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The  head-fixed  mouse  preparation  offers  unique  advantages  in  a variety  of  experimental  contexts.
We  present  an affordable  and  flexible  framework  for  measuring  behavior  in  head-fixed  preparations.
We  benchmark  our  algorithms  against  ground  truth  data  and  demonstrate  good  performance.
The  framework  is a valuable  complement  to recording  and  stimulation  technologies.

 r  t  i  c  l e  i  n  f  o

rticle history:
eceived 31 January 2017
eceived in revised form 25 June 2017
ccepted 13 July 2017
vailable online 17 July 2017

SC:
0-01
9-00

eywords:
ehavior
ead-fixed
racking

a  b  s  t  r  a  c  t

Background:  The  preparation  consisting  of a head-fixed  mouse  on  a spherical  or  cylindrical  treadmill
offers  unique  advantages  in  a variety  of  experimental  contexts.  Head  fixation  provides  the  mechanical
stability  necessary  for optical  and  electrophysiological  recordings  and stimulation.  Additionally,  it can  be
combined  with  virtual  environments  such  as  T-mazes,  enabling  these  types  of  recording  during  diverse
behaviors.
New  method:  In  this  paper  we present  a low-cost,  easy-to-build  acquisition  system,  along  with  scalable
computational  methods  to quantitatively  measure  behavior  (locomotion  and  paws,  whiskers,  and  tail
motion patterns)  in  head-fixed  mice  locomoting  on  cylindrical  or spherical  treadmills.
Existing  methods:  Several  custom  supervised  and  unsupervised  methods  have  been  developed  for  mea-
suring  behavior  in mice.  However,  to  date  there  is  no  low-cost,  turn-key,  general-purpose,  and  scalable
system  for  acquiring  and  quantifying  behavior  in mice.
Results:  We benchmark  our algorithms  against  ground  truth  data  generated  either  by manual  labeling  or

by simpler  methods  of  feature  extraction.  We  demonstrate  that  our algorithms  achieve  good  performance,
both  in  supervised  and  unsupervised  settings.
Conclusions:  We  present  a low-cost  suite  of  tools  for behavioral  quantification,  which  serve  as  valu-
able  complements  to recording  and stimulation  technologies  being  developed  for  the  head-fixed  mouse
preparation.

© 2017  The  Author(s).  Published  by Elsevier  B.V.  This  is  an  open  access  article  under  the  CC
. Introduction

The preparation consisting of a head-fixed mouse running on a

pherical or cylindrical treadmill (Fig. 1(a)) has been used in a vari-
ty of experimental contexts, including electrophysiological and
ptical neural recordings (Dombeck et al., 2007; Najafi et al., 2014;
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Heiney et al., 2014b), neuronal stimulation (Heiney et al., 2014a;
Lee et al., 2015; Witter et al., 2013; Guo et al., 2015), behavioral
studies (Chettih et al., 2011; Kloth et al., 2015; Lee et al., 2015;
Hira et al., 2015; Heiney et al., 2014b), and virtual reality setups
(Harvey et al., 2009; Dombeck et al., 2009; Sofroniew et al., 2014).
Although preparations with freely moving animals are ideal for the
study of social interaction and ecologically meaningful movements,

they lack the brain stability necessary for recordings and manipu-
lations through cranial windows. Head fixation solves this problem
and can be easily combined with environments that allow mice to

e under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
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Fig. 1. Experimental and acquisition setup. (a) Schematic representation of the head-fixed preparation. The mouse is free to move on a cylindrical or spherical treadmill
with  minimal friction. At the same time the brain can be imaged via one or two-photon calcium imaging or optically stimulated via focused lasers or LEDs. Up to two PS3 eye
cameras can be positioned in front or/and on the right side of the mouse and connected to the software. Other equipment for stimulation (like air puffers or eye directed LED
l ouse 

t  Interf
d

l
2

i
p
e
p

ight)  can be positioned in front or on the side of the mouse. (b) Still image of the m
he  mouse to deliver light stimuli and not interfere with the optical recordings. (c)
ata.

earn complex behavioral tasks (Chettih et al., 2011; Harvey et al.,
009; Sofroniew et al., 2014).

In head-fixed preparations, quantitative descriptions of behav-

or can be obtained by manual annotation (Dombeck et al., 2007),
hysiological measurements such as EMG  (Hira et al., 2009; Chettih
t al., 2011), or using a video camera (Chettih et al., 2011). A
lethora of methods have been developed for extraction of move-
in the two  configurations (left and right). A light barrier can be added on the eye of
ace of the open source software implemented for the acquisition of multi-camera

ment parameters from video recordings, many of which rely upon
carefully tuned features that generalize poorly across experimental
setups (Heiney et al., 2014a,b; Witter et al., 2013; Hira et al., 2015;

Schneider et al., 2014; Lee et al., 2015; Clack et al., 2012; Guo et al.,
2015; Hoogl et al., 2015). Neuroscientists currently lack a turn-key,
low-cost, general-purpose and scalable framework for automatic
behavioral quantification in head-fixed mice.
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Our aim in this paper is to present a flexible and user-friendly
ehavioral acquisition and analysis system that leverages the
dvantages of the head-fixed preparation, and to evaluate its
erformance in measuring behavior in comparison to manually
nnotated data. Our system consists of software for the acquisition
f high-speed videos from multiple cameras, along with scalable
lgorithms for quantifying mouse behavior, with emphasis on mea-
uring locomotion speed and motion patterns of whiskers, paws
nd tail. The proposed video acquisition system enables record-
ng speeds above 150 frames per second from multiple cameras,
nd it is inexpensive in terms of both hardware (less than 1000$)
nd software (Python, open source). Additionally, it allows versatile
timulus delivery in closed loop with behavioral analysis. Further,
e provide two algorithms to quantify mouse behavior that require
inimal user intervention, and that scale well with large data sets:

low-Loc and Block-Loc.
Flow-Loc is a flexible, unsupervised approach that quantifies

patially localized and stereotyped movements, i.e., movements
hat repeatedly span the same area within the field of view, e.g.,
hisker or whisker pad, eyelid, nose, or analogous body dis-
lacements in head-fixed rodents. The algorithm first estimates
he frame-by-frame local motion fields in the movie using dense
ptical flow algorithms (Farnebäck, 2003), and then seeks a low
imensional representation of such fields using matrix factoriza-
ion techniques with side constraints. The algorithm automatically
dentifies patches of pixels undergoing coherent motion patterns
nd partially demixes patches with overlapping motion fields.
lthough Flow-Loc can identify local motion fields, it fails to cap-

ure long-range movements, such as a paw traveling across the full
eld of view. Moreover, it cannot be applied to closed loop experi-
ents because of computational limitations. To complement it, we

ntroduce Block-Loc, a fast supervised algorithm which can track in
eal time movements spanning large areas. Block-Loc is trained to
apidly identify rectangular blocks of pixels enclosing specific ani-
al  features (such as the limbs or tail) by efficiently implementing

lassifiers operating on sliding windows.
The manuscript is organized as follows. In Section 2 we  provide

echnical details about the experimental methods, the software and
lgorithms proposed in the manuscript, and the empirical eval-
ation of the presented algorithms. In Section 3 we  outline our
ontributions in terms of software and algorithms, and provide an
mpirical evaluation of their performance in terms of accuracy and
omputing time. Finally, in Section 4 we summarize our contribu-
ions with respect to current state-of-the-art methods and outline
he implications of our work for the neuroscience community.

. Methods

.1. Experimental procedures

Experimental procedures were carried out as approved by the
rinceton University Institutional Animal Care and Use Committee
nd performed in accordance with the animal welfare guidelines
f the National Institutes of Health. The same preparations we
mployed in our behavioral analysis were also used for some imag-
ng experiments. The animal preparation was performed as in Najafi
t al. (2014). We  used 3 male 12- to 16-week-old C57BL/6J mice
Jackson Laboratory), housed in reversed light cycle. Mice under-
ent anesthesia (isoflurane, 5% induction, 1.0–2.5% maintenance)

nd a 3-mm-wide craniotomy was drilled over the paranormal
rea of cerebellar lobule VI. A custom-made two-piece headplate

Dombeck et al., 2009) was  attached to the animal’s head. After 15 h
elay for animal recovery, the top plate was removed for delivery of
00–800 nL of virus, (∼50 nL/min, AAV1.Syn.GCaMP6f.WPRE.SV40
Penn Vector Core, lot AV-1-PV2822]) in two injections ∼750 and
ence Methods 300 (2018) 184–195

∼1250 �m lateral to the midline and 250 �m deep from the dura
surface using borosilicate glass pipettes (World Precision Instru-
ments, 1B100F-4, 1/0.58 mm OD/ID). All animals were placed back
in their home cage for 2 weeks of recovery.

Animals were first habituated to a cylindrical or spherical tread-
mill that rotates along a single axis (Fig. 1(a)) for repeated intervals
over 5 days of incremental exposure. After habituation, animals
were exposed to a variety of stimuli, sometimes while simulta-
neously measuring brain activity under a two-photon microscope.
Some of the movies are taken from animals that were undergo-
ing eyeblink conditioning (Kloth et al., 2015). Training consisted
of repeated parings of two  stimuli, either puff-puff or light-puff,
separated by intervals of 250 or 440 ms  respectively. This training
often induced movements in an otherwise-still mouse. The stimuli
consisted of (i) a periorbital airpuff (10–20 psi, 30 ms in duration,
delivered via a plastic needle placed 5 mm  from the cornea and
pointed at it, (ii) a flash of light (400 nm,  500 ms), or (iii) an airpuff
to whisker vibrissae (2–3 psi, 800 ms).

2.2. Hardware and software setup for image acquisition

The mechanical parts to establish the head-fixed setup with
a cylindrical treadmill are inexpensive and include an Exervo
TeraNova

®
EVA foam roller (about 25$ per 5 treadmills) plus var-

ious bearings and mechanical posts and joints (see Chettih et al.,
2011 for details).

We  acquired all the movies using the open-source acqui-
sition software we  present in this paper (https://github.com/
bensondaled/eyeblink). The package is implemented in Python and
allows recordings from multiple cameras (Fig. 1). In its most basic
form, the setup requires one desktop computer and one webcam.
In this paper, we  employ PlayStation 3 Eye

®
camera, which can

record a field of view of 320 × 240 pixels at speeds up to 187 Hz, thus
enabling an inexpensive high-speed recording system. To use the
PS3 camera in dark conditions, the infrared filter was  removed by
opening the case and carving it out with a screw driver. Illumination
was provided by an array of IR LEDs. The PS3 was  interfaced with
the data acquisition computer using the CLEye driver (CodeLabora-
tories, https://codelaboratories.com/products/eye/) and SDK. The
presented Python package can acquire images at frame rates
ranging from 15 Hz to 125 Hz, and resolutions of 640 × 480 or
320 × 240 pixels for each camera. For most 2-camera preparations,
each camera can acquire images at up to 60 Hz with a resolu-
tion of 320 × 240 pixels. If synchronization and/or stimulus delivery
are required, then the additional data acquisition board NI-USB-
8451 (less than 500$) may  be included. Stimuli can be delivered
using the same custom Python software package (Fig. 1(a)). Con-
trol signals are generated from within Python and sent to a National
Instruments card (NI-USB-8451) using the PyDAQmx wrapper for
the National Instruments DAQmx C API (http://pythonhosted.org/
PyDAQmx/). For light delivery, digital outputs can be directly con-
nected to LED drivers or laser controllers. For air puff delivery, a
digital output can be connected to a circuit gating a solenoid valve.

2.3. Flow-Loc

Flow-Loc is an algorithm that estimates movements that repeat-
edly span the same localized regions of the FOV. This is achieved
by combining dense optical flow algorithms (Farnebäck, 2003) and
dictionary learning (DL) (Olshausen and Field, 1996).

Dense optical flow algorithms (Farnebäck, 2003) compare two

contiguous frames (fri and fri+1) in order to find a vector-valued
optical flow function flow(·, ·) for each frame such that:

fri(y, x) � fri+1(y + flow(y, x)[0], x + flow(y, x)[1])

https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://codelaboratories.com/products/eye/
https://codelaboratories.com/products/eye/
https://codelaboratories.com/products/eye/
https://codelaboratories.com/products/eye/
https://codelaboratories.com/products/eye/
https://codelaboratories.com/products/eye/
http://pythonhosted.org/PyDAQmx/
http://pythonhosted.org/PyDAQmx/
http://pythonhosted.org/PyDAQmx/
http://pythonhosted.org/PyDAQmx/
http://pythonhosted.org/PyDAQmx/
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Fig. 2. Flow-Loc: fully automatic detection of movement. (a) Top: Still image of the mouse front camera with overlaid a subsampled version of the associated optical
flow  (yellow arrows). The length of the arrow represents the average velocity of a pixel’s neighborhood between the current and the previous frame. Bottom: Heat map
representation of the optical flow along x (left) and y (right). (b) Using dictionary learning to extract regions of interest and corresponding velocity trajectories. Top: x and y
components of the velocity field are concatenated along the time dimension. The colormap represents the intensity of the vector field at each pixel. Bottom: The resulting 3D
tensor  is reshaped into a 2D matrix and then factorized via DL using K components. The temporal components (a concatenation of x and y velocity field temporal values),
are  mapped into polar coordinates. (c, d) Flow-Loc on front camera. (c) Still mouse image from lateral camera with overlaid the spatial components extracted by DL. The
components are localized and corresponds to relevant regions of interest (from top to bottom wheel, forelimb, hindlimb, trunk). (d) Magnitude (black) and angle (red) in
polar  coordinates extracted by the temporal components and corresponding to the spatial components to the left. The angle is defined only when the magnitude is larger
t mall, s
g  patte
r

T
p
a
f
e
c
s
r

han  half of its standard deviation (the angle is very noisy when the magnitude is s
ray  the movement of the rostro-caudally opposite limb to highlight the alternating
eader  is referred to the web  version of this article.)

he algorithm relies on an efficient polynomial approximation of
ixel neighborhoods to infer displacement fields. The output is

 2D vector field that assigns to each pixel the average inter-
rame velocity of a parameterizable neighborhood (see Fig. 2(a) and

xtended data movie M.1). The velocity space inferred by the opti-
al flow algorithm is a more convenient manifold than the pixel
pace for describing movement. In order to extract spatiotempo-
ally coherent patterns from the velocity fields, we apply DL, a
ee the methods for an explanation). For hindlimb and forelimb overlaid in dashed
rn of the gait. (For interpretation of the references to color in this figure legend, the

matrix factorization technique that, given a matrix Y, finds two
matrices A (non-negative) and B such that:

minA≥0,B‖Y − AB‖2
F . (1)
In our case, the velocity field is composed of two tensors,
denoted by Vx, Vy ∈ R

r×c×t where r, c and t are the number of rows,
columns, and frames, respectively. Here, for each frame i, Vx and Vy

correspond respectively to the matrices flow(y, x)[1] and flow(y,
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)[0], when applying the dense optical flow algorithm between the
rames i − 1 and i. To apply DL (see Fig. 2(b)) we first reshape Vx and
y into 2D matrices, Vx, Vy ∈ R

rc×t , and concatenate them along the
ime axis to get a single matrix VOF ∈ R

rc×2t . The DL problem can
hen be cast as:

minS≥0,T ‖VOF − TS‖2
F

s.t. ∀i, ‖si‖1 ≤ �

∀j, ‖tj‖2
2 ≤ 1

(2)

here S ∈ R
rc×K and T ∈ R

2t×K will encode space and time com-
onents respectively, and K is a user-defined parameter that sets
he number of components (dictionary elements) that the algo-
ithm will search for. The intuition behind this approach is that the
ovement of each local body part will translate into a set of pixels

hat have highly correlated values in the optical flow function. This
otion can be captured by the outer product between a column s

f the spatial matrix S, that describes the spatial extent of the pixel
et, and a row t of the temporal matrix T that describes the velocity
ector of the components in the x and y directions (Fig. 2(b)).

There are two main advantages of the DL approach over sim-
ler approaches such as principle component analysis. The first is
hat DL restricts the spatial components to be non-negative, thus
iving a physical interpretation to the S matrix, and the second is
hat it does not require orthogonality between its columns. The
L matrix tries to decompose the space-time motion pattern into a

mall number of components, making it an effective tool for dealing
ith overlapping structures. Moreover, it promotes sparse repre-

entations through the regularization parameter � (Olshausen and
ield, 1996). The matrix of velocity vectors T, on the other hand,
an take both positive and negative values, corresponding to oppo-
ite movement directions, and thus it lacks the sign and sparsity
onstraints of the standard DL framework.

We can speed up the solution of the factorization problem by
elying on online dictionary learning (Mairal et al., 2010). In this
ase the objective function can be decomposed as:

minsi≥0,T
1
n

n∑
i=1

1
2

‖vi − Tsi‖2
2

s.t. ∀i, ‖si‖1 ≤ �

∀j, ‖tj‖2
2 ≤ 1,

(3)

here index i iterates over the pixels, vi ∈ R
2t×1 is the motion

f pixel i across time, and si ∈ R
K×1 is a vector representing the

eight of contribution of each temporal component to pixel i. The
ictionary contains the temporal components, a sparse linear com-
ination of which can describe any pixel. This approach has the
dvantage that it can be efficiently solved by online algorithms,
educing the demand on computational time and memory (Mairal
t al., 2010).

Although Flow-Loc operates based on online sparse DL, it cannot
urrently operate on a live stream of frames, since it computes on

 pixel-by-pixel basis as opposed to a frame-by-frame basis. This is
ue to the sparse representation of movement patterns, in which
he activity of any pixel in the FOV is approximated from a sparse
et of movements based upon pixel location (e.g., paw, whisker
ad, etc.). Future work may  address an extension of this algorithm
o handle frame-by-frame analysis and closed loop applications.

In order to provide a more intuitive output, the Cartesian coordi-
ates x and y can be transformed into polar coordinates (see Fig. 2(b)

ottom). This allows easier visualization of movement metrics.
hen the movement magnitude is very small, the optical flow is a

andom fluctuation of values around zero subject to measurement
oise. In the present plots and analyses, we define the angle only in
ence Methods 300 (2018) 184–195

frames where the magnitude is larger than a threshold computed
from the signal variability (half of one standard deviation).

2.3.1. Choosing the right number of components
Choosing the number of components in matrix factorization

is a challenging problem from a statistical point of view, and
many methods have been proposed, including ones based upon
cross-validation (Owen and Perry, 2009) or sparsity-based criteria
(Bengio et al., 2009). In our case, we take advantage of the inter-
pretation of each factor as a specific consistent movement in the
animal’s body. Once the algorithm is tuned to the input features
and the measured variables, it generalizes well to similar scenarios.
In our experiments, the criteria used to select the component cardi-
nality are based on the number of clearly recognizable movements
in the movie and the salience of the movement to be measured (i.e.
wheel movement is much clearer than whisker movement). One
should always include enough components to capture clearly vis-
ible movements, and more components should be included when
the movement of interest is poorly visible or exhibits spatial overlap
with other moving objects. For instance, if one runs the algorithm
on a small region, as in Fig. 3(a), one component is sufficient to
capture the movement of the only underlying object, the wheel. If
one selects a similarly small region over the right whiskers, then at
least two  components will be needed, since the whiskers and wheel
overlap in space. Finally, if one selects larger areas, as in 3 c, one
component is required for each movement: wheel, left whiskers,
right whiskers, nose, and so on.

Although Flow-Loc can estimate local velocity fields, recovering
motion parameters with perfect accuracy is not always feasible,
since the DL approach assumes that all the pixels in a spatial com-
ponent (ROI) have the same velocity direction, a condition that is
satisfied only if the movement is completely rigid. Instead, a move-
ment density is extracted, whose time course is highly correlated
(see Section 3.2.1) with behavioral variables, but whose magnitude
might be not directly interpretable.

2.4. Block-Loc

Block-Loc is a supervised algorithm that localizes specific fea-
tures of the mouse in video frames. It requires training with a
moderate quantity of labeled samples, and detection operates at
faster than real time speeds. The classification algorithm is com-
posed of two  steps (Fig. 4(a)–(c)): (i) Feature extraction using Haar
filters on all the possible rectangular sub-windows present in the
Region of Interest (sliding windows search); and (ii) efficient clas-
sification of each sub-window as limb/non-limb using a cascade of
Adaboost classifiers.

We  ran Block-Loc on two example portions of the mouse body:
paws and base of tail. Using a manually annotated training set con-
sisting of 4217 frames for paws and 1053 for tail, we computed
the Haar-like features as described in Viola and Jones (2001). Haar
filters convolve the image with rectangular functions, and have
been extensively used in computer vision tasks such as face detec-
tion (Viola and Jones, 2001) and object recognition (Lienhart and
Maydt, 2002). The computation of the Haar descriptors can be sig-
nificantly sped up using the integral image. The integral image
I provides an effective method for computing the sum of values
within a rectangular sub-shape in an image. Each position I(x, y)
contains the sum of all the pixels above and to the left of the
original image (I(x, y) =

∑
∀i≤x,j≤yIm(i, j)). Fig. 4(b) illustrates an

example of the computation of the sum of the pixels in the red
region marked as D. The integral image I at point D contains the

sum of all the pixels from the upper left corner to D. In order to
compute the sum of pixels contained in the red area, one must
subtract C and B from D, and add A (which was subtracted twice
as a part of B and C). Convolutions with rectangular Haar filters
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Fig. 3. Flow-Loc performance evaluation against ground truth. (a) Still image of the mouse overlaid to the best detected spatial component (heat map) and the crop (dashed
yellow)  used as input for semi-automatic (small ROI) movement inference. (b) Temporal components in polar coordinates corresponding to (a). Top: Temporal component
estimated magnitude (black) overlaid to the ground truth (GT) velocity magnitude (orange). r is the Pearson’s correlation coefficient between estimated and ground truth
velocity  magnitude. Bottom: Estimated direction (red, angle) overlaid to the ground truth velocity (cyan, with sign indicating treadmill rotation direction). The angle is not
defined for each frame. (c, d) Same as (a, b) but for automatic (large ROI, yellow dash line in c) selection. (e) Correlation coefficient of estimated vs ground truth magnitude
in  the case of semiautomatic (left) and automatic (right) inference of wheel movement for 19 movie segments (10,000 frames each). The shaded purple indicate an example
of  occluded wheel (see also Supplemental Data A.6). (f) Same as (a–d) for whisker inferred movement and ground truth. (g) Correlation coefficient of estimated vs ground
truth  magnitude of whisker movement in the case of semiautomatic (top) and automatic (bottom) inference for 6 movie segments (740 frames each). The shaded circles
indicate  examples containing frames with occlusion (see also Supplemental Data A.6). (h) Analogously to (a–f) spatial (left) and temporal (right) components corresponding
to  hindlimb (top) and forelimb (bottom) extracted by Flow-Loc from videos capturing a lateral mouse view. Notice in the bottom temporal component the alternating
pattern  of the gait. (i) As in panel (g) correlation coefficient between ground truth and estimated magnitude for the semiautomatic (top) and automatic (bottom) case. (For
interpretation of the references to color in this figure legend, the reader is referred to the web  version of this article.)
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Fig. 4. Block-Loc. (a) Illustration of the mouse with two  examples of manually labelled paws (yellow squares). (b) Left: Convolution of a bank of rectangular filters (Haar
filters,  left). This step is optimized using the integral image, which takes benefit of the rectangular structure of the Haar filters. The integral image (right) is constructed in such
a  way  that each pixel (i, j) in the integral image is the result of adding all the image pixels from the previous pixels in both coordinates. The convolution with a rectangular
filter  becomes a simple addition of four numbers. (c) Cascade of boosted classifiers. All the cropped windows are extracted from the image following a sliding-windows
approach, and the Haar features are computed. Then the sub-windows are processed in a cascade of classifiers that discard the vast majority of crops at early stages. (d–f)
Empirical evaluation of Block-Loc. (d) Examples of overlaid detected and manually identified limbs in the case of 2 (left), 3 (middle) and 4 (right) detected limbs. The degree of
overlap is describe in Section 3.3.1. (e) Left: Overlaid ground truth (yellow) and inferred (purple) horizontal position for hindlimb (top) and forelimb (bottom). (f) Histogram
describing the number of limbs detected per frame. In purple the detected and in yellow the ground truth. (f) Examples of overlaid detected and manually identified tail
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ocation. (h) Overlaid ground truth (yellow) and inferred (purple) horizontal (top)
etected location was  substantially far from the ground truth. (For interpretation o
his  article.)

an be expressed in terms of sums of rectangular areas of pixels,
nd can be reduced to three fixed-point operations (two subtrac-
ions and one addition) on the integral image regardless of the
ize of the filter. The resulting features are used to train a cas-
ade of classifier ensembles. The Adaboost (Freund and Schapire,
995) algorithm is used to train a robust combination of weak deci-
ion stump classifiers on the Haar features within a sliding window
Fig. 4(c)). Each classifier is trained to discard a large number of sub-
indows at early stages of the cascade, and the final classifiers are

pecialized to process the most difficult examples. At the detection
hase, only a few sub-windows pass through all layers of the cas-
ade, and each sub-window is classified as limb/no limb or tail/no
ail.

From a training set with 8013 manually annotated limb and
820 tail locations, we used 1000 (paw) and 1052 (tail) samples
o train the cascade of classifiers, and reserved the remaining sam-
les for testing. The detection results are expressed in terms of the
lgorithm’s precision and recall. Predicted bounding boxes (Bp) are
onsidered as true positives (TP) if the overlap ratio (or Jaccard
ndex) between the areas of Bp and the ground truth (Bg) exceeds
.5:
atio = |Bp ∩ Bg |
|Bp ∪ Bg | . (4)
ertical (bottom) positions for tail. Purple asterisk indicates time points where the
eferences to color in this figure legend, the reader is referred to the web version of

The precision and recall are defined as:

precision = TP

TP + FP
, recall = TP

TP + FN

Both measures can be combined into a single metric using the
F1 score:

F1 = 2 · precision · recall
precision + recall

(5)

2.5. Generation of ground truth data

2.5.1. Whisker movement
We  generated ground truth data to evaluate whisker move-

ments by labeling 6 movie sections (720 × 6 frames) from 3 mice.
For each frame, we manually marked a fixed point on a selected
whisker, then carefully tracked the trajectory of this point. Three
of the six movies included frames where there was partial or total
whisker occlusion due to grooming. The average labeling time for
whiskers was  1.2 ± 0.5 s per frame.

2.5.2. Hindlimb movement

We generated ground truth data to evaluate hindlimb move-

ments by labeling 2 movie sections (720 × 2 frames) with a lateral
view of one mouse. For each frame we  manually marked a fixed
point on the tip of the mouse hindlimb and then carefully tracked
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he movement of this point. The average labeling time for hind-limb
as 0.8 ± 0.5 s per frame.

.5.3. Paw and tail location
We  extracted ground truth samples for tail and paw locations

y manually annotating the tail and all visible limbs in 7 movie sec-
ions (Fig. 4(a) and (g)). At each frame we precisely annotated the
op left corner and the width and height of the window containing
he paw or tail (window centered at the superior pixel that joins the
ail with the body, since the tip of tail is not visible). The database
ontains 4217 frames and a total of 8013 limb and 3337 tail win-
ows were annotated. For paw annotation, the size and number of
indows containing limbs differ depending on the phase within

he stride cycle. The labeling took 10 h and 4 h for paws and tail
espectively (amounting to about 8 and 4 s per frame).

.5.4. Wheel movement
In what follows we present an extended and more detailed

xplanation of the method we previously employed in Giovannucci
t al. (2017) to measure locomotion in head-fixed mice, and here
aken as ground truth. In order to generate estimates of wheel

ovement from frontal camera perspective (Fig. 1(b) right), we
mployed a model-based semi-automated image processing algo-
ithm. This method relies on measured distances between physical
eatures on the wheel in order to adjust for camera perspective
nd eventually to convert image coordinates into physical units of
isplacement.

The primary salient feature on the wheel is a regularly repeating
rid of circular “nubs” on its surface. We  measured their radii to be
.875 mm with 5.625 mm center-to-center spacing between nubs
ithin the same column and 2.8125 mm vertical offset between

djacent columns (Extended Data A.5a). We  generated sets of
oints spaced proportionally to match the contours of the wheel
ubs. Using an interactive interface, these points were then over-

aid onto a sample video from each experiment that was recorded
rom a different perspective, and we manually translated the plane
f contours to match the position of the circles on the wheel in the
ideo (Extended Data A.5b). This calibration procedure allowed us
o compute a projective transform T that maps points on the cam-
ra’s imaging plane Xcam to those in the isotropically spaced grid
iso:

cam × T = Xiso (6)

here Xcam and Xiso are sets of point correspondences of the form
x y 1

]
and T is a 3 × 3 matrix of the form:

a b c

d e f

g h 1

⎤
⎦

he projective transform, also known as a homography, is a map-
ing from one plane to another that preserves collinearity between
oints, but unlike an affine transform, it does not constrain parallel

ines to remain parallel after the transformation. By applying this
ransform to each frame of the movie, we rectified the perspective
f the camera such that distances in pixel space are proportional
o the measured model parameters, i.e., after projection, the wheel
ubs that were further from the camera were the same size as nubs
hat were closer. Although the wheel is not planar, this rectifica-
ion allows for an approximation that is accurate enough for local
isplacement estimation.
After correcting for the camera perspective, the images were
rojected onto a plane such that the wheel displacement was  pro-
ortional to the vertical displacement of the nubs in pixel space
Extended Data A.5). To track these circles, we first preprocessed the
ence Methods 300 (2018) 184–195 191

images by applying Contrast Limited Adaptive Histogram Equal-
ization (CLAHE) to each frame to account for inhomogeneities in
illumination, and to enhance edge contrast (Zuiderveld, 1994).
Then, we used the Histogram of Oriented Gradients (HOG) descrip-
tor (Dalal and Triggs, 2005) to compute a representation of the
appearance of regions across the image (Extended Data A.5c). These
descriptors represent the appearance of an image patch by concate-
nating histograms of the intensity gradient across multiple angular
directions in subregions of the patch into a fixed length vector. This
vectorized description can then be used to measure the similar-
ity between image patches with robustness to small appearance
changes.

Once HOG features were extracted from a pair of subsequent
frames, matching points in the image were identified by computing
the Euclidean distance between their corresponding HOG descrip-
tors and performing a nearest neighbor search (Extended Data A.5d,
top). As multiple parts of the image may  look similar and lead to
spurious matches, we  computed the ratio between the distance of a
point and its two nearest neighbors and removed those with a ratio
greater than 0.7. To increase robustness to noise, e.g., due to feature
localization, we  compute the distribution of displacements and use
the median vertical displacement as the true estimate for displace-
ment (Extended Data A.5d, bottom). Frames with too few matches
(<5) were excluded and displacement was linearly interpolated
between frames with sufficient matches for a robust estimate.

Finally, as the projected pixel space is isotropic and proportional
to physical space, the median pixel displacement can also be scaled
by a constant factor based on the model parameters to yield the
final estimate of instantaneous physical displacement of the wheel
(Extended Data A.5e).

2.6. Computing details

All the Flow-Loc computations were performed on a Fedora
linux Dell Precision Tower 7910, 24 cores Intel(R) Xeon(R) E5-2643
v3 @3.40 GHz, 128 GB RAM. Computation was  restricted to a single
core for evaluation purposes. All the Block-Loc training and testing
was performed on a dedicated desktop machine (intel

®
i7 3.30 GHz,

16 GB RAM). All the code for Flow-Loc and Block-Loc was written
in Python.

2.7. Data and code sharing

The labeled data employed to train the algorithms along with
the corresponding code will be made publicly available.

3. Results

In this section we  discuss the advantages of the software devel-
oped for recording videos of behaving mice. Then we  apply the two
algorithms for quantifying mouse behavior to example videos and
present their performance in comparison to manually labeled data.

3.1. High-speed video acquisition of mouse behavior

We developed a Python package (https://github.com/
bensondaled/eyeblink) for the acquisition of high-speed videos
of mouse behavior from multiple cameras (Fig. 1). The setup is
inexpensive since it only requires Playstation Eye cameras (8 $
each), a computer, and a data acquisition board (<$500, optional).
Given enough computing power, the system can operate at speeds
up to 187 Hz. In our experiments (Fig. 1(a)) we used one camera

at a time acquiring at 100 Hz. The software (see Section 2.2) also
allows the user to set various stimulation parameters, visualize
the recorded frames, and plot some basic behavioral features like
overall mouse movement as estimated from the pixel variability

https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
https://github.com/bensondaled/eyeblink
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Table 1
Evaluation of Flow-Loc against ground truth. The reported values represent the
average correlation of the components best matching the ground truth.

Num components Wheel Whisker Hindlimb

(a) Semi-automated case
1 0.85 ± 0.17 0.72 ± 0.18 0.57 ± 0.03
2  – 0.75 ± 0.18 0.81 ± 0.03
3  – 0.74 ± 0.19 0.8 ± 0.01

(b) Automated case
1 0.62 ± 0.31 0.65 ± 0.13 –
3  0.76 ± 0.18 0.74 ± 0.16 –
4  – – 0.68 ± 0.01
5  0.82 ± 0.19 0.78 ± 0.15 0.76 ± 0.06
6  – – 0.85 ± 0.01

Table 2
Computational performance on 40k frames for Flow-Loc (time in s).

Frame size Load Optical flow DL Per frame
92 A. Giovannucci et al. / Journal of Ne

Fig. 1(c)). Moreover, the setup is amenable to closed loop appli-
ations, such as delivery of stimuli according to the behavioral
tatus of the animal (e.g., deliver stimulus only if the mouse is not
unning).

.2. Flow-Loc: flexible and fully automatic extraction of mouse
ovements

We  developed an algorithm that focuses on measuring move-
ents that repeatedly span a localized region in the FOV (see

ection 2.3 for more details). The software is packaged as part
f an open source toolbox (https://github.com/simonsfoundation/
aImAn) and is available for use to the scientific community. The
lgorithm provides a turn-key solution for practicing neurosci-
ntists since it can scale to large datasets and only takes one
arameter, the number of components. This parameter roughly cor-
esponds to the number of detectable movement patterns present
n the video (see Section 2.3.1 for more details). Intuitively, the algo-
ithm tries to identify and cluster groups of pixels within the FOV
hat move in similar directions. The input of the algorithm (num-
er of components) then roughly corresponds to the number of
uch clusters, and the output represents both the spatial extent
nd the time course of the velocities associated with these clusters
see Fig. 2(c) and (d)). For easier interpretation, the time course of
he velocities are expressed in polar coordinates, providing veloc-
ty magnitudes (black traces in Fig. 2) and angles (red traces). Given
he way we model the clusters (see Section 2.3, matrix factorization
hrough dictionary learning), the algorithm can only capture move-

ents that repeatedly and consistently span the same area within
he FOV. The intuition is that we associate fixed groups of pixels
o movements, and therefore movements that roam across differ-
nt portions of the FOV are poorly captured. In Fig. 2(c) and (d) we
epict the results of Flow-Loc applied to videos captured from a side
iew of the mouse; the spatial components capture the location of
pecific mouse/object portions (limbs, trunk, wheel) whereas the
emporal components capture the oscillatory nature of gait (shaded
ray lines). Below we provide a thorough empirical evaluation of
he accuracy and computational efficiency of Flow-Loc.

.2.1. Empirical evaluation of accuracy in detecting locomotion
peed, whiskers, and limb movements

We  empirically tested Flow-Loc on movies collected from two
erspectives, the front and side views of the mouse on a treadmill
see Fig. 2), and under two user interaction levels, semiautomatic
user selects the specific area of the animal to be monitored) or com-
letely automatic. The movements we considered in our evaluation
re: general locomotion inferred by wheel movement, whisking,
nd gait (hindlimb). In order to benchmark the Flow-Loc algo-
ithm we extracted ground truth data from frames either manually
whiskers and hindlimb position, Section 2.5.1) or by relying on
lear and easily identifiable landmarks (wheel velocity, Section
.5.4). We  then compared the time course similarity of the ground
ruth velocities with the velocities estimated by Flow-Loc (Fig. 3).
he metric we employed to quantify the similarity of inferred and
round truth movement is the Pearson’s correlation coefficient
r) between the estimated and ground truth time courses of the
elocity magnitudes. We  restricted the comparison to the magni-
ude only (discarding the direction) since the angle becomes very
oisy for small values, as mentioned in Section 2.3. Given that the
nly input to the algorithm is the number of components (see Sec-
ion 2.3.1 concerning the selection of this number), we varied this
arameter and measured its effect on algorithm performance. For

xperiments in the completely automatic setting, we used up to
ve components for the frontal view and up to six components for
he side view. For the semi-automatic case, we used up to 3 compo-
ents, except for the wheel, where one component was  sufficient
100 × 200 87 257 286 0.015
320 × 240 87 833 373 0.032

(see Section 2.3.1 for the rationale of this choice). When the num-
ber of components was  larger than one, we report the maximum
among all r values.

In Table 1a and b and Fig. 3 we report the results for all our
comparisons. First, note the agreement between the inferred speed
and ground truth for a set of example components (Fig. 3(b), (d),
and (h)), for both velocity magnitude alone (black and orange trace)
and for velocity direction (cyan and red traces). In Fig. 3(e), (g), and
(i) we run the comparison for multiple movies and animals. The
r values are reported for two  cases: a semi-automated case where
the user selected a small ROI around a specific body part, and a fully
automated case that operates without any human intervention (ROI
including multiple body parts, or the full field of view). The results
indicate that the average performance is similar in the semi- and
fully automated cases, with the fully automated case resulting in
better outcomes for whisker and hindlimb movements (Table 1a
versus b).

Second, we observe that occlusion plays an important role
in determining the accuracy of the algorithm (shaded circles in
Fig. 3(e) and (g) indicate occlusion). Although the algorithm’s
performance is worse when occlusion is present, adding more com-
ponents improves performance (Table 1a and b). In Fig. A.6 and
movie M.1  we  show in detail the effect of occlusion on the output
of Flow-Loc. When the animal grooms the face with the paw, it is
difficult for the algorithm to keep track of the underlying whiskers.

3.2.2. Empirical evaluation of computational performance
One of the most important features of Flow-Loc is its scalability.

By operating in an online mode (see Section 2 for details), Flow-
Loc does not process all the data at once, but it can incrementally
provide and update its motion pattern estimates after analyzing
chunks of the dataset. As a result, the algorithm does not need to
load the full movie into memory, but can instead proceed by load-
ing small chunks at a time. Therefore, even very large datasets can
be processed on medium-sized machines. Moreover, the algorithm
is highly optimized and converges rapidly (Mairal et al., 2010). In
Table 2 we report the computing time required to run Flow-Loc on
40000 frames, partitioned by time required to load the movie, time
to calculate the optical flow, and time to solve the dictionary learn-
ing problem. Notice that the overall speed for processing the dataset

amounts to roughly 30 and 60 Hz for the two cases in Table 2, slower
than real time (100 Hz). Additionally, as noted in Section 2.3, Flow-
Loc cannot operate on one frame at a time. Therefore, closed loop
experiments are currently unfeasible under this framework.

https://github.com/simonsfoundation/CaImAn
https://github.com/simonsfoundation/CaImAn
https://github.com/simonsfoundation/CaImAn
https://github.com/simonsfoundation/CaImAn
https://github.com/simonsfoundation/CaImAn
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Table  3
Precision, recall, accuracy and F1 measure of the detection experiments.

Method Precision Recall Accuracy F1
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Block-Loc (paw) 100 81 91.2 89.6
Block-Loc (tail) 99.5 86.7 92.7 86.4

.3. Block-Loc: fast cascade of classifiers for automated object
etection

Flow-Loc provides a handy turn-key unsupervised system for
he analysis of behavior. However, it is limited in two ways: it can-
ot be applied to real time closed loop experiments, and it cannot
rack objects that span large areas in the FOV without a consistent
patial pattern (i.e. for instance paw while grooming). In this section
e present a fast algorithm (Block-Loc) that relies on efficient filter-

ng to process video data faster than real time. Paw/tail localization
nd tracking are performed through a fast robust object detection
pproach, similar to Viola and Jones (2001, 2004), that is not limited
o spatially stereotyped patterns but nevertheless requires super-
ised training with labeled data. Intuitively, the algorithm divides
he FOV into overlapping rectangular windows of varying sizes,
hen trains a classifier to decide whether any of these rectangles
ontain the target object (paw/limb) (see Section 2.4 for details
bout the algorithm). In the following section we  detail our empir-
cal evaluation of the accuracy and computational performance of
lock-Loc.

.3.1. Empirical evaluation of accuracy on paw and tail detection
We ran the evaluation on movies capturing a lateral view of

he mouse. The goal was to train the algorithm to localize either
aws or base of the tail (the point where the tail connects to the
ody, the only portion that is visible in our lateral movies). Roughly
000 manually labeled rectangles were enough to train Block-Loc to
chieve the performance reported below. In movie M.2  (paw) and
.3  (tail) we present examples of the trained classifiers running on

est videos. Note in M.2  how the algorithm identifies the ipsilateral
aws but exhibits some inaccuracy with the less-visible contralat-
ral paws. Table 3 displays the results of the benchmark for both
ases. In the case of paw detection, the algorithm does not detect
ny false positive, and it misses less than 20% of the detectable
aws, thus reaching an accuracy of more than 90% (see Section
.4 for details about the metrics). In the case of tail detection, the
lgorithm displays similar performance.

Fig. 4(d)–(h) presents some example results on paws and tail. In
ome cases, the algorithm is able to detect the paws on both sides
f the mouse (Fig. 3(d), right). However, this is not always the case
Fig. 4(f)) as limbs in the foreground tend to significantly occlude
he background paws, causing false negatives. On the other hand,
aws closer to the camera are properly detected in most instances.
or example, Fig. 3(e) illustrates that detection of the paws in the
oreground is consistent across frames capturing 4 strides, even
hough no constraint of such type is imposed. For what concerns
he other mouse portion tested, Fig. 3(g) presents an example frame
f Block-Loc applied to detection of the tail. In the case of tail detec-
ion across time, in some frames the detection is off by few pixels
asterisks in Fig. 3(h)). This can be improved by considering spatial
onsistency across time (see Section 4).

.3.2. Evaluation of computational performance
We  evaluated the computational performance of Block-Loc by

easuring the time required to acquire the labeled data, train

he algorithm, and apply it to single frames. In order to train the
lgorithm, users need to manually mark rectangles around target
bjects (paws, limbs, etc.). The training examples required to train
he paw and tail classifiers were collected in two single sessions of
ence Methods 300 (2018) 184–195 193

10 h and 4 h, respectively. The algorithm was trained on a medium-
sized machine for 2 h 57 min  (paw) and less than 1 h for the tail (see
Section 3.3.1). Since the algorithm leverages an efficient method for
creating and evaluating sliding windows, it can operate at speeds
faster than real time (5.66 ms  per frame, roughly 177 Hz). Therefore,
videos recorded at 100 frames per second were processed faster
than real time (0.56 s to process 100 frames). Therefore, the com-
putational efficiency of Block-Loc deems it suitable for closed loop
applications.

4. Discussion

The growing field of computational ethology (Anderson and
Perona, 2014) seeks to automate the measurement and analysis
of animal behavior. Identifying motor primitives exclusively by
human observation and manual labeling is often impractical, and
also suffers from subjectivity and irreproducibility. The automatic
analysis of behavior can be approached at varying levels of descrip-
tion, ranging from the identification and clustering of stereotypical
behavioral modules (Wiltschko et al., 2015; Berman et al., 2014;
Vogelstein et al., 2014; Kabra et al., 2013) to the quantitative char-
acterization of movement kinematics (Clack et al., 2012; Machado
et al., 2015; Heiney et al., 2014a; Lee et al., 2015; Nashaat et al.,
2017).

In this work we  focused on estimating the kinematics of move-
ments in the specific case of the head-fixed mouse preparation, in
which the animal’s head is anchored to a fixed point. This prepara-
tion, because of its stability and versatility, is currently a standard
for a number of recording and stimulation techniques in neuro-
science. With this goal in mind, we  developed an open-source
package that enables high speed video recordings from multiple
cameras by relying on inexpensive hardware. Furthermore, we  pre-
sented two algorithms to analyze the acquired movies. The first,
Flow-Loc, is a flexible and automated approach to the estimation
of spatially stereotyped motion patterns in head-fixed mice. The
second, Block-Loc, is a general-purpose supervised algorithm for
detecting features of the mouse body, that can operate in faster
than real time and can be used to facilitate closed loop experiments.
We evaluated both approaches by comparing their performance
against ground truth data and demonstrated good performance for
both (correlations with ground truth speed in the range 0.75–0.85
for Flow-Loc and accuracy levels above 90% for Block-Loc). Flow-Loc
and Block-Loc employ reliable, efficient, and advanced computa-
tional tools. Flow-Loc builds upon dense optical flow (Farnebäck,
2003), an algorithm used to estimate velocity fields, and online
dictionary learning (Mairal et al., 2010), a dimensionality reduc-
tion method. Their interplay introduces several advantages. First,
by estimating the optical flow, it operates in the velocity manifold,
convenient for analyzing motion through DL, which automatically
identifies spatial footprints and temporal dynamics of the motion
patterns, preventing to some degree the interference of occlusions.
Both DL and optical flow are efficiently implemented in optimized
open source libraries (Mairal et al., 2010; Itseez, 2015), thus deliver-
ing excellent computational performance. Block-Loc achieves fast
training time and faster than real time speeds in detecting objects
using cascades of fast classifiers on Haar features (position infer-
ence in 5 ms,  initial training in less than 3 h and performed only
once). At the detection step, the algorithm can operate in real time
even in high frame rate settings.

4.1. Related work
Many automated solutions for measuring animal behavior are
emerging in the field of computational ethology for both inver-
tebrate and vertebrate preparations. A large number of these
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pproaches focus on freely-moving animals or on detecting high-
evel behaviors (Wiltschko et al., 2015; Berman et al., 2014;
ogelstein et al., 2014; Kabra et al., 2013; Machado et al., 2015)
ather than specific movement kinematics in head-fixed mice. Even
hough some open-source and turn-key frameworks exist for the
reely-behaving preparation (Patel et al., 2014; Ben-Shaul, 2017;
agan et al., 2016), to the best of our knowledge no general pur-
ose set of tools for measuring behavior exists for the head-fixed
reparation. For this case, many custom solutions have been pro-
osed in the literature. Some approaches rely on markers (Zörner
t al., 2010; Lee et al., 2015) or tattooed color landmarks (Nashaat
t al., 2017) to facilitate the identification of mouse movements.
ther approaches have relied on specialized solutions based on
ustomized experimental setups or equipment, like the fully auto-
ated tracking of vibrissae presented in Clack et al. (2012), which

equires expensive hardware and specific illumination and position
onditions, as well as the presence of a single row of whiskers. Other
xamples include the work of Hoogl et al. (2015), where a trans-
arent spinning disk is required to monitor mouse behavior from
nderneath, or the supervised learning approach used in Guo et al.
2015) where paws are tracked by cascaded pose regression from
wo simultaneous camera recordings that are used to quantify pre-
ension. Finally, unsupervised learning algorithms have also been
sed, based on the estimation of pixel intensity variability within a
anually selected region of interest (Schneider et al., 2014) or on

rincipal component analysis (PCA) of a custom linear transforma-
ion of the pixel intensity space (Powell et al., 2015).

Our contribution is a turn-key, general framework that can be
irectly employed to acquire and quantify mouse movement kine-
atics in head-fixed settings, requiring either just one tunable

arameter (Flow-Loc), or a single set of training samples to reach
easonable accuracy in movement quantification (Block-Loc). This
erformance is achieved with scalable and fast algorithms.

.2. Movements that Flow-Loc and Block-Loc can track

Flow-Loc, given its underlying mathematical implementation,
s not applicable in its current form to measuring behavior in
reely-behaving preparations. Additionally, since both Flow-Loc
nd Block-Loc focus on measuring kinetics, they cannot deal with
uantification and classification of abstract behaviors composed of
everal motor syllables, such as grooming. However, these algo-
ithms will likely generalize to other movements captured at
roper speed and magnification, such as licking or eye movements.

.3. Granularity of movements captured by Flow-Loc

One question emerging from our work concerns the spatial gran-
larity of the motion information captured using Flow-Loc. For

nstance, when measuring hindlimb velocity, see Fig. 3, what por-
ion of the limb (paw, leg, thigh) is associated with the velocity

easure? The algorithm measures the average velocity field of a set
f pixels, so the most accurate interpretation would be an average
f the entire limb. In the case of whiskers, the detected temporal
omponents do not correspond to single whiskers, but rather to
n estimate of the average movement of the whisker population
panned by the corresponding spatial component.

.4. Future work

In the future, we plan to extend the Flow-Loc algorithm pre-
ented here to run in an online streaming mode (processing one

rame at a time), since the optical flow computation is inher-
ntly amenable to frame-by-frame analysis. Refinements may  also
e attempted for the Block-Loc algorithm. For instance, in the
etection step, similarly to Guo et al. (2015), one could use time
ence Methods 300 (2018) 184–195

coherence constraints to smooth the object detection trajectories
in time. Similarly, we  could significantly speed up detection by con-
straining the search to the neighborhood of features detected in
previous frames. Furthermore, the same temporal coherence could
be applied to interpolate the missed paw detections from consec-
utive frames (increasing the recall of the method).

4.5. Impact on the neuroscience community

The head-fixed mouse preparation is receiving considerable
attention within the neuroscience community, thanks to its desir-
able properties associated with stable recordings, stimulation, and
virtual reality setups. The presented set of tools is a useful com-
plement to such experimental preparations, providing a low-cost,
flexible, and efficient turn-key solution to the challenge of quanti-
tatively measuring behavior, both in offline analysis and in closed
loop experimental settings.
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