure, from top to bottom:
test image, ground truth, segmentation results. The left two columns are examples of
training by a dusk sequence and testing on day sequence. The right two columns show
results when the training and the test sequence are swapped. Table 2 shows the overall
accuracy and comparison to numbers reported in [9].

Testing on illumination variation. One expected advantage of our approach
is its independence of appearance or illumination changes. We carried out a test
training in one lighting condition(day/dusk) and testing on the other(dusk/day).
[9] also carried out the same test using sparse 3D features and appearance fea-
tures. We compare our results with theirs in Table 2 and Figure 5. As expected,
our method has significantly improved the global classification accuracy. The
improvement from dusk-training-day-testing is less than that from day-training-
dusk-testing, probably due to the poor depth maps generated at dusk. Using
active sensors, such as LiDAR scanners can alleviate this problem.

Multi-View Temporal Fusion Test. We test our multi-view temporal fu-
sion algorithm using test sequence Seq05VD. A neighborhood of 40 frames of
the reference frame are used for fusion. Some results are shown in Figure 6.
It can be seen that fusion improves the overall consistency of the segmenta-
tion, which is particularly pronounced when viewing the sequence as a video.
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Color image Before fusion After fusion Ground truth

Fig. 6. Refinement of segmentation by multi-view fusion. From left to right: test image,
result before fusion, result after fusion, ground truth. Based on temporal consistency of
video sequence, some inaccurate classifications in reference view are refined by multi-
view fusion, as circled in black.

Fig. 7. Preliminary result of changed-view training and testing. From the side-view
video sequence,we can see that our algorithm trained based on front-view sequences
still obtained acceptable results.

Quantitatively, however, we found that the overall accuracy just improved by
1%. Further investigation in this topic is needed.

4.2 Cross Training Test

As mentioned above, we use per-pixel depth information which is independent
of camera pose. It is reasonable to carry out a crossing training and testing
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experiment between two types of camera configuration: front-view(used in [9])
and side-view cameras (used in [11]). We use CamVid(front-view) database as
training images and Google Street View images(side-view) for testing. All the
3D features in both training and testing database are transferred to the unified
coordinate system. In practice, it is necessary to apply a scale change to the test-
ing data due to the scale ambiguity in structure from motion. We use a person’s
height as the reference. Our results are shown in Figure 7. It is visually compa-
rable to the results from [11] in which both training and testing are performed
with Google Street side-view images. We currently do not have access to ground
truth labeled dataset, so a quantitative comparison is not available.

5 Conclusion

In this paper, we presented a novel framework for semantic segmentation and
recognition based solely on dense depth maps. Our main contribution is that
we have shown that dense depth maps generated by stereo contain plenty 3D
information for scene parsing and can outperform segmentation using sparse 3D
features or appearance features, or even the combination of both. Our method
does not rely on any appearance information, making it robust against lighting
changes. In addition our full 3D metric representation is independent of camera
configurations, therefore we can use one set of front-view or side-view video for
training and the other set for testing. This is not possible using appearance
information dependent on camera poses and illuminations.

The accuracy of our approach depends on the quality of depth map. While we
have applied state-of-the-art algorithms to calculate depth map, the quality of
depth map is still quite fragile. Our next step is to apply laser range scan data that
have significantly better accuracy and consistency. We expect to see large perfor-
mance improvement with better input data. In addition, one future area of work is
the bias against less frequently appearing objects, such as thin column poles. This
is mainly due to lack of sufficient training examples, which naturally lead to a less
statistically significant labeling for objects in these classes. One possibility to pre-
serve the classification of less frequent object classes could be to include context
information that may boost the significance of objects in certain cases.
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