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Abstract—Maneuvering target tracking is a problem of state
estimation where the system undergoes abrupt changes. Traditional model-based approaches to this problem are threatened by
the performance degradation caused by the model mismatch and
the estimator usually has limited statistical precision in practice.
Developed from what the machine sees as mathematically optimal
in the data, deep neural network-based methods are not sensitive
to variant models as long as the interested motions are fully
contained in the training data. Besides, having access to the
true state while training a network can make it possible to
break the limit of traditional estimation precision. To coincide
with the sequential manner of target tracking, the recurrent
neural network is proposed to estimate the true state. Simulation
results show that the proposed network handles the target motion
uncertainty problem well, meanwhile, the states are estimated
more accurately.

I.

I NTRODUCTION

Target tracking is essentially a state estimation problem.
The key to successful target tracking lies in the effective
extraction of useful information about the target’s state from
observations. It is well known that the so-called measurement
origin uncertainty and target motion uncertainty are two major
challenges in target tracking. This research deals only with the
second uncertainty, leaving the techniques unique for the data
association problems untouched.
Current tracking of airborne targets using noisy radar
data typically requires the use of complex digital filtering
techniques. A common method has been to model the target
dynamics in a rectangular coordinate system which results
in a linear set of state equations. The encountered nonlinear
problem of measurements is usually solved by linearizing
the measurement model or converting polar measurements to
rectangular coordinates using debiased transformation. This
system works fairly well until the target makes abrupt change
in its trajectory. Conventional approaches to this problem can
be grouped into two broad categories:
1)
2)

Single model with state augmentation.
Multiple models with Markovian jumps.

The first category requires maneuver detection and compensation procedures and attempts to reduce the filter bias that arises
due to a change in the object maneuver mode [1]. However,
these approaches do not give satisfactory tracking performance
if the object acceleration changes rapidly. The second category
is based on a stochastic hybrid system with multiple models
for the object [2]. Among multiple model (MM) algorithms,

the interacting multiple model (IMM) algorithm is one of the
most computationally efficient approaches [3]. Nonetheless,
all multiple model algorithms are limited to the fact that the
MM estimator can provide reasonable performance only if the
dynamic behavior of the underlying object can be approximated by a small set of models [4]. The inclusion of more
models has the potential to degrade performance and increases
computational load. Besides, the estimator from conventional
model-based methods usually has a limited statistical precision
caused by model mismatch and insufficient data for estimation.
Unlike most of the conventional methods that are based
on models, deep neural network (DNN) based methods are
developed from what the machine sees as mathematically
optimal in data [5]. In some sense, the DNN can be considered to approximate a conditional density of outputs data
given inputs with a deterministic mapping. Besides, its strong
expressive power that any mapping can be approximated to
any desired precision with a sufficiently complex network has
been approved [6]. Although the training of a deep model is
difficult, its implementation can be rather efficient and effective
as long as the test data is fully contained in the training data.
For target tracking in radar fields, the motions of typically
interested targets can be simulated according to the corresponding models [7], which means that massive data required
in the training phase for a DNN is usually not problem.
Meanwhile, a DNN with enough expressive power assures
that the relation between measurements and true states can be
extracted from massive training data consisting of interested
motions of targets. Besides, the estimation accuracy can be
better for that the network has the access to true states in training. Existing works using DNN-based methods in the radar
fields concentrate mainly on the target recognition problem
[8]. When it comes to the target tracking-related problem, the
neural network is mainly used as a classifier. For instance, the
convolutional neural network is used as a binary classifier to
distinguish the real target tracks with hand-designed features
in track initiation phase [9]. The tracks association between
maritime radar and automatic identification system is proposed
to solve with the neural network, which also acts as a binary
classifier [10]. However, the recent rise of DNN is not limited
to the application of classification.
Proposed to take advantage of the dependency between
sequential inputs, the recurrent neural network (RNN) can
be used to classify as well as generate a sequence according
to the input. [5]. It is called recurrent for that it performs
the same task for every element of a sequence, with the

output being depended on the previous computations. Every
time the recurrent module receives an input, it can generate
a corresponding output. With regard to target tracking, the
filtered state or a prediction at the next scan is required once
a new measurement is received. Besides, the RNN can be
regarded as a deterministic approximation to a conditional
density, which is also what a target tracking algorithm usually
tries to calculate. Observing these similarities, we propose
to use the RNN to resolve the target motion uncertainty in
the context of radar tracking. The RNN is supposed to take
sequential measurements of a target as input and generate
corresponding true states or predictions.
The rest of the paper is organized as follows. The problem
of maneuvering target tracking is illustrated in the section
II. In the section III, the RNN and the proposed networks
are described. Simulation results of a civil aircraft tracking
example is presented in the section IV. Finally, conclusions
are drawn in the section V.
II.

P ROBLEM F ORMULATION

The typical maneuvering target tracking is essentially a
state estimation problem where the system undergoes abrupt
changes. Conventional tracking methods are model based, in
which the target motion and its observations are assumed to be
represented by some known mathematical models sufficiently
accurately. The target dynamics are assumed to belong to the
set of models defined by
xk+1 = frk (xk ) + wk , rk ∈ {1, 2, ..., d}

(1)

where a target is treated as a point object and xk is the target
state vector. The process noise wk is assumed addictive and
frk is the state transition function assumed to belong to the set
of models, in which the impact of system input is included.
The measurements are assumed to be model dependent and
related to the true target states through
yk = hk (xk ) + vk ,

(2)

where yk is the measurement of a sensor. The measurement
noise vk is also assumed addictive and hk is the measurement
function determined by the sensor.
Let yk = (y1 , y2 , ..., yk ) be a sequence of measurements.
From a probabilistic view, the target tracking is mainly calculating the state that maximizes p(xk |yk−1 ) and p(xk |yk ),
which correspond to the prediction procedure and filtering
procedure, respectively. Amongst the two densities, the conditional density p(xk |yk ) is usually of primary concern in
spite of that the predicted density p(xk |yk−1 ) is useful for
associating subsequent measurement to the tracked target.
Resorting to the Bayesian theory, the predicted density and
conditional density of a target under the Markov assumption
can be recursively calculated as follows:
Z
p(xk |yk−1 ) = p(xk |xk−1 )p(xk−1 |yk−1 )dxk−1
(3)
1
k−1
p(xk |yk ) =
p(y
|x
)p(x
|y
),
k
k
k
p(yk |yk−1 )
which correspond to the prediction step and filtering step, respectively. For a maneuvering target, the challenge of tracking
arising from target motion uncertainty refers to the fact that

an accurate dynamic model of the state is not available to the
sensor. Specifically, the uncertainty of the transition function
frk and its transition between time series can complicate the
calculation of the densities immensely.
The target motions can usually be summed up to limited
types or combinations of multiple types [7], [11], which is also
the basis of the IMM algorithm. The actual motion of a target
in reality is usually regarded as a nearly determined model
plus fairly small noise representing the modeling error. For
instance, the uniform motion can be described by a secondorder nearly constant velocity (CV) model plus a zero-mean
Gaussian white noise with an appropriate covariance, which
represents the normally quite small linear accelerations. This
nearly constant velocity model with addictive noise is given
by
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where T is the sampling interval and xk = [ξ ξ˙ η η̇]0 denotes
the coordinates and corresponding velocities in a 2D scene.
In the same way, the turning of a target can be described as
a nearly coordinated turn (CT) model or a nearly constant
acceleration (CA) model plus some minor noise [7], etc.
III.

RNN-BASED M ANEUVERING TARGET TACKING

Inspired by the biological neural networks that constitute
animal brains, artificial neural networks (ANNs) are constructed as a computing system to learn tasks by considering
examples. An ANN with multiple hidden layers between the
input and output layers quantifies a DNN. With a deeper
structure, the network can extract more hierarchy feature and
thus achieve more expressive power to transform the input
to required output. A recurrent neural network (RNN) is a
class of ANN where the output of the net is fed back into
its input. In this way, an RNN can use its internal memory
to process arbitrary sequences of inputs and generate corresponding sequences. Besides, the sequences can be processed
and generated sequentially, which is in accord with the target
tracking task.
A. Recurrent Neural Network
A conventional RNN is illustrated in Fig. 1. This network
is defined by,
hk = φh (whi ik + whh hk−1 )
ok = φo (woh hk ),

(5)

where whi , whh and woh are respectively input, transition
and output matrices, and φh and φo are element-wise nonlinear
functions. It is usual to use a saturating nonlinear function such
as a logistic sigmoid function σ(x) = 1/(1 + e−x ) or a hyperbolic tangent function tanh(x) = (ex − e−x )/(ex + e−x ). An
ANN with a composition of several nonlinear computational
layers is usually considered a deep neural network. In that
sense, the RNN is already deep since that any RNN can be
expressed as a composition of multiple nonlinear layers when
unfolded in time. In addition, a commonly used deep version in
the sense of the recurrent module is to stack multiple recurrent

Fig. 1. Illustration of a recurrent neural network. The network consists of
input layers, hidden layers and output layers, wherein the hidden layers act
as the memory unit. The input layers and output layers receive and output
sequences, respectively. Each recurrent module shares the same weights of
input-hidden, hidden-output and hidden-hidden layers.

hidden layers on top of each other, which makes the RNN
deep at each time step and thus increases its expressive power
substantially. This network is usually called the stacked RNN
(sRNN).
A neural network can produce the required deterministic output only after trained. The RNN is assumed to take
the sequence i1 , i2 , ..., ik as input, and output o1 , o2 , ..., ok
correspondingly. Given a training set of N sequences D =
(n) (n)
(n) (n)
(n) (n)
{(i1 , t1 ), (i2 , t2 ), ..., (iLn , tLn )}N
n=1 , consisting of input sequences i and the required output t, the parameters of
an RNN can be estimated by minimizing the cost function
N Ln
1 XX
d(ok , tk ),
J(θ) =
N n=1

(6)

k=1

where d(a, b) is a predefined divergence measure between
a and b, such as Euclidean distance. θ = {whi , whh ,
woh } represents the network parameters. The parameters are
usually estimated by stochastic gradient descent algorithm
with the gradient of the cost function in (6) calculated by
backpropagation through time (BPTT) [12].
From a probabilistic view, the RNN is to estimate the
conditional probability p(t1 , t2 , ..., tK |i1 , i2 , ..., iK ) using deterministic functions. The computation of the RNN is to
parameterize this conditional probability as a product of conditional probabilities such that
p(t1 , t2 , ..., tK |i1 , i2 , ..., iK ) =

K
Y

p(tk |ik ),

(7)

k=1

where ik = {i1 , i2 , ...ik }. Each p(tk |ik ) is represented with a
recurrent module.

Fig. 2. An illustration of the proposed tracking net. ws are also learnable
parameters representing linear transformations to make the dimensions of the
input and output the same as hidden layers. The right part uses yk−1 to
estimate xk−1 while the left part is to predict xk with yk−1 . Each of the
RNN module memorizes the history of details about prediction and filtering
using separate hidden layers. The RNN modules can be replaced by sRNN
modules as well.

true state and the predicted state. The information extracted
from data stays the same even if the prediction and filtering
procedure are implemented separately.
Based on this observation, we propose to use different
RNNs to approximate the conditional density p(xk |yk ) and
the predicted density p(xk |yk−1 ) separately. We rely on two
different RNNs depicted in in Fig. 2 to learn the temporal
dynamic model of targets. The input to the network yk−1 is
the measurement of a target at time k − 1. The outputs are the
filtered state x̂k−1|k−1 and the predicted state x̂k|k−1 . History
information about prediction and filtering is memorized and
passed forward by different hidden layers hp· and hf· , respectively. The objective functions to optimize for the parameters
of different networks are respectively defined by
Jf (θf ) =
Jp (θp ) =

K
X
k=1
K
X

(x̂k|k − xk )2
(8)
2

(x̂k|k−1 − xk ) ,

k=1

where xk is the true state of a target, which is known in
the training phase. It should be noted that the cost function
of a neural network is usually non-convex, which means that
many local minima may exit. However, these local minima are
usually not a problematic form of non-convexity for that most
local minima have a low cost function value, especially for
large neural networks. As a result, it is usually not important
to find a true global minimum rather than to find a point in
parameter space that has low but not minimal cost [5].

B. RNN-Based Maneuvering Target Tracking
According to the Bayesian tracking theory in (3), the
prediction and filtering procedure should be implemented
recursively. However, this procedure is not necessary for the
design of a neural network. Considering the Bayesian tracking
procedure as a whole, the input to the tracking system is the
sequential measurements while the output is the corresponding

C. Network Training
The ANN is usually trained to achieve network parameters
using the backpropagation algorithm [13]. As for an RNN, it
is usually trained by backpropagation through time (BPTT)
because of its temporal structure. Given input and output
sequences, the calculation of BPTT is the same as a normal

backpropagation algorithm after the temporal structure of the
RNN is unfolded [12]. On account of that the ANN is still
a black box to us, some empirical tricks are helpful for the
training. The tricks of training an RNN are virtually the
same as training an ANN for that RNN is a special kind of
ANN, In this section, their training tricks are not distinguished
deliberately.
1) Training Data: The ANNs are usually troubled by the
overfitting problem that the training data is not enough for
the excessive expressive power of the networks. Consequently,
different kinds of motions of interested targets should be
produced abundantly. As for the design of target motions and
their locations, all interested motions ought to be measured
sufficiently in the observation area of interest. This is to make
sure that the training distribution matches the test distribution,
or the models with high training accuracy can do poorly on
test data.
2) Dropout: Another way to reduce the overfitting in ANNs
is to use the dropout trick, which is also a regularization
technique [14]. As the term says, some of the units are
dropped out randomly with a certain predetermined probability
in every training epoch. Dropout training can also be viewed
as a form of ensemble learning. A scaling of the weights
admits an approximate computation of geometric mean of
the ensemble predictions, as well as avoids the prohibitively
expensive calculation of the enormous ensemble learning [14],
[15].
3) Clipping Gradients: When training an RNN using
BPTT, the gradients can be exponentially large from being
multiplied by numbers larger that 1 when propagated back in
time, which is usually called the exploding gradient problem
[16]. Large gradients can aggravate the learning of parameters
in that a gradient descent parameter update could throw the
parameters very far, into a region where the objective function
is larger, undoing much of the work that had been done to reach
the current solution. Gradient clipping will clip the gradients
between two numbers to prevent them from getting too large
[5].
IV.

S IMULATION R ESULTS

In order to show the performance of the proposed tracking
net, numerical results will be presented in this section. Here
the target motions of interest are the routine maneuvers of
civil aircraft, namely the nearly constant velocity movement
accomplished by constant acceleration or coordinated turn at
a steady turning rate. The interested area is assumed to be
observed by a 2-D radar and its extent is 15km ∼ 150km in
range and 0 ∼ 90◦ in azimuth. The target is observed every
10 seconds in the tracking stage, while the measurements of
range and azimuth are corrupted by white Gaussian noise with
standard deviation 30m and 0.5◦ , respectively.
As aforementioned, the proposed tracking net should be
trained before used. The tracking networks with recurrent
module RNN and sRNN are trained and tested using the same
data, respectively. In the training phase, measurements of target
motions with initial speed 100m/s ∼ 300m/s and maximum
acceleration 30m/s2 or maximum turning rate 4.5◦ /s in the
total interested area are produced. The directions of the velocity and acceleration are random. Without loss of generality, the

Fig. 3. Tracking at a single time for the proposed networks and the IMM
method. The enlarged view is about the tracking between the first and the
second maneuver.

interested target state is assumed to be its location. Precisely
the inputs to tracking networks are the sequential measurement
while the outputs are trained to be close to the true states.
The number of hidden units of the two networks are both
256 and the sRNN has 6 hidden layers. The interacting model
with constant velocity model and constant acceleration model
(IMM) is used as a baseline for comparison. The set of
parameters refers to [17]. Here the measurements in the polar
coordinates are converted to rectangular coordinates using the
debiased consistent transformation [18].
In the test phase, measurements of a target with the same
certain motion parameters are reproduced. The target is tracked
for 50 steps with initial state
x0 = [30000m 0 10000m 150m/s]0 ,

(9)

representing the location and velocity of the target in a twodimensional Cartesian coordinate system, respectively. The
constant velocity motion continues for 100 seconds. The first
turn is the result of acceleration inputs
uξ = −uη = 1.5m/s2 ,

100s ≤ t ≤ 200s.

(10)

Then the target keeps the velocity constant for another 100
seconds and makes the second turn with turning rate 1◦ /s.
The turn continues for 90 seconds until the target keeps another
constant velocity motion for the last 110 seconds.
The result of tracking at a single time is illustrated in
Fig 3. As a result of the simplistic structure, the tracking
of the RNN net deviates significantly from the true state at
the very start. With a deeper structure to extract the feature
from data, the sRNN net can track the target better. Besides,
after several steps both of the proposed networks can achieve a
better tracking accuracy than the IMM method in this instance.
To be more persuasive, the root means square (RMS)
position error is also compared to each other over 5000 Monte
Carlo runs, as shown in Fig. 4. The sRNN yields better accuracy and more stable tracking because of its deeper structure.
After the first few steps of unstable tracking, the proposed
networks can achieve a far better estimation accuracy than the
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