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Abstract. In this paper, we propose a simple nonlinear filter which
improves the detection of pedestrians walking in a video. We do so
by first cumulating temporal gradient of moving objects into a motion
history image (MHI). Then we apply to each frame of the video a
motion-guided nonlinear filter whose goal is to smudge out background
details while leaving untouched foreground moving objects. The resulting
blurry-background image is then fed to a pedestrian detector. Exper-
iments reveal that for a given miss rate, our motion-guided nonlinear
filter can decrease the number of false positives per image (FPPI) by a
factor of up to 26. Our method is simple, computationally light, and can
be applied on a variety of videos to improve the performances of almost
any kind of pedestrian detectors.

Keywords: Motion detection · Pedestrian detection · Motion history
image · Nonlinear filtering

1 Introduction

Despite the plethora of papers published on the topic of pedestrian detection,
detecting human shapes in 2D images is still an open problem. Pedestrian detec-
tion comes with fundamental difficulties that even state-of-the-art methods can-
not handle properly. By their very nature, pedestrians may have different poses,
they may be pictured from arbitrary angles and be occluded by objects or other
pedestrians. Another issue that is fundamentally hard to cope with is background
objects with a humanoid shape such as an armchair, a lamp post, or a coat rack.
Since these objects have roughly the same features than human bodies, they are
often wrongly classified as pedestrians [16].

In general, what differentiate pedestrian detection methods are the features
they use and/or the classification rule which they implement [10]. The most
widely used features are those using histograms of oriented gradients (HOG) [4].
Other commonly-implemented features are local binary patterns (LBP) [3] and
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Haar wavelets [15]. When video is available, some methods extract spatio-
temporal features such as binary motion labels from background subtraction [9]
and motion tracks [13] to describe the motion of pedestrians. Other methods
use richer features extracted from specialized hardware like stereo [2] or infrared
cameras [8]. Recently, detectors based on deep learning [11] have been proposed.
Instead of using man-made features, deep learning methods learn optimal pedes-
trian features automatically. As for the classifiers, the most widely implemented
ones are support vector machines (SVM) and Adaboost [6]. Deformable Parts
Model (DPM) [7] has also reported good results.

In this paper, we propose a new way to improve the performances of different
pedestrian detectors without changing their design per se. Our method is based
on two fundamental observations : 1) false positives produced by most pedestrian
detectors are located over background objects whose visual features are close to
that of a human and 2) by their very nature, pedestrians in surveillance videos
are 2D moving blobs. The intuition behind our method is to use the temporal
information of the video sequences as a leverage to filter out background objects
while leaving untouched moving blobs (and thus pedestrians). By doing so, we
get to deteriorate background visual features and thus help pedestrian detectors
reduce their false detection rate.

We show that blurring adaptively the video sequences before applying exist-
ing pedestrian detection methods improves the results. The amount of blur can
vary spatially and temporally, and is a function of the activity. More precisely, the
filtered image is such that the graylevel in a pixel results from filtering the input
image with a Gaussian filter whose standard deviation is correlated with the
probability of motion in that pixel. Since the standard deviation vary spatially,
our filter is nonlinear. The probability is estimated based on a Motion History
Image (MHI) [5] that we compute by cumulating motion features. Experiments
show that the number of false detections in the filtered images is drastically
lower than on the original images without impacting much the miss rate.

Our paper comes with three main contributions. First, since our nonlinear
filter is independent from the detector, it can be used by almost any pedestrian
detection method. Second, our filtering method is robust to MHI inaccuracies
which occur when illumination suddenly changes or when a background object
moves. And third, since our filter is not optimized for detecting human shapes
only, it can be used to detect other kinds of moving objects such as cars or boats.

2 Methodology

As shown in Fig. 1, our method implements a series of operations, which start
with a background image that we compute by a moving average. We then com-
pute an MHI which in turn is used by the nonlinear filter. Pedestrians are
detected in the filtered image whose background has been smudged out.
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Fig. 1. Pipeline of our method. First, the background image Bt is computed with
the past video frames. Then, we cumulate temporal gradients into an MHI. The MHI
is then used by the filter to adjust its standard deviation to the amount of activity.
Pedestrians are then detected on the filtered image.

2.1 Motion History Image

The first step of our technique is to estimate the background image Bt at each
time t. It is updated at every frame with an exponential filter to account for
changes in the dynamics of the video:

Bt+1 = βIt + (1 − β)Bt, (1)

where It the input frame, and β ∈ [0, 1] is a forgetting factor.
Based on the estimated background image, we highlight moving objects. We

do so by computing a temporal gradient Δt

Δt =
∣
∣Bt − It

∣
∣ , (2)

where |·| stands for the Euclidean norm in the RGB space. It is a naive estimation
of motion at time t.

The Motion History Image MHIt is obtained by cumulating Δt. Our imple-
mentation of MHIt differs from that of Davis et al. [5] as we cumulate temporal
gradients instead of binary motion maps:

MHIt = max(Δt, αΔt + (1 − α)MHIt−1), (3)

where α ∈ [0, 1] is the updating ratio for MHI. The max operator ensures that
the MHI always contains the latest and largest temporal gradient. Without it,
Eq.(3) would be a simple exponential moving average unable to grasp short burst
of activity caused by fast moving objects.

Computing MHI with Eq.(3) has two main advantages over Davis et al.’s
method. First, the use of an α ratio allows to adjust the speed at which the
MHI is renewed. Second, Eq.(3) requires no detection threshold (we cumulate
gradients but not binary motion maps) which is one less parameter to adjust.
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(a) (b) (c) (d)

Fig. 2. Example of two filtered images (a, b) and their associate MHI (c, d).

Using MHI instead of a motion detection method to characterize activity has
3 main advantages. First, as opposed to motion detection methods, the MHI
summarizes motion information of several frames. In other words, MHI pixel
values aggregate the recent motion history that occurred at that location. Thus,
MHI comes with a spectrum of values (not just binary values) which allows us
to smoothly adjust the filter’s standard deviation. Second, aggregating motion
information of previous frames adds robustness to the system when a pedestrian
stops moving for a short while. Third, MHI helps compensating for camouflage
problems. This happens when sections of a moving object have a low temporal
gradient. By cumulating gradients in time, we empirically noticed that sections
of the moving object with a larger gradient often compensate for another one
with a low gradient.
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Fig. 3. The blue plot shows the empirical relationship P (foreground|MHI) obtained
after processing all 54 videos from the changedetection.net dataset. As can be seen,
the posterior probability and MHI values are almost linearly correlated. The red curve
shows the model used in this work.

2.2 Motion-guided Filtering

As mentioned previously, background objects with humanoid shapes often lead
to false detections. To decrease the false positive rate, we propose a nonlinear
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motion-guided filter whose goal is to blur out background details. In order to
do so, we need to characterize the probability of a region to be associated to a
moving blob, i.e. P (foregroundt|MHIt). This formulation is based on the working
assumption that MHIt is a discrete variable.

In order to define the probabilistic model between foreground pixels and
MHIt values, we conducted an experiment on the changedetection.net 2014
dataset, the largest video dataset with pixel-accurate groundtruth. We took
all 54 videos, computed an MHI for each frame and empirically computed
P (foreground|MHI) by counting foreground and background pixels for each MHI
value. This experiment resulted into the graphic of Fig. 3. As can be seen,
pixels with MHI values smaller than 0.2 hardly correlate to any motion while
those with values above 0.2 have a linear relationship with the probability of
the foreground. Considering the noise of the data and motion detection errors,
P (foreground|MHI) can never reach 1 in practice. However, for our foreground
model we set P (foreground|MHI) ∈ [0, 1]:

P (foreground|MHI) = max(0, 1.25(MHI − 0.2)), (4)

In order for our filter to adapt to the content of the video (i.e. to filter out
background areas while leaving untouched moving blobs), we use a Gaussian
filter G(0, σ) whose standard deviation is a function of the posterior probability
estimated at position (x, y). More specifically:

Itf = It ∗ G(0, σt), (5)

σt
x,y = σmax × (1 − Px,y(foreground|MHI)), (6)

where σmax is set as 1
5 of the height of the image and Px,y is the posterior

probability at position (x, y). The reason that σmax is a function of the image size
is to account for high-resolution images whose background details are much larger
pixel-wise. We also observed that a Gaussian filter with a standard deviation of
σmax eliminates background details in such a decisive manner that detecting
pedestrians in those areas is very unlikely.

It should be stressed that the proposed filter aims at improving pedestrian
detectors with a low risk of deteriorating their results. In particular, it is a
well known fact that background subtraction techniques are highly sensitive to
changes in the lighting conditions, to hard shadows, camera jitter and back-
ground motion [14]. Under these conditions, the temporal gradient Δt contains
false positives which lead to an overestimation of activity within the MHI. That
being said, more activity within the MHI leads to less filtering and thus perfor-
mances close to the ones obtained by the detector alone.
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(a) small pedestrians (b) top-down (c) baseline

Fig. 4. Examples of video sequences from the three categories.

3 Experiments and Results

3.1 Setup

We evaluated our method on 13 videos with pedestrians from 3 datasets, namely
Caviar [1], changedetection.net [14] and the CUHK Square dataset [12]. The 13
videos were separated into 3 categories:

1. the small pedestrians category contains pedestrians with an height of at
most 50 pixels;

2. the top-down category shows pedestrians filmed by a camera looking down-
ward. Pedestrians in those videos all suffer from perspective distortion;

3. the baseline category contains videos showing easily detectable pedestrians.

For evaluation, we extract a subset of N (uniformly spaced) frames per video,
where N is the number of frames in the shortest video of the category. All the
frames selected in a category are considered as a unique set. This selection allows
one to avoid biasing the results in favor of longer videos (their lengths vary from
400 to 7200 frames). Snapshots from the 3 categories are shown in Fig. 4.

We tested our method with 3 widely-implemented pedestrian detectors,
namely HOG+SVM from Dalal and Triggs [4], the C4 contour-based method
by Wu et al. [16], and DPM by Felzenszwalb et al. [7]. For every video, the
background image B1 was initialized with a temporal median filter over the first
200 frames. The MHI update ratio α and the background update ratio β were
set to 0.8 and 0.016 after some empirical validation.

3.2 Results

Fig. 5 shows pedestrian detection results with and without our motion-guided
nonlinear filter. As one can see, in every case the number of false detections is
much smaller in the filtered images than in the original images. Since the number
of true detections is the same, the use of a filtered image significantly improves
accuracy.

We also evaluated the performance by drawing miss rate vs FPPI curves,
as shown in Fig. 6. Again here, the motion-guided nonlinear filter drastically
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(a) original (b) filtered (c) original (d) filtered

(e) original (f) filtered (g) original (h) filtered

Fig. 5. Results obtained on original (i.e. without our technique) and filtered (i.e. with
it) images with the detectors HOG+SVM (1st row), C4(2nd row left) and DPM (2nd

row right).

reduces the FPPI for all 3 detectors. The reader shall notice that results from
our filtering method have a miss rate 1.1 to 1.9 times larger (the end of the
dotted lines are slightly higher than the full lines) which is nonetheless negligible
compared with the FPPI reduction which is between 2.4 and 16.5 times smaller.
It is thus clear that our nonlinear filter can be used to improve the performance
of existing pedestrian detectors on different kinds of videos.
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Fig. 6. Miss rate - FPPI curves for all 3 categories. Curves with different colors cor-
respond to different detectors. Solid curves are for the original results without our
pre-processing filtering, whereas the dashed ones are for the results with our filtering.

In Table 1 and Table 2, we further illustrated the quantitative analysis of
our results. In Table 1, we selected the last point of each curve in Fig. 6 and
compared the miss rate and FPPI value before and after applying nonlinear
filtering on each detector with the same set of parameters. As can be seen, the
FPPI decreases on average by a factor of 5.8 for each detector while the miss
rate increases on average by a factor of only 1.3.
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Table 1. Factor by which the miss rate increases and the FPPI decreases after applying
our nonlinear filter.

Small pedestrians Top-down Baseline
Detector miss rate FPPI miss rate FPPI miss rate FPPI

increase decrease increase decrease increase decrease

HOG+SVM 1.1 6.5 1.3 6.4 1.4 3.5
C4 1.2 2.4 1.9 16.5 1.1 3.6

DPM 1.3 2.5 1.5 6.8 1.2 3.8

Table 2. The FPPI value for a fixed miss rate of 0.7.

Detector Small pedestrians Top-down Baseline

HOG+SVM
Original 10.4 2.6 5.9
Filtered 0.4 0.6 1.6

C4
Original 6.6 35.3 18.5
Filtered 2.0 5.2 3.8

DPM
Original 4.0 7.1 8.3
Filtered 1.9 1.3 2.3

Table 2 compares the FPPI with and without our nonlinear motion-guided
filter for a fix miss rate of 0.7. The table shows that our method reduces the
FPPI values by a factor between 2.1 and 26 (see the bold values in the table).

Experiments were conducted on a 2.8GHz Intel Core2 Quad computer with a
Matlab implementation. On average, it takes approximately 0.03 secs to update
the background, compute the MHI and filter an image. This time does not depend
on the number of pedestrians. Considering that it takes 0.06 sec to detect a
pedestrian with HOG+SVM, 0.1 sec with C4 and 1.8 sec with DPM, our pre-
processing (filtering) method does not bring a major processing overhead.

4 Conclusion

In this paper, we proposed a novel nonlinear filtering method which can be com-
bined with almost any existing pedestrian detector. The method extracts motion
features and cumulates it into an MHI. The MHI is then used to determine the
standard deviation of a Gaussian filter which is used to nonlinearly filter video
frames. Our method is easy to implement, fast and robust on different kinds of
challenging circumstances. A drawback of this method is that if a pedestrian
is a stationary from the first images, it would be integrated into background.
We test our system with 3 widely used detectors on 3 categories of videos.
The experiment results show that our nonlinear filter significantly decreases the
false positive rate while keeping almost unchanged the miss rate.
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