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Abstract— Localization using images is a fundamental problem in computer vision for autonomous systems. The
information gained enables a high-level understanding of the environment for the mobile robot, which is much more in
line with a person’s understanding of their surroundings. It is therefore a critical task for human-robot collaboration
and enables robots to find places and identify objects applying this a priori information using semantic maps.
Customarily, deep learning models such as convolutional neural networks can be trained for location classification from
video streams. However, to achieve acceptable place classification results, previous trained neural nets must be adapted
to the specific environment. This work tackles this adaptation of an existing system for place categorization including
an extension in terms of possible places. The extension is based on classical machine learning models which were trained
based on extracted features of a pre-trained neural network. The developed system outperforms the initial system by
correctly classifying 90% of images, including places which were unknown to the neural network.

Keywords— place categorization, convolutional neural networks, support vector machine, machine learning, mobile
robotics

I. INTRODUCTION

With rapid advancements in technology and science, the level of autonomy in mobile robotics is ever increasing
[1, 2]. The exponential increase in computing power in graphics processing units (GPU) has paved the way for the
field of deep learning (DL) to emerge [3, 4] — a new approach to solve statistical problems regarding autonomous
agents or systems [5]. Convolutional Neural Networks (CNN), introduced in [6], are at the forefront of deep
learning when large amounts of visual data need to be processed in a way that enables the overarching system to
learn with this data [7, 8, 9, 10, 11, 12, 13]. This has made CNNSs a natural addition to mobile robotics systems
that are often equipped with multiple cameras to obtain images of their surroundings. The analysis of visual data
using CNNs enables mobile robots to extract information of their environment. Based on this information, robots
can then answer questions such as Where am 1? [14], but also What is the place | am in like? [15]. Images or
samples drawn from videos or datasets can be classified based on a known set of existing classes — in this case
different semantic place labels such as hallway or kitchen. Combining place categorization with a map of the
robot’s environment yields semantic maps [16, 17]. This work focuses on the place categorization aspect, using
techniques of supervised learning that shall now be discussed in greater detail.

Il. SUPERVISED LEARNING

Supervised learning is a general term used to describe several machine learning (ML) algorithms that learn a
function which maps a given input to an output based on previously learned input-output pairs [18, chapt. 5]. A
set of n training samples of the form {(x4,y:), ... , (x5, ¥,)} are given as input to train the algorithm, where x; is
the feature vector of the i—th sample and y; is its label (or class). The algorithm then approximates a function
g: X = Y where X is the input space and Y is the output space. These features are often expressed in vectorized
form; hence one sample consists of a vector of features and the corresponding class label. All supervised learning
tasks therefore require many labelled training examples, which are often difficult and expensive to obtain, requiring
either intensive human labelling or accurate measurements. The goal is to obtain a trained model, which correctly
determines the class labels for unseen instances, i.e. images that are new to the system. This requires the model to
generalize properly [19] — the model must not be overfit [20] on the training samples and can classify new examples
with high accuracy.

I1l. CONVOLUTIONAL NEURAL NETWORKS

Artificial Neural Networks (ANN) are learning algorithms used to generate the aforementioned input-output
mapping functions while making use of the vast computing power available with GPUs. ANNs approximate the
mapping-function with a multitude of layers while employing a correction method to tune its weights during
training. Figure 1 shows an example of the layout of an ANN with one hidden layer [21]. Every input value is
assigned an input neuron x; ... x in the input layer forming the input vector x = (x;, ... ,x,)T. The values are
then propagated through all the nodes and combined with a weighting vector w in a feed forward manner.
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Figure 1: General layout of an artificial neural network. The basic layout (top) and the forward pass procedure of a single neuron
(bottom) [21].

The activation function is classically the sigmoid function acting as a smooth threshold to map the input to the
output following eg. (1).

f(x) = sig(x) = €Y

1+ e7*

Weights influence the steepness of the sigmoid and bias neurons translate the curve along the input axis. The
output of one neuron therefore follows eq. (2).

y =siglw- x+b) 2

A convolutional neural network is a class of deep ANNSs that has become very popular for extracting all kinds
of features from images. The hidden layers in a CNN consist of further convolutional, pooling, normalization and
fully connected layers. Figure 2 shows the basic layout of a CNN [22].
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Figure 2: CNN architecture. The basic layout and connectivity of the layers in a convolutional neural network [22].

The convolutional layer’s parameters consist of a set of learnable filters or kernels with a small receptive field
that extends through the full depth of the input volume. During the forward pass, for every filter the dot product
between the filter and the input is computed, resulting in a stack of two-dimensional activation maps that form the
full output volume [23]. This stack is then passed through pooling and batch-normalization layers before being fed



into another convolutional layer. The end marks a fully connected layer that transforms the two-dimensional
activation maps into a single value for every neuron in the output layer, making up the output vector with
classification likelihood values [24].

A CNN was used in [15] for place categorization by using a set of images and place labels. Siinderhauf et al. [1
trained a CNN on the Places205 dataset [25] — a dataset featuring images from 205 different place categories
including images from places such as kitchen and auditorium but also desert and igloo. From the original Places
dataset with 476 classes, Places205 is a subset of all 205 classes which contain more than 5000 images per category.
Since their network models were trained on such a vast number of different places the classification accuracy can
be improved via fine-tuning on a dataset only containing a further subset of these 205 classes. The environment
that the mobile robot was to be evaluated in, was expected to include e.g. a kitchen and a hallway, but not a desert,
hence the system should be fine-tuned for this area of operations. On the other hand, the mobile robot is expected
to encounter new places during its lifespan that might not be part of the 205 classes, therefore new classes should
be easily included and trained on to allow classification amongst those as well. To this end, three different machine
learning algorithms were trained using the output vector of the CNN as input. The architecture of the Places205-
CNN is akin to the popular AlexNet-architecture [6] with a few minor modifications; mainly the last fully
connected layer relates to 205 neurons, one for every place class. The last layer after that is a softmax layer [4]
used to normalize the classification values of the 205 output neurons to sum up to 1; they can then be interpreted
with probabilistic reasoning. While in the work of Stinderhauf et al. [15] this vector is seen as the final result, with
the highest value corresponding to the predicted class, in this work this 205 x 1 vector was instead continuously
extracted to create the design matrix my,es € R “*2% and corresponding target vector t,o5 € R “** where u is
the number of analysed frames obtained from the CNN given a specific video as input. This way a new dataset
was created, which was then split 75-25% into training and test data respectively. Afterwards, three machine
learning models were trained using this dataset.

IV. IMPLEMENTED ALGORITHMS

The machine learning models were chosen as a way of finetuning the system because of their ease of
implementation and to show that classical ML algorithms can work in combination with modern deep learning
methods to great success, especially if the problem, such as classification among six classes, is hot overly complex.
This section discusses these implemented algorithms, namely the Naive Bayes filter, multinomial logistic
regression and a support vector machine.

A. Naive Bayes Filter

Naive Bayes filters (NBF) are probabilistic classifiers that are based on the Bayes’ rule which relates the
conditional probability p(x|y) to its “inverse” p(y|x). The probability density function for every feature for each
class is first estimated using the Gaussian distribution. This gives a matrix of kernels m,q5 € R¥*295 where K is
the number of classes that are expected to be encountered during operation of the mobile robot. The posteriors are
then modelled according to the extended form of the Bayes’ rule which can be observed in eq. (3). This step is
done for every class C, with k € {1, ... ,K}.

m(Ci) [T p(x; | Ci)
Zf:l m(Cy) H?:l p(x; | Cy)

PCic | X100, Xp) = 3

It gives the probability that the current image belongs to class C,, given the input vector x, based on the
conditional probabilities p(x;|C)), where x4, ..., x,, are the random features of an observation and 7 (C;) is the
prior point-probability that a class index is k. Finally, a decision rule is used that picks the most probable
hypothesis; also known as the maximum a posteriori (MAP) rule. The classifier is therefore the function that
assigns label y = k for some k according to eq. (4).

¥ =argmax p(Cy | X1, ..., Xp) 4
ke{1,.,K}

B. Multinomial Logistic Regression

Multinomial logistic regression (MLR) is an extension of logistic regression for multiclass problems [26]. The
log-odds of the probability of a sample belonging to a certain class is a linear combination of independent variables
x. In multiclass logit the dependent variable y can take one of multiple discrete outcomes. If the model is
parameterized by @, with N being the number of drawn samples and N~ therefore being a normalization factor,
the model can be described with eq. (5).
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H(Y | X) is the conditional entropy and quantifies the amount of information needed to describe the outcome
of Y given that the value of X is known. Dy, (Y || Yg) is the Kullback-Leibler divergence, which measures the
information loss using the learned model and quantifies this information loss when the distribution from
parameterized model Yy is used instead of the ground truth distribution Y. By adjusting the parameters 6 to
maximize the log-likelihood of the model (via iterative schemes such as the Newton-Raphson method), the KL
divergence is minimized, thus the model which makes the least number of assumptions in its parameters is found;
it is closest to the ground-truth.

C. Support Vector Machines

Support vector machines (SVM) try to classify data by separating the data points with a line in the case of two-
dimensional data, or a (p — 1)-dimensional hyperplane for the case of a p-dimensional feature vector. The Hessian
normal distance from the group of data-points to the “maximum-margin hyperplane” is maximized by minimizing
a loss function (the Hinge loss) that can be observed in eq. (6) [27].

[%Z max(O,l —yi(w-x; —b)) +/1||W||2 (©)

A determines the trade-off between increasing the margin-size and ensuring that x; lies on the correct side of
the margin with n being the number of data vectors. SVMs use the kernel trick to generate the nonlinear decision
boundary. Kernel functions are similarity functions in the original input space that correspond to the dot products
of the individual data points in some expanded feature space. In this expanded space the data points are more easily
separated with some linear boundary. Figure 3 gives a visual explanation of the kernel trick [28].

Input Space Feature Space

Figure 3: Kernel trick. While data points are not linearly separable in the input space, they are in a higher-dimensional feature space [28].

V. RESULTS AND DISCUSSION

The system was evaluated on 5 of the possible 12 observable places on university campus: the digital factory
resembling an industrial setting as the Places205 class assembly_line, a big lecture theater as auditorium, a corridor,
a kitchen and an office. To show the capabilities of the system to extend the set of classes, data of an additional
place was gathered not known to the CNN: a door. The videos were captured using the ROS wrapper for Intel Real
Sense devices [29] and a BlasterX Senz3D [30] camera. The SVM and other models were tuned on the distributions
of the features oftentimes showing correlations between objects that were not common in the original Places205
dataset. This is especially obvious for the frames captured in the digital factory, which resembles partially an office
environment as well as an industrial production line, a combination of features that the CNN was not trained on.
Table 1 shows the final classification results. Since the number of frames in every video recording were nearly
equal, no further weighting had to be done. With the models having correctly labelled 100% of the samples from
the door class, it is shown, that the classification can easily be extended to environments not part of the 205 places.



TABLE I: CLASSIFICATION RESULTS: TOP-1 CLASSIFICATION ACCURACY OF THE CNN, LIMITED TO 5 OUT OF 205 CLASSES AND THE ML
MODELS TRAINED WITH THE INCLUSION OF THE DOOR CLASS.

Classification results (recall)

environment CNN-5 MLR | SVM NBF
assembly_line 54% 99% 97% 92%

auditorium 62% 88% 89% 81%
corridor 100% 93% 93% 95%
door - 100% | 100% | 100%
kitchen 100% 89% 87% 83%
office 75% 63% 73% 79%

total average 78.2% | 88.7% | 90.2% | 88.3%

Figure 4 gives the normalized confusion matrix of the best performing model, the SVM - it shows per-class
predictions against the ground truth.
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assembly_line [ [C o000 o000 000 000 003
auditorium 0,09 000 001 000 000
corridor 000 000 [JEEEMM o007 000 000
dor 000 000 o000 [N o000 000
kitchen 013 000 000 000 0,00

office 003 000 000 023 001

Figure 4: SVM confusion matrix. Normalized confusion matrix for the SVM-model. Rows show the true label vs. predicted labels in the

columns.

The recording of the door and the office were suboptimal, in the sense that the door carried large similarities to
a closet that was part of the office, meaning a fair number of visually similar images were part of two separate
classes. This led to misclassifications with the ML-models, while the CNN was not influenced. Most errors
therefore come from images from the office class being classified as elements of the door class (see Figure 4).

As a last experiment, an SVM was trained on a subset of the dataset featuring only three instead of the five
classes: an auditorium, a corridor and a kitchen. For this problem the SVM boasted an accuracy of 99.54% showing
the ambiguous office vs. door recordings were the primary cause for misclassifications in the five-class
environment; although as the number of classes increases, the prediction accuracy is expected to decrease naturally.
The method for classification was One-Against-One [31] — 13, 16 and 9 support vectors were used to create the
binary classifiers amongst the three classes auditorium, a corridor and a kitchen respectively.

V1. CONCLUSION

This work introduced an extension for a place categorization system, based on a CNN, using machine learning.
These models included a Naive Bayes filter, a multinomial logistic regression model and a support vector machine.
All three models yielded strong classification results between 88% and 99%. These three ML models are a perfect
“light-weight” addition to the CNN for fine-tuning. The system, compared to an exclusively CNN-based approach,
further makes no strong hardware- or complex software-demands, using a webcam and open-source software. The
semantic information obtained is an important enabler of more advanced robotics tasks, especially human-robot
collaboration, since humans describe places, rooms and goals not with coordinates but place labels. To this end,
the system was successfully tested in an industrial- and office-environment, proving its usability for manufacturers
and the commercial service industry alike.
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