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Under a recent DARPA project, SSCI performed initial design and testing of an innovative tightly-

coupled vison and GNC system for follower vehicles to achieve safe approach and station-keeping with 

the lead vehicle within some range tolerance and inside a 60 degree cone, under leader maneuvers and 

vehicle capability constraints. The resulting system is referred to as the SPRINT (Station-keeping using 

Perception and Relative Image-based Navigation and Tracking), and is a fully autonomous system 

whose role is to safely and efficiently transition the follower vehicles from some known initial position 

to station-keeping, and to maintain the desired separation under lead vehicle maneuvers using vision 

only.  

The project specifically focuses on trade studies for performance analysis of the integrated system 

under different vision system properties and constraints, leader and follower vehicle capabilities, and 

characteristics of the proposed GNC algorithms under lead vehicle maneuvering. The trade studies 

included the effect of time delay, effect of target maneuvers, and the effect of camera parameters. 

Under the project, we have developed system architecture, requirements and metrics; vision-based 

algorithms for position and pose estimation; and guidance and control algorithms for safe approach 

and station keeping with the maneuvering leader. We also performed simulation analysis and testing at 

SSCI, demonstrating system-level feasibility of SPRINT to achieve project objectives. These 

accomplishments are described in the paper. 

I. Introduction 

Formation Flying (FF) is a well-established concept for both manned and unmanned aerial vehicles and 

spacecraft [28]-[30]. In the context of manned aerial vehicles, formation flying is implemented for aerial 

refueling, joint patrol, mutual defense, concentration of firepower, and fuel-saving flights. Unmanned Aerial System 

(UAS) applications of formation flight include wide area search, persistent surveillance, perimeter defense, and 

other missions. Formation flight involves two or more aircraft, and is mainly implemented in a leader-follower 

framework, or as a virtual structure [1][4][5][8]. 

Requirements for formation flying are hierarchical – at the top level is the safety requirement, from which other 

requirements are derived [12]. The safety requirement, defined in terms of collision avoidance metrics, imposes 

sensing, communications and GNC requirements. For flight-critical applications such as aerial refueling, differential 

GPS is typically used, with the relative vehicle states communicated through a high-frequency radio channel. Often, 

backup radar measurements are also used. Safety also imposes requirements for tight control tolerances and 

robustness to turbulence and wind gusts. Leader’s intent and control inputs from follower aircraft are commonly 

communicated to all vehicles [12]. 

For missions involving unmanned vehicles, FF generally requires sophisticated sensors and communications, and 

complex interfaces for coordination between the formation members. When there is a need to expand the formation 

by including additional heterogeneous aircraft, these interfaces need to be re-designed to accommodate the new 

vehicles due to their custom avionics and flight computers. This is an expensive and lengthy procedure which 

prevents rapid assembly of aircraft formations. In addition, if smaller UAVs need to be included as in a formation, 

they may not have the capacity to carry the sensing and communication equipment needed for standard formation 

flying. Also, in the case of military operations, there is a requirement for Emissions Control (EMCON) in denied 

areas. 
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A. Technical Challenges and State of the Art 

We define the key challenge that needs to be addressed in this context: design, develop, implement and test a low-

SWAP solution for formation flying using vision only, which is independent of the common communication 

interfaces, to enable accurate station-keeping with non-communicating aircraft. 

To accomplish this goal, major contributions to the field are needed. The key technology that needs to be 

developed is a system which tightly couples vision with GNC to achieve safe flight and meet the station-keeping 

requirements. 

While there is an extensive literature on sensing and GNC for formation flying, most of the research assumes either 

perfect information about the leader aircraft in terms of position, velocity and pose (see. e.g. [13]), or focuses on 

vision-based approaches augmented with additional range sensors. These vision-based approaches often rely on 

fiducial aids, such as LEDs, or other cooperative means to estimate relative pose (see e.g. [20]). However, perfect 

information or cooperative means are often not available in many mission contexts, particularly in GPS and RF-

denied environments and tracking of non-cooperative targets. In addition, formations are typically assumed to 

consist of the vehicles of similar capabilities. When there is a requirement for a vision-only solution for vehicles of 

differing capabilities, the design trade-space of the problem increases in dimensionality and complexity. Since 

monocular vision cannot provide range information directly, additional assumptions need to be made, such as that 

the size of the lead aircraft is known (see e.g. [12]). However, the approach from this reference does not solve the 

related control problem, i.e. only the estimation solution is provided. One of a few solutions for closed-loop vision-

based GNC has been developed and flight tested at SSCI under the DARPA FLA program [21],[22],[23] for single 

vehicles flying among fixed obstacles. In addition, the proposed solutions for closed-loop vision-based GNC do not 

take in to account the varying complexity of the visual cues as the follower approaches the leader, relying instead on 

an assumption of a large number of pixels on target throughout the approach and station-keeping.  

One of the main challenges under this project is to arrive at the GNC design for the approach/closing and station-

keeping stages of FF with non-communicating leader when vision-only information is available. Another related 

challenge is to use visual information to predict leader’s intent. This is generally difficult to achieve, and there are 

no available related results in the open literature. An additional requirement is that the design is simple and of a low 

SWAP. Hence designs that do not relay on camera gimbal are of interest. 

In summary, current state of the art does not provide solutions for formation flying for the case when there is a 

need to station-keep with a non-communicating aircraft and estimate its intent using vision only. Since the 

corresponding GNC system will rely on minimum available information, the related problem is DARPA-Hard, 

and its solution would result in extraordinary savings in terms of sensing and communication equipment, and the 

development of inter-vehicle interfaces for formation flying. 

We now present the key project objectives and a proposed solution to this problem.  

Key Objective: Design a GNC formation flying system which uses vision only and knowledge of the leader’s size 

to achieve station keeping within a 60-degree cone and at a desired range during cruise flight and leader’s 

maneuvers. The solution should require minimal modifications of the host platform. 

B. Proposed Solution 

In order to address the complex challenges associated with the design of GNC for formation flying based on vision 

only for vehicles of different capabilities, under a recent DARPA project, SSCI performed initial development, 

implementation and testing of the innovative SPRINT technology (Station-keeping using Perception and Relative 

Image-based Navigation and Tracking). SPRINT is based on advanced vision algorithms tightly coupled with 

innovative GNC strategies to achieve accurate station-keeping with a non-communicating leader during operations 

which include formation maneuvering. 

SPRINT design is based on a series of trade studies, including sensor selection, choice of vision processing 

algorithms and hardware, and selection of the most appropriate guidance and control algorithm to assure system 

safety and efficacy using minimal available information and for a range of vehicle capabilities in terms of SWAP 

and flight parameters. For sensors, we have consider monocular cameras of various FoVs. For vision processing we 

focused on feature selection and extraction, and pattern matching for pose estimation. Under this objective, we have 

leveraged our team’s expertise in vision-based GNC [18]-[21],[26],[31],[32] and formation flying 

[16],[18],[29],[30],[33]-[38]. 

For guidance and control (G&C), SPRINT delivers a multi-modal approach to address formation flight with a 

maneuvering leader. The G&C design is a result of several trade studies (effects of time delay due to camera frame 
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rates on the guidance law; minimum camera FoV during target turns at different relative ranges; and camera 

resolution needed for pose estimation at different relative ranges). 

 

Figure 1: SPRINT is multi-modal GNC algorithm for formation flying which obtains the leader information 

using vision only. Different modes of operation are shown in the Figure. 

In Figure 1 we show several stages of formation flying with a non-communicating leader using vision only. The 

mission consists of several stages, starting far away from the leader/target, and ending in a station-keeping mode. 

The corresponding vision algorithms range from early acquisition of a low-contrast, small extent target, to detailed 

target feature extraction as the follower reaches its station-keeping position. Based on this, the SPRINT will be 

implemented in several stages as a multi-modal GNC system:  

 Target Lock: In the first stage, the target is acquired. It appears in the camera frame as a blob, but its relative 

bearing is known. That information is in turn used in the G&C law which adjusts followers heading to coincide 

with the Line-Of-Sight (LOS) angle, and moves towards the target with maximum speed. 

 Closing Stage: In this stage the follower continues to move with maximum speed and along the LOS direction, 

while the vision algorithm computes the range using morphological operators and the known leader size. 

 Station Keeping: In this stage, the GNC law is switched to the station-keeping strategy. The guidance law 

developed in Phase I is based on that developed under the Autonomous Formation Flying Control Technology 

project (an ARO Phase II STTR, demonstrated through piloted simulations at Sikorsky [29]). This control law 

assures that the follower is always within a 60-degree cone aligned with leader’s heading.  

 Intent Prediction: Another possibility is to implement intent prediction based on detecting roll maneuvers. 

Based on the predicted maneuver, a predictive path planning will be implemented before the maneuver has been 

fully developed.  

 
Figure 2: SPRINT system architecture: vision processing information is used for mode selection and guidance 

and control 

The top-level SPRINT system architecture is shown in Figure 2. Key elements of SPRINT include: 

Relative Position Computing Subsystem for a non-communicating aircraft using camera only.  This subsystem 

uses passive optical sensing (EO/IR) to determine the position of the follower relative to the leader. It also 

effectively addresses technical challenges encountered in the use of optical sensors under the varying level of target 

observability and detail in the imagery as the sensor platform approaches the target. This is accomplished by 

implementing a multi-stage vision processing scheme that begins tracking the lead/target vehicle at long range, 

providing bearing-only estimates of relative position, and increases the complexity of relative pose measurements as 
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the sensor platform closes in on the target. When a sufficient number of pixels on target is available, this subsystem 

will extract target features that support 6-DOF pose estimation. The extracted features will be compared to known 

target models or feature patterns to extract a three-dimensional relative pose. 

Mode Selection Subsystem. Based on the results from relative pose and position estimation, this subsystem selects 

an appropriate mode of operation.  

Guidance Law Subsystem. This subsystem uses the estimates generated by the EKF to achieve accurate tracking 

amid target maneuvers. 

Benefits of the Proposed Solution: 

 Tightly integrated camera-based vision with GNC for formations of followers tracking a non-communicating 

maneuvering leader. The main benefit of this technology is that the formation can readily include different types 

of vehicles without the need for developing expensive inter-vehicle interfaces. In the current state-of-the-art, 

full communications are assumed. The full communication case will also be used as the baseline and 

performance metrics to explore how SPRINT will fare with respect to the ideal case. 

 Use of an innovative tracking algorithm tightly integrated with state estimation to achieve accurate target 

tracking. 

II. Detailed Description of the Technical Approach 

In this section, we describe the SPRINT algorithms and a simulation environment, followed by a description of the 

trade studies performed in Phase I, and the results of simulation and lab testing. 

A. SPRINT Guidance Law 

Station-keeping with a leader using vision-only is a challenging problem. The station-keeping objective is often 

specified by the desired follower position defined in terms of a cone and a sector of a cone annulus. For instance, in 

a 2D case, the objective is to stay within the shaded area from Figure 3 for all time. 

 

Figure 3: Desired location of the follower inside a 2D cone behind the leader is within the shaded area 

This section aims to present station-keeping analysis using simple dynamic models in terms of the robustness to time 

delay for different operating conditions and different leader’s capabilities.  
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B. Notation 

The following notation is chosen: 

Notation Description Units 

,,L L Lx y z , 

,,F F Fx y z  

Position coordinates of the leader and follower vehicles 

in the Inertial Frame 
m 

,L Fv v  Leader’s and follower’s speeds m/s 

,L F   Leader’s and follower’s heading angles rad 

,L F   Leader’s and follower’s flight path angles rad 

L  Leader’s turn rate 1/s 

  Relative azimuth angle rad 

  Relative elevation angle rad 

r  Relative range m 

r  Desired relative range m 

r   Relative range error: r r r     m 

r  Allowed perturbation w.r.t. the desired relative range m 

C. Dynamic Model 

The following model is assumed for the leader and follower vehicles: 

Leader’s Dynamic: 
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Follower’s Dynamics: 
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where ( ) 0k    are time constants and subscript “c” denotes commands. This model is similar to that from [40], and 

combines 3D kinematics with simple first-order dynamics for ,V   and  . 

D. Leader’s Maneuvers 

We will focus on the case when the leader switches between 0   (straight flight) and i    at some time 

instants, where | |i max  . Further, it is assumed that the turns are similar to the standard turn, i.e. 

 0( ) (0) ( ),L Lt t t        
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i.e. ( )t  changes linearly with time between the switching instants. By combining the switching time between the 

straight flight and turns, a number of interesting trajectories can be generated. We note that in the 3D case, a similar 

model can be implemented for the flight path angle, resulting in a rich set of 3D trajectories. 

We next explore the way the 60-degree cone moves with the leader in the 2D case. The 60-degree cone is defined 

behind the leader (attached to its tail), and is symmetric w.r.t. to a line which coincides with leader’s heading. As the 

leader flies straight and/or turns, the corresponding evolution of the 2D cone through time is shown in Figure 4. 

 

Figure 4: 60-degree conical sets behind the lead vehicle 

The general requirement is to design a guidance law which will keep the follower close to the desired relative 

distance while staying within the 60-degree cone. However, for vision-only guidance, an additional requirement is 

that the followers heading angle is close to the line-of-sight angle, which assures that the leader is within the 

follower’s camera field of view for all time. 

E. Guidance law 

To define the guidance law, we first define the quantities from Figure 5. 

 

Figure 5: Definition of the relative range and relative azimuth and elevation angles 

From the figure we have: 
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It is noted that the relative elevation angle coincides with the line-of-sight angle. 

We choose the guidance law for the follower as a solution to the following optimization problem: 
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Minimize: ( ) ( )T TQ G uGu u u R    

under constraints || | , | du u u u  , where 
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This problem can be solved using Quadratic Programming. In the unconstrained case, the guidance law is of the 

form: 

 
1) .( T TQG Ru QG G   

This Guidance Algorithm is referred to as the One-step-ahead Optimal Guidance Law (O2GL) [41]. 

 

F. State Estimation 

Given the leader and follower states, we define relative positions in Cartesian coordinates as: 

 

cos( )cos( )

cos( )sin( )

sin( ),

x r

y r

z r

  

where L Fx x x   , L Fy y y   , L Fz z z   , r  is the relative distance and   and  are relative 

azimuth and elevation. 

One common assumption is that ,r   and  are corrupted by additive measurement noise, i.e.  

 

,

m r

m

m
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v
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where we assume 
2~ (0, )r rv N  , 

2~ (0, )v N  , and 
2~ (0, )v N  . 

 

The corresponding measurements in the Cartesian coordinates are of the form: 
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It is seen that the noises on variables in spherical coordinates are assumed Gaussian and independent. The question 

that we will address here is as to how do these noises  propagate into the Cartesian space through the nonlinear 

transformation. 

 

Our analysis approach is based on linearizing ( , , )m m mx y z  around ( , , )r  . The resulting equations are of the 

form: 
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where m rr r r v    , m v      , m v    , and 
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Hence the approximate measurement equation in Cartesian coordinates is 

 

 ( , ) ( ) .

m r

m rot r

m
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It is seen that the uncertainty in Cartesian coordinates depends on the current range, and bearing and elevation 

angles. 

 

Let ( , , ) ( , ) ( )rot rM r R R r  . Since measurements in the spherical coordinates are assumed independent, 

their covariance matrix is of the form: 
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Then the state-dependent measurement covariance matrix in Cartesian coordinates is of the form: 

 ( , , ) ( , , ) ( , , ).T

CR r M r RM r   

This CR  should be used in the state covariance update in the nonlinear filter. However, since ( , , )r   are not 

available, we can either use measurements ( , , )m m mr  , or, which is usually a better solution, ˆˆ ˆ( , , )r   that are 

generated using: 
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2 2 2ˆ ˆ ˆ ˆ( ) ( ( ) ( )) ( ( ) ( )) ( ( ) ( ))
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Now the above noise covariance matrix is used at every instant in the state covariance update equations.  

 

Model of Leader Dynamics: Since, in the case when the leader’s size is known, the image processing algorithm 

provides the estimates of ( , , )L L Lx y z , we choose a model which can be used to estimate positions and speeds in 

the inertial frame. 

 

The model chosen is the White Noise Acceleration Model (WNAM) [40] and is of the form: 

 
x Ax w

y Hx v
  

where [ , , , , , ]L L L L L Lx x y z x y z , y  are system measurements,  ( , , )CR r  is the measurement covariance 

matrix (in Cartesian coordinates), ~ (0, )Cv N R , ~ (0, )n N Q , Q is the process covariance matrix, , and 

 
0

, [ 0]
0 0

I
A H I . 

This model is used in our state estimation scheme. 

 
State Estimator: Our state estimator update is given as follows: 

 
1

ˆ ˆ( ) ( 1)

( ) ( 1)

ˆˆ ˆ( ) ( ) ( ( ) ( ( ), ( ), ( )))

ˆ ˆ ˆ( 1) ( ) ( ( ))

( 1) ( ( ) ) ( )

D

T

D D

T T

C

x k A x k

P k A P k A Q

K k P k H HP k H R r k k k

x k x k K y Hx k

P k I K k H P k

  

where DA I tA   and t  is sampling time. 

G. Simulation Environment and Vehicle Dynamics and CAD Models 

In order to create training and testing data for station keeping, we have been using FlightGear flight simulator and its 

photorealistic rendering capabilities. SSCI has the FlightGear source code which is run on a dedicated machine with 

an appropriate video card. 

 

The rendering parameters that can be varied in FlightGear are as follows: 

 Target aircraft pose and relative camera pose in 6-DoF. 

 Camera field-of-view. 

 Lighting based on time of day and location. 

 Visibility conditions. 

 Presence of the aircraft and/or background.  

Several examples of FlightGear rendering are shown in Figure 6. 

https://en.wikipedia.org/wiki/FlightGear
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We have generated a large number of samples by varying all of the above parameters within ranges that are relevant 

to station keeping operations. In order to enhance the richness of the data, we have mixed images of aircraft 

rendered on a solid-colored (chroma key) background with images of various backgrounds. This has resulted in a 

database of training and testing data suitable for Machine Learning and for performance evaluation. 

 

Figure 6: A selection of three aircraft rendered under various weather, lighting, and pose conditions in 

FlightGear. 

Vehicle dynamics for both leader and follower is implemented using the model described above. \ 

 

H. Background Imagery Generation 

In order to create test imagery with ground truth knowledge of the model aircraft and its background, we 

implemented the following: 

1) The model aircraft is rendered at a resolution of 256x256 pixels with a black background at 5 deg orientation 

increments from -30deg to +30deg in each of roll, pitch, and yaw. (In the future, we plan to reduce the increments to 

1deg.) 

2) The rendered model is then randomly scaled by factors in the range of 0.8 to 1.2 and translated within the 

thumbnail by random factors that keep its wingtips within view. 

3) We then sample from a database of about 100 large-format forward-looking aerial images collected from web 

searches. The samples are 64x64 pixel thumbnails with randomized position, orientation, and scale. The color 

channels are then multiplied individually by randomized factors in the range 0.95 to 1.05; 

4) Using the black background of the aircraft model as a chromakey, we compute a background ratio image with 

smooth transitions at the aircraft edges. 

5) The background samples are scaled up to 256x256 pixels, mixed with the model image using the background 

ratio, and then the mixed image is scaled back down to 64x64 pixels. 

6) Finally, quantized salt and pepper image noise is added. 
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This procedure creates diverse images in which it is sometimes difficult, but not impossible, for a human to detect 

the aircraft. Though we have not yet shown that our specific DCNN approach can track aircraft with natural 

backgrounds, DCNN's in general are beginning to perform as well as humans at this type of task. 

The following figure shows sample results for background generation, and the technique that we used can generate a 

virtually unlimited set of unique and statistically relevant images to meet the demand for training ML algorithms. 

 

 

Figure 7: Selected pose images. Under the project, several thousand images were generated for three aerial 

vehicles 
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III. Trade Studies 

Design of a vision-only guidance system for formation flying is a highly complex and challenging problem. It 

depends on many factors that are highly inter-related and result in complex constraints. 

The trade spaces and their inter-relationships are shown in Figure 8.  

 

Figure 8: Trade spaces for vision-only guidance and their inter-relationships 

In order to address this complexity, in Phase I we have performed several trade studies to explore the space of the 

system design parameters and arrive at some preliminary designs. These trade studies are listed below: 

1. Effect of time delay on guidance. The motivation for this study comes from the fact that, in vision-only 

guidance, image processing system introduces a delay into the feedback loop. We hence wanted to first study 

the effect of this delay on the closed-loop performance. 

2. Effect of leader maneuvers. This was an interesting study to explore the space of desired following distance, 

camera filed-of view, and leader maneuvers under different speed and leader capabilities.  

3. Effect of camera parameters. One of the issues in vision-only guidance is the number of pixels on target (POT) 

needed to accurately estimate its pose. The study focused on this parameter in the case of different camera 

resolutions and following distances. 

We also explored several performance metrics relevant for this problem. 

System-level Metrics: This metrics is expressed in terms of the station-keeping error during straight flight and 

maneuvers (the requirement is to be within the 60-degree cone and within a desired relative range bounds). Derived 

metrics is the desired relative range, and desired relative range bounds. 

From the system-level metrics we derived the following component-level metrics: 

 Pose estimation error, in terms of the estimate of leader-follower relative orientation accuracy. During testing, 

this measure has been compared to true relative orientation. 

 Station-keeping error in the camera frame, i.e. error of the follower relative to the leader in  terms of the desired 

relative azimuth and elevation angle, as a function of range. 

 Relative range error w.r.t. the desired value. 

 Relative error between follower’s heading and relative bearing (line of sight angle). 

A. Effect of time delay on guidance 

The main objective of this trade study is to evaluate the performance of the O2GL under time delay in the feedback 

loop. Such a delay can mainly be due to the computation requirements for the image processing subsystem. 

We next list constraints that will be evaluated under the time delay:  
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Variable Objective Remark 

Error between F  and  : 

F      
| |

2

FOV
   

Highly critical constraint (avoid 

losing the leader from the FOV) 

Error between the relative 

distance r and desired 

distance r : r r r    

| |r r    

Moderately critical constraint if 

r r r  , highly critical if 

r r r  (collision danger) 

Follower’s position 

[ , , ]T

F F F Fp x y z  
Cone( , 30 , ), o

F L Lp p r r     
Moderately critical if the other two 

constraints are satisfied 

Simulation Experiment: For the lead aircraft, we consider flight regimes associated with the C-130 specifications. 

While there are several versions of this aircraft, for the simulation purposes we will assume that the maximum cruise 

speed is 324 knots, while maximum cruise speed at low altitude is 292 knots. Also, minimum cruising speed at low 

altitude is assumed to be 250 knots. One of the versions of the aircraft has the maximum bank angle of turn of 20 

degrees. We will assume that the bank angle can go up to 35 degrees. 

For the turn rate L  we use a standard formula relating L with the bank angle  : 

 
9.805tan( )

L

Lv


  . 

We can now define simulation cases for different turn rates listed in Table 1. 

Table 1: Different turn rates of the lead aircraft as a function of speed and bank angles 

Bank Angle 
Cruising Speed 

250 kts (128.61 m/s) 

Cruising Speed  

290 kts (149.2 m/s) 

Cruising Speed  

324 kts (166.68 m/s) 

10o
  0.0134 0.0116 0.0104 

15o
 0.0204 0.0176 0.0158 

20o
 0.0277 0.0239 0.0214 

25o
 0.0356 0.0306 0.0274 

30o
 0.0440 0.0379 0.0340 

35o
 0.0534 0.0460 0.0412 

 

Assumptions: We make the following assumptions: 

 Follower’s speed is greater than or equal to that of the leader. While this assumption appears restrictive, we note 

that station keeping is not possible if the followers speed is lower than the leader’s. With lower speed it is 

possible to intercept the leader for some initial conditions, but not to achieve station-keeping.  

 Follower’s turn rate is greater than or equal to that of the leader. This assumption enables the feasibility of the 

station keeping task under leader’s turns. 

Free Design Variables: We now evaluate the performance of the guidance law while varying: 

 Time delay in receiving leader aircraft’s information by the guidance law. 

 Desired following distance. 

 Leader’s speed, turn rate, climb/descent rate, and acceleration/deceleration. 

Simulation Parameters: Simulation is run with above described dynamic models for the leader and follower. Step 

size is chosen as 0.01t   seconds. The leader’s trajectory is shown in Figure 9. Elements of the guidance law 

that are fixed for the simulation include saturation bounds for the follower’s speed, and guidance law gains. 
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Figure 9: Leader's trajectory for the simulation with v  = 166.68L  m/s and 0.0525   1/sec. 

Experiment #1: r  as a function of time delay in cruise condition 

We first simulated a simple scenario: straight flight for three different speeds, and under variations of the time delay 

from 0.01t    seconds to 0.5   seconds. The results are shown in Figure 10. It is seen that the time delay 

results in the follower falling behind the leader. This is clear from the physics of the problem, since the feedback law 

continuously acts upon the delayed information. The error increases as the delay is increased. We also note that the 

guidance law assures that the error between the follower’s heading the line-of-sight angle is identically zero during 

cruise. 

 

Figure 10: Effect of time delay on r during cruise. 

This simple analysis motivates the use of predicted information in the guidance law. 

Experiment #2: r  as a function of time delay during turns 

We next simulated the case when the leader turns with 0.0525  1/sec. The results are shown in Figure 11 and 

Figure 12. It is seen that the range error is more or less the same as in the cruise condition, while the angular error is 

small. 
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Figure 11: Effect of time delay on r  for 0.0525  1/sec 

 

Figure 12: Effect of time delay on   for 0.0525  1/sec 

Our next experiment was with a half of the turn rate, i.e. for 0.0262  1/sec. The results are shown in Figure 13 

and Figure 14. It is seen that the range error remains approximately constant, while the angular error is smaller. In 

general, the worst case is for maximum speed of the leader and its maximum turn rate. However, even in that case 

the angular error is small and the guidance law assures that the leader is comfortably within the field of view of 

the follower. 

 

Figure 13: Effect of time delay on r  for 0.0262  1/sec 
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Figure 14: Effect of time delay on   for 0.0262  1/sec 

Simulations were repeated for different climb/descent rates and different accelerations and decelerations of the lead 

vehicle, and very similar results were obtained. 

Conclusions: In this section we described a simplified analysis of the effect of time delay on the performance of the 

guidance law. The main objective is to find the maximum time delay that the guidance law can reasonably tolerate. 

The resulting time delay can then be assigned to the image processing module as the upper bound on the computing 

requirements. 

While the analysis has been performed using simplified dynamic model of the leader and follower and under several 

simplifying assumptions, it nevertheless gives as an initial insight into the dependencies between different variables, 

and points at the ways the time delay can be overcome using predictive control.  

B. Effect of target maneuvers 

The main objective of this part of the study is to relate the camera parameters to target maneuvers and find 

conditions under which the follower will lose the target from the field of view under turns, ascents/descents, and 

accelerations/decelerations. In order to achieve this objective, we first consider camera parameters. 

Camera Parameters 

The field of view (FOV) is an important parameter that affects how far the camera can see. FOV is the amount of a 

given scene captured by the camera, and is defined in the horizontal and vertical directions by its width and height as 

FOVW  and .FOVH  The Angle of View is the angle between the lines defining the FoV. FOV is determined by three 

elements: lens, sensor format within the camera, and the camera zoom position in relation to the scene. A larger 

FOV generally results in the target object being relatively smaller. 

 
 

 

Fixed Focal lengths are 8mm, 16mm, 25mm, and 50mm. Sensor size is obtained by multiplying the pixel size with 

the camera resolution. 

 

Figure 15: Definition of Camera Parameters 
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Pinhole Camera Model  

The pinhole camera model describes the mathematical relationship between the coordinates of a point in three-

dimensional space and its projection onto the image plane of an ideal pinhole camera, where the camera aperture is 

described as a point and no lenses are used to focus light. The model does not include, for example, geometric 

distortions or blurring of unfocused objects caused by lenses and finite sized apertures. It also does not take into 

account that most practical cameras have only discrete image coordinates. This means that the pinhole camera model 

can only be used as a first order approximation of the mapping from a 3D scene to a 2D image. Its validity depends 

on the quality of the camera and, in general, decreases from the center of the image to the edges as lens distortion 

effects increase. 

Some of the effects that the pinhole camera model does not take into account can be compensated, for example by 

applying suitable coordinate transformations on the image coordinates; other effects are sufficiently small to be 

neglected if a high quality camera is used. This means that the pinhole camera model often can be used as a 

reasonable description of how a camera depicts a 3D scene. 

Even though the true pinhole camera inverts the original image, for convenience the setup from Figure 16 is 

commonly used. 

 

Figure 16: Pinhole Camera Model Quantities 

Perspective Projection: Any 3D point P in the (XYZ) coordinate frame projects to a 2D point p in the (x,y) 

coordinate frame: 

 ,
X u Y

Z f Z f


  , 

i.e. 

, .
X Y

u f f
Z Z

   

To see the effect of this transformation to two vehicles in motion, we consider a simple case when both vehicles are 

moving to the right, i.e. 

( ) (0) , ( ) 0,

( ) (0) , ( ) 0,

F F F F

T T T T

x t x v t y t

t x v tx y t

  

  
 

where we assume that 0(0) (0)T Fx x r  , and ( ) ( ) ( ) ( )T FZ t r t x t x t   . For simplicity we choose 

(0) 0Fx  . Hence 0 (0)Tr x . We now have 

0

( ) ,

( ) ,

F F

T T

x t v t

t r tx v
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Let us further assume that the target is a rectangle of the width oX  and height oY , and that it is in the center of the 

image plane. We next note that the distance Z  from the camera to the target is 

0( ) ( ) ( ) ( )T F T FZ t x t x t r v v t     . Since X  and Y  in the world frame are constant, we have 

 

2 2

0

2 2

0

( )

( ( ) )

( )

( ( ) )

c c T F

T F

c c T F

T F

X f V V
u Z

r V V t

f V V
Z

r V V t

X
f

Z

Y Y
f

Z



   

 


   

 

 . 

Hence the target will appear smaller in the image frame when T FV V , and vice versa. 

C. Target Maneuvers 

In this section we will focus on the target maneuvers, including turns, ascent/descent and acceleration/deceleration. 

The objective is to establish a relationship between maneuvers and the camera field of view (FoV). 

(i) Target Turns 

In this case the setup is shown in Figure 17. Initially, both aircraft are in a cruise condition. At distance 0r  from the 

follower the target initializes a turn with a turn rate T . It is assumed that the SPRINT system can detect the turn 

after T  seconds. The objective of the analysis is to find the maximum value of T  for which the target is still within 

the camera FoV. After the turn has been initiated, the follower is still going straight while the target is turning. 

Hence the follower will be gaining in the x-coordinate, while the leader will be gaining in the y-coordinate. Hence 

the following distance before turn detection is time varying. 

 

Figure 17: Target turn analysis (bird’s eye view) 

It is assumed that, initially, (0) (0) 0L F   , and L Fv v . The kinematics of the target and the follower 

aircraft is then: 

 

( ) (0)

( ) 0

( ) (0)

( ) 0,

T T T

F

F

T

F F

x t x v

t

x t

t

y

x v

t

t

y

 



 



  

where (0) (0) (0)FTx x r   and 0(0) .r r   
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The target’s kinematics is as follows: 

 
cos( ( ))

sin( ( )),T

T T T

T T T

Tx v t t

y v t t





 

 
  

where Tt  denotes the time instant of the turn. Upon integration of the above equations, we have: 
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( ) ( ) cos( ( ) ( )) cos( ( ))].[

[

T

T
T T T TT T T T T

T

T T T T

T

T
T T T T

v
x

y

t x t t t t t

t y t t t t t
v

  


  


    

    

  

Since ( ) 0T Tt   and ( ) 0T Ty t  , we further have: 
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( ) cos( ( ))].[1
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Corresponding follower’s motion is described by:  

 
(( ) ( ) )

( ) 0.

F F T F T

F

x t x t v t t

y t

  


  

Projection of the Trajectory onto the Image Plane: We next note that  
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To further simplify the computations, we choose 0Tt  , ( ) 0T Tx t  , 0( )F Tx t r  . Hence: 
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v
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We now have: 
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  (0.1) 

It is seen that, if F Tv v , both coordinates will increase since sin( )T Tt t   for all values of arguments. 

We note that these expressions are for the center of mass of the aircraft. We next assume that we have a box around 

the aircraft, as shown in Figure 18. The target height TH  can be increased to accommodate to encompass wing tips 

during turns. In general, using TH  and TW  throughout the maneuver is conservative since this box will rotate and 

its projection onto the image plane will depend on the target’s instantaneous heading angle. Since this is a first 

approximation, we will neglect this effect. 
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Figure 18: Target view in the Image Plane 

Free Design Parameters 

For the camera parameters, we will fix the angular FOV and working distance and run a trade study. Based on the 

results of the study, we will arrive at detailed camera specifications. 

Trade Study 

Given the half-angles HFOV and VFOV , and the working distance 0r , the horizontal and vertical FoV is: 

 02 tan( )FOV HFOVrH   

 02 tan( ).FOV VFOVV r   

We also have that target size satisfies T FOVH H  and T FOVV V . 

FOV in the image plane is now: 

 

( )
( )

( ) .
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FOV
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FOV
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H
u t f

Z t

V
t f

Z t

  

Target’s size in the image plane is now as follows: 

( )
( )

( ) .
( )

T
H

T
V

H
u t f

Z t

V
t f

Z t

 

 

Given the width of the field of view, assuming a left turn, and assuming that the target stays along the vertical line 

during the turn, the problem can be stated as follows: find critical time HT   for which the target edge AB coincides 

with the line CD. The corresponding constraint in the ( , )u   frame is: 

 .
2 2 2 2

FOV FOH V T
T

u Hu H
u f f

Z Z
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From (0.1) we now have 

0 0( )( sin( ) ( )) 2 sin( ).FOV T T T T F T TH v t r v t vH r t      

This is a transcendental equation which can be solved using numerical methods. We used Newton-Raphson method 

which, in most cases, converged after just a few iterations. The solution of this equation is the critical time HT  at 

which the vehicle’s center of mass coincides with the line corresponding to the angular FoV. 

Example 1: To demonstrate the approach, we simulated the motion of the leader and the follower initially flying 

straight at the speed of 168.68 m/s (which corresponds to 324 knots). The following distance is set to 1000 meters. 

At time Tt , the target starts a coordinated turn with 0.0525T   rad/sec (a 2-minute turn). The camera angular 

field of view is 30 ( 15 )o o . According to the above formula, the target will be lost from the field of view at HT  

instants. For the particular scenario in this example, it turns out that 7.75HT   seconds. The geometry of the 

instant when the target is lost from the follower’s FoV is shown in Figure 19. It is seen that the above formula 

accurately captures the instant at which the target is lost from the FoV. 

 

Figure 19: Geometry of the scenario when the target, implementing a coordinated turn, is lost from the FoV 

Accounting for the target’s size 

Previous analysis refers to the center of mass of the target aircraft, and the nose of the follower aircraft (where it is 

assumed that the camera is located). Hence the distance between the camera location and the follower’s center of 

mass needs to be added. The geometry is shown in Figure 19. 

 

Trade Study 

We next use the above approach to explore the trade space of the following quantities and their values: 

 Camera angular FoV ( ,30 45o o  and 60o ); 

 Following Distance (from 10 m to 1000 m); 

 Target’s Speed 

o Large Aircraft: 128.61 m/s (250 knots), 149.2 m/s (290 knots), and 166.68 m/s (324 knots), 

o Group 3 UAV: 36.01 m/s (70 knots), 51.4 m/s (100 knots), and 61.7 m/s (120 knots). 

 Target’s Maximum Turn Rate: 

o Large Aircraft: 3 degrees/second, 

o Group 3 UAV: 10 degrees per second. 

The results of our study are shown in Figure 20-Figure 23. 
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(a) (b) 

  
(c) (d) 

Figure 20: Results for large aircraft for a two-minute turn: (a) )60 ( 30o o

FOV   ; (b) )30 ( 15o o

FOV   ; 

(c) )20 ( 10o o

FOV   ; and (d) )10 ( 5o o

FOV   . 
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(a) (b) 

  
(c) (d) 

Figure 21: Results for large aircraft for a one-minute turn:  (a) )60 ( 30o o

FOV   ;  (b) 

)30 ( 15o o

FOV   ; (c) )20 ( 10o o

FOV   ; and (d) )10 ( 5o o

FOV   . 
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Figure 22: Results for Group 3 UAS for 12o
/sec turn rate:  (a) )60 ( 30o o

FOV   ;  (b) 

)30 ( 15o o

FOV   ; (c) )20 ( 10o o

FOV   ; and (d) )10 ( 5o o

FOV   . 

 

Analysis: As expected, the worst performance (the shortest time before the target is lost from the FoV) is obtained 

for the highest speed and turn rate, and lowest angular FoV and following distance. Reasonable performance was 

obtained for medium FoV and following distance. The time HT  is important since it places an upper bound on the 

detection time of the SPRINT image processing algorithm. 

 

  
(a) (b) 

  
(c) (d) 
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Figure 23: Results for Group 3 UAS for 9o
/sec turn rate:  (a) )60 ( 30o o

FOV   ;  (b) )30 ( 15o o

FOV   ; 

(c) )20 ( 10o o

FOV   ; and (d) )10 ( 5o o

FOV   . 

 

(ii) Other Target Maneuvers 

We performed very similar analysis for the case of target ascents/descents and accelerations/decelerations. This 

analysis was simpler than in the case of target turns. The results are shown in Figure 24 and 25. 

 

 

 

  
(a) (b) 

  
(c) (d) 
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Figure 24: Allowable time delay given deceleration of “fast follower” before overrun 

 

 

Figure 25: Allowable time delay before leader ascends out of view, matched speed 

 

D. Effect of Camera Parameters 

Our next trade study was focused on the tradeoffs between the camera resolution and FoV vs the maximum range 

and number of pixels on target. The results are summarized in the Table 2. 

 

Table 2: Results of the trade study 
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To generate the table, we used the example requirement that the minimum desired number of pixels on target (PoT) 

is a = 1200, and fixed values for the aircraft height to width ratio of 1/ 3q   and wingspan of 40w  meters. 

Then the actual number of pixels on target is computed from: 

, 

where N is the horizontal camera resolution in pixels and   is the horizontal FoV in radians. 

The reason for choosing 1200 PoT as a minimum is clear from Figure 26 as at lower PoT the wing cannot be 

distinguished from the background. 

 

Figure 26: Effect of minimum Pixels-on-Target on the discernibility of wings in image 

Table 2 gives the following ranges at which this minimum number of PoT is achieved for different vehicle 

wingspans. It is seen that a 4K camera gives reasonable following ranges. 

Conclusions: The trade studies addressed the time delay in the guidance law, target maneuvers and camera 

parameters. This study has given us a thorough insight into the space of system variables, and is very useful for 

system design described in the next section. 

IV. Image processing Approach 

SSCI has developed a visual tracking methodology that uses Machine Learning to estimate the multi-DoF error in a 

given set of relative pose parameters while suppressing the effects of background and lighting variations. This 

methodology originated from our work on visually tracking ants, where we trained a neural network to virtually 

“click” on 2 control points representing the head and tail of each ant. The algorithm exceled both in terms of 

accuracy and in rejecting background clutter. 

The algorithm uses two input images, one from the previous time frame and one from the current time frame to track 

the frame-to-frame motion of the object of interest, in this case an aircraft. Both input images are cropped using the 

given previous estimate of position, orientation, and scale of the aircraft. The algorithm ultimately outputs an 

estimate of the absolute 6-DoF pose of the aircraft, but it does so indirectly. There is an intermediate stage that 

estimates the locations of 4 specific points on the 3D bounding box of the aircraft projected to the image plane. 

These points are illustrated in Figure 27. 

The algorithm uses a Machine Learning toolbox to train a neural network that relates images of aircraft to each of 

the 4 control point distributions in the 2D image plane. The true locations of the control points are known during 

training. Internal to the neural network, image regions corresponding to the background are suppressed and regions 
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corresponding to the aircraft are used to learn visual features that identify each of the 4 control point distributions. 

This can be implemented using a single network with 4 output distributions or with 4 separate networks, each having 

one output distribution. The interpolated peak of each distribution is selected to represent the control point. And 

finally, the images of the four control points are used to reconstruct the 6-DoF pose. 

 

Figure 27: Illustration of an aircraft's 3D bounding box and 4 virtual control points sufficient to define the 6-

DoF position and orientation of the aircraft. None of the points need to be on the aircraft itself. 

Once a vehicle model has been pushed through the machine learning framework, then testing data can be used to 

verify how well the vision-based pose estimator has been learned. In Figure 28, truth is in brown, while the estimate 

is in green. 

 

Figure 28: Determining accuracy of the pose estimation 
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A. Image Processing Results 

Our approach is invariant to different vehicle geometries. While initial analysis and design used F16, we also ran 

training on FlightGear models of Cessna 172 and C130 and obtained consistent results, see Figure 29.  

Over a set of 500 independent frames, the standard deviation for the 6DoF estimates (across target types) were 

computed to be: 

Relative Azimuth = 0.013o
 (within 1 pixel) 

Relative Elevation = 0.013o
 (within 1 pixel) 

Relative Range = 5.1%  

(absolute distance varies subject to camera field of view and actual distance) 

Standard deviations for the attitude angles were obtained as follows: 

Relative Roll = 3.5 degrees 

Relative Pitch = 2.7 degrees 

Relative Yaw = 2.2 degrees 

 

Figure 29: Vision processing models for different aircraft 

While the target attitude angle errors appear large, we note that these angles are not used in our guidance law. 

V. System Integration and Simulation Testing 

Under this task we integrated our image processing algorithms with the state estimator and guidance law in 

MATLAB. During this process, the main advantages of our approach were emphasized – the approach provides 

measurements which are consistent with what the guidance law expects, and the remaining variables used in the 

guidance law are obtained from the state estimator. Hence the synergy between image processing, state estimation 

and guidance is the key feature and main advantage of our approach. 

The main issue encountered during system integration are coordinate frames used for image processing and 

guidance, and it took some time to arrive at consistent coordinates. Otherwise, the integration was fairly 

straightforward. 

Simulation Study 

Leader aircraft trajectory: While climbing from 10000 to 10700 meters: 

 Go straight for 10 seconds  

 Bank left for 30 seconds 

 Bank right for 30 seconds 

 Go straight for 10 seconds 
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Figure 30: Example scenario: Target's trajectory 

 

Figure 31: Simulation results in FlightGear 

This simulation uses the exact leader state to illustrate the aircraft model and guidance law performance in the 

absence of noise. 
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Figure 32: Simulation results with ideal leader's state 

This simulation uses artificial noisy measurements and an EKF to illustrate system performance without including 

the camera simulator and visual tracker in the loop. 

 

Figure 33: Simulation Results: Noisy leader's measurements 

This simulation uses realistic camera simulation, a visual tracker, and an EKF to illustrate system performance. 

The visual tracker needs improvement to reduce biases, but the filter handles the noise well overall. 
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Figure 34: Simulation results: Response with a simulated camera measurements 

 

VI. Conclusions 

Under a recent DARPA project, SSCI performed initial design and testing of an innovative tightly-coupled vison 

and GNC system for follower vehicles to achieve safe approach and station-keeping with the lead vehicle within 

some range tolerance and inside a 60 degree cone, under leader maneuvers and vehicle capability constraints. The 

resulting system is referred to as the SPRINT (Station-keeping using Perception and Relative Image-based 

Navigation and Tracking), and is an autonomous system whose role is to safely and efficiently transition the 

follower vehicles from some known initial positions to station-keeping, and maintain the desired separation under 

lead vehicle maneuvers using vision only.  

The work described in this project specifically focuses on trade studies for performance analysis of the integrated 

system under different vision system properties and constraints, leader and follower vehicle capabilities, and 

characteristics of the proposed GNC algorithms under lead vehicle maneuvering. The trade studies included the 

effect of time delay, effect of target maneuvers, and the effect of camera parameters. 

Under the project, we have developed system architecture, requirements and metrics; vision-based algorithms for 

position and pose estimation; and guidance and control algorithms for safe approach and station keeping with the 

maneuvering leader. 
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