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Abstract— Animal behavior assessment plays an important rel
in basic and clinical neuroscience. Although asseésg the higher
functional level of the nervous system is alreadygssible, behav-
ioral tests are extremely complex to design and ahee. Animal's
responses are often evaluated manually, making itibjective, ex-
tremely time consuming, poorly reproducible and poéntially fal-

lible. The main goal of this work is to evaluate thaise of the re-
cently available consumer depth cameras, such asaiMicrosoft's

Kinect, for detection of behavioral patterns of mie. The hypoth-
esis is that the simultaneous capture of video andepth infor-

mation, should enable a more feasible and robust rtfeod for au-

tomatic behavior recognition, over previously avadéble systems.
We present some preliminary results regarding inital steps of the
project, namely depth based mouse segmentation.
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. INTRODUCTION

A great effort has been developed by disciplineshsas
neurosciences and pharmacology, trying to undedsthe
complex relationship between genes and behaviorlfilfhis
sense, animal experimentation remains a key ingniinand
among animals used in research, mice can be remdy@s
one of the most important models [2]. They tendeaised for
analysis of patterns of behavior of targeted arehgbally in-
duced mutations, often evaluated manually by diobserva-
tion or by analysis of video captured for this mse.

The demand for automated methods of mice behavior

analysis in laboratory arises primarily in orderésolve prob-
lems related not only to time and cost, but algwagucibility
inherent in the assessment process conducted Ipyepdaldi-
tionally, the availability of such systems, intrags the possi-
bility to rethink behavior tests themselves. Theidal testing
time scale can be easily extended, and thus diyeits¢ be-
haviors analyzed and the context of evaluation.ofated
analysis of mice behavior constitutes a challenge tb a
large number of factors, including the huge valtigbof the
conditions of behavior tests, or the generic pnobtd behav-
ior recognition itself.

In this paper we introduce an ongoing project #iats to
develop a general-purpose, automated, quantitdtioé for
mouse behavioral assessment, which takes advaotageent
advances in computer vision systems. A wide rarigebav-
ioral tests are available for different experiméaigplications
[3]. However, it is possible to identify open-fieltena and
observation of mice within their home cage, as wicthe
most accessible and widely used apparatus.

dimensional intensity images and the potential doeater
recognition accuracy [4]. However, earlier depthssgs were
expensive and difficult to use [5]. The task haesrbgreatly
simplified by RGB-D cameras, recently introducedlage
scale and low cost in the market. RGB-D camerash @s
Microsoft's Kinect, are sensing systems that cdnsfsone
RGB camera and a depth sensor. The Kinect deptosén
based on an infrared laser projector combined witimono-
chrome CMOS sensor, which provides depth infornmafar
each pixel at a frame rate of up to 30 fps.

Il. RELATED WORK

Automation of behavioral tests started with the oafselec-
tro-mechanical devices for experimental control mipecific
action-reaction or stimulus-response relations tealle quan-
tified [6]. Though these systems can be used eyt to
monitor the locomotor activity, fail to understantbre com-
plex behaviors. In this sense the visual analgspgésented as
a potentially decisive and powerful supplement.

Existing vision-based methods typically use staddadeo
images and extract motion features, adapting pusviwork
for recognition of human actions and motion. There sever-
al commercially available systems, which combineea-
tracking technology with image analysis methodsharacter-
ize mice activities, such as PhenoTypky Noldus, Home-
CageScanby CleverSys or SmartCubky PsychoGenics.
Besides the commercial systems, it is also worthtioe-
ing here an open source software made availab?19 [7].
It uses a machine learning algorithm for classifyievery
frame of a video sequence. Many other systems baea
developed, the referred work extended simpler viracking
based approaches (e.g. [8]), in order to allowahalysis of
finer animal activities such as grooming, sniffimgrearing. It
is however possible to find some limitation in tharent re-
lease, such as, lack of characterization of sdwéddavior or
restrictions to camera pose, lighting conditiond arice color.

I, KINECT BASED METHOD

Our under development system may be briefly desdris
follows: features are computed to convert an ingdéeo se-
guence composed of depth and color images, inépr@senta-
tion which will later be used for the automatedognition of
the animal’s behavior by a statistical classifier.

We started by video recording a singly housed mis&g
a Kinect properly calibrated [9], from a top vieWhmth open
field test arena and home cage housing (Figurdd$ mice

Regarding advances in computer vision, namely #tie r behaving differently were used for these experimemhese

search using depth images for object recognitionichv has
consistently presented several advantages over

twonanually annotated

videos, corresponding to over one hour of recordiwgre
labeling every framk each video
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Figure 1. Example video acquisitions with kinect system afi@use in a
openfield arena (1) and home cage (2): (a) - dep#p, (b) - RGB image and
(c) - RGB-D fusion

sequence with a behavior of interest: walking,imgstgroom-
ing, rearing, and digging.

Seeking accuracy and reduction the chance of mi$nmat
features, some work was done on image segmentétisres-
sentially this effort, which is discussed from thint forward.
Its goal was to robustly be able to extract masksosinding
the mice against the involving arena. In orderest several
segmentation methods, was performed an additiorzaduai
annotation of mice spatial localization in 41 depthp images
selected from different videos in different cormtiis of acqui-
sition. As a gold standard of global thresholdi@¢su's method
[10] was used. Other used method was the Gaussidnren
background model (GMBM) [11], which takes into agabthe
pixel's recent history. As a simpler approach itsvassumed
that the background is static (Fixed Background &lod
FBM). In that way, every new frame is subtracteairfrthe
background model previously obtained, and the teduiffer-
ence values of each pixel give the information degmenta-
tion. It was also considered local background sedation ap-
proach used in [12] (Local). It proposes that asitgnmage is
defined by transforming the depth information oa ®¥ plane
to the XZ plane. In the new image each column itéshisto-
gram of the corresponding column in the originahdgm. The
threshold curve is then computed as the shortéistfam one
horizontal margin to another of the density imagbere the
cost of each pixel is its frequency value.

While the true positives (TP) give the number ofrectly
detected foreground pixels, the true negatives (gNg the
number of correctly identified background pixels. dontrast
the false negatives (FN) are pixels that are falsehrked as
background, whereas false positives (FP) are fatkglected as
foreground. Hereupon, the measures true positiie (ePR),
given by TPR = TP/(TP + FN), and the false positrate
(FPR), given by FPR = FP/(FP + TN), were computed.

Table 1 shows that the best results were verified=BM
method due to the existence of a general stalufithe back-
ground in the images analyzed. The Local methodvstds-
sues dealing with complex backgrounds and unifgrimitcost
criteria for different situations as open field ahdme cage
arenas. Since in our samples, the mice area wak sraller
than the background, the presence of differentatdbjat differ-
ent depths (substrate materials covering the bodiiotine cage)
caused wrong classifications by Otsu method. Ocnasioc-
currences of long periods of immobility lead to tfalure
segmentations by GMBM method.

TABLE I RESULTS FOR DEPTH BASED MOUSE SEGMENTATION

Segmentation methods
GMBM Otsu Local FBM
True positive rate 0.30 1.00 0.56 0.68
False positive rate 0.00 0.95 0.02 0.00

IV. CONCLUSIONS

Though the use of automated approaches has been doc
mented for mice behavior recognition, such systenesnot
widely used, present limitations and may be coshibitive.

Segmentation should be further tweaked althoughesam
teresting preliminary results. It may also be natieat depth
map images from Kinect are typically noisy and impbete,
mostly due to occlusion, relative surface angle araderial,
making us to consider Kinect RGB images an esdertia-
plement to depth maps (Figure 1).

Further work must be done in order to testify the i
portance of using additional information provideg depth
maps, for the behavior recognition task. Namelypaity and
position features computation directly from depthprseg-
mentation mask.
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