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SUMMARY
The potential use of onboard vision sensors (e.g., cameras) has long been recognized for the Sense
and Avoid (SAA) of unmanned aerial vehicles (UAVs), especially for micro UAVs with limited pay-
load capacity. However, vision-based SAA for UAVs is extremely challenging because vision sensors
usually have limitations on accurate distance information measuring. In this paper, we propose a
monocular vision-based UAV SAA approach. Within the approach, the host UAV can accurately and
efficiently avoid a noncooperative intruder only through angle measurements and perform maneuvers
for optimal tradeoff among target motion estimation, intruder avoidance, and trajectory tracking. We
realize this feature by explicitly integrating a target tracking filter into a nonlinear model predictive
controller. The effectiveness of the proposed approach is verified through extensive simulations.

KEYWORDS: Aerial robotics; Navigation; Control of robotic systems; Sense and avoid; Obstacle
avoidance.

1. Introduction
Unmanned aerial vehicles (UAVs) have become a promising mobile platform for commercial and
civilian applications,1 such as surveillance, aerial photography, and search and rescue. However,
the use of UAVs further increases civilian airspace density, which is already crowded by manned
aircrafts. In order to guarantee safety, one noteworthy technical trend is the integration of UAVs into
the current national airspace system. Thus, the Sense and Avoid (SAA) is considered as a critical
function of UAVs in leveraging their full potentials.2, 3 For SAA, the UAVs not only are capable of
detecting potential collision objects, but also need to perform effective collision avoidance maneuvers
(see Fig. 1).

Many SAA prototypes and approaches have been reported recently.4–6 Reference [7] outlines and
reviews the substantial breadth of SAA architectures, technologies, and algorithms. Reference [6]
provides an in-depth discussion on SAA progress related to fundamental components of sens-
ing techniques, decision making, path planning, and path following. In all SAA studies, onboard
devices and sensors play an important role in detecting, tracking, and avoiding intruders. Some
SAA solutions use cooperative sensors, such as Traffic Collision Avoidance System8 and Automatic
Dependent Surveillance-Broadcast.9 Others adopt noncooperative methods depending on radar,10–12
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Fig. 1. Diagram of one SAA maneuver.

Light Detection And Ranging,13–15 and vision sensors (e.g., cameras).16 Cooperative sensors usually
cannot be used for noncooperative intruders because the intruder does not equip same devices and the
communication between the host UAV and intruder is also impossible. For noncooperative methods,
vision sensors offer advantages over other sensors as they are low cost and lightweight but provide
rich perception information.17–19 Such features are more attractive for micro UAVs that have limited
payload capacity and are sensitive to manufacturing costs.

Although the potential of vision sensors has already been recognized, vision-based SAA for UAVs
is however challenging. First, the environmental awareness and intruder detection using onboard
vision sensors are not trivial. SAA maneuvers are often performed under middle-distance (a few
kilometers) or even long-distance conditions (up to tens of kilometers) to guarantee sufficient safety
allowances. The intruder therefore appears small and dim on the imaging plane of vision sensor. In
addition, the airborne environment is always complicated and highly unpredictable, for example, the
constantly changing light condition.20 Second and more importantly, monocular vision provides only
incomplete information and has the well-known limitation in measuring the relative distance between
the host UAV and intruder.6 Although binocular vision can solve the distance missing problem, it is
not suitable for UAV SAA considering the limited baseline of UAV and large SAA operation range.

Many SAA planning and control schemes have been proposed and validated.21, 22 In ref. [21],
a dynamic path planning method of UAV was presented to avoid not only static threats but also
mobile threats. In ref. [22], a collision-free guidance control system was designed by using nonlinear
model predictive control (NMPC) for small unmanned helicopters and the collision avoidance was
regarded as a state constraint in controller design. In ref. [23], a feasible three-dimensional collision
avoidance course is on-line calculated for fixed-wing UAVs by keeping relative bearing and elevation
angles. It is straightforward to know that all these SAA planning and control schemes assume that
three-dimensional relative position between the host UAV and intruder can be accurately measured.
Therefore, these approaches cannot be readily used for vision-based UAV SAA due to the lack of
distance information.

In recent years, researchers have explored approaches to solve the distance missing problem in
vision-based SAA. The essence of vision-based SAA is about angles-only navigation and control.
In ref. [23], a vision-based SAA approach was implemented by maintaining a constant relative angle
between the host UAV and intruder. In ref. [24], a dynamic safety envelope was proposed to adjust the
heading direction of host UAV and to avoid the use of distance information. These two methods may
not be used under certain situations and have obvious application restrictions. Inspired by the target
motion analysis problem that originated in sonar signal processing field, another more convincing
solution for vision-based SAA is to first estimate and recover distance information or equivalent
parameters (e.g., time-to-collision) through angle measurements by using target tracking filter, such
as the studies in refs. [25–27]. In target tracking filter studies, it has been strictly proven that the
relative distance between target and host platform can be estimated through angle measurements
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as long as the maneuver of host platform satisfies observability condition.28 The detailed design
techniques of target tracking filter are introduced in refs. [29, 30], and how to plan the maneuver of
host platform for optimal estimation accuracy is discussed in ref. [31]. In the above-mentioned vision-
based SAA studies built on target tracking filter,25–27 the target tracking filter and avoiding controller
are usually designed and implemented, separately. The estimation results of target tracking filter
are used as inputs given to avoiding controller. This is a standard and straightforward framework for
vision-based SAA, which many prototypes have adopted and validated. However, the filter estimation
performance indeed highly depends on real flying trajectory of the host UAV. Conversely, the filter
estimation results also affect the obstacle avoiding maneuver. In other words, the filter estimation
performance and the avoiding control performance are actually coupled. This coupling mechanism
is a common characteristic for all angles-only navigation and control problems. In order to achieve
optimal performance, the filter-based estimation, the navigation, and control have to be integrated
together. The standard framework has not considered such coupling effect because the UAV SAA is
an emerging topic.

In this paper, we propose a monocular vision-based SAA approach for UAVs by integrating a tar-
get tracking filter into a nonlinear model predictive controller. In this approach, the filter estimation,
navigation, and control are combined together. The host UAV can accurately and efficiently avoid a
noncooperative intruder through only angle measurements and perform maneuvers for optimal trade-
off among target motion estimation, intruder avoidance, and trajectory tracking. To the best of the
authors’ knowledge, no previous work has been reported to explicitly fuse the target tracking filter
and avoidance controller in vision-based SAA studies.

The remainder of this paper is organized as follows. Section 2 presents the problem description
and coordinate system definitions. Sections 3 and 4 discuss the detailed SAA designs in avoidance
and return phases, respectively. Extensive simulations are used to validate the proposed approach in
Section 5. Section 6 obtains concluding remarks.

2. Problem Description and Coordinate System Definition
Figure 1 presents the diagram of vision-based SAA. In the beginning, the host UAV follows a prede-
fined trajectory (denoted by τ (t)). A forward looking monocular camera is mounted on the host UAV.
A noncooperative intruder then flies and approaches the host UAV. Once the threat of the intruder is
confirmed, the host UAV performs an avoidance maneuver immediately. After the threat is dismissed,
the host UAV returns to the predefined trajectory and finishes SAA process. In this study, we focus
on the planning and control of the host UAV in the avoidance and return phases.

Several assumptions are adopted in this study. First, since in reality the SAA is more necessary
and important for objects that flies at same attitude, we focus on two-dimensional SAA study and
assume that the host UAV and intrude are flying in the same horizontal plane. Second, the motions
of the host UAV are measured accurately by its conventional navigation sensors, such as GPS/INS.
Third, the vision sensing of intruder is already finished and the directional angle of the intruder with
respect to the host UAV is the visual measurement. Fourth, wind influence is not considered.

An inertial frame is defined as I(O, X, Y ) (Fig. 2). We assume the body coordinate frame of UAV
is H(Ob, xb, yb) with the origin at the centroidal center of the host UAV and the xb-axis pointing
forward. The yaw angle ϕ(t) denotes the rotation from I to H (Fig. 2). The directional angle of the
intruder in H is defined as φ(t) and provided by the monocular camera. The forward velocity of the
host UAV is denoted as v f (t).

3. Vision-Based SAA Approach in Avoidance Phase
In this section, we present the detailed designs of the monocular vision-based SAA approach in
avoidance phase.

3.1. Host UAV kinematic model
In order to significantly reduce the computation complexity of optimization problem in NMPC and
make the controller more practical, the host UAV maintains a constant forward ground speed in
the avoidance phase and the speed is denoted as vc, that is, v f (k) = vc, k ∈N for the kth step in
time. Thus, only the yaw angle ϕ(k) of the host UAV is controlled to implement the avoidance
maneuver. We use discrete-time notations for all variables in the rest of paper because discrete-time
representations are required for NMPC optimization.

The velocity vector of the host UAV in I is denoted as vh(k) and we have
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Fig. 2. Schematic of coordinate systems.

vh(k) =
[
vc cos(ϕ(k))

vc sin(ϕ(k))

]
. (1)

We then consider the angular velocity of ϕ(k) as the virtual system input u(k)

u(k) = ϕ̇(k). (2)

Taking the derivative of (1) and plugging it into (2), we obtain the expression of acceleration vector
of host UAV in I

ah(k) =
[− sin(ϕ(k))

cos(ϕ(k))

]
vcu(k). (3)

We then define the state vector of host UAV in the avoidance phase as

xh(k) := [ ph(k)T vh(k)T ]T ∈R
4, (4)

where ph(k) = [phx phy]T ∈R
2 and vh(k) = [vhx vhy]T ∈R

2 are the position and velocity vectors,
respectively. With (2) and (3), the kinematic model of the host UAV can be built as

xh(k + 1) = Axh(k) + B
[− sin(ϕ(k))

cos(ϕ(k))

]
vcu(k), (5)

ϕ(k + 1) = ϕ(k) + T u(k), (6)

where T is the discrete sampling time, and matrices A and B are as follows

A =
⎡
⎢⎣

1 0 T 0
0 1 0 T
0 0 1 0
0 0 0 1]

⎤
⎥⎦, B =

⎡
⎢⎢⎣

1
2 T 2 0
0 1

2 T 2

T 0
0 T

⎤
⎥⎥⎦. (7)

3.2. Intruder kinematic model
The intruder is assumed to be a noncooperative moving target that flies with a constant velocity.
The position and velocity vectors of intruder are denoted as pt(k) = [ptx pty]T ∈R

2 and vt(k) =
[vt x vt y]T ∈R

2, respectively. We then define the state vector of the intruder as

xt(k) := [ pt(k)T vt(k)T ]T ∈R
4. (8)

It is straightforward to obtain the kinematic model of the intruder as

xt(k + 1) = Axt(k). (9)
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Remark 1. The presented intruder kinematic model is just a guessed model to drive the following
target tracking filter. In the SAA, the only external measurement for target tracking filter is bearing
angle obtained from the vision sensor. In addition, the constant velocity assumption is not needed to
be strictly satisfied because in filter design, the state model will include noise terms to compensate
for system uncertainties.

3.3. Monocular vision-based relative motion estimation
A target tracking filter is used to estimate the relative motion between the intruder and the host
UAV. Polar coordinate system has been shown more robust for relative motion estimation using only
angle information.30 We define a polar coordinate system with the origin coinciding with that of H
and the polar axis paralleling the X -axis of I (Fig. 2). The relative target range and bearing angle
of the intruder with respect to the host UAV are denoted as r(k) and θ(k), respectively. As such,
θ(k) = ϕ(k) + φ(k) can be obtained by combining the measurements of the monocular camera and
onboard navigation sensors. We then define the state vector of the intruder in the polar coordinate as

z(k) =
⎡
⎢⎣

z1(k)

z2(k)

z3(k)

z4(k)

⎤
⎥⎦ :=

⎡
⎢⎢⎣

θ̇ (k)
ṙ
r (k)

θ(k)
1
r (k)

⎤
⎥⎥⎦ ∈R

4. (10)

For an intruder with a constant velocity (see (9)), the relative motion between the intruder and the
host UAV can be modeled as30

z(k + 1) = z(k) + T f (k) + v f (k), (11)

and

f (k) =
⎡
⎢⎣

−2z1z2 + z4(−ahx(k) cos(z3) + ahy(k) sin(z3))

z2
1 − z2

2 + z4(−ahx(k) sin(z3) − ahy(k) cos(z3))

z1

−z2z4

⎤
⎥⎦, (12)

where v f (k) ∈R
4 represents the zero-mean white Gaussian noise for system uncertainties.

Equation (11) can be considered system equations in the target tracking filter design. Because bearing
angle θ(k) is the measurement, we define the measurement equation in target tracking filter design
as

y(k) = Hz(k) + vh(k), (13)

where

H = [
0 0 1 0

]
. (14)

In (13), vh(k) is the zero-mean white Gaussian noise for measurement uncertainties.
Any standard nonlinear filter design can be applied to (11) and (13). In this study, we adopt the

extended Kalman filter (EKF) as an example because it is widely used in the aerospace field. The
current estimate of the EKF for the kth step is defined as ẑ(k|k). The prediction and correction
equations of the EKF are as follows:

ẑ(k + 1|k) = ẑ(k|k) + T f (k), (15a)

P(k + 1|k) = F(k)P(k + 1|k)FT (k) + Q. (15b)

W(k + 1) = P(k + 1|k)HT

(HP(k + 1|k)HT + R)−1 (15c)
ẑ(k + 1|k + 1) = ẑ(k + 1|k) + W(k + 1)[y(k + 1)

− H ẑ(k + 1|k)] (15d)
P(k + 1|k + 1) = (I4 − W(k + 1)H)P(k + 1|k)

× (I4 − W(k + 1)H)T + W(k + 1)RWT (k). (15e)
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Fig. 3. Diagram of the proposed vision-based SAA approach.

In (15), I4 is the 4 × 4 identity matrix, P(k|k) is the error covariance matrix, F(k) is the Jacobian
matrix of (11), and the details are shown in (16). Q and R are used to compensate for the system and
measurement uncertainties.

F(k) =
⎡
⎢⎣

−2x2 −2x1 x4(ahy sx3 + ahx cx3) −ahy cx3 + ahx sx3−2x1 −2x2 x4(ahy cx3 + x4ahx sx3) −ahy sx3 + ahx cx3

1 0 0 0
0 −x4 0 −x2

⎤
⎥⎦. (16)

Note that in the EKF, ẑ(k|k) and P(k|k) are expressed in polar coordinates. We need to transform
the estimation results into H to facilitate the following controller design. Thus, we have

x̂t(k) = xh(k) + 1

z4

⎡
⎢⎣

sin(z3)

cos(z3)

z2 sin(z3) + z1 cos(z3)

z2 cos(z3) − z1 sin(z3)

⎤
⎥⎦, (17)

and

Pxy(k) = F(k)P(k|k)F(k)T , (18)

where x̂t(k) = [ p̂t x p̂ty]T is the estimated position vector of the intruder in I and Pxy(k) is the
estimation error covariance matrix in Cartesian coordinate system.

3.4. NMPC-based SAA design
We use NMPC for SAA because of its attractive features on on-line optimization performance and
constraint handling.32, 33 The diagram of the proposed SAA approach is presented in Figure 3. We
assume the frequency of NMPC is the same as those of kinematic models and EKF, and define the
length of the receding horizon window of NMPC as W . For clarity, all the predicted state variables
are denoted in the receding horizon window with the sign˜, for example, x̃h(k) = [ p̃hx p̃hy]T , x̃t(k) =
[ p̃t x p̃ty]T .

The goal of the SAA controller is to simultaneously obtain accurate estimates of intruder motion,
avoid the intruder, and follow the predefined trajectory τ (k). Therefore, the performance index of the
SAA controller can be written as

J = λ1�(x̃h(k + N )) +
N−1∑
i=0

[L1(x̃h(k + i)) + λ2L2(x̃h(k + i))]. (19)

The first cost term �(x̃h(k)) is related to the EKF filter performance. In this study, �(x̃h(k)) is
designed to be the area of the predicted position uncertainty ellipse. Thus, we have

�(x̃h(k)) = π
√

(det Pxy(k)). (20)

Reducing this area �(x̃h(k)) is equivalent to improving the filter estimation performance. L1(x̃h(k))

is associated with the trajectory tracking performance and designed as

L1(x̃h(k)) = |x̃h(k) − τ (k)|2. (21)

https://doi.org/10.1017/S0263574719000158 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574719000158


1588 Monocular Vision-based Sense and Avoid of UAV Using Nonlinear Model Predictive Control

L2(x̃h(k)) is the penalty term related to the collision avoidance maneuver. To avoid the intruder, a
prohibited circular area around the intruder is established as

g(x̃h(k)) = r2
0 − [( p̃hx − p̂t x)

2 + ( p̃hy − p̂ty)
2], (22)

where r0 is the area radius. Thus, L2(x̃(k)) is designed as

L2(x̃h(k)) = max{0, g(x̃h(k))}2. (23)

In (19), λ1 and λ2 are the tuned parameters to balance the weights of the cost terms.
The optimization problem in NMPC is finally established as

min J, (24)

subjected to input constraints

Input Cons. |u(k)| ≤ um, (25)

and dynamic equations

Host UAV Kinematic Model: Eqs. (5) and (6), (26)

Intruder Kinematic Model: Eq. (9), (27)

Measurement Model: Eq. (13), (28)

EKF Dynamics: Eq. (15), (29)

where um denotes the maximum heading velocity constraint.
The difficulty with the NMPC-based controller design is predicting EKF performance in the reced-

ing horizon window without knowing the real vision measurement that will happen in the future, that
is, ỹ(k). To solve this issue, we use the intruder estimate x̂t(k) at the current moment to predict the
intruder motion. Therefore, we can predict the vision measurement ỹ(k), and the EKF equations can
be propagated as follows:

z̃t(k|k) = ẑt(k|k). (30)

4. Vision-Based SAA Approach in Return Phase
Once the intruder bypasses the host UAV, the SAA controller design for the avoidance phase will not
work. For example, an optimization conflict may exist between the intruder motion estimation and
trajectory tracking. The host UAV is even likely to turn around to chase the intruder for the optimal
estimation performance. Thus, for the return phase, we need to design a new controller.

4.1. Switching criterion
We first need to determine a criterion when to switch between the two controllers. In this study, a
switching criterion inspired by human driving behavior is employed (see Figure 4). We first define the
nearest point on τ with respect to the host UAV as pτ (k), that is, pτ (k) = { p ∈ τ | min | p − ph(k)|2}.
A line 	(xl, yl) is then defined to pass pτ (k) and ph(k). When the intruder flies across 	, we consider
it is time to switch between the avoidance phase and the return phase. Afterwards, the intruder is no
longer considered a threat.

4.2. Host UAV kinematic model
Indeed, the return maneuver of the host UAV is purely a trajectory tracking problem. The host UAV
can depend only on its navigation sensors to implement the return maneuver, and the monocular
vision is actually not needed. In order to quickly track the predefined trajectory, the forward velocity
v f (k) of the host UAV is also considered as a controllable input in this phase. Thus, we have

u(k) =
[

uϕ(k)

uv(k)

]
:=

[
ϕ(k)

v f (k)

]
. (31)
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Fig. 4. Diagram of switching criterion.

The motion of host UAV is modeled as

Ph(k + 1) = I2 Ph(k) + T

[
cos(ϕ(k))

sin(ϕ(k))

]
v f (k), (32)

where I2 is the 2 × 2 identity matrix.

4.3. NMPC-based return maneuver
We still use NMPC in the return phase. The performance index of the controller is designed as

J =
N−1∑
i=0

L3(x̃h(k + i)), (33)

and

L3(x̃h(k)) = |x̃h(k) − τ (k)|2. (34)

The optimization problem in NMPC is finally built as

min J, (35)

subjected to input constraints

Input Cons. |uϕ(k)| ≤ um and |uv(k)| ≤ un, (36)

and dynamic equations

Host UAV Kinematic Model: Eq. (32), (37)

where um is the maximum heading velocity constraint and un represents the maximum forward speed.

Remark 2. The proposed approach provides a general framework for SAA operation. All the fil-
ter design, the NMPC performance index, and even the switch criterion are not unique and can be
appropriately redesigned according to user requirements. For example, the use of predicted posi-
tion uncertainty ellipse to evaluate estimation performance can be substituted by the other options
discussed in ref. [34].

5. Simulation Results
We conduct extensive simulations to validate the proposed SAA approach.1 The values of simulation
parameters are listed in Table I. We assume the intruder is already confirmed as a real threat and
the host UAV is on the predefined trajectory at the beginning of the SAA process. The intruder
is noncooperative and flies at a constant forward speed. The EKF states are initialized with guess
values. The simulations were performed on a standard desktop PC (2G Hz i5 CPU, 4G RAM) and

Simulation videos are presented on https://pan.baidu.com/s/1bFb0sTQKSvhP7tZEaeazKw
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Table I. Parameters in simulation.

vc (m/s) T (s) λ1 λ2 r0 (m) um (deg/s) un (m/s)
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Fig. 5. Simulation results in Scenario 1. (a) Real avoidance trajectories. (b) Separation distance between the
UAV and intruder. (c) EKF tracking error. (d) Controlled inputs of host UAV.

the MPC always ran faster than 10 Hz. For v f , we assign the Gaussian white noises with standard
deviation 0.0001 rad/s, 0.00001 s−1, 0.0001 rad, 0.0005 m−1 for each component, respectively. For
vh , we assume it is a Gaussian white noise with standard deviation 0.008 rad.

Three different SAA scenarios are investigated. Figure 5 shows the simulation results in
Scenario 1. The trajectory of intruder is perpendicular to the predefined trajectory of the host UAV.
Figure 5(a) demonstrates the real trajectories of the host UAV and the intruder, the predefined trajec-
tory of the intruder, and the EKF estimated trajectory. The host UAV successfully avoids the intruder
and returns to the predefined trajectory. Even with a larger initial deviation, the estimated EKF tra-
jectory converges quickly to the real trajectory. From Figure 5(b), the minimum separation distance
between the host UAV and the intruder is about 43 m. Figure 5(c) demonstrates the EKF tracking
errors. At the beginning of the SAA process, the host UAV makes an aggressive maneuver to quickly
reduce the initial EKF tracking errors. The portion is highlighted in the circle in Figure 5(a) and more
clear results are observed in other two scenarios. Indeed, such a maneuver is necessary and benefi-
cial to the vision-based SAA. Reference [34] has shown that increasing the angle separation between
observations in angles-only navigation can improve the tracking performance of estimation filter.
On the other side, the trajectory of host UAV is confined by the predefined trajectory. Therefore, the
aggressive maneuver is reasonable by combing these two effects. The controller outputs are presented
in Figure 5(d). The heading angle velocity and forward velocity of the host UAV are both bounded
by the use of NMPC. The switch time between the avoidance controller and the return controller is
approximately 38 s.
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Fig. 6. Simulation results in Scenario 2. (a) Real avoidance trajectories. (b) Separation distance between the
UAV and intruder. (c) EKF tracking error. (d) Controlled inputs of host UAV.

Figure 6 shows the simulation results in Scenario 2, where the trajectory of intruder is nearly
head-on with a 30◦ intersection angle to the predefined trajectory of host UAV. We still observe sat-
isfactory avoidance performance of the host UAV using the developed SAA approach. The EKF can
also achieve a convergent estimation performance and estimate the motion of the intruder accurately.
Figure 7 shows the simulation results in Scenario 3. In this case, the host UAV follows a curved
predefined trajectory. Similarly, the host UAV effectively avoids the intruder and returns to the pre-
defined trajectory. The EKF also performs a satisfactory estimation to obtain the motion of intruder.
Under the proposed SAA approach, the host UAV achieves a simultaneous tradeoff between the
trajectory tracking, intruder estimation, and intruder avoidance. The simulation results verified the
effectiveness of the proposed SAA approach.

In order to further demonstrate the proposed approach, we conduct comparison results with dif-
ferent parameters in the performance index of NMPC for Scenario 1. Figure 8(a) and (b) illustrate
the flying trajectories of host UAV and the areas of the predicted position uncertainty ellipse of EKF,
respectively. From Figure 8(b), it is clear that increasing λ1 will improve the estimation performance
of target tracking filter. λ2 almost has no influence on the target tracking filter. Figure 8(a) shows that
increasing λ2 may introduce more aggressive avoidance maneuver. However, the trend is very weak
because the trajectories are also restricted by the filter and predefined trajectory.

6. Conclusion
In this paper, a novel monocular vision-based SAA approach for UAV was proposed by employing
a NMPC design with an integrated target tracking filter. In the SAA approach, the designs of esti-
mation, navigation, and control were combined in one framework. With the help of NMPC, the host
UAV can simultaneously achieve reliable estimation performance, intruder avoidance, and prede-
fined trajectory tracking. The effectiveness of the proposed approach was validated through extensive
simulations. The work provided a general UAV SAA framework that can be readily extended to
similar vision-based navigation and control studies.
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