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Abstract

Despite the outstanding results of Convolutional Neural Net-
works (CNNs) in object recognition and classification, there are
still some open problems to address when applying these solutions
to real-world problems. Specifically, CNNs struggle to general-
ize under challenging scenarios, like recognizing the variability and
heterogeneity of the instances of elements belonging to the same
category. Some of these difficulties are directly related to the in-
put information, 2D-based methods still show a lack of robustness
against strong lighting variations, for example. In this paper, we
propose to merge techniques using both 2D and 3D information to
overcome these problems. Specifically, we take advantage of the
spatial information in the 3D data to segment objects in the image
and build an object classifier, and the classification capabilities of
CNNs to semi-supervisedly label each object image for training.
As the experimental results demonstrate, our model can success-
fully generalize for categories with high intra-class variability and
outperform the accuracy of a well-known CNN model.

Keywords: Object Recognition, Deep Learning, Object Labeling, Machine
Learning

∗Corresponding author
Email address: jcrangel@dccia.ua.es (José Carlos Rangel)

Preprint submitted to Applied Soft Computing February 7, 2018



Page 2 of 27

Acc
ep

te
d 

M
an

us
cr

ip
t

1. Introduction

Object recognition is a challenging research area of growing interest in
recent years due to its applicability in fields such as autonomous robotics
and scene understanding. The research in this field has been stimulated by
the appearance of more sophisticated cameras, as well as the capability of
learning from a vast amount of images.

Nowadays, we can clearly differentiate between object recognition ap-
proaches based on 3D or 2D image information. Conventional 3D object
recognition approaches deal with problems such as occlusions, holes, noise,
and rotation, translation or scale invariance [1, 2, 3, 4, 5, 6]. The use of 3D
information is computationally expensive, and demands enormous storage
facilities. This last point, in conjunction with the cost of manually labeling
3D images, makes it difficult to release interesting large object recognition
datasets with 3D labeled objects. The lack of datasets with sufficient 3D in-
formation of a vast range of objects [5, 6] represents a persisting problem, as
some of the most outstanding machine learning techniques, especially Deep
Learning (DL), require huge labeled sequences for their effective training.
However, 2D object recognition has benefited from the release of DL tech-
niques, and more specifically Convolutional Neural Networks (CNNs), to
obtain promising results in recent years [7, 8, 9, 10, 11]. Actually, CNNs
trained from huge datasets like ImageNet present high generalization capa-
bilities using a varied kind of objects and heterogeneous images.

Despite the latest advances in 2D object recognition, there are still several
drawbacks to the use of perspective images, such as the difficulty of working
in dark environments. This point may be a requirement for some robotic
applications, as surveillance or inspection. Moreover, the geometry of the
object may be relevant to avoid false positives. For example, an object with
an unusual color might not be correctly classified, but this issue could be
successfully solved using a classification method based on the 3D shape of
the object.

The work presented in this article takes advantage of previous research in
both 2D and 3D object recognition to propose semi-supervised classification
solutions. To this end, we exploit the labeling capabilities of current DL-
based 2D approaches [12, 13, 14], but relying on 3D input images to deal
with the already described drawbacks.

Figure 1 presents our approach graphically. Initially, objects are detected
in 3D images (encoded as point clouds) by means of a clustering algorithm.
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Figure 1: Graphical overview of the proposal. Green and blue boxes indicate processing
of 2D (RGB images) and 3D (RGB-D point clouds) information respectively.

Then, each cluster is projected into its perspective image, and it is labeled
using an CNN-based lexical annotation tool.

At the same time, the 3D data from each cluster are processed to ex-
tract a 3D descriptor. The set of descriptor-label pairs define the training
dataset that will serve to build a classification model, which will carry out
the effective object recognition process.

Our proposal successfully exploits the knowledge included in previously
trained CNNmodels to annotate 3D input images, that feed a semi-supervised
3D object classifier. But, as a consequence of relying on an external labeling
tool to generate the training set, some samples may be wrongly labeled. How-
ever, we have performed an extensive evaluation to assess the robustness of
the proposal. According to the experimental results, we found a remarkable
performance in the best possible scenario (most of the training samples are
correctly labeled) and a competitive performance in other randomly selected
scenarios (the training samples are selected randomly without considering
their ground truth label).

The rest of the paper is organized as follows. Section 2 details state-of-
the-art related to object recognition. Next, in Section 3, the details of our
proposal are presented. In Section 4, we describe how the experimental set
was selected, and we present the experimental results obtained. Section 5
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presents a discussion of the experimental results. Finally, in Section 6 the
main conclusions of this work are outlined.

2. Related Work

There exist several approaches to perform 3D object recognition, most of
them based on feature matching. One example is presented in the review by
Guo et al. [5], where the authors detail the basic stages for the recognition,
and also describe the available datasets, feature descriptors, and keypoint
detectors that have been widely used in a vast majority of the studies. An-
other example is Tombari et al. [1] where the authors study the recognition
ability of stereo algorithms. Similarly, the solution presented in Asari et al.
[2] evaluates several 3D shape descriptors to determine their feasibility in 3D
object recognition tasks.

Using a combination of images and depth maps for cluttered scenes, as
proposed by Hinterstoisser et al. [15], the authors obtain positive recognition
results. In order to detect free-form shapes in a 3D space, a Hough Voting
algorithm was proposed by Tombari and Di Stefano [16] yielding good recog-
nition rates. Pang and Neumann [17] propose to combine 3D local features
with machine learning techniques in order to detect objects in different kinds
of images. Using a novel Global Hypothesis Verification algorithm, Aldoma
et al. [3] refine the obtained results, discarding false positive instances. Based
on the former work, Rangel et al. [4] carried out a study aimed at testing
whether a Growing Neural Gas (GNG) could reduce the noise in scene point
clouds and therefore manage to recognize the objects present in the 3D scene.

In recent years, DL has been widely applied to solve the 3D object recogni-
tion problem. For example, ModelNet1 aims at finding DL-based approaches
to produce accurate classification models. In this challenge, participants were
provided with a dataset of 10 or 40 categories of 3D CAD objects. Different
solutions are presented for this challenge, like the proposal presented by Wu
et al. [18] that represents 3D shapes as probability distributions using binary
variables on a grid of 3D voxels.

Nowadays, a trend in recognition is to mix several representations and
CNN designs in order to generate sufficiently discriminative information
about the objects. For instance, the DeepPano approach presented in [19]

1http://modelnet.cs.princeton.edu/
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uses a cylindric projection of the object to build a panoramic view that feeds
a CNN. In [20], the use a 3D Generative Adversarial Network and a 3D CNN
for classification tasks is proposed. Other proposals, like VoxNet [21] and
PointNet [22], combine CNNs with occupancy grid representations.

The use of neural networks for classification problems has inspired the
modification or mixing of existing defined structures in order to achieve bet-
ter results. For instance, the FusionNet [23] approach uses two Multiview
Convolutional Neural Network (MVCNN) fed with a pixel representation
and a volumetric representation. This MVCNN is used also by Su et al.
[24], but with a renderized image collection. The Voxception ResNet (VRN)
proposed by Brock et al. [25] merges a ResNet architecture with inceptions
blocks. Finally, the LonchaNet technique, proposed by Gomez-Donoso et al.
[26] uses an ensemble of GoogLeNet architectures that are feeding with slices
of the original object.

The use of CNNs for object classification has introduced several advan-
tages in the field that may be summarized as follows. Firstly, the exis-
tence of several DL frameworks and the ease of use of these allows the users
to straightforwardly develop their own models based on their specific re-
quirements. Among these frameworks, we can mention TensorFlow [27] 2,
Theano3, MxNet4 and Caffe [14]5. Secondly, owing to these frameworks, the
user community has created a massive library of models that others can freely
use. These models were also trained with different image datasets, such as
ImageNet [12], Places [28] or a combination of both. With this in mind, we
find another leverage point, the generalization capability, as a consequence
of the use of the CNN to learn features from a vast number of images. More-
over, the use of these pre-trained models avoids having an enormous amount
of data (dataset of images) in order to train a classifier. Consequently, ap-
plications demand less storage space and processing time.

CNNs have been used in object detection tasks and challenges such as
the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [12, 13].
This challenge focuses on processing 2D images in order to achieve Scene
Classification and object detection in the ImageNet dataset. In the latest
editions, winning teams have based their solutions on the use of CNNs.

2https://www.tensorflow.org/
3http://deeplearning.net/software/theano/
4http://mxnet.io/
5http://caffe.berkeleyvision.org/
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Among the works that employ the CNNs for object detection and recog-
nition, we can mention Girshick et al. [9], where the R-CNN or Region with
CNN features is presented; then Ren et al. [29] improved this proposal by
employing a network for region proposal and another for classification; Bui
et al. [7] modify an AlexNet architecture by replacing the fully connected
layer with a RNN for detecting objects in images; and Qu et al. [30] where
the authors used RGB and depth images with saliency detectors to feed a
CNN and produce a saliency map for object detection.

CNNs have been also used as supervised object detectors, like in [10, 11, 9,
8], but these detectors require the bounding box annotation for training the
models. Meanwhile, the proposal by Tang et al. [31] focuses on developing
object detectors by transference of visual and semantic knowledge.

Others approaches, such as [32, 33, 34, 35], involving the use of CNN for
object detection, are known as weakly supervised methods. These methods
train a CNN detector using images that have been labeled at image level
and without the bounding box information of the objects. Therefore, these
approaches employ the CNN as a feature extractor.

Although the previous 2D object recognition approaches provide good
classification results, there are still some problems to be solved. For exam-
ple, objects with high intra-class variability can be problematic when the
classification is solely based on the 2D information. In Table 1 we illustrate
this problem. The same object with a rare color would be incorrectly classi-
fied with a state-of-the-art 2D classifier. However, the 3D shape is the same
in both images, so this information could be use to correctly classify the
object.

3. Semi-supervised 3D Object Recognition through CNN Labeling

The aim of our proposal is to build an object recognition system based
on 3D descriptors, but generated in a semi-supervised way. To this end,
our technique generates a training set trusting in the labels provided by
an external agent, namely a CNN classifier previously trained with large
quantities of perspective images. In addition to the labels, we use 3D fixed-
dimensionality features extracted from input point clouds, aiming to combine
procedures from 2D to 3D scopes. The training set would include a new
instance for every cluster detected in the input point cloud, as they can
feasibly correspond with an object.

6
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Table 1: Predictions predicted by a CNN classifier for two tennis ball with different color,
also the point cloud of every object is shown in order to see the similitudes of their
morphology.

Image Point Cloud Predictions Probability

pick 0.498

digital clock 0.117

tennis ball 0.078

stopwatch 0.039

digital watch 0.038

knee pad 0.477

pick 0.038

spatula 0.030

rock beauty 0.029

barrel 0.026

Our proposal involves a training stage from the previously generated
training set. We should take into account that the labeling system may
initially present classification errors. Therefore, we assume our classifica-
tion model must deal with errors derived from the labeling tool. Figure 1
shows an overall flowchart of the proposal. The solution presented in this
article can be divided in four different phases: Acquisition, 2D Labeling, 3D
Description, and Classifier Generation.

3.1. Acquisition Phase
This phase begins with the acquisition of an RGB-D image in point cloud

format Then, this point cloud is clustered using an Euclidean clustering al-
gorithm in order to detect possible objects clusters. Figure 2 (left) shows
an example of input RGB image with its corresponding point cloud, and the
detected clusters.

7
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3.2. 2D Labeling Phase
Once clusters have been identified, every one is projected into a 2D RGB

image. Then, the next step is to assign a representative lexical label to the
object image (see Figure 2 (right)).

To do that, the cropped image is passed to a labeling system. This
process provides a set of labels with an associated probability value and for
every cropped image we select the label with the maximum probability value.

This process could be carried out by a human expert or by any system
or tool able to provide a lexical label from a set of predefined labels, that
is, following a supervised or semi-supervised approach, respectively. In our
proposal, the lexical labels will be assigned by a pre-trained CNN model
with the AlexNet [36] architecture in a semi-supervised fashion, as this is a
state-of-the-art classifier for RGB images.

Figure 2: Example of the Acquisition (left) and 2D Labeling (right) Phases of the proposal.

3.3. 3D Description Phase
At the same time, the description phase takes the identified clusters in

the point cloud and computes a 3D global descriptor for each. The descriptor
selected for this phase is the Ensemble of Shape Functions (ESF)[37]. This
descriptor is a 3D point cloud global descriptor which consists of a combina-
tion of three different shape functions that result in 10 concatenated 64-bin

8
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histograms. It is based on three shape functions describing distance (the dis-
tance between two randomly selected points), angle (the angle enclosed by
two lines created from three randomly selected points), and area distributions
(the area of the triangle formed by three randomly selected points). It also
classifies each of the values into three classes based on where the connecting
lines between points reside: on the object surface, off the surface and mixed
(partly on and off ). So the sub-histograms used to form the ESF are: 3
(on, off, mixed) for angle, 3 (on, off, mixed) for area, 3 (on, off, mixed) for
distance, and a final one for the ratio of line distances between off and on
parts of each line considered.

In contrast to other 3D descriptors, ESF does not require normal informa-
tion, which makes it robust to noise and partial occlusions. Each histogram
contains 64 bins, and the final dimension of the descriptor is 640. Figure 3
shows the three histograms (on, off and mixed) obtained for the angle, area,
and distance function, as well as the additional histogram, and the structure
of the generated ESF descriptor.

θ

θ

θ

θ

θ

θ

64 128 192 256 320 384 448 512 576 6400

Figure 3: Generation of the ESF Descriptor.

3.4. Classifier Generation Phase
Once the above phases have finished, the next step is to train a classifier

using the samples of the object instances. Each sample consists on a pair of
the 3D descriptor and its assigned lexical label.

We propose the use of a Support Vector Machine (SVM) with a Radial
Basic Function (RBF) kernel as a classification model. Given the training
data, a hyperplane is defined to optimally discriminate between different
categories. If a linear classifier is used, SVM constructs a line that performs
an optimal discrimination. For the non-linear classifier, kernel functions are
used, which maximize the margin between categories.

9
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4. Experimental Results

4.1. Experimental Dataset
Our proposal relies on the labels obtained from a pre-trained CNN model

to preform the semi-supervised classification. Usually, these models are
trained over the ILSVRC 2012 dataset, which contains hundreds of 2D im-
ages for each of its 1,000 categories. However, this dataset does not contain
3D data, so we have captured RGB-D images of different objects present in
the ILSVRC 2012 dataset from different viewpoints.

Specifically, we have captured 500 RGB-D images for each object instance,
with 3 instances per object, and 8 objects (carton, computer keyboard, hair
spray, joystick, loafer, ocarina, remote control and tennis ball). In Figure 4
we show a sample of each object instance.

The Algorithm 1 resumes the training set acquisition procedure for the
approach. Here, we can observe the continuous application of the Acquisition,
2D Labeling and 3D Description phases over an input cloud with objects.

Algorithm 1: Data Adquisition Procedure
input : PointCloud ← Data captured by the RGB-D camera
output: TrainingInstances ← ∅
Data: ClusterList ← Extract Clusters in PointCloud

1 forall cluster Ci in ClusterList do
2 IC ← 2D Projection of Ci

3 li ← Predict Label for IC
4 DCi

← Extract 3D Features of Ci

5 Instancei ← Make a pair with (DCi
, li)

6 Add Instancei to TrainingInstances
7 end forall
8 Return TrainingInstances

In the 2D Labeling Phase, the lexical labels available for every image are
those of the 8 labels that represent the selected objects shown in Figure 4.
Since the CNN model outputs a total of 1,000 labels, we used only the confi-
dence value produced for those labels corresponding with the objects selected
for the study. Therefore, the assigned label will correspond to the selected
object with highest confidence value. Figure 5 shows the result for the la-
beling phase of each object instance. Here, the blue numbers indicate the

10
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1 2 3 1 2 3
carton computer keyboard

1 2 3 1 2 3
hair spray joystick

1 2 3 1 2 3
loafer ocarina

1 2 3 1 2 3
remote control tennis ball

Figure 4: Samples for each instance of the 8 object categories used in the experiments.

amount of correctly labeled images. These results will be used to construct
the training and test sets for the experiments.

4.2. Experimental Setup
In order to validate the proposal, we must define the objects that will

form the training and test datasets. Concretely, we are going to select two
instances of each object for training and the other instance for test. This
results in a split of 1,000 samples per object (8,000 samples) for training and
500 samples per object (4,000 samples) for test.

The best-case scenario considers a training/test split where, for each ob-
ject, the two instances with the highest number of correctly labeled samples
are selected for training and the other instance for test. This scenario repre-
sents a the worst case for a 2D classifier, where it cannot adequately generalize

11
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Figure 5: Number of correctly labeled frames for each object instance using the CNN
labeling tool.

due to the visual differences in instances of a same object. This train/test
split, then, is designed to outline the robustness that a 3D-based classifier
can provide for a vision system deployed in a real scenario.

To also present a more realistic scenario for testing the robustness of the
proposed 3D object classification system, we have considered 30 different
scenarios where the two instances of each object are randomly selected for
training, and the other instance is used for test. This might be considered
as a leave-one-instance-out validation approach.

The results will be presented using well-known metrics to evaluate the
performance of classification experiments [38]. Also, owing to the multi-class
nature of this classification problem, the metrics were calculated by the 1-
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vs-all method. Therefore, we can analyze the metrics for the classifiers by
object category. Specifically, and given the number of true positives (tp), false
positives (fp), true negatives (tn), and false negatives (fn), these metrics are
defined as:

A =
tp

tp+ fp+ tn+ fn
; P =

tp

tp+ fp
; R =

tp

tp+ fn
; S =

tn

tn+ fp

where A is the accuracy, P the precision, R the recall or sensitivity or true
positive rate, and S is the specificity or true negative rate.

Finally, the SVM classification has been performed with the libsvm library
[39].

In the following, we will compare the result obtained with our method,
against a pre-trained AlexNet [36] CNN as this is a state-of-the-art classifier
for 2D images. We have used the proposed architecture with the
same hyperparameters, so we refer the reader to the original paper
for more details on its implementation. In addition, this is the
model used for lexical labeling in our approach, so we can directly
assess whether our semi-supervised system is able to generalize its
results under challenging conditions.

4.3. Best-case Scenario Results
In this scenario, the accuracy obtained by our proposed classification

model is 93.5%, whereas the accuracy obtained for the same test dataset
with the CNN model was 57.1%. Hence, our method outperforms the results
produced by the CNN classifier.

The confusion matrices for this experiment are shown in Figure 6, here
we can see the success of our system in identifying the majority of the ob-
jects used in the experiments while the CNN has problems with some of the
them due to their intra-class variability. Consequently, this experimental re-
sults determine that the proposed pipeline is able to improve the recognition
results of a state-of-the-art CNN model in object classification.

Table 2 displays evaluation metrics previously mentioned for the CNN
model and our proposed classifier. Values in bold highlight the best of the two
methods for each evaluation metric. Interestingly, comparing the accuracy
and recall values, we can observe that our method obtains better results than
the CNN classifier for all objects. Specially, it is remarkable how in the tennis
ball example, the CNN model fails to identify most of the test samples (it

13
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CNN Our Proposal
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0.000 0.000 0.062 0.292 0.004 0.560 0.082 0.000

0.000 0.000 0.002 0.014 0.716 0.268 0.000 0.000

0.000 0.000 0.000 0.000 0.000 0.998 0.002 0.000

0.000 0.000 0.000 0.000 0.000 0.128 0.872 0.000

0.000 0.000 0.370 0.000 0.028 0.596 0.000 0.006
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0.000 0.000 0.000 0.586 0.170 0.244 0.000 0.000

0.000 0.016 0.000 0.000 0.982 0.002 0.000 0.000

0.000 0.002 0.000 0.000 0.052 0.946 0.000 0.000
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Figure 6: Confusion matrix for the 2D CNN classifier (left) and our 3D object recognition
system (right).

Table 2: Evaluation metrics for the best-case scenario.

Category
Specificity Precision Recall Accuracy

CNN Our CNN Our CNN Our CNN Our

carton 1.000 1.000 1.000 1.000 0.186 0.998 0.593 0.999

computer
keyboard

1.000 0.997 1.000 0.980 0.872 0.996 0.936 0.997

hair spray 0.938 1.000 0.591 1.000 0.626 1.000 0.782 1.000

joystick 0.885 0.999 0.266 0.990 0.292 0.586 0.588 0.793

loafer 0.995 0.968 0.957 0.816 0.716 0.982 0.856 0.975

ocarina 0.776 0.962 0.389 0.779 0.998 0.946 0.887 0.954

remote control 0.916 0.999 0.596 0.994 0.872 0.970 0.894 0.985

tennis ball 1.000 1.000 1.000 1.000 0.006 1.000 0.503 1.000

only obtains a 0.006 recall and 0.503 of accuracy), while our 3D-shape based
method is able to identify all these test samples correctly.

Figures 7 and 8 show the Precision-Recall curve (left) and the ROC curve

14
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(right) for our semi-supervised 3D object recognition system and the CNN
model, respectively. These charts graphically display the values of the Table
2. The area under the curve of the charts shows the appropriateness of clas-
sifying objects based in their 3D features, following the approach presented
in this paper.
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Figure 7: Precision-Recall curve (left) and ROC curve (right) for the 3D object recognition
system.
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Figure 8: Precision-Recall curve (left) and ROC curve (right) for the CNN classifier.

Finally, Tables 3 and 4 present a success and a fail case, respectively, for
our approach. In Table 3, due to the visual appearance of the image, the
blue tennis ball was misclassified by the CNN model as an ocarina, but was
correctly classified by our system based on its 3D shape. On the other hand,
the fail case presented in Table 4, where a computer keyboard is misclassified
as a remote control is striking.
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Table 3: Example of success case for our system.

Training Instances Test Instance

Ground Truth tennis ball tennis ball tennis ball
CNN Class tennis ball tennis ball ocarina
Predicted Class tennis ball

Table 4: Example of fail case for our system.

Training Instances Test Instance

Ground Truth comp. keyboard comp. keyboard comp. keyboard
CNN Class comp. keyboard comp. keyboard comp. keyboard
Predicted Class remote control

4.4. Results with Random Train/Test Splits
Figure 9 presents the accuracy values obtained for 30 randomly selected

scenarios. The right side shows the accuracy obtained with our 3D system for
each experiment, while the left side shows the corresponding accuracy with
the CNN model. The highlighted labels (green) indicate the experiments
where the our classification model outperforms the CNN classifier.

Our proposal obtained a mean accuracy of 84.55% (σ = 4.90) while the
state-of-the-art classifier obtained a mean accuracy of 84.40% (σ = 7.70).
These results show that, in general conditions, our system will have a similar
performance to a state-of-the-art classifier, even if it is trained with misla-
beled samples due to the semi-supervised nature of the proposal. While, un-
der the adequate conditions, it can clearly overcome the drawbacks of current
state-of-the-art object classification systems, as illustrated in our best-case
scenario in Section 4.3.
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Figure 9: Accuracy obtained by every combination.

Tables 5 and 6 present a success and a fail case, respectively, for the
experiment with the lowest accuracy rate. In Table 5, a loafer is correctly
classified by the classification model, although there are instances in the train
dataset which are misclassified by the labeling tool, this example illustrates
the robustness of our proposal. On the other hand, Table 6 shows an scenario
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where the carton object was not recognized by neither the labeling tool nor
the 3D classification model. In this case, the misclassified train samples
biased the learned model.

Table 5: Success case from the lowest accuracy experiment

Training Instances Test Instance

Ground Truth loafer loafer loafer
Labeling Tool Class ocarina loafer loafer
Predicted Class loafer

Table 6: Fail case from the lowest accuracy experiment

Training Instances Test Instance

Ground Truth carton carton carton
Labeling Tool Class remote control carton remote control
Predicted Class comp. keyboard

Table 7 presents the composition of the training and test dataset for
the scenarios with the highest and lowest accuracy, as well as the best-case
combination.

5. Discussion

The aim of the research presented in this article was to find a novel way to
recognize objects based on the use of 3D information. This type of recognition
has to deal with several drawbacks such as dark environments, occlusions,
as well as the lack of sufficient object datasets for training. Therefore, this
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Table 7: Highest and lowest accuracy scenarios description.

Lowest
Accuracy

Combination

Highest
Accuracy

Combination

Best-case
Combination

Exp_26 Exp_29 Baseline
Acc=76.0% Acc=95.8% Acc=93.5%

Training Instances

carton 2 carton 2 carton 1
carton 3 carton 3 carton 2

computer keyboard 2 computer keyboard 1 computer keyboard 1
computer keyboard 3 computer keyboard 2 computer keyboard 2

hair spray 1 hair spray 1 hair spray 1
hair spray 2 hair spray 3 hair spray 3
joystick 1 joystick 1 joystick 1
joystick 2 joystick 3 joystick 2
Loafer 2 Loafer 1 Loafer 1
Loafer 3 Loafer 2 Loafer 2
ocarina 1 ocarina 1 ocarina 1
ocarina 2 ocarina 3 ocarina 3

remote control 1 remote control 3 remote control 1
remote control 2 remote control 2 remote control 2

tennis ball 1 tennis ball 1 tennis ball 1
tennis ball 3 tennis ball 2 tennis ball 2

Test Instances

carton 1 carton 1 carton 3
computer keyboard 1 computer keyboard 3 computer keyboard 3

hair spray 3 hair spray 2 hair spray 2
joystick 3 joystick 2 joystick 3
Loafer 1 Loafer 3 Loafer 3
ocarina 3 ocarina 2 ocarina 2

remote control 3 remote control 1 remote control 3
tennis ball tennis ball 3 tennis ball 3

paper proposes the use of a 2D labeling system for assigning categories to
objects and describing them with a 3D feature descriptor in order to train a
classification model. Our results support the initial premise and demonstrate
the suitability of the solution to the problems described.

The experiments developed for the validation of the proposal show that
the procedure developed has the capacity to recognize unseen objects based
only on their 3D features, without the need to train a classifier using a highly
similar instance of the object. Our results also demonstrate that the use of 3D
data helps to overcome certain difficulties faced by 2D classification systems,
such as the difference in visual appearance between objects in the training and
test sets. The benefits of our system are specially highlighted when
we take into account that we improve the accuracy of a well-known
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CNN model while the exactly same model is used for labeling the
training samples of the 3D classifier. So, it is not too far-fetched to
assume that using a different CNNmodel with better base accuracy
would also render better results for our 3D classifier.

The CNN model has shown its capacity to accurately classify 2D object
images. Nevertheless, the use of these DL-based labeling systems generates
errors in the datasets used for training the classification models. However,
these errors do not significantly affect the accuracy of the proposed method
when a reduced number of misclassified instances are used for training the
model. Hence, the use of the 3D features enables us to build a robust ob-
ject classifier that, with appropriate training instances (correctly la-
beled), can greatly improve state-of-the-art solutions. Additionally,
our approach avoids the need to train a CNN model, which requires a huge
annotated dataset and high computational resources.

The findings in this research facilitate the adaptation of the proposed
method for using in challenging areas, for example, places with different
lighting conditions. Furthermore, the generalization capability of the classi-
fier allows a small degree of independence for the systems, robots or platforms
that select the proposed pipeline for classification issues. This type of appli-
cations would be able to run in real time, as the average classification time
for one sample is 14 ms.

6. Conclusions

In this work, we have proposed the use of an external labeling tool for
assigning a lexical label to a cluster of points detected in a point cloud. Then,
with these clusters, a classifier is trained to recognize instances of the clusters
that are difficult to classify using a 2D classification method.

Experimental results show that even though some instances were mis-
classified by the labeling tool, our classification model is able to recognize
the objects based on their 3D features. Additionally, our experiments
demonstrate that, given the adequate conditions, the trained 3D
classifier easily outperforms well-known CNN models.

Results also show the advantages of using combined 2D and 3D procedures
in order to make the most of the generalization capabilities of 2D classification
models as well as the morphology information provided by the 3D data.
This merging of 2D and 3D methods gives our proposal a high
discriminative capacity in object recognition.

20



Page 21 of 27

Acc
ep

te
d 

M
an

us
cr

ip
t

As future work, we plan to integrate the classification model in a mobile
robot, to detect objects in an environment or location, and make it possible
to grasp or manipulate them after being successfully classified.
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Highlights

 A novel approach for 3D object recognition is proposed.
 The proposal relies on deep learning pre-trained models for image annotation.
 Mixing 2D and 3D techniques for processing data improve recognition capabilities. 
 Proposal can get over errors introduced by the labeling tool.
 Experimental results prove the effectiveness of the proposed procedure.
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