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1 Introduction

We address the task of inferring the future actions of people from combination
of range measurement input and visual data. We aim to predict the movement
of people on a corridor based on their prior position and direction to certain
goal position. One possible application for this work is autonomous vehicle
observation on humans on the road.

2 Data Acquisition and Processing

2.1 System set-up and data acquisition

To acquire the required information about the human’s positions, the shape of
the envirnment and the walkable region, we use a SICK LMS LIDAR scanner
and a Logitech HD camera. Both the sensors are installed on a static platform
with height of 1.3 meters above the ground, as shown in Figure 1. The LIDAR
has a 90-degrees field of view with a scanning resolution of 0.5-degrees, placed
such it is its scanning place is parallel to the ground. For this particular project,
the LIDAR and the camera are in a static position while recording. The data
is initially read by a mini-computer running linux which is then received by
our computer running matlab using an Apache interface and an ad-hoc wireless
network.

Figure 1: system set-up for recording the LIDAR and vision data
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2.2 Data Processing

LIDAR Data. The sensor reading from the LIDAR is used to derive the static
obstacle map of the environment along with an accurate but low update-rate
positions of the people on the coridoor.

To separate the moving objects (mainly humans in our case) from the static
boundaries, we compare each LIDAR frame with the initial frame, the previous
frame and the successive frame by translating it in x and y direction by a par-
ticular magnitude and removing points that lies within a threshold [3]. Figure
2 shows the static map in Red separated from the moving onjects shown in blue
along with it’s centroid in green.

Figure 2: Plot of LIDAR data on a corridor. Red dots are static obstacles while
blue dots are moving obstacles (human)

Visual data. We process the video captured from the camera frame by frame,
and then we use HOG detection in Python’s OpenCV module to detect human.
From that detection, we get the boundary boxes of humans as seen in figure
3. Hence, we can compute homogenous coordinates the human’s position in
the real world with the centroid of the bounding box and the camera matrix.
Combining the homogeneous coordinates with the distances measured from the
LIDAR sensor, we can estimate the human’s position in the real world.
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Figure 3: Boundary box extracted from visual data

3 Movement Prediction

3.1 Gaussian Process

One thing we can do in predicting pedestrian motion on a corridor is to predict
the direction of the movement based on past observations. By using the Gaus-
sian process [2], we can estimate on the probability distribution on the direction
of movement over the space, and also predict the direction of movement of a
human y = (u, v) with the position x = (x, z) as the input.

First, we estimate the direction of movement at each observed positions of
the humans in the training recordings. Suppose x

i

and x

i+1

are two consecutive
human positions on a trajectory, the direction of movement can be approximated
and represented as y

i

= xi+1�xi

kxi+1�xik . Then, we fit a Gaussian process model with

all the data pairs (x
i

,y

i

). In testing, for a input x̃, we can get a prediction ỹ,
which is then normalized for the ease of visualization. We implement this with
the Gaussian process module in the scikit learn package for Python 1 and use
the exponential correlation model.

The Gaussian process works for continuous data, which saves the trouble to
discretize the environment and to transform the continuous positions to loca-
tions on a grid map. However, it gives good predictions only when the observed
values around the input are similar or have the same tendency. This is because
with the Gaussian process model, the prediction is a weighted average of the
data points that are close to the input. At positions where the observed values
vary a lot, the prediction will not be satisfactory.

Furthermore, this method treats observations independently and ignores the
temporal relationship between consecutive points on a trajectory. Therefore,
although we are able to give a prediction on the direction of movement, we
cannot tell what path the human will take.

1
http://scikit-learn.org/stable/modules/generated/sklearn.gaussian_process.

GaussianProcess.html
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3.2 Inverse Optimal Control

One popular approach to pedestrian motion/trajectory prediction is inverse op-

timal control, or inverse reinforcement learning. In the general reinforcement
learning setting, the agent has full knowledge of the reward of performing an
action at a state, and it learns the optimal policy with the known reward func-
tion. In the inverse optimal control setting, the reward function is not known to
the agent, so it has to learn the reward function from a set of demonstrations.

We follow the implementaion in [1] with simplication since the scope of the
work is too large for a course project. The implementation uses the maximum
entropy inverse optimal control approach [4] which assumes the reward at each
state is a weighted sum of the features of the state. The weight vector ✓ in
the reward function is unknown as the reward function is unknown. In each
iteraction in training, the algorithm uses the current ✓ to compute value func-
tions for a Markov decision process with the demonstrations. Then, it computes
a gradient g to update ✓ using exponential gradient descent. The gradient is
the di↵erence in the ”feature counts” of the demonstrations and the expected
feature count of the agent operating optimally based on the value functions it
got in the first step. After the operation, ✓ is updated by ✓ exp�g, where � is
a learning rate. In prediction, the algorithm computes the expected state visi-

tation count and provides the distribution of possible trajectories. To simplify
the task, we assume that the human’s goal is known.

4 Results

4.1 Gaussian Process

We performed tests on the Gaussian process approach with data on two corridors
on NSH B level, one to the elevator and the other to the exit gate. The total
number of datapoints we collected on the corridors are 479 and 299. We use
90% of the data points collected on a corridor as training data and the rest as
testing data. The error is measured as the angular di↵erence in the predicted
direction and the true direction of the subject in the recording. The results are
shown in figures 4 and 5.

Figure 4: Gaussian process result on data collect on the corridor to the elevator
on NSH B level. Average error = 0.959 rad.
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Figure 5: Gaussian process result on data collected on the corridor to exit gate
on NSH B level. Average error = 0.326 rad.

Since the subjects in the recordings have a tendency to walk to the right to
their directions and near the wall on a corridor, the prediction on testing inputs
against the walls have lower error. But when the human walks in the middle of
the corridor, this method fails to give good predictions.

4.2 Inverse Optimal Control

The features we use for the inverse optimal control algorithm are the inverse of
human’s distances to the walls and the ends of the corridor. The distances to the
walls are inversed because people tend to walk close to the wall on a corridor, so
the states near the walls should have higher reward. The distances to the two
ends are also inversed since the two ends of the corridor are usually the goals.
Suppose the distances to the walls and to the two ends are (dw1 , dw2 , de1 , de2).
The feature vector we use is

(
1
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,

1

dw2

,

1

de1

,

1
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,

1
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,

1
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,

1
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,

1
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We test the algorithm on the 7 recordings taken on the corridor to the
elevator on NSH B level. 5 of the recordings are used as training data, and the
rest are testing data. The exponentiated gradient descent uses a learning rate
of 0.1 and stops as the gradient shrinks within a range. Sample results from a
recording are shown in figure 6.

5 Conclusion

We build a pedestrian detection system with a LIDAR sensor and a camera.
We apply the Gaussian process and the inverse optimal control algorithm to
predict pedestrian movements. The Gaussian process model provides good pre-
diction when the nearby previous observations are homogeneous. The inverse
optimal control algorithm predicts the trajectory of a pedestrian, but further
work should be applied to enable our implementation with goal predicting ca-
pabilities.
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(a) Timestep 1 (b) Timestep 5 (c) Timestep 9

(d) Timestep 13 (e) Timestep 18

Figure 6: Sample results from the inverse optimal control algorithm with trajec-
tories recorded on the corridor to the elevator on NSH B level. The black area
is the wall. The white grid is the current position of the human. The brighter
a grid is, the more likely it will be visited in the next few time steps.
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