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Vision-based independent motion detection systems have attracted a lot of attention lately.
Such sort of system could be used in on-board automotive assistance system to help driver pre-
vent possible collisions with other independently moving objects (IMOs). In this paper we pre-
sent a biologically inspired model of IMOs detection system. The proposed model, according to
a widely accepted in neuroscience hypothesis, consists of two information-processing streams:
“what” (crucial for objects recognition) and “where” (responsible for independent motion dis-
crimination).

Introduction

Every year about 1.2 million people die in car accidents. Approximately every minute
one person dies in car crash. More than 80% of accidents are collisions between moving ob-
jects. This sad statistics reveals why developing on-board drive assistance system has become
an area of such active research recently.

One of the most important issues is the price of the final solution. It will be quite hard
to sell a car at the price of an aircraft, even if it is extremely safe. That is why industry most
interested in cheap vision-based systems.

The problem of independent motion detection from stereo video stream acquired by
static cameras differs dramatically from the same problem in a case of moving cameras. In
last case optical flow shows that everything is moving. Bumps and shakes during driving
make IMOs detection even more complicated. That is why majority of classical optical flow
based algorithms cannot detect independent motion with acceptable accuracy in non-static
cameras case.

In this study we propose approach, which does not belong to computer vision main-
stream and is based on separate processing and successive fusion of different information
streams. The paper is organized as follows: in Section 1 we present outlook of the model, in
Sections 2 and 3 describe two model’s information streams, in Section 4 we explain training
procedures, and in the last section we present results and conclude our study.

1. Model outline

The main reason for using two different streams was unsatisfactory quality of final
classification based solely on the “where” stream. One of the possible explanations is in los-
ing of relative position information (among positively classified pixels) in classification.
Without additional tricks we cannot get rid of high noise ratio and “IMOs in the sky”. On the
hand, we cannot use only “what” stream alone, just because it works with static frames and
does not deal with temporal information. It means that “what” stream is not able to distinguish
between moving and static (with respect to environment) objects. And the last, but not the
least, argument for two processing streams was in wide support of this idea in visual neuro-
science (for review, see [1]).
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Fig. 1. Outline of proposed model.

2. “Where” stream

As it is shown on Fig. 1, to obtain Presumable IMOs likelihood maps in “where”
stream we consequently carry out visual cues extraction, cue fusion and classification.

As visual cues we consider: static and dynamic disparity (stereo) [2], motion in
depth [3], population coding motion (optical flow, two components) [4], edges (orienta-
tion) [5] and relative coordinates (two components). Unfortunately, calculation of all cues set
is not possible for every pixel. To avoid sparseness of the data we had to set all unobtainable
values to zero. In such a way for each pixel from original frame we obtain a vector of visual
cues.

For cue fusion and classification we have tried a number of setups, but the best per-
formance was shown by MLP in which these two steps are incorporated. In our experiments
we tried different configurations for MLP, but all of them had 3 layers with (4-8) linear neu-
rons in first layer, (8-16) nonlinear neurons in second layer and one linear output neuron. We
trained MLP to classify every cues vector (corresponding to a pixel of entire image) into two
classes: background or IMO. After training, MLP can be used for building likelihood (of be-
ing IMO) map for the entire frame.

3. “What” stream

For recognition of vehicles and other potentially dangerous objects (like bicycles, mo-
torcycles and pedestrians) we have used the state of the art recognition paradigm — convolu-
tional network LeNet, proposed by LeCun and colleagues [6]. Modifications of LeNet were
successfully exploited for generic object recognition [7] and even for autonomous robot’s ob-
stacle avoidance system [8].
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Fig. 2. LeNet — a feed forward convolutional neural network, used in “what” stream processing.

We have used CSCSCF configuration of LeNet (see Fig. 2) comprising six layers:
three convolutional layers (CO—C2), two subsampling layers (S0-S1) and one fully connected
layer (F). As an input LeNet get 64x64 grayscale image. Layer CO convolute input with ten
5x5 kernels, adds (ten) corresponding biases and passes result to squashing function® to obtain
ten 60x60 feature maps. In layer SO each 60x60 map is subsampled to 30x30 map by non-
overlapping 2x2 summation, multiplying by coefficient, adding bias and squashing. SO layer
has ten coefficient-bias couples (one couple for each feature map). Computations in C1 are
the same as in CO with only difference in connectivity: each C1’s feature map is obtained as a

sum of convolutions with a number of previous (S0’s) maps (see Table 1).
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Table 1.S0-C1 connectivity matrix. In i-th column shaded cell corresponds to SO’s feature map in-
volved in C1’s i-th feature map computation. Each shaded cell in the table corresponds to
the independent kernel in LeNet. Number of kernels in C1: 6x3 + 9x4 + 1x10 = 64.

Layer S1 subsamples C1’s feature maps in the same manner as SO subsamples feature
maps of CO. Last convolutional layer C2 has kernels sized 13x13 and 120 feature maps which
are fully connected with all S1’s 16 feature maps. It means that number of C2’s kernels is
16x120 = 1920 and corresponding connectivity matrix should have all cells shaded. Output
layer consists of 7 neurons, which are fully connected to C2’s outputs. It means that each neu-
ron in F (corresponding to a particular class background, cars, motorbikes, trucks, buses, bi-
cycles and pedestrians) just squashes biased weighted sum of all C2’s output.

LeNet scans input image (left frame) in two scales 320x256 and 640x512 with 64x64
sliding window and steps 8 (for 320x256) and 16 (for 640x512). For each position of the slid-
ing window we add output of LeNet to corresponding (to window) range in 320x256 matrix,
which after normalization is considered as probability map for considered class.

% f(x) = A-tanh(S-X), where parameters were chosen A = 1.7159 and S = 2/3 according to [6].



4. Training

For the training of the both streams we used two rectified stereo video sequences, con-
sisting of 450 frames each. Using specially developed software we labeled left frames of se-
quences. These labels were used for cue fusion classifier training as well as for preparing
training dataset for LeNet.

Due to memory limitations we used small batches with increasing size version of
BFGS Quasi-Newton algorithm for cue fusion classifier training. Samples for each batch were
randomly taken from all frames of all scenes. Training was stopped after reaching 0.06 (MSE)
performance. For LeNet training we prepared a huge training dataset of 64x64 grayscale im-
ages (approximately 98K backgrounds, 49K cars, 5K motorbikes, 2.4K trucks, 1.2K bicycles,
150 buses, and 1.2K pedestrians). Images were taken not only from training sequences but
mainly from publicly available recognition databases (LabelMe?, VOC®). All kernels, coeffi-
cients and biases described in previous section are trainable parameters.

LeNet was trained with a stochastic version of the Levenberg-Marquardt algorithm
with diagonal approximation of the Hessian [6]. Training was stopped after reaching misclas-
sifications rate less then 1.5%.
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Fig. 3. Results for scene “motorway3”: A, an original (left) frame of testing video sequence.
B, output of the “where” stream: intensity of each pixel means probability of being part of
the IMO. C, output the “what” stream: each subfigure contains probability map for one of
the 7 classes: background, cars, motorbikes, trucks, buses, bicycles and pedestrians (where
present here only four classes because rest maps contain values very close to zero).
D, intersection of the IMOs map with the non-background map, superimposed over original
image. Here we used different colors to present different classes.

* http://labelme.csail.mit.edu/
% http://www.pascal-network.org/challenges/VOC/



5. Results and conclusions

Presented model shows relative robustness in IMOs detection and classifica-
tion (Fig. 3). Mixing two streams we increase reliability of result and automatically clean up it
from undesirable noise. This is a crucial issue in the case when video stream is obtained from
moving cameras.

Further improvement of the model’s performance we see in combining two processing
streams at earlier stages. Namely, using a common bank of Gabor-like (fixed/non-trainable)
filters in visual cues extraction stage and in LeNet’s CO layer. This step will definitely reduce
computations and it is also conformed by neuroscience: both streams originate from the pri-
mary visual cortex [1]. Another way to reduce computations is to reduce data amount to pro-
cess. In dorsal stream it is possible to choose only most relevant cues for cue fusion. In ven-
tral stream we can build object likelihood maps not for full frame, but only for regions con-
taining motion information. The latter has obvious biological support: in real visual systems
recognition is preferable to moving objects.
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