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ABSTRACT

Camera trapping is used by conservation biologists to study snow
leopards. In this research, we introduce techniques that find motion
in camera trap images. Images are grouped into sets and a common
background image is computed for each set. The background and
superpixel-based features are then used to segment each image into
objects that correspond to motion. The proposed methods are ro-
bust to changes in illumination due to time of day or the presence of
camera flash.

Index Terms— Camera Trapping, Conservation Biology

1. INTRODUCTION

Snow leopards (Panthera uncia) are listed as endangered on the In-
ternational Union for the Conservation of Nature Red List of Threat-
ened Species [1]. Their range of more than 2 million km2 spans
12 countries in Central Asia. Snow leopards are very elusive and
seldom seen by people. In 2003, scientists estimated that there are
between 4,500 and 7,350 snow leopards in the wild, although this es-
timate may be too low because as population studies have expanded
over the past decade, scientists are often finding more cats than ex-
pected [2]. Conservation activities include methods to better un-
derstand this species. Researchers use ”camera traps” by placing
cameras in remote areas inhabited by snow leopards. Such cameras
capture photographs when a source of heat passes in front of them.
These pictures are then used to recognize specific cats in order to
track populations and movement patterns. Because each snow leop-
ard has a unique coat, snow leopards are identified based on the char-
acteristics of their spot patterns such as their size, shape, orientation,
and coloration [3].

Files from camera traps are collected by conservation biologists
who study the location and behavior of snow leopards. Their first
task is to sort the images into sets with snow leopards and those with
other animals. Currently, they have to do it manually, which takes
up time that could be spent on more advanced data analysis. The
work presented here is a first step in creating an autonomous method
of sorting the camera trap images. Further research will analyze the
sorted image sets to determine which images contain snow leopards.

The funding for this work has been provided by Center for Environmen-
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This paper presents techniques to find areas of motion within
sets of camera trap images. Images are grouped into sets and a com-
mon background image is computed for each set. The background
and superpixel-based features are then used to segment each image
into objects that correspond to motion. The motion template images
are then post-processed using morphological operations.

2. PRIOR WORK

There are many different methods of unsupervised image segmen-
tation. We are interested predominantly in those that have been
applied to the segmentation of camera trap images. Most notably,
Reddy et.al. [4] use a method based on both texture and color fea-
tures in order to segment tigers in camera trap images. Their method
is based on multi-level nonlinear diffusion as described in [5]. In [6],
Zhelezniakov et. al. propose a unsupervised two-step segmentation
method. The first step uses the method of superpixel classification
described in [7] and [8], then texture analysis of each superpixel is
input into a Support Vector Machine in order to classify that pixel as
belonging to the seal or background.

The image data used in these papers are characterized by greater
differentiation in animal texture and pixel intensity from the sur-
rounding environment than in the case of snow leopard images. The
methods also do not take into account potential information provided
by the continuity of the background in each image. Our method pro-
poses to use the fact that the images in our data are taken in sets
after each trigger of the motion-sensor to recognize areas of motion
in each image. This information will add to that provided by tex-
ture characteristics, in order to improve segmentation results when
working with very well-camouflaged animals in grayscale images.

3. DATA

A camera trap is a remotely-triggered camera that is used as a non-
invasive method to determine population data for a species difficult
to otherwise quantify in the wild. Camera traps are invaluable in an-
alyzing snow leopard populations, as the cats are notoriously elusive
and seldom seen by researchers. The cameras are placed in known
snow leopard habitats, and use either a motion or infrared sensors
to trigger the shutter. To take pictures at night, some types of cam-
eras use white or incandescent flash while others record pictures with
only an infra-red light [3].

The camera trap images used in this research were provided by
Panthera, a nonprofit wild cat conservation organization. The images
were taken during a three year period (2009-2011) in Tost Moun-
tains, South Gobi, Mongolia. The image dimensions are 1280 x



1024 pixels. There were between 11,000 to over 27,000 files pro-
duced each year. The images are stored in folders that correspond
to different camera locations. Cameras were placed in 40-41 loca-
tions each year. The cameras used to take these images were the
RECONYX RapidFire Professional Digital Infrared Cameras.

The cameras were programmed to take a sequence of five photos
after the sensor is triggered. The cameras can be triggered by not
only a snow leopard but by any other animal that passes in front of
the sensor, as well as sudden weather changes, or wind moving the
vegetation. This results in many images in each data folder that do
not contain snow leopards. Fig. 1 shows examples of images used in
this research. There are three daytime images of a snow leopard that
are part of a sequence of 10 images taken within a very short period
of time. The snow leopard moves slowly across the camera’s field
of view (Fig. 1(a)-(c). We also show two examples of night images.
In the snow leopard image (Fig. 1(d)), the flash illuminated mainly
the body of the animal. In the fox image (Fig. 1(f)), both the ground
and the fox have been illuminated by the flash. Finally, Fig. 1(e)
shows an example of a daytime image of an ibex which is a part of a
sequence of 45 images.

(a) (d)

(b) (e)

(c) (f)

Fig. 1. Examples of images used in our research. (a)-(c) Snow leop-
ard images that are part of a sequence of 10 images. (d) Snow leop-
ard in a night picture. (e) Ibex. (f) Fox in a night picture.

4. PROPOSED MOTION DETECTION METHOD

To locate the areas of motion in each image, we use concepts from
background subtraction [9]. Traditional background subtraction

methods used to separate background from foreground in video
sequences perform well when the background is static, for example
indoors where the source of illumination does not vary. In the out-
door environments of camera trap images, changing weather (sun,
rain, and wind) makes these methods very challenging to use. To
account for the environment-related changes in the background, our
first step is to sort all images from one location into sets. For each
set, we then compute a common background image. Following, we
use one of three methods to find the location of motion in each image
(feature thresholding, k-means, and fuzzy k-means clustering).

4.1. Sets of Images

We determine which images should be grouped into a single set for
background computation by comparing the conditions under which
each photo was taken. We then group daytime images into sets ac-
cording to the time when these images were taken. Initially, all day-
time images that were taken within 90 seconds of each other belong
to the same set. Following, we split daytime image sets using in-
formation about the ISO and exposure settings of the camera. We
assume that a change in camera settings results in significantly dif-
ferent image that should be part of a different set. We group night-
time images into sets based only on the camera settings. To reduce
the run time of our background computation, no sets can have more
than 30 images. The minimum number of images in a set is 3.

4.2. Computing Backgrounds

We compute a background image for each set of images using me-
dian filtering which was shown to be very robust compared to higher
complexity methods. The background image Bk for set k containing
K images is defined as

Bk(x, y) = median{I1(x, y), I2(x, y), ..., Ii(x, y), ..., IK(x, y)}.
Fig. 2 shows examples of backgrounds computed for sets of

camera trap images. The first background, computed for a set of 17
nighttime images (Fig. 2a), is clear of foreground objects. The sec-
ond background, computed for a set of 10 daytime images (Fig. 2b),
contains a faint outline of an animal which illustrates how it is some-
times challenging for the median filter to deal with slow motion.

(a) (b)

Fig. 2. Examples of background images computed from a sequence
of (a) 17 nighttime images and (b) 10 daytime images.

4.3. Motion Estimation

Background subtraction in which each image is subtracted from its
corresponding background is a typical approach to obtain the fore-
ground mask. However, for snow leopard camera trap images, such
approach proves to be inadequate and leads to very noisy results



where large sections of motion are missing. Instead, we use the con-
cept of superpixels and image features.

4.3.1. Superpixels

Superpixels were developed as an alternative to the traditional pixel
grid. Superpixel algorithms group pixels into perceptually mean-
ingful regions. In this work, we use the SLICO algorithm to form
10,000 superpixels in our camera trap images [10]. We found that
this large number of superpixels, though computationally expensive,
results in more accurate final motion masks.

4.3.2. Features

We use several types of superpixel-based texture features. Assume
that image Ii(x, y) has been segmented into N superpixels. In this
work, N = 10000. Subscript i indicates that image Ii(x, y) is the
ith image in set k. Its corresponding background image is Bk(x, y).
Let Sn(Ii) be the set of all pixel coordinates that belong to the nth
superpixel computed for image Ii(x, y). We then define Ini (x, y) as
the segment of image Ii(x, y) that corresponds to the nth superpixel:

Ini (x, y) = {Ii(x, y) : (x, y) ∈ Sn(Ii)}
and

Ii(x, y) =
⋃
n

Ini (x, y).

Next, we define the operation of creating a new image by assigning
constant values to all pixels in each superpixel. Let

m = {m(1),m(2), ...,m(n), ...,m(N)}
be a vector of length N and

Ini (x, y) ← m(n)

correspond to replacing all pixel values in Ini (x, y) with m(n). We
can create a new image with N values as

Mi(x, y) =
⋃
n

{Ini (x, y) ← m(n)} .

The Mean of Differences motion feature is computed as follows:

MoD {Ii(x, y)} =
⋃
n

{
Ini (x, y) ←

1

|Sn(Ii)| ×
∑

(x,y)∈Sn(Ii)

|Bk(x, y)− Ii(x, y)|
}
,

where |Sn(Ii)| is the number of pixels in superpixel n.

The Difference of Means motion feature is defined as:

DoM {Ii(x, y)} =
⋃
n

{
Ini (x, y) ← 1

|Sn(Ii)|×∣∣∣ ∑
(x,y)∈Sn(Ii)

Bk(x, y)−
∑

(x,y)∈Sn(Ii)

Ii(x, y)
∣∣∣}

In addition to MoD and DoM, we also use mean, range, and median
of superpixels as our features:

Mean {Ii(x, y)} =

⋃
n

{
Ini (x, y) ← 1

|Sn(Ii)| ×
∑

(x,y)∈Sn(Ii)

Ii(x, y)
}

Range {Ii(x, y)} =

⋃
n

{
Ini (x, y) ←

(
max

(x,y)∈Sn(Ii)
Ii(x, y)− min

(x,y)∈Sn(Ii)
Ii(x, y)

)}

Median {Ii(x, y)} =

⋃
n

{
Ini (x, y) ← median(x,y)∈Sn(Ii)Ii(x, y)

}

4.4. Feature Thresholding

Our first method of finding motion in camera trap images computes
MoD and DoM features for each image. Then, for each pixel, mo-
tion decision is made according to the values of MoD and DoM. If
one or both of these features are greater than their corresponding
threshold, the pixel is classified as a motion pixel. If both features
are lower than their respective thresholds, the pixel is classified as
a background. The thresholds are found empirically for each given
camera trap data set.

4.5. K-means Clustering

Our second method of finding motion uses k-means clustering. For
daytime images, our feature set includes only the DoM and the MoD.
For nighttime images, we increase our feature set by adding the
range, mean, and median. These metrics are used as features for
the k-means clustering algorithm, and each superpixel is classified
as belonging to one of two clusters (foreground or motion and back-
ground).

4.6. Fuzzy K-means Clustering

Our third method of finding motion uses fuzzy k-means classifica-
tion. We use the same features as in the case of traditional k-means
clustering above. Fuzzy k-means classification results in the proba-
bility that each superpixel belongs to motion within the image. We
chose which classified portion belongs to the foreground by taking
the sum of the confidence values for each label over all superpixel re-
gions. The label with larger sum of confidence values is considered
the background, and the smaller set is considered the foreground.
We then threshold the fuzzy k-means results based on a percentage
of the average confidence value of the animal label across the entire
image.

4.7. Method Selection and Postprocessing

We process each image using the three methods described above.
To determine which motion detection result is preferred, we assume
that the desired motion template should contain a small number of
smooth objects and should be noise-free. Therefore, we count the
number of objects in the template, analyze the smoothness of the
chain code that describes their boundaries, and compute a frequency-
based measure of noise in the template. To improve the results from
our classification algorithms, we use morphological operations to
fill all holes smaller than the size of five superpixels and remove all
binary objects smaller than the size of five superpixels.



(a) Original image (e) Original image

(b) Thresholding (f) Thresholding

(c) K-means (g) K-means

(d) Fuzzy K-means (h) Fuzzy k-means

Fig. 3. Results for daytime birds and ibex images.

5. RESULTS

We present examples of our promising results in Figures 3 and 4. For
each original image, shown in Fig. 3(a, e) and Fig. 4(a, e), we apply
the three proposed methods and show results in the corresponding
rows of these two figures. No one method produces the best results
for all types of images. In the case of the birds and the ibex images,
the feature thresholding method produces superior results. Fuzzy k-
means method gives the best results for the daytime snow leopard
image while the traditional k-means technique is best in the case of
the nighttime snow leopard image. This variability is present across
all camera trap images and underscores the need to explore different
segmentation methods for this particular application.

(a) Original image (e) Original image

(b) Thresholding (f) Thresholding

(c) K-means (g) K-means

(d) Fuzzy k-means (h) Fuzzy k-means

Fig. 4. Results for daytime and nighttime snow leopard images.

6. CONCLUSIONS AND FUTURE WORK

The methods described here find motion in images from camera traps
set to capture snow leopards. By using three different approaches,
we produce results that are robust with respect to changes in illu-
mination due to weather and time of day. This research will open
the door to image classification based on type of animal sighted, and
eventually to individual snow leopard recognition.
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