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Abstract— Robots often operate in built environments containing underlying structure that can be exploited to help
predict future observations. In this work, we present a deep
learning based approach to predict exit locations of buildings.
This technique exploits the inherent structure of buildings to
create a model. A convolutional neural network is trained using
a database of building blueprints and used to guide a search
within a building. This technique is compared to standard frontier exploration and a traditional image processing approach
of extracting features through histogram of gradients (HOG)
and training a support vector machine (SVM). After validation
through simulation, we show that the proposed deep learning
technique reduces the amount of building exploration required
to find the goal by 36%.

I. I NTRODUCTION
A challenging problem in robotics is to predict future
observations based on previously-recorded data. Robots often
operate in built environments that tend to contain some
underlying structure, such that newly-visited locations may
appear broadly similar to previously visited locations but differ in individual details. A particularly recognizable instance
of this structure is in buildings. Although buildings may
differ significantly in their layout, shape, size and contents,
there are certain features that tend to be present in the
majority of buildings. Common features, such as hallways
tend to be long, narrow and contain multiple entrances to
other rooms. Further, buildings used for similar purposes,
such as office buildings, tend to share more common features
such as the frequency and relative location of bathrooms,
offices and exits. The work presented in this paper utilizes
deep learning techniques to learn the structure of buildings
to predict the location of the building exit in the context of
a robot search problem (see Fig. 1).
Deep learning has recently shown incredible success in
many learning and pattern-recognition problems, particularly
in the areas of image classification and speech recognition.
Deep learning’s ability to learn high level features through
multiple layers of lower level features lends itself to the problem of learning the underlying structure of complex images.
This is because structure is characterized by the organization
of many lower level components, such as rooms, hallways
and bathrooms, into larger structures (e.g., buildings). These
similarities suggest that deep learning may be beneficial in
the robotic search domain.
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Fig. 1: A TurtleBot exploring a map as it searches a building for an
exit. Black pixels represent obstacles, dark gray pixels denote unsearched
area, light gray pixels represent the area searched. Red squares denote true
locations of exits while green squares represent estimated locations.

The proposed method utilizes deep learning to predict
exit location. A mobile robot is placed into a previously
unseen building and given access to the building floor plan.
Using a convolutional neural network (CNN) to predict exit
locations and a simple frontier-based exploration algorithm,
we show that the CNN-based prediction finds exit locations
with less exploration than frontier-based exploration alone or
an alternative image feature classification method. The main
novelty of this paper is the use of deep learning techniques
to exploit structural information not previously utilized in
robot search domains.
The paper is divided into seven sections. Section II outlines the existing work in artificial neural networks, learning
structured environments and robot exploration. Section III
provides a clear formulation of the problem addressed in
this paper. The proposed method is described in Section IV,
and Section V describes the building floor plan dataset used
for training and testing. Results of simulated exploration and
associated analysis is provided in Section VI. Concluding
remarks and avenues for future work are suggested in Section VII.
II. R ELATED W ORK
A. Artificial Neural Networks
Artificial neural networks (ANNs) are a statistical learning
model loosely based on biological neural networks. ANNs

are represented as a system of neurons with weighted connections between them. These weights are tuned as the
network is presented with examples, enabling the network
to approximate any function. Neural networks have been
used to solve a wide variety of tasks, including image
classification [1] and speech recognition [2].
B. Convolutional Neural Networks
A convolutional neural network (CNN) is a special implementation of an ANN that is specifically designed to handle
images as inputs [3]. Recent research has demonstrated CNN
implementations solving a variety of previously challenging
problems. In 2012, Ciresan et al. used a CNN architecture to
achieve near-human performance on the MNIST handwriting
dataset and outperformed humans by a factor of two on traffic
sign recognition [4]. In 2014, CNNs were used to play the
board game Go with excellent results [5] and recently beat
the world champion. Using a database of human professional
games, the CNN trained via supervised learning was able
to predict an expert’s move 55% of the time and beat the
traditional search program GnuGo in 97% of games. It was
also able to match the performance of Monte-Carlo tree
search methods while using significantly less computation
time.
A recent paper by Levine et al. gives us a look at how
CNNs can be incorporated into robotic applications [6].
In that work, a CNN is trained to recognize the position
of an end effector and target, then directly translate those
predictions into motor commands that move the robot to a
desired position. The robot is able to perform simple tasks
such as hanging a coat hanger or capping a bottle using only
a single neural network for both sensor processing and motor
control. Lenz et al. [7] use deep neural networks to learn
models for model predictive control. Finally, using state-ofthe-art learning techniques, CNNs have been able to match
human performance in classifying images on the Large Scale
Visual Recognition Challenge dataset [8].
Deep learning has also been applied to planning. The
Google DeepMind team created a Q-learning algorithm
where a deep neural network replaced the traditional method
of performing value iteration with a table of Q-values [9].
The network predicted Q-values given a state-action pair.
The actual reward was used with the Bellman update to train
the neural net. Thus, the neural network acted as a function
approximator for the Q-value table. The major benefit is that
the neural net was able to handle very large state-spaces, at
the expense of requiring many training examples.
C. Robotic Search and Exploration
Frontier search is one of the most common exploration
algorithm in use today. This technique stems from work done
by Yamauchi [10]. The robot keeps track of the frontiers
between the explored and unexplored regions and then picks
the best frontier to explore. A variety of methods to pick
the frontier have been studied, including the closest frontier
centroid [10], segmenting the frontiers into graphs [11],
auctioning frontiers to robots [12], and balancing the benefit

(a) An example floor plan from the KTH dataset. This dataset is used to train
and test informed robotic search.

(b) The corresponding floor plan image from the building’s XML description. Note that this shows a 256 × 128 window but the images input to
the CNN are all (black padded) 256 × 256 square images.
Fig. 2: CNN input image generated from an XML description of an office
floor plan.

of exploring the frontier with the cost of moving to it [11],
[13]. These techniques all rely on the ability to efficiently
identify frontiers. Our work dovetails nicely with this work
by providing an estimation of the best frontier to expand.
By augmenting exploration algorithms with our predictions
about the unexplored areas of structured environments, we
show that the efficiency of search can be significantly improved.
There is some previous work on identifying patterns based
on floor plans. Macé et al. [14] combined building structure
heuristics with vision processing techniques to automatically identify rooms and doors from floor plans. However,
they do not plan over these identified features. Aydemir et
al. [15] takes this one step further by learning common room
groupings with a sub-graph based method, then using those
groupings to predict the features of unseen rooms. Their
method learns based on a dataset of 940 floor plans. They
only learn abstract room classifications, but unlike in this
paper, they do not extend their work to planning over the
learned graphs. Perea Ström et al. [16] use a bag of words
approach to match current incomplete maps to a database of
previously viewed maps to predict how the environment will
expand into unknown areas. This work is similar to ours in

deep network to learn exit locations based on the inherent
structure of the building.
A. HOG features plus SVM

(a)

(b)

Fig. 3: (a) An example 256 × 256 pixel scaled and translated floor plan
input image. (b) The corresponding 20 × 20 pixel image of labeled exit
locations. Grey pixels represent exit locations (two in this image). These
exit locations are used at the output for training the classification neural
network.

that it assumes a common structure between maps, but the
approach and goals differ.
III. P ROBLEM F ORMULATION
In this work we simulate a robot searching a building
for an exit. Starting from a random room located within
the building, the robot must search the environment until
an exit is found. The goal of the robot is to minimize the
area explored to reach an exit.
To explore the building, frontier exploration [10] is used to
generate frontiers that guide exploration. The frontier closest
to an estimated exit is selected as the robot’s next waypoint.
As the robot moves, frontiers are continually updated and
new waypoints are provided to the robot. The robot keeps
exploring in this way until it observes an exit with its laser
scanner.
More formally, we assume a bounded planar workspace
Ω ⊆ R2 . The workspace is partitioned into free space ωfree ,
obstacle space ωobs and goal space ωgoal . This workspace
partitioning is initially unknown to the exploring robot.
During exploration along a trajectory P, the laser scanner
on the robot reveals the region ωknown (P). Let λ(·) denote
the area of a region, and A (P) be the proportion of the entire
workspace Ω uncovered during execution of path P,
A (P) =

λ (ωknown (P))
.
λ (Ω)

To provide a baseline in which to compare our deep
learning method, a traditional image recognition and machine
learning technique has been implemented.
The histogram of oriented gradients is a technique that
counts occurrences of gradient orientation in localized portions of an image [17]. We use the Matlab toolbox provided
by [18] to implement HOG. We start by extracting 12×12
sub-images with 6 pixel overlap across all of our blueprints
in the training set and extract HOG features. The bin size
used is 6 with 10 orientation bins. This returns 80 features
for each sub-image. Each 12×12 sub-image is also labeled
with a one if it contains an exit location or a zero for non-exit
locations. With this, we now have a set of 80 features with
corresponding class labels. With a training set of features and
class labels, we use a support vector machine with a linear
kernel to learn a model for classification. This model is then
used to predict exit locations for unlabeled blueprints. When
more exits are predicted in a blueprint than actually exist,
the n highest scoring exits are used, where n is the number
of exits that exist for the building.
B. Deep Learning
Our proposed method of using structured information to
make inferences is to use a convolution neural network
(CNN) to predict exit locations. The CNN is trained using
a downsampled 256×256 blueprint image as an input. The
output is a 20×20 image with pixel values of 0 for non-exit
locations and 1 for exit locations. 20×20 images were chosen
as the output size for two reasons. A larger output image
would increase the complexity the CNN needs to learn and
the CNN’s ability to predict exit location doesn’t achieve an
accuracy where more resolution would increase performance.
The CNN architecture used in our work is as follows (see
Fig. 5):
1) Input layer (1×256×256)
2) Convolutional layer (16 filters, filter size 9)
3) Max pooling (size 2)
4) RELU Non-Linear Layer

(1)

The optimal path P ∗ is the path that reveals the smallest
region λ (ωknown ) before finding a goal region. Formally
stated:
P ∗ = arg min A (P)

s.t. ωknown (P) ∩ ωgoal 6= ∅.

(2)

P

IV. M ETHOD
We describe two methods for exit prediction based on
blueprints investigated in this work. One uses a traditional
image processing technique of extracting histograms of
oriented gradients (HOG) features from the blueprints and
then trains a support vector machine (SVM) to predict exit
location. The second is our proposed technique of using a

(a)

(b)

Fig. 4: (a) Labeled output locations. (b) The output estimate of the CNN.
This image is clustered to find an exact location of the exit.

Fig. 5: An illustration of our network structure. A 256×256 image is used as an input into our convolutional neural network structure consisting of four
convolution, max pool and RELU layers. This results in a 16×23×23 image that is connected to a 550 node fully connected layer. This is trained through
supervised learning and outputs a heat map of estimated exit locations. Pixels in the heat map are clustered to identify exit locations.

5) Convolutional layer (16 filters, filter size 9)
6) Max pooling (size 2)
7) RELU Non-Linear Layer
8) Convolutional layer (16 filters, filter size 5)
9) Max pooling (size 2)
10) RELU Non-Linear Layer
11) Convolutional layer (16 filters, filter size 5)
12) RELU Non-Linear Layer
13) Fully Connected layer (550 nodes)
14) Output layer (400 nodes - 20×20)
The error function used to train the full neural network
is calculated by performing a pixel-by-pixel comparison of
the image of estimated exit location with the ground truth
image of the true exit location (see Algorithm 1). In order
to balance positive and negative exit locations, the error is
multiplied by a value of 400/3 when a false negative occurs
(i.e., when the network estimates there is no exit in a location
where one actually exists). This normalization value is due
to the fact that on average each exit location image has 3
white pixels, denoting exits, out of 400 total pixels. This
normalization factor encourages the CNN to predict a ‘heat
map’ of possible exit locations, as shown in Fig. 4(b), instead
of learning to output an all black image.
Algorithm 1 Loss Function
1:
2:
3:
4:
5:

procedure L OSS F UNCTION(Prediction, target)
LT T ← prediction < target
GT T ← prediction > target
2
output ← ( 400
3 LT T +GT T )(target−prediction)
return output

From the output images of the CNN, a clustering method
is used to determine the exact location of the exit prediction.
We apply k-means clustering on the output image to find
the center of the pixel cluster. When clustering, the effective
weight of each pixel is scaled by that pixel’s value, in
the range [0, 255]. Thus, the brighter the pixel, the more
it influences where the cluster center is placed. Once the
cluster center is identified, we can compare the location of
the estimated exit with the actual location of the exit, as
shown in Fig. 6.

V. DATASET G ENERATION
The CNN used in this work predicts exit locations after
having been trained on a large number of labeled floor plans.
The set of floor plans used in this paper is derived from
the KTH dataset used in [15]. This dataset consists of 161
hand-labeled PDF blueprints, shown in Fig. 2(a), of building
floors on the KTH Royal Institute of Technology’s campus.
Each blueprint has a corresponding XML file describing
the locations of the walls, doors, and centroid for each
room shown in the blueprint. Also, each room is labeled
with a category, such as hallway, office, classroom, etc. The
doorways describe paths between the rooms in the blueprints,
either physical doors or logical transitions between them. We
augment the provided XML by labeling the exit locations
for each floor plan. These exit locations correspond either to
stairways leading to lower floors or exterior doors.
In order to transform the data in the dataset into a form
usable by the neural network, we construct a 256×256 pixel
gray scale image from the wall and window data given
in each blueprint’s XML file, with pixels values of 255
corresponding to the locations of walls, 128 for windows
and 0 for doors and open spaces. Exits are not labeled on
the simplified images. This image size and format greatly
reduces the complexity of the images and standardizes them
across different blueprint notation, while still maintaining
enough detail to allow the building’s features and structure

Fig. 6: An example of the CNN’s ability to predict exit location. The gray
squares are the true exit location, the white squares are the CNN’s estimated
exit location

to be readily recognized.
Many thousands of examples are required to effectively
train a deep neural network, yet only 161 blueprints are
included in the data set. In order to overcome this limitation,
we generate a series of images where the blueprint has
been scaled, translated and rotated on the 256×256 canvas.
Through this, we create a dataset of 10,304 images. The data
is partitioned into three image sets; a training set consisting
of 6907 images, a validation set of 823 and a testing set
consisting of 2575 images. Training of the network takes
approximately 22 minutes on an Intel i7-4790K with a
GeForce GTX TITAN Z GPU.
VI. R ESULTS AND D ISCUSSION
In this section we report on the results achieved in
predicting exit locations using HOG features with SVM
and the CNN detailed above. We quantify each technique’s
performance by calculating the average distance between
the predicted exit and the true exit. Additionally, we run
simulations in ROS stage of a TurtleBot1 exploring buildings,
searching for exits based on estimations from the techniques
described in Section IV. We assume the robot is able to localize itself sufficiently well within the building to determine
the relative location of the projected exit. All predictions are
performed on the test set, which has no overlap of buildings
or floors with the training or validation set.
TABLE I: Average distance between estimated exits and true
exits in 2575 floorplans

Distance (m)

Random

HOG+SVM

CNN

17.95

12.95

10.15

When comparing estimated exit location to true exit location, we found the average distance error in the estimated exit
location for the test set was 12.95 m when using HOG+SVM
and 10.15 m when using the CNN method (see Table 1). This
is compared to an average distance of 17.95 m if a random
location inside the bounds of the building is selected as an
exit location. This shows that HOG+SVM is able to learn
some information about exit locations from local features, but
the CNN is able to do a better job of identifying exit locations
in buildings. Because the CNN is able to construct features
that incorporate the whole building, structural information
can be encoded and used to help predict exit location.
To understand the impact exit prediction accuracy has on
search performance, we perform a series of simulations of
a TurtleBot exploring office buildings using ROS [19]. Each
simulation starts by placing a TurtleBot in the center of a
random room inside the building. The TurtleBot performs
frontier exploration with a 4 m range laser scanner. Two
methods in which the TurtleBot picks waypoints are explored. As a baseline, generic frontier exploration is used,
picking the frontiers that are nearest to the TurtleBot as
the next waypoint for exploration. The other method selects
1 http://wiki.ros.org/Robots/TurtleBot

Fig. 7: The mean area of the building explored before the robot discovered
an exit. Error bars show one standard error of the mean (SEM) above and
below the mean. Averaged over 20 simulated building searches.

the frontier that is closest to the estimated exit. This guides
the search towards the estimated exit, but guarantees search
completeness.
Figure 7 shows the results of 20 simulated building
searches. As a baseline, standard frontier exploration explores, on average, 22.3% of the building until an exit is
found. This has a large variance due to the differences in
building size and shape and the random starting locations.
Sometimes the robot starts close to the exit location and
requires little exploration and sometimes it is far from the
exit and needs to explore a large percentage of the building.
HOG+SVM performs slightly better than the baseline. This
matches its exit location prediction accuracy, performing
slightly better than a random search. The Deep Network
performs best, needing to only explore 14.3% of the building
on average to find the exit. This results in a 35.8% reduction
in building exploration, which can be directly translated into
a reduction of time and energy the robot needs to use to find
the exit.
VII. C ONCLUSION AND F UTURE D IRECTION
The results presented in this paper demonstrate the
promise of using deep neural nets to perform model-free
predictions for robotic exploration. This work shows that
a deep neural network can provide a reliable method for
increasing the efficiency of current search methods by providing improved predictions about the goal locations and
environmental features. Furthermore, little effort is needed
to adapt the method to other domains as it directly uses low
level sensor and feature inputs without the need for external
filtering or processing.
Further work is needed to compare these methods to other
model-free prediction algorithms such as Gaussian Processes.
While deep neural nets have been used successfully in
many areas, the method presented here should be applied to
other domains to characterize its performance characteristics
and robustness to environmental variation. This work also

suggests several other broad avenues for further studies in the
areas of sensor processing and motion planning. Investigating
whether deep neural nets are able to plan trajectories in
addition to predicting the goal location is of particular
interest. Lastly, a direct extension to this work is using partial
floor plans, similar to those constructed via SLAM, as inputs
into the predictive neural network.
The results presented in this paper show that using deep
neural nets to inform search of unknown environments has
the potential to significantly improve the efficiency and
autonomy of robots performing a wide variety of mapping,
monitoring, and search missions.
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