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We  herein  introduce  an  automated  three-dimensional  (3D)  locomotion  tracking  and  pose  reconstruction
system  for  rodents  with  superior  robustness,  rapidity,  reliability,  resolution,  simplicity,  and  cost.  An
off-the-shelf  composite  infrared  (IR)  range  camera  was adopted  to  grab  high-resolution  depth  images
(640  × 480 × 2048 pixels  at 20 Hz)  in  our  system  for automated  behavior  analysis.  For  the  inherent  3D
structure  of the depth  images,  we  developed  a compact  algorithm  to  reconstruct  the  locomotion  and
ocomotion
epth image
ehavior
ose reconstruction

body  behavior  with  superior  temporal  and  solid  spatial  resolution.  Since  the  range  camera  operates  in
the IR  spectrum,  interference  from  the  visible  light  spectrum  did  not  affect  the  tracking  performance.  The
accuracy  of  our  system  was  98.1  ± 3.2%.  We  also  validated  the  system,  which  yielded  strong  correlation
with  automated  and  manual  tracking.  Meanwhile,  the  system  replicates  a  detailed  dynamic  rat  model
in virtual  space,  which  demonstrates  the  movements  of  the  extremities  of  the  body  and  locomotion  in
detail  on  varied  terrain.
. Introduction

Locomotion analyses are widely applied in neuroscience
esearch, animal welfare, and pharmacological studies on differ-
nt animal species (Tecott and Nestler, 2004), including rodents
Denenberg, 1969; Clarke et al., 1985; Pan et al., 1996; Rousseau
t al., 2000; Twining et al., 2001; Spruijt and deVisser, 2006), pigs
Lind et al., 2005), insects (Noldus et al., 2001; Reynolds and Riley,
002), arthropods (Aagaard et al., 1991), and fish (Nilsson et al.,
993; Kato et al., 1996).

Manually recording animal behavior is economical but inher-
ntly suffers from subjectivity and fatigue (Lind et al., 2005; Tort
t al., 2006). Otherwise, automated locomotion recording and anal-
sis have obvious advantages including repeatability and reliability
ith lower labor costs (Tecott and Nestler, 2004; Spruijt and
eVisser, 2006). Early automated measuring systems were usually
ased on photo-cell sensors (Clarke et al., 1985; Ericson et al., 1991)
r electronic touch panels (Kao et al., 1995) which are relatively
ore reliable than manual recording but are expensive and have

ow resolution (Pan et al., 1996). Since the 1980s, computer vision-

ased systems were introduced into the field of animal locomotion
nalysis (Godden and Graham, 1983), and they provided greater
ccuracy and flexibility than other systems (Noldus et al., 2001).

∗ Corresponding author. Tel.: +886 2 33665331; fax: +886 2 23929416.
E-mail address: m456@ntu.edu.tw (T.-T. Lin).
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Diverse methods were presented to track animal behavior based
on computer-vision, including monochrome video thresholding
(Godden and Graham, 1983; Nilsson et al., 1993; Hoy et al., 1996;
Kato et al., 1996; Noldus et al., 2001; Lind et al., 2005; Tort et al.,
2006), color space conversion and filtering (Noldus et al., 2001;
Obradovic et al., 2009), background image subtraction (Kato et al.,
1996; Noldus et al., 2001; Publicover et al., 2009), and model recog-
nition (Rousseau et al., 2000; Twining et al., 2001). Some of systems
are commercially available (Spruijt and deVisser, 2006). Some
efforts on three-dimensional (3D) tracking using multiple cameras
(Kato et al., 1996; Fry et al., 2000) or video cameras with mirrors
were presented (Chràskovà et al., 1999). Three-dimensional human
behavior reconstruction has been widespreaded and widely stud-
ied based on various approaches (Moeslund and Granum, 2001).
Correspondingly, all sorts of three-dimensional rodent behavioral
phenotyping systems were presented, HomeCageScan® (CleverSys,
Reston, VA, USA) provides rodent behavior phenotyping mod-
ules based on body part feature recognition to analyze extensive
rodent’s behaviors, which recognize rodent behavior with video
clips recorded from video cameras from limited top and side view-
points. Otherwise, LABORAS® (Metris, Hoofddorp, the Netherlands)
reconstructs rodent three-dimensional behavior with physical
vibration and force signal with specific sensor instruments, which

would not be affected by light intereference. But the flexibility of
measurement is rather constrained and sensitive to physical noise
(Spruijt and deVisser, 2006). Various qualitative validity assess-
ment procedures were also proposed (Van de Weerd et al., 2001;

dx.doi.org/10.1016/j.jneumeth.2011.07.019
http://www.sciencedirect.com/science/journal/01650270
http://www.elsevier.com/locate/jneumeth
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Fig. 1. Photograph of the experimental configuration including the behavior appa-
ratus, transparent slope, and Microsoft Kinect® composite sensor. The apparatus
T.-H. Ou-Yang et al. / Journal of Neu

ind et al., 2005; Tort et al., 2006). However, applications of vision-
ased systems were often limited by color-related factors including
ontrast, brightness, animal color, complicated backgrounds, and
oor tolerance to interference. Some studies further used expen-
ive infrared (IR) cameras (Noldus et al., 2001; Lind et al., 2005;
bradovic et al., 2009).

Microsoft Kinect® (Microsoft Corporation, Redmond, WA,  USA)
s a low-cost (<US$ 150) commercial composite sensor device with
n IR range camera, charge-coupled device (CCD) camera, micro-
hone array, and accelerometer, and was designed for human
esture and pose recognition for the consumer market. The IR
ange camera and video camera composite module comes with
rimeSensor® technology (PrimeSense, Tel Aviv, Israel), which
ntegrates IR depth images and color video acquisition in a
ystem-on-a-chip design for high-resolution depth information
egistration at greater than a 30-Hz theoretical sampling rate. In
his study, we  developed an automatic locomotion analysis system
or rats using a depth map  directly acquired from the IR range cam-
ra of Kinect, which combines advantages of an IR camera and a
aser range finder at a reasonable cost. Therefore, the IR range cam-
ra is capable of retrieving video in low-brightness conditions, and
nterprets distance (depth) information of each point in the scene
s corresponding pixel values.

By interpreting depth information in the captured frames, our
ethod is able to reconstruct continuous high-resolution 3D loca-

ion and measurements of a rat, without limitations of indoor
mbient light conditions, contrast, invasive labeling tags, or varying
olors of the rat and background. For independence of the analysis,
ur system was  divided into two parts: a recording part and an anal-
sis part. The depth image recording part retrieves and compresses
epth and color image streams from an IR range camera and CCD
amera, respectively. The recorded depth images are device inde-
endent; any similar device which produces depth images can be
sed as the source for the depth image stream. The analysis part
erforms off-line 3D measurement reconstruction and locomotion
nalysis for further assessment and post hoc tests.

To validate our method, we recorded range camera frames and
CD camera frames configured horizontally. By directly accessing
emory instead of using built-in functions in a computer vision

ibrary, our system achieved a sampling rate of >20 Hz with a reso-
ution of 640 × 480 pixels.

. Materials and methods

.1. Animals

To validate our system, 21 animals in total were used, including
 Long Evans (378.0 g, 286.0 g, 242.5 g, 241.5 g, 241.0 g), 5 Wistar
ats (386.0 g, 395.0 g, 398.0 g, 400.0 g, 417.5 g) and 5 C57BL/6 mice
34.5 g, 31.0 g, 30.5 g, 29.0 g, 27.5 g) for assessment of the effects on
he system performance caused by varied fur colors and sizes of
he animals. The other 2 Long Evans (285.0 g and 286.0 g), 2 Wistar
ats (278.0 g and 300.0 g) and 2 C57BL/6 mice (22.5 g and 23.0 g) for
ightless environment performance examination. All experimental
rocedures were approved by the Institutional Animal Care and
se Committee of National Ilan University, and were in accordance
ith guidelines specified in the “Codes for Experimental Use of Ani-
als” of the Council of Agriculture of Taiwan, based on the Animal

rotection Law of Taiwan.

.2. Hardware
The hardware setup included a behavior apparatus,
icrosoft Kinect® composite sensor device, and a personal

omputer. The behavior apparatus consisted of aluminum
with the transparent slope consisted of aluminum extrusions and acrylic plates for
convenience of adjustment. The rat roamed freely on the floor. The Kinect® sensor
was  mounted 90 cm above the floor for a comprehensive view of the apparatus.

extrusions (120 cm × 52 cm × 52 cm), four acrylic side
plates (50 cm × 50 cm × 0.2 cm), and an acrylic floor plate
(50 cm × 50 cm × 0.5 cm)  with a grid pattern consisting of 5-
cm × 5-cm squares for performance validation. The sensor device
was  mounted 90 cm above the bottom of the apparatus to record
stereo dorsal images of the rat. To assess the 3D tracking perfor-
mance in a complex topographical configuration, an acrylic slope
(50 cm × 30 cm × 11 cm)  was  set up in the behavior apparatus
(Fig. 1).

The Microsoft Kinect® composite sensor device was connected
to a personal computer for 3D rat locomotion and pose recon-
struction (Fig. 2A). The Kinect® device acquires depth images
by continuously projecting coded IR light and decodes the light
reflected which contains depth information of the scene, which
provides a Video Graphics Array (VGA) depth image with 3-mm
spatial and 1-cm depth resolution at a rate of 30 frames/s (30 Hz)
under indoor lighting conditions. Considering stablity, the sam-
pling rate is set at a rate of 20 frames/s (20 Hz) while recording

the series of depth image. Respectively, the recorded depth image
series were processed by the method proposed in this paper for
locomotion analysis at about 20 Hz rate. The driver for the sensor is
a Code Laboratories® NUI Platform (Code Laboratories, Henderson,
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Fig. 2. Hardware and software diagrams of our approach. (A) This diagram shows
the  hardware setup. The range camera above the behavior apparatus was  connected
to  a personal computer. The depth image stream was recorded for off-line locomo-
tion  measurements and pose reconstruction. (B) This diagram is a flowchart of the
software process of our system. The acquired frame was  processed by threshold,
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orphological processes for noise reduction, and connected component labeling.
hen the detected rat’s behavior was reconstructed in a solid space and calculated
or the locomotion analysis.

V, USA). Both the PrimeSense® and Code Laboratories® provide
pen-source or free standard development kits and drivers for
epth image acquisition.

The personal computer was equipped with an Intel i5-760®

.8-GHz processor (Intel, Santa Clara, CA, USA), 4.0-GB RAM, and
n NVIDIA GeForce GT320® graphic card (NVIDIA, Santa Clara, CA,
SA).

.3. Software

We developed a collection of algorithms to analyze the acquired
epth frames for non-invasive 3D rat locomotion reconstruction
ithout constraints of labeling, fur color, background color, or

mbient light conditions. A flow chart describing our approach is
iven in Fig. 2B.

Our software was developed with Microsoft Visual Studio 2010
xpress® on Microsoft Windows 7®. We  applied an OpenCV com-
uter vision library (Willow Garage, Menlo Park, CA, USA) for image
rocessing and an OpenGL graphic library (Khronos Group, Beaver-
on, OR, USA). OpenCV is an open-source library which provides

unctions of image processing, object segmentation, recognition,
nd tracking. OpenGL is a graphic library providing 3D graphic
endering application interfaces for solid rat pose reconstruction.
he depth and color video were simultaneously recorded and com-
nce Methods 201 (2011) 116– 123

pressed using a Microsoft Video 1® algorithm. The recorded color
and depth frames were analyzed post hoc with a resolution of
640 × 480 pixels.

2.4. Depth image recording

Depth image frames and color video frames were both retrieved
from the Kinect® sensor device, and recorded at a synchronized
step in VGA resolution for validity assessment. The performance of
depth image retrieval was not affected by low-brightness condi-
tions, when the color video turned black. To achieve a sampling
rate above 20 Hz for electrophysiological studies while simulta-
neously recording two  VGA video streams, our system maps the
retrieved frames to the memory to optimize the recording perfor-
mance instead of using functions provided by standard libraries.

2.5. Locating and tracking

The acquired raw depth frame was trimmed according to the
3D field of view assigned manually to locate the rat in an assigned
region. Since the apparatus’ floor occupies only 57.6% in the center
of camera’s field of view, the camera’s distortion could be ignored.

The rat identification algorithm using a threshold is described
in (1) below; each pixel p(i,j) containing depth information, zij, was
preserved if zij was above the estimated floor, �, otherwise, zij was
replaced by 0. The floor position could automatically be estimated,
but for validity assessment, it was  user-defined during the experi-
ments. In the present experimental configuration, the depth values
from the range camera ranged 70–90 cm.

p(i, j) =
{

zij for zij > �
0 for zij ≤ �

(1)

After applying morphological processes, including erosion and
dilation, to reduce the noise, the connected component labeling
algorithm was applied to identify the rat in the sectioned depth
image. The connected component labeling algorithm can be con-
sidered a process of labeling all connected subsets, Ci, in a binary
image set, I. A pixel, p(x,y), is given a label value, i, if a labeled neigh-
boring pixel belonging to Ci exists. If no neighboring labeled pixels
exist, it is assigned a new label, Ci+1. The OpenCV library provides
a state-of-the-art connected component labeling algorithm pack-
aged as the function, cvFindContours(), which was adopted in our
system to identify rats in the field of view.

The mass center of the identified rat was  calculated using
(2)–(4),  which produce a 0th moment, and two  1st moments of
the rat, and p(x,y) contains pixels belonging to the identified rat.

m00 =
∑

x

∑
y

p(x, y) (2)

m10 =
∑

x

∑
y

xp(x, y) (3)

m01 =
∑

x

∑
y

yp(x, y) (4)

The mass center of the rat, pMC, is presented by (5):

pMC =
(

m10

m00
,

m01

m00

)
(5)

The labeled connected component subset is stored as sequences
of chain codes representing identified rats. The size, shape, and
mass center of the rat in each frame are preserved in data struc-

tures for further locomotion analysis. The vertical position of the
rat is referred to as its vertical mass center.

The locomotion tracking result can be accessed by the recon-
structed virtual rat with multiple viewports, raw depth images,
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Table 1
For each individual of the animal, we listed the mean values and standard errors
(mean ± S.E.) of the Pearson’s correlation, mean absolute error (MAE), and root mean
square (RMSE) of the automated and manual tracking sessions (n = 5).

Animal Weight (g) Correlation (%) MAE  (%) RMSE (pixel)

Wistar
A 386.0 94.3 ± 1.7 4.4 ± 2.4 10.6 ± 1.6
B  395.0 93.6 ± 2.8 6.4 ± 4.1 9.4 ± 1.2
C  398.0 90.7 ± 0.3 17.4 ± 12.7 11.1 ± 0.9
D  400.0 94.5 ± 1.6 13.9 ± 9.2 10.5 ± 0.5
E 417.5 93.9 ±  0.9 6.7 ± 3.0 8.4 ± 0.2

Group average 399.3 ± 11.5 93.4 ± 1.5 9.8 ± 6.3 10.0 ± 0.9
Long Evans

A 378.0 91.5 ± 1.2 23.0 ± 15.0 10.4 ± 2.6
B  286.0 92.6 ± 2.1 10.5 ± 6.3 15.3 ± 1.6
C  242.5 93.6 ± 1.0 15.7 ± 18.3 13.4 ± 1.8
D 241.5 92.6 ±  1.6 7.8 ± 2.8 10.2 ± 4.0
E  241.0 91.2 ± 0.7 9.4 ± 3.6 9.9 ± 1.8

Group average 277.8 ± 59.2 92.3 ± 1.3 13.3 ± 9.2 11.8 ± 2.3
C57BL/6

A 34.5 94.5 ±  2.5 10.1 ± 5.4 12.9 ± 0.7
B  31.0 94.3 ± 1.4 14.3 ± 6.1 10.4 ± 2.1
C 30.5 94.5 ± 2.5 16.8 ± 3.6 12.1 ± 2.1
D  29.0 92.6 ± 2.2 17.6 ± 12.8 8.9 ± 2.7
E  27.5 93.9 ± 2.0 10.7 ± 5.8 10.7 ± 2.1

Group average 30.5 ± 2.6 94.0 ± 2.1 13.9 ± 6.7 11.0 ± 1.9
T.-H. Ou-Yang et al. / Journal of Neu

olor video, and its path. For performance validation, our system
rovides a manual rat locomotion recording interface. In valida-
ion mode, the system pauses at each frame until the rat is located
y a mouse click with the confirmation key pressed. Both the auto-
atically measured path and manually located path are recorded

n a pairwise manner in Microsoft Excel® spreadsheet format.

.6. 3D locomotion reconstruction

Locomotion of the rat was reconstructed by an algorithm that
irectly accesses the depth image matrix according to the rat’s mass
enter, size, and solid shape extracted by the locating and tracking
lgorithm. The reconstruction algorithm was developed using the
penGL graphic library to render a detailed locomotion model of

he rat by projecting a depth image point cloud according to the
equested angle of view.

.7. Procedures

Validity assessment methods of locomotor measurements were
roposed in previous efforts on animal behavior measurements
Lind et al., 2005; Tort et al., 2006). The behavior apparatus with a
ransparent slope and the range camera were placed in the exper-
ment room with ambient light and light-proof curtains.

The system noise level could be accessed by tracking a station-
ry object (Lind et al., 2005). A Wistar rat (286.0 g) was anesthetized
ith sodium pentobarbital (50 mg/kg; i.p.) and placed into the

ehavior apparatus. The anesthetized Wistar rat was recorded by
he range camera for 3 min  both in lightened and lightless condi-
ions to assess the basic system noise.

The experiments for validation were performed with 15 ani-
als: 5 Long Evan rats and 5 Wistar rats to assess the confounding

ffect of fur color of the animals; 5 rats and 5 C57BL/6 mice to assess
he effect of animal’s size.

In each experiment, the range camera records the 15 animal
n the condition with ambient light for 10 min. The animal free
oamed spontaneously during the experiment. If the animal did not
resent spontaneous behavior, sounds were produced by tapping
he apparatus to provoke its behavior before the recording.

Another experiments with 6 animals were performed in light-
ess conditions to assess the system’s performance in experiments

ith circadian rhythm or longterm home cage behavioral pheno-
yping with lighting changes. Therefore, we recorded 21 video clips
f free-roaming animals and 2 clips of anesthetized animals in total
o assess the validity of the system.

Each video clip with 10-min length was analyzed in validation
ode with our system to compare automatically and manually

ecorded measurements. 5 observers manually scored all 15 video
lips respectively. The frames with obvious manual tracking errors
ere discarded and not included in the further analysis. Therefore,

5 pairs of tracking results in lightened conditions were analyzed.
ther 30 pairs recorded in lightless conditions were examined to

eport path omissions by the observers because the color camera
ould only capture black frames. According to a published method
Tort et al., 2006), we used Pearson’s correlation and Student’s t-test
o assess results of automated measuring and manual recording of

 rat’s horizontal locomotion. Due to the rearing behaviors would
ffect the vertical tracking results, the validity assessment focused
n horizontal tracking performance.

Considering that rearing behavior may  statistically affect
ertical locomotion measurements, both the raw results and
earing-excluded results were analyzed in Section 4. In a lightless

ondition, we recorded a depth image stream and color video, but
he CCD camera was incapable of sensing the scene.

Locomotion measurements of the 15 animals produced by our
ff-line tracking system and manual recording were analyzed by
Pearson’s correlation coefficient and paired Student’s t-test with
p < 0.05 accepted for statistical significance, mean absolute error,
and root mean square error in Microsoft Excel®. The system noise
level was  analyzed by calculating the distance between the esti-
mated mass center of the anesthetized rat in each frame and the
mass center in the first frame.

To assess the accuracy of our system, we adopted a previously
published method (Lind et al., 2005). We  designed a turntable
according to the method, which consisted of a gear box, a trans-
parent cantilever, and a plastic box as a model rat. One side of
the transparent acrylic cantilever was fixed to the gear box, and
a plastic box (50 cm × 30 cm × 11 cm)  was fixed 25 cm from the
motor shaft. Therefore, the plastic box travelled in a circular path
at a mean angular speed of 2.5 radians/s for 10 rounds. The ratio
of the depth image pixels to centimeters was defined as 5.0. The
actual distance travelled was  compared to the tracking result of our
system.

3. Results

3.1. Validation

Assessments of the automated tracking and the manual tracking
yielded correlation coefficients, the mean absolute errors, and the
root mean square errors derived from individual means are pre-
sented in Table 1. In addition, examples of correlations between
automated tracking and manual tracking of the 3 strains of rodents
are shown in Fig. 3, which represented the strong correlations
between automated and manual tracking. The 75 pairs of track-
ing results were further analyzed by one-way ANOVA, and all
of the p-values testing whether the factors including fur colors,
sizes, and strains are consistent with the null hypothesis (p > 0.05).
Therefore, the correlations of animal’s colors, sizes, and strains to
system performance were not significant. Significance of differ-
ent observers is also consistent with the null hypothesis (p > 0.05)
through one-way ANOVA. All 6 clips of raw depth-map frames and

automated tracking results of the experiments in lightless con-
ditions were compared by the observers and no path omissions
reported.
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Fig. 3. Examples of correlations between the automated locomotion measurements
(x-axis) and manual recording (y-axis); *p < 0.05 compared with the automated mea-
surements; **p < 0.01; ***p < 0.001. The symbols (black and white circles, triangles,
and squares) represented experiment sessions completed by each observer, and the
correlation coefficients (r) were presented in the right of the symbols. The results
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resented high correlation coefficients with significance (r = 0.90–0.96). According
o  the regression lines, the results presented small deviations between correlation
oefficients.

Since the absolute error of the turntable test was  74.2 to total
927.0 pixels (14.8–785.4 cm)  and the relative error was  1.9%, the
ccuracy of our system was 98.1% with a standard deviation of

 = 3.2%. The system noise levels were 0.07 cm per frame in light-
ned condition and 0.05 cm per frame in lightless condition, and
he noise level were limited to 2 pixels in both clips.

For proper rapidity and resolution, the raw depth image stream
nd color video were both recorded at a 640 × 480 resolution at
bout a 20-Hz frequency. The frame rate of the off-line analy-
is was about 10–20 Hz. If the system recorded the depth image
nly, the sample rate could exceed 20 Hz for 1.8 MB per frame.
ith the present hardware setup, around 5 horizontal pixels rep-

esented 1 cm on the floor of the apparatus, which is very close to

he hardware specification. Our system grabbed and interpreted
ll 12-bit (2048) vertical resolutions from the IR range camera
or 640 × 480 × 2048 solid space resolution without sensor fusion
echniques.
nce Methods 201 (2011) 116– 123

3.2. 3D pose reconstruction

With our off-line analysis software, the system simultaneously
demonstrates a reconstructed rat in solid space from three angles
of view. For clarity, locomotion indices including travel distance,
velocity, acceleration, margin occupation, and stereotypic move-
ment are available for analysis in the spreadsheet file generated
after each tracking session. Statistical assessments were described
in the validation section. In lightless conditions, the depth image
was  not perceivably affected. On the contrary, the color video win-
dow displayed only dark blank frames.

The OpenGL-based 3D pose reconstruction displays the detailed
rat body and behavior including ears, forelimbs, and tail with con-
tinuous locomotion in solid space (Fig. 4). For the locomotion
analysis, the tail was not reconstructed on the viewport. The sys-
tem provides comprehensive rat behavioral information including
crouching, stretching, grooming, sniffing, climbing, and changes in
the head positions.

In the present system, all of the data were grabbed from a sin-
gle sensor (the color video was for a validity assessment only);
a dynamic solid replica of the scene could be observed in the
virtual space without stitching. For example, in Fig. 4, the rat scram-
bled onto the slope in 10 frames from frame 15 to frame 25. The
reconstructed path (black line) was distinctively displayed above
the model slope (gray grids) along with the movement of the rat
with body bending and vertical head movement. The rat explored
and scrambled down from frame 200 to frame 242, with the path
rendered in detail in three viewports. Then, rearing behavior was
recorded within 10 frames of around 0.5 s. The rat reared its right
forelimb and touched the wall of the apparatus in frame 295. Finally
it drew its forelimb back in frame 297.

4. Discussion

The behavioral measurement method using IR range camera
depth images in the present study provides obvious advantages
on rodent behavioral studies: robustness, rapidity, reliability, and
resolution (Publicover et al., 2009). Moreover, our approach is also
simpler and cheaper than previously published methods.

Measuring a rat’s locomotion using depth images grabbed
from a single IR range camera preserves detailed behaviors
on account of its spatial (640 × 480 × 2048 pixels) and tempo-
ral (20 Hz) resolution. With a high spatial resolution, the system
is capable of detecting minor movements and avoids underes-
timating locomotion (Lind et al., 2005). Though Ethovision XT®

(Noldus, Wageningen, The Netherlands) and other commercial
systems provides a resolution of 768 × 576 pixels (Noldus et al.,
2001), the resolution of the proposed method is not restricted
to Kinect®’s 640 × 480 pixels resolution. The depth map  could be
acquired from other appropriate instruments including industrial
infrared ranging camera or through stereo vision technique, which
could possibly provides resolution up to 1920 × 1080 pixels (Full
HD 1080p) using off-the-shelf digital cameras. For cost efficiency,
we  used Kinect® for depth map  acquisition in the experiments.

To avoid omitting necessary information, we utilized a relatively
simple compression format. About 360 MB/min was used to record
the depth images only, and with a color video, about 1.4 GB/min
was  used, which provides high throughput and detailed behavioral
information. Our system is also able to record and analyze data in
other compression formats if the memory capacity is limited.

Since the IR range camera utilizes the IR region of the elec-

tromagnetic spectrum, the proposed approach is immune to
interference from the visible-light spectrum. During the experi-
ments, light variations and shadows were not optimized, which
made tracking rats using a CCD camera very difficult (Lind et al.,
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Fig. 4. Representative results exemplified by a dynamically reconstructed rat pose viewed from different angles in solid space. The accumulated horizontal distance (HD),
accumulated vertical distance (VD), and velocity were shown in each frame. “Rest” indication replaced the velocity value if the subject was at rest. From frame 15 to frame 25,
the  rat scrambled along the slope with motion reconstructed in detail with observable features of the head and ears within 1 s. From frame 200 to frame 242, the rat explored
the  slope with a combination of behaviors, and scrambled down to the floor, which can be observed by the path (black line). Limited by the range sensor’s field of view, the
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ower  part of the rat was not retrieved and not interpolated. Dispersed points are n
rame  295, the rat reared up on the floor and touched the wall of the behavior appa

ovement.

005; Publicover et al., 2009). However, the IR depth images were
ot retrieved within the visible light spectrum. In addition, liquid
r solid excretion of the rat during experiments did not affect the
racking performance. During the experiment in ambient-lighted
ondition, shadows, animal’s excretions, contrasts, and light varia-
ions were not strictly controlled to simulate a tough phenotyping
etup in a common laboratory. The experiments in lightless condi-
ion performed in a light-proof room, were not able to be analyzed
y the operators because the color camera recorded no more than

 black screen, and other active infrared cameras may  interfere
he Kinect®. We  examined the raw depth-map frames, and the
ecorded clips did not present target omission or obvious error.
hus, our system is robust to factors in the visible light spec-
rum and which suggests reliability of locomotion measurements.
ur approach performed as well as in tough setups with low

oreground-to-background contrast, changing background (ani-
al’s excretion or color changes during floor drying), and varied

ighting conditions in experiments related to circadian rhythms
nd cognition (Publicover et al., 2009). The system is also robust
o various colors and sizes of the animal, and is capable of
racking Wistar rats (white, about 386.0–417.5 g), C57BL/6 mice

black, 27.5–34.5 g), and Long Evans rats (black hooded, about
41.0–378.0 g). Tracking results were tested through one-way
NOVA of all 3 strains of rodents, and the results presented the
ccuracy of the system were not affected by the varied fur color
ixels which were intentionally not filtered out for the performance assessment. In
 with its right forelimb. In frame 297, it drew the forelimb back with a subtle head

and body sizes. The Pearson’s correlation coefficients and the root
mean square errors of automated and manual tracking also val-
idated the tracking performance of the system. According to the
inspections on the raw records, the deviations of mean absolute
errors in specific sessions were suffered from the errors made by
human observers.

Moreover, data omission or noises were subtle during the exper-
iments (Fig. 4), the locomotion parameters were recorded directly
without smoothing algorithms. But if the system retrieves depth
images from other instruments, for instance, stereo vision, fur-
ther smoothing on the three-dimension coordinates of locomotion
parameters may  be necessary. Moreover, the system includes a
composite sensor device, an apparatus, and a computer that was
assembled for < US$1500, which is very reasonable compared to off-
the-shelf systems using IR photocells and IR cameras. Since similar
range-sensing technologies are still in development, alternatives of
the hardware at lower costs will become available in the future.

Assessments of the validity of the system yielded significant sta-
tistical results of automated locomotion measurements compared
to manual recording and topographical models even with relatively
complicated setups. The automated tracking results correlated to

the manually recorded results with evident significance and corre-
lations for horizontal tracking 15 of rodents, and results were close
to the linear regression line (Fig. 3). The horizontal tracking correla-
tion coefficient was  similar to published research (Tort et al., 2006),
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t r = 0.976, p < 0.001. Minor deviations in the regression line were
ossibly caused by an inherent inaccuracy of the manual recording
echnique (Tort et al., 2006). An underestimation of the topograph-
cal model indicated that using only 2D information may  cause
onsiderable omission of locomotion measurements. For accuracy,
ur system yielded a 98.1% accuracy with a 640 × 480-pixel res-
lution and a 25-cm-radius circular path, which is superior to a
ublished method using a video camera (Lind et al., 2005), which
ad a 9% error with a 384 × 288-pixel resolution and a 14-cm-radius
ircular path. The results suggest that higher hardware resolution is
dvantageous for greater accuracy. The three-dimensional system
oise level was limited to 0.7 cm per frame in both lightened and

ightless condition, and the variation was limited to 2 pixels, which
uggest the system still has a noise caused by the instruments and
he experiment condition and similar to the published paper (Lind
t al., 2005).

Since deviations in tracking may  result from subjectivity and
atigue (Lind et al., 2005; Tort et al., 2006), the results suggest
reater accuracy and reliability of the present method for 3D loco-
otion measurements.
For 3D tracking, multiple cameras or camera-mirror systems

equire sensor fusion techniques including registration, mapping,
istortion compensation, and frame synchronization, which limit
he resolution, field of view, and accuracy of behavior detection. The
epth image provides the possibility of reconstructing a subject in
ehavioral experiments as a dynamic 3D model, which provides a
D view of the subject’s behavior in detail. Massive spatial informa-
ion of depth images was applied by our system to reconstruct 3D
oses of a rat, including vertical head movements and body bend-

ng. Observing detailed body part movements with a single video
amera is challenging, even with multiple-camera systems, due to
onstraints of rectilinearity of the light, and only the overall body
ocomotion is able to be analyzed, while body-part and extremity

ovements are inevitably omitted.
The reconstructed dynamic rat model was not refined to reveal

etailed features of body parts, and was interpreted in the OpenGL
D model in a point cloud fashion. Researchers can simultaneously
iew the rat from different angles through the graphical user inter-
ace. The solid reconstruction result distinctively demonstrates the
emporal path of the rat in a relatively complicated topographical
etup. These subtle movement detections are valuable for neuro-
cience studies, and suggest the potential for application to gait
nalysis, and even discovering new behaviors (Tecott and Nestler,
004). Meanwhile, the system also presented detailed movements
f body parts without constraints of the viewing angle (Fig. 4).
he extracted results suggest the evident potential of developing
ore-exact and -qualitative measurements of a rat’s behavior at the

ody-part scale and in experimental setups with complicated topo-
raphical features and light conditions. These important behaviors
re not easily analyzed in detail by computers with only horizontal
nformation. We  also noted that even when the rat was standing
till, minor horizontal and vertical movements existed, which were
sually smoothed over by previous studies.

Published studies on qualitative comparisons of behavioral anal-
sis systems proposed that most off-the-shelf systems require
pecific hardware and provide mainly pharmacological vali-
ation (Spruijt and deVisser, 2006) but qualitative validation
eports. Moreover, not all commercial systems provide behav-
or recognition ability. For example, Ethovision XT® (Noldus,

ageningen, The Netherlands) provides an IR camera setup option
nd limited behavior recognition (Noldus et al., 2001; Spruijt
nd deVisser, 2006), and tracks insects and other animals in
 3D space using a multi-camera sensor fusion technique. But
ur system provides a more-versatile and -efficient configura-
ion and approach. With a single off-the-shelf range camera,
ur approach provides 3D locomotion measurements, and ver-
nce Methods 201 (2011) 116– 123

satility of tracking and reconstructing detailed 3D behaviors
of larger vertebrates. Both LABORAS® (Metris, Hoofddorp, The
Netherlands) and HomeCageScan® (CleverSys, Reston, VA, USA)
provide advanced behavior recognition capabilities for various rat
behaviors. LABORAS® reconstructs the animal behaviors physi-
cal vibration and force signal, but its sensitive to physical noise.
HomeCageScan® is based on body part feature recognition recorded
from video cameras from limited viewpoints (Spruijt and deVisser,
2006).

However, further behavior detection capabilities using depth
images are still in development.

The primary limitation of our approach is reconstruction of
shaded parts of the rat. Features on the shaded abdomen side of
rat were omitted since the IR range camera still followed the rec-
tilinearity of light. Limbs of the rat are challenging to detect when
shaded by the body, which limits the application to gait analysis.
Vertical limb movements are subtle for a 1-cm vertical resolution
of Kinect®. Depending only on depth images without color images
also limits performance of tracking with color features, including
tracking limbs or multiple rats. Using sensor fusion techniques with
more range cameras or video cameras will be introduced for more-
comprehensive dynamic rat pose reconstruction and gait analysis.
Considering the complexity of rat behavior classification, auto-
mated body part behavior tracking is not discussed in this paper.
More-reliable behavior detection algorithms for depth images are
required for sniffing, grooming, rearing, and stereotypical move-
ments for accurate automatic pose reconstruction, which can be
assessed by qualitative methods (Van de Weerd et al., 2001) for
behavioral classification.

For wider applications in behavioral studies, tracking multiple
animals was tested, but more-complex interaction patterns are
still being analyzed for accurate tracking algorithms. Automatic
floor detection was  tested in early experiments and yielded fine
results; we are introducing opaque topographical feature modeling
to enhance the floor detection algorithm. With inspiring potential
for subtle behavior and gait analysis, it is reasonable to introduce
feature-based body-part and extremity recognition algorithms to
track rat’s behavior to the body-part scale.

5. Conclusions

In conclusion, we developed a locomotion measurement and
pose reconstruction system based on IR range camera depth images
for locomotion analysis of rodents. The system provides superior
robustness, rapidity, and reliability, and high temporal and spatial
resolution of 3D tracking with low-cost hardware and relatively
simpler and faster algorithms than previous studies. The validity
of the system was  assessed using proposed methods, and yielded
superior accuracies for horizontal tracking, vertical tracking, and
behavior detection in non-optimized experimental conditions. The
system also reconstructs a detailed dynamic virtual rat in the
computer with subtle body poses available, which suggests the
potential of qualitative studies on subtle behaviors at the body-part
scale in free-roaming experimental setups.
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