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Abstract

Behavior analysis of insects has provided significant in-
sight into understanding evolution and has even led to ad-
vances in several fields like control systems, flight naviga-
tion etc. Significant time and effort has been invested in
following trajectories of insects in videos and manually la-
belling these insect motions. In this paper, we propose cer-
tain general principles that help in automatic tracking and
behavior analysis. We also apply these principles for the
specific case of tracking a bee in a hive. We estimate the
position of the bee and the orientation of the various body
parts of the bee in the video. The tracking algorithm is
based on a particle filter. We also use a Markovian mo-
tion model on the behavior of the bees to incorporate both
tracking and behavior analysis in a single unified frame-
work. Experimental results for tracking bees performing
the waggle dance are provided.

1. Introduction
Behavorial research in the study of the organisational struc-
ture and communication forms in social insects like the ants
and bees has garnered tremendous impetus in recent years
[1][2][3][4]. Such a study of social insects, apart from pro-
viding us with insights about evolution, has also, in several
instances provided us with practical models and means for
tasks like work organisation, reliable distributed communi-
cation, navigation etc [5][6]. Usually, when such an experi-
ment to study these insects is setup, the insects in an obser-
vation hive are videotaped. The hours of videotape is then
manually studied and hand-labelled. This task of manually
labelling the video data takes up the bulk of the time and ef-
fort of such experiments. In this paper, we discuss general
methodologies for automatic labelling of such videos and
provide an example of tracking a bee in a bee hive.

We aim to build a system that will assist researchers in
behavorial research study and analyse the motion and be-
havior of insects. Such an automated system speeds up the
analysis of video data obtained from experiments signifi-
cantly and also prevents manual errors in the labelling of
data. Moreover, parameters like the orientation of the var-

ious body parts of the insects(which is of great interest to
the behavioral researcher) can be automatically extracted
in such a framework. But, such a system also has certain
limitations. It requires the technical input of a behavorioal
researcher (who would be the end user) regarding the type
of behaviors exhibited by the insect being studied. Also,
such a system would not be capable of seamlessly general-
izing like humans do. For example, if the insect under ob-
servation were to exhibit behaviors that have never been ob-
served, (and therefore the system has no knowledge of these
behaviors) then, though the system would be able to detect
this, it would be left to the researcher to actually analyse
this anamolous behavior.

1.1 Prior Work

There has been significant work on tracking objects through
video. Most tracking methodologies can be classified
as either deterministic or stochastic. Deterministic ap-
proaches solve an optimization problem under a prescribed
cost function[7][8]. Stochastic approaches estimate pos-
terior distribution of the position of the object in the cur-
rent frame using a Kalman filter [9][10] or particle filters
[11][12][13][14][15][16][17]. Most of these, do not di-
rectly adapt well to tracking insects because they exhibit
very specific forms of motion(for example, bees can turn
by a right angle within 2 or 3 frames). In order to ex-
tend such tracking methods, it is important to consider the
physical nature (body parts) of these insects and incorpo-
rate both their physical nature and the nature of their mo-
tions in the tracking algorithm. [17] has proposed the use
of a rao-blackwellized particle filter for tracking and has
shown results on tracking bees. But this method cannot ex-
tract relevant physical parameters like the orientation of the
abdomen with respect to the thorax etc. The use of Hid-
den Markov Models(HMM) for cateogarizing bee move-
ment into dancer, follower and active hive worker has been
proposed in [18]. But this method requires the trajectories
of bees as input. In this paper, we present a method of auto-
matically tracking and cateogarizing insect behaviors from
videos.

The next section describes some general principles that

1



assist while designing algorithms to track and cateogarize
insect motions. These general principles include model-
ing the physical structure and range of motions of these in-
sects. Section 3,4 and 5 discuss the application of these
general principles to the specific problem of tracking bees
in a hive. Specifically, Section 3 discusses the shape and
motion model of a bee in a hive while section 4 presents
the tracking algorithm based on a particle filter. Section 5
provides the experimental results. Section 6 provides the
summary and conclusions of this work.

2. Tracking insects:General Principles
Tracking insects in a video is a very challenging task be-
cause of several important factors. Firstly, we are usually in-
terested in tracking insects in their hives where there will be
hundreds or thousands of other insects of the same species.
It is a very demanding task to track a particular individ-
ual insect in the presence of others that are very similar in
appearance. Secondly, the range of motions exhibited by
insects is very diverse and differs from species to species.
Also, insects are capable of making surprisingly fast move-
ments where naive motion models like the constant veloc-
ity model might not prove sufficient. Moreover, social in-
sects are often capable of communicating to each other, and
therefore there are strong interactions between different in-
sects. Though different species of insects differ in the nature
of their actual motions, the problems encountered in auto-
matic tracking of these insects is similar in nature across
species. Therefore, in this section we develop some gen-
eral strategies that assist in reliable tracking and behavior
analysis of insects.

2.1 Anatomical model

Modeling the anatomy of insects is very important for reli-
able tracking, because the structure of their body parts and
their relative positions present some physical limits on their
possible relative orientations. Thus the range of motions ex-
hibited by insects can be easily captured by an anatomically
correct model of insects. Moreover, their anatomical struc-
ture also results in significant correlations among the orien-
tations of their various body parts. These can also be cap-
tured by such structural models. Also, the structural sim-
ilarity between insects implores algorithms to exploit this
structural similarity.

Inspite of their great diversity, the anatomy of all insects
is surprisingly very similar. An insect body has a hard ex-
oskeleton protecting a soft interior. The body is divided into
three main parts- the head, thorax and the abdomen each of
which is in turn divided into several smaller segments. Fig-
ure 1 shows the image of a bee, an ant and a beetle. Though
there are individual differences in their body structure, the
three main parts of the body are evidently visible. Each

Figure 1: A Bee, an Ant and a Beetle

of these three parts can be regarded as rigid body parts for
the purposes of video based tracking. The interconnection
between parts provide some physical limits for the relative
movement of these parts. Most insects also move towards
the direction of their head. Therefore, during specific move-
ments such as turning, the orientation of the abdomen usu-
ally follows the orientation of the head and the thorax with
some lag. Such interactions between body parts can be eas-
ily captured using a structural model for insects.

In this paper, we use three ellipses for modeling these
three body parts(refer Figure 4). Each ellipse is assumed to
be rigid. Each of the two joints (head-thorax and thorax-
abdomen) has one rotational degree of freedom. The wings
of insects have been ignored in this model. We will discuss
the specific structural model in detail in Section 3.

2.2 Behaviorial model

Insects, especially social insects like bees and ants, exhibit
extremely rich behaviors. These behaviors are dependent
on the insect species, the nature of work they are currently
performing, their surroundings etc. For example, foraging
bees, when they return to the hive execute a certain form
of dance called waggle dance as a means of communication
with other bees. We will see more about this in Section 3
and 4. The foraging patterns of ants has also been studied
in detail and explicit modeling of this foraging pattern can
significantly help in tracking ant colonies. Modeling such
behaviors explicitly go a significant distance in accurate and
robust tracking. Moreover, explicitly modeling such behav-
iors also leads to algorithms where position tracking and
behavior analysis are tackled in a unified framework.

Several algorithms use motion models (like con-
stant velocity model, random walk model etc) for
tracking[12][17][19][16]. We propose the use of behavior-
ial models for the problem of tracking insects. Such behav-
ioral models have been used for the problem of identifying
behaviors from tracked trajectories in [18]. The difference
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Figure 2: A point moving clockwise on a square and the
corresponding Markov behavior model.

between motion models and behavioral models is the range
of time scales at which modeling is done. Motion mod-
els typically model the probability distribution (pdf) of the
position in the next frame as a function of the position in
the current frame. Instead, behavioral models capture the
probability distribution of position over time as a function
of the behavior that the tracked object is exhibiting. We
believe that the use of behavioral models presents a signif-
icant layer of abstraction that is able to capture the variety
and complexity of the motions exhibited by the insects.

In this paper, we advocate the use of Markovian models
to model behavior. We define probability distributions for
some basic motions such as moving straight ahead, turning
left, turning right and hovering at the same location. These
basic motions are regarded as states and behaviors are mod-
elled as being Markovian on this motion state space. Fig-
ure 2 shows an illustration of a point object moving on the
perimeter of a square and shows how a Markov model may
be built to capture the structure of such a motion. Such
a Markovian model for behavior does not capture all the
structure present in certain specific behaviors, yet we be-
lieve that it has the ability to capture most of the structure
present. Moreover, it can also generalize to motions that
have previously not been seen but similar to any of the be-
haviors modelled. Once each specific behavior has been
modelled as a Markov process, then our tracking system
can simultaneously track the position and the behavior of
insects in videos. Learning these behavior models can be
done from example trajectories of each behavior provided
by the expert.

2.3 Modeling Interactions

Behavioral models capture the nature of the behaviors of
individual insects. But, as has been pointed out earlier, so-
cial insects have very strong interactions among the behav-
iors of individuals in a colony. For example, when a forag-
ing bee returns to perform a waggle dance, there are other
bees who follow the dancing bee without waggling (refer
Figure 5. Modeling the interactions between behaviors of
different individuals will definitely improve both tracking
performance and also help in behavior analysis. Moreover,
there is another subtle but important reason why modeling
these interactions is important. In insects, behavior is often
a means of communication [1]. Behavioral researchers are
interested in extracting correlations between behaviors of
individuals and thereby learn how behaviors lead to com-
munication amongst insects. Modeling interactions may
help us recognize some strong correlations that have not yet
been noticed (and therefore not modelled) which is one of
the goals of behavioral analysis.

These are some general principles that improve track-
ing performance and also have certain other benefits for the
behavioral researcher. Structural modeling implies that the
state space in which the insects position is being tracked has
direct relationship with the actual body parts. Behaviorial
modeling ensures that tracking and behavior analysis can be
performed in a unified framework while modeling interac-
tions is essential to study social insects. In the next section
we will take the specific problem of studying the behavior
of a bee in a hive and apply these principles to the problem.
We have not explicitly modelled the interactions between
different bees in the current implementation.

3. Bee in a hive
In this section, we will discuss a very specific problem in
behavioral analysis of insects and provide a solution for
this problem following the general principles outlined in the
previous section. Honeybee is an insect that can communi-
cate with other honeybees through behaviors [1] and also
exhibit social characteristics like division of labor. These
make the honeybee a very interesting subject for analysis.
We have been able to simultaneously track the position and
the orientation of the various body parts of the bee. The
relative orientation of the body parts is important for be-
havioral analysis. Moreover, we were able to perform both
tracking and behavioral analysis in a unified framework.

3.1 Shape Model

Bees like all other insects are made of three parts, -the head,
the thorax and the abdomen. There are individual differ-
ences between the various types of bees. Figure 3 shows
similarities and differences in the anatomy of a drone, queen
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Figure 3: A Drone, A Queen bee and a Worker
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Figure 4: The shape model of a Bee

and a worker. We note that all of these bees can be ad-
equately modelled by modelling the abdomen, thorax and
head as rigid parts with interconnections.

The shape model of the bee is made of three ellipses, one
for each body part. Since during flight the legs are barely
visible, neglecting them will not affect results. Wings are
visible in certain frames during flight, but they beat at such a
high rate compared to frame rate of capture that it would be
difficult to ascertain their position in a video frame. There-
fore, we have neglected the effect of wings in our shape
model. Figure 4 shows the shape model of a bee. The di-
mensions of the various ellipses are fixed during initializa-
tion. Currently the initialization for the first frame is man-
ual. It consists of clicking two points to indicate the enclos-
ing rectangle for each ellipse. Automatic initialization in
such videos with hundreds of bees is a challenging problem
in itself and is outside the scope of our current work.

The location of the bee and its parts in any frame can be
given by five parameters- namely, the location of the center
of the thorax(2 parameters), the orientation of the head, the
orientation of the thorax and the orientation of the abdomen
(refer Figure 4. Tracking the bee over a video essentially

amounts to estimating these five model parameters(X = [x1

x2 x3 x4 x5]′) for each frame. In our current approach we
have assumed that the actual sizes of these ellipses do not
change with time. This would of course be the case as long
as the bee remains at the same distance from the camera.
Since the behaviors we attempted to study in our work (like
the waggle dance) are performed on a vertical plane along
the beehive, the bees projected the same part sizes during
the entire length of video captures. Nevertheless, it is very
easy to incorporate the effect of distance from the camera in
our shape model, by introducing a scale factor as one more
parameter in our state space.

3.2 Behavioral model

We model the probability distributions of location parame-
tersX for certain basic motions(m1 − m4). In our imple-
mentation, we modelled four different motions- 1) Moving
straight ahead, 2) Turning, 3) Waggle, and 4) Motionless.
We use appropriate Gaussian pdfs(pm1, pm3, pm4) for the
straight, waggle and motionless while we use a mixture of
two Gaussians for modeling the turning motion.

pmi(Xt) = Xt−1 + N(~µmi,Σmi); fori = 1, 3, 4. (1)

pm2(Xt) = Xt−1 + 0.5(N(~µm2,Σm2) + N(−~µm2,Σm2)) (2)

The means( ~µm1 − ~µm4) and the covariance matrices
(Σm1 − Σm4) were chosen carefully in order to account
for the physical limitations imposed by the structural model
and to account for the strong correlation between the orien-
tation of the various body parts.

Each behavior is now modelled as a Markov process on
these motions, i.e., each behavior is characterized by a prior
probability for each of these motions and a transition prob-
ability matrix between these motions. For illustration we
will discuss the manner in which the waggle dance is mod-
elled. Foraging bees, when they return to the hive perform a
certain ’waggle dance’ in order to recruit other bees and in-
form them about this feeding location. This waggle dance,
as a form of communication, has interested researchers for
a long time [1] [20]. Figure 5 shows the trajectory followed
by a bee during a single run of the waggle dance. It also
shows some followers who follow the dancer but do not
waggle. As can be seen in the figure, this dance is char-
acterized by the central waggling portion which is immedi-
ately followed by a turn, a straight run another turn and a
return to the waggling section. The bee visits the two sides
of the waggle section alternatively. The returning forager
communicates the distance of the food source, the direction
and the sweetness of the nectar to the other recruits. The
angle of the waggle portion of the dance (waggle axis) from
the vertical indicates the orientation of the food source from
the sun. The intensity of the dance serves as a measure of
the sweetness and abundance of nectar in the food source,
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Figure 5: A Bee performing a waggle dance and the Behav-
ioral model for the Waggle dance

while the frequency of waggling indicates the distance of
the food source. Refer [1] for details regarding the wag-
gle dance as a means of communication. We modelled this
waggle dance as a Markov model. A typical Markov model
for the waggle dance is also shown in Figure 5.

4. Shape and Motion encoded Particle
Filter

We address the tracking problem as a problem of estimating
the stateXt

1 given the observationsZt
1. Since both the state

transition model and the observation model are non-linear,
filtering procedures like the Kalman filter are inadequate.
This Bayesian estimation of the state given observations
can be done recursively using particle filters. Particle fil-
ters [13][11][12] provide a method of recursively updating
the posterior pdfP (Xt/Z

t
1) as a set ofN weighted particles

{X(i)
t , π

(i)
t }N

i=1.

4.1 Particle Filter

The particle filter provides a method for recursively estimat-
ing the unknown stateX, from a collection of noisy obser-
vationsZt

1. We employ a state space model for performing
such an estimation. The state parameters(X) to be estimated
are the position and orientation of the bee in the current
frame. The observation is the appearance of the bee (Zt).
The state transition and the observation models are given
by,

State Transition Model:Xt = FB(Xt−1, Nt) (3)

Observation Model:Zt = G(Xt,Wt) (4)

where,Nt is the system noise andWt is the observa-
tion noise. The state transition functionFB characterizes
the state evolution for a certain behavior B. In usual track-
ing problems, the motion model is used to characterize the
state transition function. In our current algorithm, the be-
havioral model described in Section 3.2 is used as the state
transition function. Therefore, the state at time t, (Xt) de-
pends upon the state at the previous frame (Xt−1), the be-
havioral model and the system noise. The observation func-
tion G models the observation (Zt) as a function of its cur-
rent position(stateXt) and observation noise. Once such a
description for the state evolution has been made, the parti-
cle filter provides a method for representing and estimating
the posterior pdfP (Xt/Z

t
1) as a set ofN weighted parti-

cles{X(i)
t , π

(i)
t }N

i=1. Then the stateXt can be estimated
either as the maximum likelihood estimate or as the mini-
mum mean square error estimate as given below,

X̂ML
t = arg max

Xt

π
(i)
t (5)
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X̂MMSE
t = E(Xt/Z

t
1) = N−1

N∑

i=1

π
(i)
t X

(i)
t (6)

The complete algorithm for the estimation of the posterior
pdf as a set of weighted particles is given below

1. Initialize the tracker with a sample set according to a
prior distributionp(X0).

2. For Frame= 1, 2, ...

(a) For samplei = 1, 2, 3, ...N

• Resample{X(i)
t−1} to obtain{X(i)

t }.
• Predict sample X

(i)
t by sampling from

FB(X(i)
t−1, Nt) whereFB is a Markov model

for behavior estimated in the previous frame.

• Compute Observationi.e., compute the ap-
pearance of the Abdomen, the Thorax and
the Head in the current frame for each parti-
cleZ

(i)
t = G(Yt, X

(i)
t )

• Compute Weightsfor the particle using the
likelihood model i.e.,π(i)

t = p(Z(i)
t /X

(i)
t ).

(b) Normalize the weights using π
(i)
t =

π
(i)
t /

∑N
i=1 π

(i)
t so that the particles repre-

sent a probability mass function.

(c) Estimate the ML or MMSE estimate of the state
Xt. using the particles and their weights.

(d) Estimate the behavior of the bee using a ML es-
timate from the various behavior models asB =
arg maxj P (Xt

1/Bj)., whereBjforj = 1, 2, ..
indicate the behaviors modelled.

4.2 Prediction and Likelihood Model

In typical tracking applications it is customary to use mo-
tion models for prediction [12][17][19][16]. As has been
discussed previously, we use behavioral models in addition
to motion models. Behavioral models are capable of captur-
ing both the nature of motions exhibited by the bee and also
incorporate the limitations imposed by the structure of the
bee on the relative orientation of its body parts. Therefore,
the use of such models for prediction improves tracking per-
formance significantly.

In the algorithm for the shape and motion encoded par-
ticle filter, we have not yet described the exact nature of
the likelihood model used for updating the weights for the
predicted samples. In our current implementation, we have
manually selected five frames from the video and extracted
the appearance of the bee (i.e., the intensity within the Ab-
domen, Thorax and Head) for these five frames. Since the
appearance of the bee changes drastically over the video

sequence, we use an appearance model consisting of mul-
tiple color exemplars(A1, A2, .., A5). The RGB compo-
nents of color are treated independently and identically. The
appearance of the bee in any given frame is assumed to
be Gaussian centered around one of these five exemplars.
Therefore, given the appearance of a particle (Z

(i)
t ), the

weight for the particle (π(i)
t ) is updated as

π
(i)
t = p(Z(i)

t /X
(i)
t ); (7)

p(Z(i)
t /X

(i)
t ) = min

j=1,2,..,5
p(Z(i)

t /X
(i)
t , Ai); (8)

p(Z(i)
t /X

(i)
t , Ai) = L(Z(i)

t ; Ai, σ
2) (9)

where,L(Z(i)
t ; Ai, σ

2) is a normal density with meanAi

and diagonal covariance matrixσ2 ∗ I3dX3d (3d since there
are d pixels in the appearance model and the RGB compo-
nents are treated independently).

At each frame we also need to estimate the current be-
havior exhibited by the bee. We do a maximum likelihood
estimation for the same (B = arg maxj P (Xt

1/Bj).). The
maximum likelihood estimate is done in two steps. For
each frame, the basic motion exhibited by the bee is esti-
mated asarg maxi p(X̂t/X̂t−1, M = mi) wheremi repre-
sents the various basic motions modeled. Once this is done
the behavior is estimated from the estimates of basic mo-
tions for each frame asB = arg maxj P (M t

1/Bj)., where
Bjforj = 1, 2, .. indicate the behaviors modelled.

5. Results
We conducted tracking experiments on two video sequences
of bees in a hive. In both video sequences there was a for-
ager performing the waggle dance.We tracked the dancer in
both videos. Similar results were obtained for both video
sequences. In all our simulations we used 300 to 600 parti-
cles. Both sequences were over 250 frames long. We were
able to track the dancer for the entire length of the video
sequence without any missed tracks. Moreover, we were
able to extract parameters like the orientation of the various
body parts during each frame. We used these parameters to
automatically identify the waggle portion of the dance. We
also verified this estimate manually and found it to be robust
and accurate. Automatic extraction of the orientation of the
abdomen during the waggle dance is important because the
waggle portion of the dance encodes information such as
the distance and the direction of food source. Specifically,
the orientation of the waggle axis indicates the direction of
the food source.

Figure 6 shows the structural model of the tracked bee
superimposed on the original image frame. The results
are best viewed in color since the tracking algorithm had
color images as observations. The figure shows the top five
tracked particles(blue being the best particle and red being
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the fifth best particle). The first row shows frames 20,34
and 45 from the first video sequence. The subsequent three
rows show some frames from the second video sequence.
As is apparent from the sample frames the appearance of
the dancer varies significantly within and across the videos.
There is also significant occlusions in some frames. Frame
34 of video sequence 1 and frames 170,172 and 187 of
video sequence 2 show the ability of the tracker to maintain
track during partial occlusions. In fact, in frame 172(video
sequence 2), occlusion forces the posterior pdf to become
bimodal (another bee in close proximity). But we see that
the track is regained when the bee emerges out of occlu-
sion in frame 175. In frame 187(video sequence 2), we see
that the thorax and the head of the bee is occluded while the
abdomen of the bee is seen. Therefore the estimate of the
abdomen is very precise (all five particles shown indicate
the same orientation of abdomen). Since the thorax is not
seen we see that there is high variance in the estimate of the
orientation of the thorax and the head. Structural modeling
has ensured that inspite of occlusion, only physically realiz-
able orientations of the thorax and the head are maintained.
Frames 30-34(video sequence 2) show the bee executing a
waggle dance. Notice that the abdomen of the bee wag-
gles from one side to another. We were able to estimate the
direction of the waggle axis from the estimates of the ori-
entation of the bee during the waggle dance. This axis of
this waggling is useful since it encodes information about
the direction of the food source.

6. Summary and Conclusions
In this paper, we have presented some general principles
for efficiently tracking insects in their hives. We have also
applied these principles in the framework of a shape and
motion encoded particle filter to perform reliable tracking
of bees in a hive. The problem of tracking a bee in its hive
presents significant challenges like occlusion, clutter, dras-
tic movements and a background that is very similar to the
foreground. The structural and behavioral model cast in a
shape and motion encoded particle filter is able to tackle
such difficulties. In this paper, we have not modelled the in-
teractions between the various bees in the hive. We are cur-
rently looking at methods to model these interactions while
keeping the computational load tractable.
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Figure 6: Sample Frames from two tracked sequences of a bee in a beehive. (Shows the top five particles in each
frame) Top Row:Video Sequence 1: Frame Numbers 20,34 and 45. Subsequent Rows:Video Sequence 2: Frame Numbers
30,31,32,33,34,170,172,175,187.
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