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Abstract
We consider the problem of active victim segmentation during a search-and-rescue exploration mission. The robot is equipped with a multi-modal sensor suite consisting of a camera,
lidar, and pan-tilt thermal sensor. The robot enters an unknown scene, builds a 3D model
incrementally, and the proposed method simultaneously (i) segments the victims from incomplete multi-modal measurements and (ii) controls the motion of the thermal camera.
Both of these tasks are difficult due to the lack of natural training data and the limited
number of real-world trials. In particular, we overcome the absence of training data for the
segmentation task by employing a manually designed generative model, which provides a
semi-synthetic training dataset. The limited number of real-world trials is tackled by selfsupervised initialization and optimization-based guiding of the motion control learning. In
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addition to that, we provide a quantitative evaluation of the proposed method on several real
testing scenarios using the real search-and-rescue robot. Finally, we also provide a dataset
which will allow for further development of algorithms on the real data.

1

Introduction

An integral part of any search-and-rescue (SAR) mission is a time-critical search for potential victims in a
disaster area. A typical disaster area contains dangerous zones in which human rescuers are not allowed to
enter - red zones. Exploration of these red zones is usually assured by a teleoperated robot (Murphy, 2014).
In the teleoperated exploration scenario a human operator determines a coarse exploration path. The robot
follows the path and collects multi-modal measurements, such as camera, depth and thermal images. Since
these measurements are difficult to be processed reliably by a human operator in a time-critical scenario,
real-time autonomous processing, which allows to guide the operator’s attention and decrease his cognitive
load, is highly desirable functionality (Kruijff et al., 2014). Proposed autonomous processing delivers a
concise 3D semantic map which visualizes topological relations and emphasizes potential victims, see Fig. 3.
The resulting semantic map is critical for further reasoning and decision-making, therefore its quality is
essential.
Since sensors have a limited field of view and the exploration time is restricted, the resulting coverage of
the disaster environment by the sensor measurements is incomplete, which compromises the accuracy of the
resulting semantic map. We consider the setup in which a robotic platform is equipped with an omnidirectional camera, a rotation laser scanner (together denoted as RGBD sensor) and a pan-tilt thermal camera
with a small field of view, see Fig. 1. Since temperature is an essential cue for detecting humans in SAR,
segmentation-friendly control of the pan-tilt unit is needed for compensating the limited sensor coverage and
maintain accurate segmentation. We propose an active victim segmentation algorithm which simultaneously
(i) segments victims in incomplete RGBDT data and (ii) controls the thermal camera to minimize segmentation
error.
One possible solution is to define a cost function reflecting the expected error of the semantic map and plan
the thermal measurements to minimize it. However, since the dimensionality of the underlying state-action
space is enormous, real-time (re)planning is prohibitively time-consuming. Consequently, we propose a novel
learnable method, which employs deep convolutional neural networks (CNNs) for both tasks: (i) victim
detection (provided by purely segmentation nets), and (ii) thermal camera control (determined by a Q-value

policy network). The proposed learning method minimizes a common objective, therefore segmentation nets
are trained to work well on the temperature measurements provided by the policy network, while the policy
network is trained to provide temperature measurements which maximize the segmentation accuracy.
CNNs have recently been shown to be a powerful representation for both classification and motion control.
However, the success of CNNs is usually conditioned either by (i) the existence of a huge number of training
examples (Krizhevsky et al., 2012; Mnih et al., 2015), or (ii) a careful initialization (Long et al., 2015; Levine
et al., 2016). Both of these conditions are difficult to achieve due to the lack of natural training data and the
inherently limited number of trials that can be performed with the real robot. In particular, we overcome the
absence of training data for the segmentation task by employing a manually designed generative model, which
provides the semi-synthetic training dataset. The high-dimensionality of the underlying control problem is
tackled by self-supervised initialization and coverage-planning-based guiding of the motion control learning.
The main contribution of this paper lies in (i) showing that in contrast to general reinforcement learning
tasks, the active segmentation problem allows for a self-supervised policy initialization, (ii) introducing
coverage-planning-based guiding of motion control learning, (iii) conducting quantitative evaluation of the
proposed method on several real testing scenarios using a real SAR robot, (iv) providing the active search
and rescue dataset which allows further development of algorithms on the real data (http://ptak.felk.
cvut.cz/tradr/data/human_seg/).

Figure 1: Left: Skid-steer search-and-rescue robot with a panoramic RGBD sensor consisting of an omnidirectional camera and a rotation laser scanner; Right: a narrow-FOV thermal (T) sensor, mounted on a pan-tilt
unit.

2

Previous Work

Real search and rescue missions are discussed in (Murphy, 2014). Due to several reasons, notably due to
extremely harsh conditions and lack of human to robot trust, the robots were teleoperated in all the successful
missions. Victim search was done by human operators. Rescue scenarios have been simulated for many
years within annual RoboCup events emphasizing their importance (Sheh et al., 2016). Probably because
of general technical robot-oriented challenges the victim detection were performed by standard computer
vision techniques, such as (Dalal and Triggs, 2005). Even the very recent robot leagues/competitions1
mainly challenge actual deployment of robot teams putting automatic exploration and segmentation aside
or simplifying it by requiring to detect artificial markers2 . Automatic scene understanding or segmentation
in real SAR mission remains largely unsolved challenge.
The problem of active perception from computational perspective was recently surveyed in (Bajcsy et al.,
2017). Employing purposive sensing for the task of object recognition can be dated back to (Wilkes and
Tsotsos, 1992), where the authors divided the task into two subproblems—moving the camera and primary
light source to a position called a standard view of the unknown object, and two-dimensional recognition
problem. With articulated objects in arbitrary pose, as in our scenario, this decomposition is impractical
because the standard view may not be reachable from the current position or due to possibly large selfocclusions which may occur even when the standard view is reached.
Many methods have been proposed for selecting the next best view with respect to the object recognition
task at hand. Jia et al. (Jia et al., 2010) addressed the view selection itself as a classification problem and
proposed a boosting-based algorithm combining three types of cues, including a similarity measure based on
an implicit shape model. Doumanoglou et al. (Doumanoglou et al., 2014) proposed a multi-view classifier
based on an ensemble of random decision trees where the view selection is inherent in the classification
process. The proposed framework was applied to the task of autonomously unfolding clothes by a robot,
addressing the problem of best view selection in classification, grasp point and pose estimation of garments.
These two approaches, nevertheless, are closely connected to the classification task with a single object being
presented and cannot be adapted to segmentation of multiple articulated objects in arbitrary poses. Johns
et al. (Johns et al., 2016) decompose the multi-view object classification task into a set of independent
classification tasks, each dealing with a single image pair. They then use this pair-wise decomposition
in trajectory optimization—they seek a path of a given length in the corresponding undirected graph of
1 like
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2 https://sites.google.com/catec.aero/erl-emergency-2019/competition

neighboring views which maximizes estimated cross-entropy scores for unobserved views. After each new
view is observed, the scores are updated and the trajectory is re-planned. Their approach, nevertheless,
becomes impractical for longer trajectories, because the number of pairs increases quadratically with the
number of views.
In the area of visual object search, Shubina and Tsotsos (Shubina and Tsotsos, 2010) proposed a strategy
for finding a target object in an unknown 3D world within a fixed time budget. Both the search space of
object locations and that of robot positions is tessellated, into a 3D and 2D grid, respectively, and the sensed
sphere (Ye and Tsotsos, 1999) is used to represent surroundings of the camera. The execution time of each
action includes robot movement, and image acquisition and analysis. Since Ye and Tsotsos (Ye and Tsotsos,
1999) proved this task be NP-hard, the authors propose a greedy two-stage strategy which first selects where
to look next, and then where to move next. Andreopoulos et al. (Andreopoulos et al., 2011) share many
concepts with (Shubina and Tsotsos, 2010), notably the concept of 3D search space grid, here called target
confidence map. Their work adds an obstacle map and a multi-view visual detector. The core contribution
is a probabilistic update of both the target confidence and the obstacle map. The planning is greedy—next
best view and position (of a humanoid robot) is selected.
The active visual segmentation approach proposed by Mishra et al. (Mishra et al., 2012) understands the
activity very much differently from us. The authors propose an automatic segmentation method given a
fixation on an object or a scene part. An initial fixation is further refined by choosing certain points on the
skeleton of the segmented object.
Semantic segmentation has traditionally been formulated as energy minimization in graphical models, as in
(Krähenbühl and Koltun, 2011; Yao et al., 2012), employing approximations both in learning and inference
to maintain tractability. Recently, deep convolutional neural networks (CNN) achieved competitive results.
Long et al. (Long et al., 2015) adapt several classification models for the semantic segmentation task, introducing skip connections to maintain spatial fidelity of the output. We use their FCN-32s model as a basis
of our multi-modal segmentation models.
A multi-modal human body segmentation was recently proposed by Palmero et al. (Palmero et al., 2016).
Their method, nevertheless, relies on background subtraction using a learned Gaussian mixture model and
the camera being static which is not applicable in our settings. They also present a new RGBDT dataset
with annotated human bodies which is similar to the dataset we publish in this work as for the represented
modalities and object of interest. The dataset was used to evaluate a human body co-segmentation approach

proposed in (Choi et al., 2017), using uncalibrated but static sensors within indoor scenes. Our dataset,
nevertheless, exhibits higher variability of background scenes and human poses, motivated by search-andrescue scenarios.
A deep Q-network (DQN) proposed by Mnih et al. (Mnih et al., 2015) can learn successful policies directly
from high-dimensional sensory inputs using end-to-end reinforcement learning. Being tested on the challenging domain of classic Atari 2600 games, the method outperforms all previous algorithms and achieves
a level comparable with or superior to that of a professional human games tester in the majority of the
games.3 In this work, we show that training DQN policies can benefit from being provided with guiding
samples obtained from an optimal planner. Levine et al. (Levine et al., 2016) develop a guided policy search
algorithm which allows learning deep CNN policies that map raw image observations directly to torques at
the robot’s motors. They evaluate the method on a range of real-world manipulation tasks, such as screwing
a cap onto a bottle. In contrast to (Mnih et al., 2015; Levine et al., 2016), the reward used in our method
is tightly coupled with the segmentation error.
Recently Jayaraman and Grauman (Jayaraman and Grauman, 2016) proposed to use reinforcement learning
for active object and scene categorization, in which a learned CNN policy successively selects viewpoints
for an RGB camera to minimize categorization error. In contrast to this task, we solve the task of active
3D segmentation from incomplete RGBDT data captured online in a structured 3D environment. Hence, the
learned policy has to infer both (i) the expected segmentation errors and (ii) the occlusions preventing future
acquisition of thermal data. To tackle such complex task we propose self-supervised initialization and provide
optimal trajectories to guide the reinforcement learning.

3

Problem Specification

The sensory suite of our mobile robot consists of (i) the Point Grey Ladybug 3 panoramic camera providing
RGB images, (ii) the SICK LMS-151 laser scanner on a rotating mount providing depth measurements D
and (iii) the thermal camera Micro-Epsilon thermoIMAGER TIM 160 with a small field of view mounted
on a pan-tilt unit and providing thermal measurements T.

4

The robot follows a known short-horizon path

consisting of several discrete positions into an unknown environment. As the robot explores the environment,
it simultaneously builds a 3D voxel map of occupancy and localizes itself within the map. In addition to that,
temperature of some voxels can be measured by the thermal camera. Our goal is (i) human/background
3 In

29 out of 49 games DQN achieves at least 75% of games tester’s level.
extrinsic camera calibration w.r.t. the laser was obtained by (Brabec, 2014).

4 The

Figure 2: Learning outline. Human presence/absence in particular pixels is determined by two segmentation
networks Sθ (x) and Sψ (x, z). Motion of the thermal camera is controlled by state-action value function
network Qω (X). While learning of the segmentation networks is tackled by SGD (Stochastic Gradient
Descent), learning of the Q-network is guided by the optimal Q-values provided by the MILP (Mixed Integer
Linear Program)-based planner.

segmentation of the 3D voxel map from captured RGBDT data and (ii) simultaneous control of the thermal
camera in order to capture such thermal measurements which facilitate the segmentation the most.
Measurements and voxel map: The result of the proposed pipeline (see Fig. 2) is a 3D voxel map,
which accumulates occupancy, temperature and segmentation confidence. At each position, the voxel map
is reprojected into the RGB camera coordinate frame to create depth and thermal image, respectively, of the
same resolution as the RGB images. Concatenation of the RGB image with depth image D is denoted by x, the
thermal image is denoted by z. Especially, we introduce state X, which consist of x, z, current viewpoint of
the thermal camera and the position of the robot on the exploration path.
Human segmentation: The probability of human presence/absence in particular pixels is estimated by
two segmentation networks. The first segmentation network Sθ (x) provides estimates without using any
temperature measurements, the second segmentation network Sψ (x, z) use the available temperature measurements. Network parameters are denoted by θ and ψ, respectively. Outputs of these networks, ŷ(θ)
and ŷ(ψ), are projected by mapping P onto the existing 3D voxel map to update the respective probability
estimates in the corresponding voxels, denoted by Ŷ (θ) and Ŷ (ψ).

Figure 3: (left) Panoramic RGB image with segmented humans outlined by green and magenta contours, as
given by the CNN-based segmentation models using either only RGBD data or the data with an additional
thermal modality. The reprojected thermal measurements collected up to the current time are emphasized
by blue overlay. (right) Reconstructed and segmented voxel map with accumulated thermal measurements
displayed in blue color. Light red denotes the voxels marked as corresponding to human based on RGBD data
only, dark red denotes the voxels marked as human based on the data with additional temperature measurements. Robot path with positions is denoted by black arrow with dots and selected thermal viewpoints are
outlined by blue cones. The thermal camera is controlled to maximize the long-term sum of ∆H.

Motion of the thermal camera is determined by state-action value function network Qω (X) with parameters ω, which assigns Q-values Quω1 (X), . . . , Quωn (X) to n discrete control actions. At each state X, the best
available action u∗ = arg maxu Quω (X) is chosen to control the motion of the thermal camera. The proposed
measuring-classification-control loop is summarized in Alg. 1.
At each position on the exploration path, the thermal camera captures a single thermal image from a defined
viewpoint. The viewpoint at position k is denoted ik (viewpoints outlined as light blue cones in Fig. 3-right).
We assume that the motion dynamics of the thermal camera are constrained and that viewpoint ik is given
as ik = f (ik−1 , uk ), where f is the motion model and uk is a control action at position k. Given a fixed
training scenario, resulting voxel segmentation map Ŷ (θ, ψ, i1 . . . iK ) estimated at position K is uniquely
determined by the segmentation parameters θ, ψ and by the captured viewpoints i1 . . . iK .
Learning is defined as a search for parameters θ, ψ, and ω which minimize the cross-entropy loss

1:
2:
3:
4:
5:
6:
7:

Capture RGB, D, and T data and update the corresponding 3D voxel maps.
Construct x and z from the RGB camera image and the current voxel maps of occupancy and temperature.
Estimate local pixel-wise human probability
ŷ(ψ) = Sψ (x, z), ŷ(θ) = Sθ (x).
Update the corresponding voxel maps Ŷ (ψ) and Ŷ (θ) using mapping P .
Estimate new control u∗ = arg maxu Qω (X, u).
Simultaneously move the robot towards the next position on the exploration path and the thermal
camera by control signal u∗ towards the viewpoint to be captured at the next position.
Repeat from the beginning.
Algorithm 1: The active segmentation algorithm.

H(Y, Ŷ (θ, ψ, i1 . . . iK )) between estimated global voxel map Ŷ (θ, ψ, i1 . . . iK ) at a final position K and groundtruth voxel map Y subject to the motion constrains of the thermal camera,

arg min

X

ψ,θ,ω



H Yv , Ŷv (θ, ψ, i1 . . . iK )

(1)

v

s.t. ik = f (ik−1 , uk (ω)) ∀k∈{1,...,K} ,

where Yv , Ŷv denotes elements (voxels) of voxel maps Y , Ŷ , respectively, and initial viewpoint i0 is a
constant assumed to be known in advance. This optimization problem is approximately solved as successive
minimization over θ, ψ, and ω.
Optimization over ψ and θ is formulated as SGD minimizing of the cross entropy of pixel-wise updates
ŷi (θ), ŷi (ψ) with respect to pixel-wise ground-truth yi .

arg min
θ

arg min
ψ

X

H (yi , ŷi (θ)) ,

(2)

H (yi , ŷi (ψ)) .

(3)

i

X
i

The ground truth estimation and the training procedure is detailed in Sections 5.1 and 5.2
Optimization over ω: Let us denote V the set of all voxels and V(i1 , . . . , iK ) its subset containing the
voxels visible with the thermal camera in any of the K views i1 , . . . , iK selected along the path (see Fig. 3,
on the right). Resulting voxel segmentation Ŷ (θ, ψ, i1 . . . iK ) is composed from Ŷ (θ) and Ŷ (ψ) as follows:

Ŷv (θ, ψ, i1 . . . iK ) =




Ŷv (θ),

v ∈ V(i1 , . . . , iK )



Ŷv (ψ),

v∈
/ V(i1 , . . . , iK )

Consequently, the optimization over ω is simplified as follows:

(4)

arg min

X

ω





X
H Yv , Ŷv (ψ) +
H Yv , Ŷv (θ)

v∈V(i1 ,...,iK )

v ∈V(i
/
1 ,...,iK )

s.t. ik = f (ik−1 , uk (ω)) ∀k∈{1,...,K}

= arg min

X

ω




 X 

X
H Yv , Ŷv (ψ) −
H Yv , Ŷv (θ) +
H Yv , Ŷv (θ)

v∈V(i1 ,...,iK )

v∈V(i1 ,...,iK )

v∈V

s.t. ik = f (ik−1 , uk (ω)) ∀k∈{1,...,K}

= arg max
ω





H Yv , Ŷv (θ) − H Yv , Ŷv (ψ)
{z
}
v∈V(i1 ,...,iK ) |
X

(5)

∆Hv (θ,ψ)

s.t. ik = f (ik−1 , uk (ω)) ∀k∈{1,...,K} ,

where difference




H Yv , Ŷv (θ) − H Yv , Ŷv (ψ) = ∆Hv (θ, ψ)

(6)

denotes the reduction of the cross-entropy loss in voxel v when the temperature becomes known at this particular voxel—we call this quantity gain. The motion and budget constraints bind the control u1 (ω), . . . , uK (ω)
over the whole horizon K and the optimization cannot be decoupled. Given fixed segmentation parameters,
we learn state-action value function Qω (X), which estimates the expected gain. The guided Q-learning
algorithm for optimization of ω is detailed in Section 4.

4

Learning of the Control Network

If (i) the visibility of all voxels in all viewpoints along the robot path is available in advance, (ii) the gain is
known for all voxels, and (iii) the control signals are discrete, then the optimal control corresponds to the
weighted maximum coverage problem with limited budget and motion constraints. Such formulation is an

instance of the following MILP:

arg max vT ∆H(ψ, θ)
u,v

(7)

s.t. Au ≥ v
Bu = 1
Cu ≤ 1
v ∈ [0, 1]V
u ∈ {0, 1}KN ,

where A is a sparse binary matrix which captures visibility of the voxels in the available viewpoints along
the planning horizon, B is a sparse binary matrix determined by the budget constraints (single viewpoint
per position), C is a sparse binary matrix which captures the motion constraints, V is the number of voxels
in the map, K is the planning horizon (i.e., the number of positions along the path), N is the number of the
available actions (viewpoints). The result of this optimization are two vectors u and v; vector u specifies
control signal along the path and vector v is an auxiliary variable which denotes visibility of particular voxels
in the thermal camera.
Since an unknown environment is typically explored, neither the map nor the gain ∆Hv are known in a testing
scenario, which makes direct online optimization of problem (7) impossible. On the other hand, complete
voxel maps with corresponding voxel gains are available for the annotated training sequences. Since a direct
optimization of ω would require recurrent estimation of the gain with respect to the considered horizon K,
which is both computationally demanding and prone to get stuck in a poor local minimum, we instead use
MILP to directly optimize the control u on the training sequences. Optimal Q-values eventually guide the
learning of parameters ω, see Sec. 4.2 for details.
Since the raw sensory measurements are high-dimensional, learning of deep Q-value network Qω (X, u) from
randomly initialized weights would require a huge amount of training samples. To avoid such a demanding
training procedure, we suggest to divide the Qω (X) network into two sub-networks:
(i) gω1 (x) network which estimates ∆H from x and
(ii) qω2 (∆H, X) network which predicts the Q-values from the estimated gain ∆H and state X.
These networks are first trained independently, then concatenated as Qω (X) = qω2 (gω1 (x), X) and fine-tuned
as one network (see Fig. 4). Learning of the Q-value network is summarized in the three following steps.

Figure 4: Structure of Qω network: The policy Qω (X) = qω2 (gω1 (x), X) is composed from two subnetworks: (i) gain predicting sub-network gω1 (x), and (ii) Q-value sub-network qω2 (∆H, X), with an interconnecting subsampling layer in the middle.

1. Train gain predicting sub-network gω1 from supervised and self-supervised ∆H annotations. In
the supervised setting, human/background annotations are available. In such case, ∆H annotations
are just the difference of cross entropies of segmentation networks (Eq. 6). In the self-supervised
setting, we exploit unlabeled RGBDT data. In such a case, ∆H annotations are approximated as
Kullback-Leibler divergence of the outputs of segmentation networks, see Sec. 4.1 for details. The
gω1 sub-network predicts the expected reduction of the cross-entropy loss as a result of measuring
temperature at particular pixels.

2. Train Q-value sub-network qω2 (∆H, X) by the proposed guided Q-learning algorithm. The
guided Q-learning first use the MILP planner to estimate optimal trajectories which maximize ∆Hweighted coverage of voxels from the explored environment. These trajectories are used to normalize
the Q-values and to guide the exploration. Learned policy approximates these optimal trajectories
and consequently minimize the segmentation error, see Section 4.2 for details.

3. Connect previously trained sub-networks into the final Q-value network Qω (X, u) =
qω2 (gω1 (x), X) and fine-tune its parameters ω. Note, that the fine-tuned Qω network does not
predict the gain ∆H anymore.

4.1

Self-Supervised Policy Initialization

A training sequence consists of x and z images. For some of these images human/background labels y
are available, some images are unlabeled. When annotations are available, supervised learning of the gain
predicting network gω1 is straightforward. We collect training pairs [x, H (y, ŷ(θ))−H (y, ŷ(ψ))]k for fixed
parameters θ and ψ, and learn a regression network minimizing the square loss. In addition to this, we also
suggest a self-supervised learning setup, in which arbitrary unlabeled images are used. In this setting, we
approximate the gain using outputs of segmentation networks ŷ(θ) and ŷ(ψ) as the expected difference of
the cross entropy losses under the best current estimate ŷ(ψ) of truth labels as follows:

Eyi ∼B(ŷi (ψ)) {∆H (ψ, θ)}
= Eyi ∼B(ŷi (ψ)) {H (yi , ŷi (θ)) − H (yi , ŷi (ψ))}
= H (ŷi (ψ), ŷi (θ)) − H (ŷi (ψ))
= H (ŷi (ψ)) + DKL (ŷi (ψ)kŷi (θ)) − H (ŷi (ψ))
= DKL (ŷi (ψ)kŷi (θ))

(8)

where B(p) is the Bernoulli distribution with parameter p, H(p) is the entropy of such a Bernoulli distribution,
and H(p, q) and DKL (pkq) denote the cross entropy and Kullback-Leibler divergence, respectively, of the
respective distributions. Predicted gain for a testing image is shown in Fig. 5.

4.2

Coverage-planning-based Guided Q-Learning

Require: Initial viewpoint i0
1: for k ∈ {1, . . . , K} do
2:
(q ∗ , u∗ ) ← MILP(Xk )
. Optimal control from the current state Xk
3:
for u0 ∈ {1, . . . , N } do
4:
(X 0 , R0 ) ← act(Xk , u0 ) . Apply action u and get reward R0 and the following state X 0
5:
q 0 ← R0 +MILP(X 0 )  . Estimate Q-value for doing action u in state Xk
0

6:

7:
8:
9:
10:
11:

D ← D ∪ Xk , u0 , qq∗
end for
 ∗
u
with prob. p
uk ←
arg maxu Quω (Xk ) with prob. 1 − p
Xk+1 ← act(Xk , uk )
end for
ω ← SGD(Qω , D).
Algorithm 2: The guided Q-learning algorithm.

Figure 5: Output of gain predicting network gω1 (x) estimates the expected per-pixel gain derived in Eq. (8)
(bottom) from the RGBD input x (top). Colorbar encodes values of the visualized gain.

Given fixed segmentation networks, we formalize control of the thermal camera as MDP with the following
states, actions, rewards and transition probability.
State Xk is concatenation: Xk = (xk , zk , mk , ∠(I, ik ), K − k) , where ∠(I, ik ) denotes the angular distance
of all viewpoints I from current viewpoint ik , K − k is the remaining number of the positions, mk denotes
the thermal masks determining coverage of pixels by temperature for the allowed viewpoints i ∈ I.
Action uk corresponds to the motion of the thermal camera from the current viewpoint to the one of discrete
viewpoints in the close neighbourhood.
Reward rk for performing an action in a given state is equal to the gain of newly covered voxels.
Transition probability between states is synthesized from reconstructed training maps with full thermal
measurements, which has been captured offline.
We propose guided Q-learning algorithm, which is used for training of (i) the second sub-network qω2 , as
well as (ii) the whole Q-value network Qω during fine-tuning. Proposed algorithm Alg. 2 successively collects
training transitions from available maps and learns to predict Q-values, which correspond to the expected
gain of covered voxels, when action u is applied in state X and then controlling optimally.
The guided Q-learning first estimates gain for all voxels. The optimal control u∗ of the thermal camera and
the optimal gain coverage q ∗ is determined by solving the corresponding MILP instance from the current

state (see line 2). Then it evaluates the sum of gains q 0 achievable for all possible controls u0 by successively
applying each control u0 and solving the corresponding MILP instance from the following state X 0 (see
lines 4–6). All these transitions (Xk , u0 , Q) are stored in the dataset D (see line 6). We have considered (and
experimentally evaluated, see Fig. 8) three different types of Q-values:

1. raw sum of covered gain-values:

Q = q0 ,

2. absolute loss in the sum of covered gain values: Q = q 0 − q ∗ ,
3. relative loss in the sum of covered gain values: Q = q 0 /q ∗ .

Eventually, either the optimal control u∗ or Q-value-driven control arg maxu Quω (Xk ) is applied (see lines 8–9)
and the process continues from the following state Xk+1 . When a sufficient number of transitions is collected,
SGD is performed on weights ω of the regression network Qω , until the validation error stops decreasing (see
line 11).
In contrast to the standard Q-learning, the guided Q-value network is not forced to predict the absolute
sum of ∆H which is often loosely connected with features observed in the current state. Guided Q-learning
predicts rather the expected impact on the optimality. Another advantage stems from guiding the exploration
of the state-action space close to the optimal trajectories. In the experiments, guiding probability p linearly
decreases from 1 towards 0.

5

Learning of the Multimodal CNN Models

Convolutional neural networks are expressive models which allow efficient element-wise prediction for inputs
of variable size. They are composed of multiple processing layers forming a directed acyclic graph. The
bottom layer has the source data as its input, the top layer yields the target prediction or a task-specific
scalar loss for training.
We minimize the loss using stochastic gradient descent (SGD) with Nesterov’s accelerated gradient
(NAG) (Nesterov, 1983; Sutskever et al., 2013) which yields the following weight updates:

vt+1 = µvt − α∇`(wt + µvt ),
wt+1 = wt + vt+1 ,

(9)
(10)

with wt being the model parameters at iteration t and vt their preceding update, ∇`(w) being the gradient
of loss function ` at w, α > 0 being the learning rate, and µ ∈ [0, 1) the momentum coefficient. The
segmentation models use the multinomial logistic loss for training, the regression model uses the Euclidean
loss.
All the models having RGB as input reuse the 16-layer VGG net (Simonyan and Zisserman, 2014) as adapted
and fine-tuned by (Long et al., 2015), namely the FCN-32s variant. Since annotated depth and thermal data
are much scarcer, and no suitable pretrained models are available for these modalities, we employ smaller
models, with similar structure but having four times less output channels in each convolutional layer to
prevent overfitting. The architecture for a single modality is summarized in the Appendix. The multimodal
models are composed by summing up the outputs of the corresponding deconvolution layers, directly before
the final softmax layer.
First, we train the segmentation networks using extra modalities—one using depth, the other using depth
and the thermal modality. These are then combined with the pre-trained RGB segmentation network (Long
et al., 2015) and fine-tuned to provide the Sθ and Sψ networks used in the experimental evaluation in
Sec. 6.2. After fine-tuning, FCN-32s model achieved the average precision of 0.56 on test images, compared
to 0.61 achieved by Sθ . Outputs ŷ(θ) and ŷ(ψ) are used to train gain-predicting network gω1 , once with
ground-truth labels y to predict ∆H(θ, ψ) directly and once with unannotated dataset to predict its estimate
in form of the Kullback-Leibler divergence from Eq. (8). Finally, the gain-predicting network is merged with
the control sub-network qω2 and fine-tuned on guiding trajectories.
For learning parameters of the models, we use training subsets from the two datasets described below (Sec. 5.1
and 5.2), where we replaced the missing measurements in case of the depth and thermal modalities by their
nearest valid neighbors. The validation subset of the panoramic dataset (Sec. 5.2) were used for early
stopping and to select models for test. The reported results in Sec. 6.2 are obtained on the test sequences
from the panoramic dataset.
We performed 105 parameter updates with momentum coefficient µ = 0.99, linearly decaying learning rate
from α = 10−4 to zero, and a single example per batch. An additional L2 regularization on weights was used
with coefficient λ = 5 × 10−4 . The parameters of the models learned from scratch were initialized using the
procedure from (Glorot and Bengio, 2010). The parameters of the segmentation networks Sθ and Sψ , and
the gain-predicting network gω1 were selected to minimize the loss on the validation set.
5 Namely

ω1 for DKL

5

The CNN-based

the parameters θ from iteration 8 × 103 , ψ from 14 × 103 , ω1 for true ∆H prediction from iteration 64 × 103 , and
prediction from iteration 90 × 103 were selected.

models were implemented in the Caffe framework (Jia et al., 2014).

5.1

Semi-Synthetic Human Body Dataset

In order to obtain a large number of images with accurate ground-truth segmentation for training and evaluation we chose to create a semi-synthetic dataset 6 in the following way. First, positive examples with humans
in various poses were captured in the lab, in front of the green screen to simplify their annotation. Second,
background images were captured in a real-life environment, both outdoor and indoor, without the need to
constraint the scene conditions much. Finally, semi-synthetic images were composed by placing annotated
humans onto the background images, using the depth information to avoid implausible configurations and
to impose realistic occlusions.
For a pair of images, object configurations (i.e., rotation, translation, and scale) were sampled from a uniform
distribution until a plausible configuration was found, as measured by an ad-hoc criterion which rewards
contact at boundary pixels and penalizes object pixels behind the background. The process is illustrated
in Fig. 6(a)–(d), showing the source images and the resulting composition, along with several examples of
synthetic images. Small occlusions are often generated along the bottom boundary of the object, as if it
were partially submerged in mud or fine rubble; in some cases, there are occlusions generated from vertical
structures which are part of the background, such as poles, staircases etc. Employing semantic scene analysis
techniques would be needed to generate major occlusions while maintaining plausibility of the result.
We used Asus Xtion PRO LIVE to capture the RGBD data and IMAGER TIM 160 to capture the thermal
data T. The source images were split into training, validation, and test sets prior to composition. The number
of images in every group is summarized in Table 1.

5.2

Panoramic Human Body Dataset

The panoramic human body dataset
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was captured indoors using the mobile search-and-rescue platform

depicted in Fig. 1. During data capture, the robot localized itself using the ICP-based SLAM method
from (Pomerleau et al., 2013; Simanek et al., 2015), fusing IMU measurements and odometry during dead
reckoning. We recorded 23 sequences in total (see Table 2 for a summary) with the robot following a
mostly straight path

8

during which it was stopping regularly to capture data, including the thermal images

6 http://ptak.felk.cvut.cz/tradr/data/human_seg/
7 http://ptak.felk.cvut.cz/tradr/data/active_seg
8 During

our joint exercises with firefighters, we observed that robot operators often controlled the robot to follow a straight
path towards a checkpoint which lies in the currently observable free space.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 6: Semi-synthetic human body dataset. (a) An image of human body image of a human with (b) the
ground-truth segmentation; (c) a background image; (d) a semi-synthetic image composed from the source
images. (e)–(h) examples of semi-synthetic images.
for 13 discretized camera views. The dataset allows generating instances of the simultaneous exploration
and segmentation task outlined above, i.e., it allows generating sensor data very similar to what would be
observed during corresponding online experiments by employing a given thermal camera control policy. The
panoramic RGB images from the Ladybug 3 camera are 1024 × 512 pixels in size, the depth and thermal
images are rendered in the same resolution from captured data and corresponding voxel maps—see Fig. 7
for an example.
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Experiments

The experiments are divided into a synthetic evaluation (Section 6.1), which mainly shows the influence of
different hardware and learning setups, and real (Section 6.2) which compares the behavior of the learned
policy and the greedy algorithm on the search-and-rescue platform.

6.1

Synthetic Experiments

This section provides the comparison of the proposed guided Q-learning method (referred to as GQ-policy)
in terms of the total ∆H of covered voxels. We provide the comparison on 64 randomly generated maze-like
maps for the following methods:

• greedy reactive control similar to (Shubina and Tsotsos, 2010), which at each position choses the

Figure 7: Panoramic images and corresponding voxel maps from two experiments on test data with the
mobile search-and-rescue platform. (top) Three panoramic images: (first row) RGB image with humans
delineated by green and magenta contours, as given by segmentation from the Sθ (x) and Sψ (x, z) networks,
respectively, and blue overlay denoting the accumulated temperature measurements, (second row) depth
image and (third row) thermal image, both rendered from the voxel map. (bottom) Reconstructed and
segmented voxel map with accumulated thermal measurements in blue. Light red denotes the voxels marked
as human by the Sθ (x) network based on the RGBD data only, dark red denotes the voxels marked as human
by the Sψ (x, z) network based on the data with additional temperature measurements.
viewpoint maximizing ∆H of voxels
• Q-policy reactive control learned by Q-learning similar to (Mnih et al., 2015).
• optimal control estimated as a solution of MILP by the CPLEX solver. It creates a theoretical
upper bound for the case in which the map, gain and visibility of all voxels along the whole robot’s
path is known in advance. This method is mainly used to normalize the results and make maps with
significantly different sum of gains comparable.
• optimal-incomplete control estimated as repeated optimization of MILP by the CPLEX solver on
the so far available incomplete map. It requires to update the map and recompute the visibility of
voxels and re-plan the trajectory at each robot’s position.
• the A∗ control estimated as a A∗ -like search of the optimal trajectory, which solves the same task

as the MILP for the optimal control, but the number of expanded nodes is limited 105 . Again, it
is assumed that the map, ∆H and visibility of all voxels along the whole robot’s path is known in
advance.

GQ-policy and Q-policy policies are modeled by the CNN with the same number of hidden and output
layers and neurons, only the number of inputs is different if influence of possible features is evaluated.
Considered features are denoted as follows: D is sub-sampled layer of pixel depths, ∆H is sub-sampled layer
of per-pixel-∆H multiplied by depth D, which makes it proportional to the sum of per-voxel-∆H in particular
viewpoints. Eventually, ∆Hcog ≈

P
PD·∆H
∆H

is the center of gravity of ∆H, which provides the approximate

depth in which the voxels with significant ∆H are located. Note that for real experiments (Section 6.2)
the GQ-policy (∆H+D) was used.
Policies and features: Table 3 compares all these methods, especially for GQ-policy the influence of
alternative features is shown. The performance is measured by the relative sum gain (∆H) of covered voxels
defined as
rs∆H =

achieved sum of ∆H
.
optimal sum of ∆H

The value of rs∆H ∈ [0; 1] captures the ability of a particular method to cover the voxels with high gain
values. Especially, rs∆H = 1 is theoretical maximum which has been achieved by the optimal planning on
the full map with gain of all voxels known in advance; rs∆H = 0.5, means that the method covered only
half of the gain of the optimal planning.
Fig. 8 shows that learning the GQ-policy with relative Q-values (see Section 4.2) outperforms learning
with absolute or not normalized Q-values, see Section 4.2 for Q-values definition. Consequently proposed
GQ-policy is learned with relative Q-values in all experiments.
Action discretization and range: We also evaluate the influence of action discretization and range within
which the thermal camera operates. The corresponding results are summarized in Table 4. The action
discretization is given by the number of distinguished viewpoints. Range 180◦ corresponds to the thermal
camera operating in two frontal quadrants. Range 360◦ corresponds to the thermal camera operating in all
four quadrants with allowed turn over. This experiment reveals, that when proposed GQ-policy is used,
then the resulting relative coverage does not depend on the discretization or the range. On the other hand,
greedy-policy tends to get stuck for finer discretizations.

Figure 8: Relative sum of ∆H as a function learning episodes.
6.2

Experiments using a Search-and-Rescue Platform

The control policies were also evaluated on the mobile search-and-rescue platform and the test sequences from
the panoramic dataset described in Sec. 5.2. In spite of the data being pre-recorded to allow fair experimental
comparison of all methods, the generated data very much correspond to what would be captured during an
online experiment with the same platform. Minor variations may be due to a slightly longer time needed
for the recording session compared to an online experiment, as all thermal images had to be captured
instead of just one at each position. These variations include possibly larger temperature changes in the
vicinity of human participants during this extended time period and mostly negligible changes in pose of these
participants between capturing individual thermal images. We believe that the resulting effects are negligible;
in any case, these effects are same for all methods being evaluated. As in the synthetic experiments, the
robot was following a path discretized into 14 positions at which viewpoints were to be selected. Viewpoint
ik at position k was selected based on the observations from the preceding position k − 1.
We compared the following control policies:

• RGBD uses only the segmentation from Sθ (x) and thus no thermal measurements. It provides a
loose lower bound on the performance since the additional thermal modality provides an important
cue with respect to the segmentation task and improves the performance in general, no matter what
views are selected.
• DQN provides reactive control similar to Mnih et al. (Mnih et al., 2015) with the double DQN
extension from (Hasselt et al., 2016) and the prioritized experience replay from (Schaul et al., 2016).

• Greedy DKL corresponds to the ∆Hω1 network predicting the gain obtained through self-supervision.
The predicted pixel-wise gain is accumulated by viewpoint kernels and the maximum within the
motion constraints is selected for the next action.
• GQ0 DKL corresponds to the Qω network obtained from the self-supervised policy initialization.
• GQ1 ∆H corresponds to the Qω network fine-tuned on the guiding trajectories (p = 1) with ω1
previously trained to predict true gain ∆H.
• Optimal uses additional information of true ∆H to plan the optimal trajectory by solving instances
of MILP.

DQN usually needs millions of examples to achieve satisfying results. The computational complexity of our
task does not allow to sample such a number of training data. Consequently, we modified some parameters to
accommodate our setting.
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The optimization was carried out in the Tensorflow library (Abadi et al., 2016)

using SGD with gradient clipping to maximum norm of 10. The DQN network used the same architecture
as our Qω network but without normalizing the gain prior to the fully-connected control sub-network as
it must predict absolute expected rewards. The gain-predicting sub-network was initialized with the same
parameters ω1 as GQ1 ∆H prior to fine-tuning, the control sub-network was initialized with random weights
according to (Glorot and Bengio, 2010). During learning, 104 experience examples were gathered in total.
Finally, the model achieving the highest rewards on the validation sequences was selected for testing.
Our control policies GQ0 DKL and GQ1 ∆H were initialized using the model parameters learned in Sec. 5.
The GQ1 ∆H network was further fine-tuned on 2198 training examples from optimal plans provided by
the CPLEX solver as solutions to the corresponding instances of MILP. From the guiding trajectories, 15
were of full length (i.e., 14 planned viewpoints) and 29 were of varying length ≥ 5 generated from the same
source data. To reduce the planning time, planning horizon K = 6 were used, which still allowed to plan
one full sweep ahead. The model which achieved the lowest error on 578 guiding examples from 4 validation
sequences was selected for comparison.

10

Since the RGBD and Optimal policies provide loose bounds on the performance from both sides, we are
actually interested in evaluating the relative performance with respect to these bounds. In Table 5, we list
9 Training parameters of DQN:
batch size
1
replay memory size
learning rate
10−4
replay start size
gradient momentum
0.99
initial exploration prob.
target network update freq.
100
final exploration
discount factor
0.99
final exploration frame
10 Namely the parameters ω from iteration 88 × 103 .

103
50
0.9
0.1
5000

average precision for 20 instances of the simultaneous exploration and segmentation task. Besides absolute
AP values, we also list the relative performance w.r.t. these bounds to allow easy comparison.
Using temperature as an additional modality improves the performance and the extent of such improvement
varies with policy, due to different thermal images captured. Using self-supervised gain-predicting subnetwork Greedy DKL alone already provided a competitive alternative to DQN. Using complete Qω networks
further improved the average precision, with GQ0 DKL having an advantage of another 1.7% over the GQ1
∆H policy. A possible reason for the self-supervised control network outperforming the GQ1 ∆H policy may
be a larger tendency to overfit on our panoramic dataset, which still has a rather limited size.

7

Discussion and Conclusion

We have proposed a guided self-supervised learning method for active semantic mapping with a RGBD sensor
(calibrated camera with lidar) and a pan-tilt thermal camera. Thorough experimental evaluation on synthetic
data (Section 6.1) justified design choices such as used features, Q-value normalization, discretization and
range of the action space. The best performing setup has been qualitatively and quantitatively evaluated
on the real platform and compared to standard baselines (Section 6.2) on challenging real-world search and
rescue exploration scenarios, which intentionally comprised many confusing objects such as dolls, pile of
empty coats heated on the human temperature, strongly over/under-illuminated areas or heavily occluded
humans (see attached videos for a qualitative evaluation). Since full thermal scans has been recorded for
all robot positions in all 23 scenarios, the resulting active search and rescue dataset, which has been made
publicly available, could serve for a fair and repeatable comparison and further development of active semantic
mapping methods.
Comparison of evaluated policies reveals that using actively controlled thermal camera yields 7% higher
average precision than the pure RGBD sensor. The best performing setup (GQ0 DKL ) has achieved 3% higher
average precision with respect to the DQN baseline. While DQN often suffer from slow convergence or from
convergence to a local minimum due to the delayed rewards, the proposed guided Q-learning overcomes these
problems by generating guiding samples. Estimation of guiding samples is formulated as an optimization
problem, which requires transition probabilities. Both the transition probabilities and the optimization itself
may not be tractable in some cases.
We have been able to achieve average precision around 0.5 on the provided active SAR dataset, which gives

a large space for future improvements. The main source of errors stems from (i) robot motion estimation
inaccuracy, which caused multiple responses of a single human in the resulting semantic map; and (ii)
insufficient number of real training data to sufficiently represent the visual diversity of real search and rescue
missions. Although we aim at close to real-time method we are not there yet. Real-time usage on our current
platform is mainly limited by the depth measurement speed (one complete laser scan takes about 3 seconds),
and the absence of GPU on board.
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Data set
Human
Background
Composed

Training
1617
369
4022

Validation
539
123
1381

Test
539
122
1294

Table 1: Number of images in the semi-synthetic segmentation data set.

Data set
Human / Background

Training
225 (15)

Validation
60 (4)

Test
60 (4)

Table 2: Number of images (sequences) in the panoramic segmentation data set from the search-and-rescue
platform.

Method
GQ-policy (∆H)
GQ-policy (∆H+D)
GQ-policy (∆H+D+∆Hcog)
optimal-incomplete
greedy
Q-policy (∆H+D+∆Hcog)
A∗ with 105 nodes
optimal

rs∆H
0.807 ± 0.109
0.846 ± 0.109
0.884 ± 0.077
0.847 ± 0.100
0.657 ± 0.114
0.722 ± 0.114
0.943 ± 0.055
1.000 ± 0.000

Table 3: Comparison of policies and features. The hardware setup corresponds to the one used in
real experiments (Section 6.2). Each row corresponds to the results achieved by particular method on 64
synthetically generated testing maps.

Method
GQ-policy 7 viewpoints, 180◦
GQ-policy 13 viewpoints, 180◦
GQ-policy 25 viewpoints, 180◦
GQ-policy 24 viewpoints, 360◦
greedy 7 viewpoints, 180◦
greedy 13 viewpoints, 180◦
greedy 25 viewpoints, 180◦
greedy 24 viewpoints, 360◦

rs∆H
0.853 ± 0.118
0.846 ± 0.109
0.821 ± 0.109
0.853 ± 0.089
0.772 ± 0.141
0.657 ± 0.114
0.676 ± 0.114
0.628 ± 0.126

Table 4: Influence of different hardware setups: Table demonstrates influence of action discretization
and range of thermal camera for the proposed GQ-policy and greedy policy.

Method
RGBD
DQN
Greedy DKL
GQ1 ∆H
GQ0 DKL
Optimal
Complete RGBDT

AP
0.454
0.486
0.489
0.490
0.498
0.508
0.591

Advantage
over RGBD
0.0 %
7.1 %
7.9 %
8.1 %
9.8 %
12.0 %
30.3 %

Relative
w.r.t. Optimal
89.3 %
95.6 %
96.3 %
96.5 %
98.1 %
100.0 %
116.3 %

Table 5: Average precision (AP) for resulting human-background segmentation of the voxel maps from 20
instances of the simultaneous exploration and segmentation task. The instances were generated from 4 full
test sequences by randomly selecting starting position k, viewpoint ik , and planning horizon K. Besides
absolute AP, we also list the relative advantage over the RGBD-only segmentation and relative AP with respect
to the Optimal policy. Note that the Optimal policy uses the ground-truth ∆H gains to guide the planning;
this information is not available to other policies.

Appendix
Layer
1/1
1/2
1/3

Type
Convolution + ReLU
Convolution + ReLU
Max. pooling

Kernel
3×3
3×3
2×2

2/1
2/2
2/3

Convolution + ReLU
Convolution + ReLU
Max. pooling

3×3
3×3
2×2

3/1
3/2
3/3
3/4

Convolution + ReLU
Convolution + ReLU
Convolution + ReLU
Max. pooling

3×3
3×3
3×3
2×2

4/1
4/2
4/3
4/4

Convolution + ReLU
Convolution + ReLU
Convolution + ReLU
Max. pooling

3×3
3×3
3×3
2×2

5/1
5/2
5/3
5/4

Convolution + ReLU
Convolution + ReLU
Convolution + ReLU
Max. pooling

3×3
3×3
3×3
2×2

6/1
6/2
6/3
6/4
6/5
6/6

Convolution + ReLU
Dropout (0.5)
Convolution + ReLU
Dropout (0.5)
Convolution
Deconvolution

7×7

7

Softmax

1×1
1×1
64 × 64

Stride
Channels
1
16
1
16
2
16
(→ 1 /2 size)
1
32
1
32
2
32
(→ 1 /4 size)
1
64
1
64
1
64
2
64
(→ 1 /8 size)
1
128
1
128
1
128
2
128
(→ 1 /16 size)
1
128
1
128
1
128
2
128
(→ 1 /32 size)
1
1024
1024
1
1024
1024
1
2
32
2
(→ original size)
1
2

Table 6: CNN architecture for depth and thermal modalities.

