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Abstract

The primary objective of this work is to fill in gaps and explore an alternate way of solving the 3
DoF rocket-powered landing problem presented in the 2016 AIAA paper by Szmuk, Ackimese, and Berning
using successive convexification (SCvx). In the original paper, CVX, an automatic parsing package, was
used to transcribe the high-level trajectory optimization problem into a format that could be read by a
conic solver. The parsing step, generally computationally intensive, is hidden from the user. The use of
CVX is sufficient for the generation of trajectories off-line due to the lack of runtime and flight software
implementation constraints. For on-line applications, it is necessary to parse the problem for flight software
implementation. References on hand-parsing powered descent guidance (PDG) problems are sparse. In this
Tech Memo, the process of transcribing the 3 DoF PDG problem into the format required by MATLAB’s
built-in second-order cone solver, coneprog.m, is presented in detail. Due to the abridged 3 DoF dynamics
and the relatively simple nonlinearities, this reference is the natural starting point for anyone interested in
grasping the concepts behind SCvx pertaining to PDG and the parsing step. Simulation results shown in
this report were independently created by solving the problem using coneprog.m. The intent of this memo
is to serve as a supplemental material to the original paper by breaking down the concept behind successive
convexification and shed light into the parsing process. Readers are encouraged to first familiarize themselves
with the material laid out in the original reference.
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Selected Nomenclature

Symbols

x̃ Vector that contains all optimization variables
X State vector for the entire discrete trajectory
T Thrust, N
aR Synthetic acceleration, m/s2

Γ Thrust magnitude slack variable
κa,R Synthetic acceleration slack variable
κa,R Vector containg synthetic acceleration slack variables
∆t Discretized sample time, s
N Number of temporal nodes
M , Υ Matrices that pull out elements of a vector
γ Glidescope angle, deg
θ Vehicle pointing angle with respect to vertical, deg
Ψ Generic representation of the state and control values at nodes k and k + 1
η Trust region variables
w Cost function weights
1 Identity matrix of the appropriate dimension
nx Number of states
nu Number of inputs
np Number of pseudo inputs
||x|| 2-norm of a generic vector

Subscripts

i ith iteration
kf Final node

Superscripts

−1 Inverse
T Transpose

Acronyms

LCvx Lossless Convexification
SCvx Successive Convexification
SCP Sequential Convex Programming
SOCP Second-order Cone Program
LTV Linear Time Varying
gs Glidescope
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1 Introduction

1.1 Purpose

The seminal paper by Szmuk, Acikmese, and Berning in 2016 [1] on the application of successive con-
vexification (SCvx) to the 3 DoF rocket powered landing problem introduced a new paradigm in the field of
real-time trajectory optimization. Reference [1] builds off the theory behind lossless convexification (LCvx)
and uses sequential convex programming (SCP) for trajectory optimization in the presence of nonlineari-
ties and non-convex constraints. The SCvx method is far more general compared to LCvx and solves the
discretized convex problem in the local neighborhood where the linearization is accurate. The problem is
re-linearized about the new solution and the process is repeated until a set of stopping criteria has been
met [2]. Ensuing publications over the past 6+ years have extended the SCvx algorithm outlined in Ref. [1]
to include rotational dynamics and additional constraints.

Many major aerospace companies including SpaceX, Blue Origin and Astrobotics have already embraced
leveraging the power behind convex optimization. Since 2015, SpaceX has relied on high-speed onboard
convex optimization algorithms for the Falcon 9 booster landings [3]. Similiarly, Blue Origin is looking at
using lossless convexification and dual quaternion guidance for lunar powered descent guidance [4,5]. Despite
the disruptive and emerging nature of the SCvx algorithm for the purpose of trajectory generation, it is still
an active area of research [2, 6]. Furthermore, expertise in this area within NASA appears to be sparse at
best.

Due to the abridged 3 degree-of-freedom (DoF) dynamics and the relatively simple nonlinearities associ-
ated with the aerodynamic drag term and mass depletion, Ref. [1] is the natural starting point for anyone
interested in grasping the concepts and procedures involved with SCvx and its application to trajectory
generation for powered descent. The primary objective of this work is to provide details into the successive
convexification procedure and shed light onto the parsing process which involves transcribing the high-level
trajectory optimization problem, involving multiple equality, inequality, and second-order cone constraints,
into a standard format that can be fed to the conic solver. This is step is generally hidden to the user when
using an automatic parsing package such as CVX. A MATLAB implementation of the problem using the
built-in coneprog.m function is available to interested readers. The overall intent is to share knowledge and
foster research/development in this field within the NASA GN&C community. Note: the intent of this TM is
to serve as supplemental material to Ref. [1]. Readers are encouraged to first familiarize themselves with the
concepts presented in Ref. [1]. Nomenclature used in this TM is consistent with Ref. [1] where applicable.

The TM is organized as follows: the remainder of Sec. 1 provides background information on the structure
of the second-order cone programming (SOCP) solver in MATLAB and propagation of a general linear-time
varying (LTV) discrete-time system. Section 2 provides detailed descriptions of the 3 DoF continuous-
and discrete-time dynamics described in Problems 1–3 of Ref. [1]. Section 3 covers details involving the
first iteration, or Problem 4 of the SCvx algorithm. Section 4 addresses the detailed formulation and
implementation of the optimal control problem in subsequent iterations, or Problem 5. Independent results
of the example provided in Ref. [1] are shown in Sec. 5 for verification purposes. Section 6 provides comparison
between SCP solution with QuickShotTM, a commercial trajectory optimization software, based on nonlinear
programming methods. Section 7 provides a comparison between the SCP solution and the polynomial E-
guidance used during the approach phase on the Apollo missions.

1.2 Second Order Cone Programming in MATLAB

As described in Ref. [1], the discretized parameter optimization problem including the dynamics along
with the various state, control, and trust region constraints are formulated as a sequence of SOCP. There are
many software packages available for solving SOCP problems such as SDPT3 [7], SeDuMi [8] and MOSEK [9].
The use of a parser such as CVX [10] can then be used as an interface allowing these solvers to be used
within the MATLAB framework. MATLAB version R2020b introduced the function coneprog.m [11] as part
of the Optimization Toolbox which enables SOCP optimization problems to be solved in MATLAB, using
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built-in capabilities, without the need for third-party software. While the use of coneprog.m avoids the need
to use additional software within MATLAB, the trajectory optimization problem must be hand-parsed into
a standard form.

In order to use the coneprog.m solver, the optimization problem must conform to the format specified in
the function documentation. The solver minimizes the objective function,

min
x̃

fT x̃, (1)

where x̃ is a vector containing all of the variables over which the objective function is optimized and f is a
vector of the same dimension as x̃ that encodes the cost associated with a particular solution. The objective
function is minimized subject to second-order cone (SOC) constraints, linear equality, and inequality in-
equality constraints while also ensuring that the optimization variables are within specified lower and upper
bounds. The SOC constraints must of be the form,

||Asc(i)x̃− bsc(i)|| ≤ dsc(i)
T x̃+ γsc(i), (2)

while the inequality constraints is expressed as,

Aineqx̃ ≤ bineq. (3)

Similarly, the equality constraint takes the form of,

Aeqx̃ = beq, (4)

and the lower and upper bounds on the optimization vector are expressed as,

x̃min ≤ x̃ ≤ x̃max, (5)

where x̃min and x̃max are vectors containing the lower and upper bounds on the optimization variables,
respectively.

While coneprog.m is capable of accepting an array containing multiple SOC constraints, multiple individ-
ual equality or inequality constraints must be stacked to form a single constraint of each type. For example,
a set of Neq equality constraints are arranged as Aeq,1

...
Aeq,Neq

 x̃ =

 beq,1

...
beq,Neq

 (6)

to form a single equality constraint of the form Aeqx̃ = beq.

The primary purpose of this tutorial is to describe the process of hand parsing, or manipulating the
dynamics and constraints, as described in Ref. [1], into the form required by coneprog.m described in this
section and shed light onto the process of successive convexification. The algorithm in Ref. [1] solves two
separate optimization problems: one for the first iteration, referred to as Problem 4, and another for all
subsequent iterations, referred to as Problem 5. As such, Section 3 and Section 4 describe the process of
solving each optimization problem in MATLAB using coneprog.m.

1.3 Global LTV Dynamics

An important step in the discretized parameter optimization problem is the formulation of the linear
time varying (LTV) global dynamics. This detail was left out in Ref. [1]. In order to generate an optimal
sequence of inputs and trajectory, the entire trajectory of the full state vector must be expressible as a
function of the initial condition and the optimization variables. Beginning with a discrete-time linear model
of the dynamics of the form,

x[k + 1] = A[k]x[k] +B[k]u[k] + F[k]p[k] +w[k], (7)
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where k identifies the temporal node in the discrete-time dynamics, A and B are the discrete time matrices
related to the linearized dynamics and the controls. The vector u[k] contains the physical control inputs
involved in propagating the state from node k to node k+1 and depends on how the continuous-time control
is paramerized in discrete time (e.g., a zero-order hold or a first-order hold). The vector p is similar to u
and represents pseudo control terms such as synthetic acceleration which is penalized in the cost function.
w represent any constant disturbances that affects the dynamics. A dynamic model of this form is derived
in Sec. 3 for the first iteration and Sec. 4 for all subsequent iterations. The global expression of the dynamics
is derived by first propagating the initial condition through Eq. (7) to obtain the state at k = 1

x[1] = A[0]x[0] +B[0]u[0] + F[0]p[0] +w[0] (8)

Subsequently, propagate from k = 1 to k = 2 by substituting the expression for k = 1 shown in Eq. (8)

x[2] =A[1]x[1] +B[1]u[1] + F[1]p[1] +w[1]

=A[1] (A[0]x[0] +B[0]u[0] + F[0]p[0] +w[0])

+B[1]u[1] + F[1]p[1] +w[1]

=A[1]A[0]x[0] +A[1]B[0]u[0] +A[1]F[0]p[0]

+A[1]w[0] +B[1]u[1] + F[1]p[1] +w[1]. (9)

Propagate once more to obtain the expression for x at k = 3

x[3] =A[2]x[2] +B[2]u[2] + F[2]p[2] +w[2]

=A[2] (A[1]A[0]x[0] +A[1]B[0]u[0] +A[1]F[0]p[0]

+ A[1]w[0] +B[1]u[1] + F[1]p[1] +w[1])

+B[2]u[2] + F[2]p[2] +w[2]

=A[2]A[1]A[0]x[0] +A[2]A[1]B[0]u[0]

+A[2]A[1]F[0]p[0] +A[2]A[1]w[0] +A[2]B[1]u[1]

+A[2]F[1]p[1] +A[2]w[1] +B[2]u[2] + F[2]p[2] +w[2] (10)

Subsequently, the same procedure can be carried out to obtain the entire time history of x from k = 1 to k
= kf . Equation (11) is a compact representation of the LTV global dynamics. The natural or free-response
is represented by the first term on the RHS, subsequent terms denotes the forced responses. The various
terms in Eq. (11) are expanded in Eqs. (12) – (17).

X = Mx[0] + S1U+ S2P+ S3W, (11)

where

X =

 x[1]
...

x[N − 1]

 ∈ Rnx(N−1)×1, (12)

U =

 u[0]
...

u[N − 2]

 ∈ Rnu(N−1)×1, (13)

P =

 p[0]
...

p[N − 2]

 ∈ Rnp(N−1)×1, (14)

W =

 w[0]
...

w[N − 2]

 ∈ Rnx(N−1)×1. (15)
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and the global dynamic matrices take the form

M =


A[0]

A[1]A[0]
A[2]A[1]A[0]

...∏N−2
j=0 A[k]

 ∈ Rnx(N−1)×nx (16)

and

S1 =


B[0] 0 0 · · · 0

A[1]B[0] B[1] 0 · · · 0
A[2]A[1]B[0] A[2]B[1] B[0] 0

...
...

...
. . .

...(∏N−2
j=1 A[j]

)
B[0]

(∏N−2
j=2 A[j]

)
B[1]

(∏N−2
j=3 A[j]

)
B[2] · · · B[N − 2]

 , (17)

and S2 ∈ Rnx(N−1)×np(N−1) and S3 ∈ Rnx(N−1)×nx(N−1) are obtained by swapping out B[k] in Eq. (17) for
F[k] and 1 respectively.
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2 3 DoF Rocket Dynamics

The heart of solving optimization-based trajectory planning problems is the theory of optimal controls
as described by Problem 4 of Ref. [6]. The goal is to find a set of inputs that minimizes a cost function
while satisfying the system dynamics and various constraints. Hence, the dynamics of the vehicle must
be embedded into the optimization problems. However, continuous-time dynamics result in an infinite-
dimensional optimization problem which is not tractable to be implemented on a computer. Therefore,
the trajectory of the vehicle must be discretized into a finite number of temporal nodes and Problem 4 in
Ref. [6] is solved as a parameter optimization exercise via numerical optimization. This necessitates the use
of discrete-time dynamics to propagate the vehicle state from one node to the next. In order to obtain the
discrete-time dynamics of the rocket, first the continuous-time trajectory of the rocket is divided into N
temporal nodes connected by N − 1 time segments of length ∆t, the discretized sample time. These nodes
are identified by their index, k ∈ [0, kf ], where k = 0 is the initial time of the trajectory and kf = N − 1
represents the end of the trajectory.

The continuous-time 3 DoF dynamics are described in Problem 1 of Ref. [1]. While the zeroth-order-
hold is frequently used in the discretization of continuous-time systems, Ref. [1] makes use of a first-order
approximation on the acceleration of the vehicle in order to improve the fidelity of the discrete-time dynamic
equations. At time t, the acceleration of the rocket is expressed as,

a(t) =
1

m(t)

(
T(t)− 1

2
ρSDCD||v(t)||v(t)

)
+ g, (18)

where m is the vehicle mass, T is the thrust vector, ρ is the density of the atmosphere, SD and CD are the
vehicle cross-sectional area and drag coefficient, respectively, v is the vehicle velocity and g is the acceleration
due to gravity. This expression of the acceleration accounts for a rocket with time-varying mass being acted
on by engine thrust, drag, and gravity. Note: Ref. [1] uses a crude approximation of CD by assuming the
rocket is a sphere which makes incorporation of aerodynamic drag into the 3 DoF dynamics tractable.

The first-order approximation assumes that, at some time t ∈ [0,∆t] seconds after tk but before tk+1 =
tk +∆t (the times that mark the beginning and end of the kth time segment of length ∆t), the acceleration
can be found through,

a(tk + t) ≈ a (tk+1)− a (tk)

∆t
t+ a (tk) . (19)

Integrating this expression gives the change in velocity resulting in,

v(tk + t) = v(tk) +

∫ t

0

[
a (tk+1)− a (tk)

∆t
τ + a (tk)

]
dτ

= v(tk) +
1

2

a (tk+1)− a (tk)

∆t
t2 + a (tk) t, (20)

which describes the velocity during the kth time segment. Integrating the velocity gives the change in position
such that,

r (tk + t) = r(tk) +

∫ t

0

[
1

2

a (tk+1)− a (tk)

∆t
τ2 + a (tk) τ + v(tk)

]
dτ

=
1

6

a (tk+1)− a (tk)

∆t
t3 +

1

2
a (tk) t

2 + v(tk)t+ r (tk) , (21)

which similarly describes the evolution of the vehicle position. Substituting t = ∆t to propagate the state
from tk to tk+1 = tk +∆t gives

v(tk+1) = v(tk +∆t) =
1

2
(a (tk) + a (tk+1))∆t+ v (tk) (22)

while repeating the same process with Eq. (21) gives

r (tk+1) = r(tk +∆t) =
1

3

(
a (tk) +

1

2
a (tk+1)

)
∆t2 + v (tk)∆t+ r (tk) . (23)
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Substituting the notation x[k] = x (tk) gives

v[k + 1] =
1

2
(a[k] + a[k + 1])∆t+ v[k], (24)

and

r[k + 1] =
1

3

(
a[k] +

1

2
a[k + 1]

)
∆t2 + v[k]∆t+ r[k], (25)

where

a[k] =
1

m[k]

(
T[k]− 1

2
ρSDCD||v[k]||v[k]

)
+ g, (26)

which will serve as the discrete-time dynamic model used to optimize the eventual trajectory. It should be
noted that these dynamics are nonlinear due to the time-varying mass term, as well as the squared velocity
in the formulation of the drag term. Additionally, as this is a free final time optimization problem, products
of ∆t also introduce nonlinearities.

The mass of the vehicle is considered as a state along with position and velocity, and is depleted at a
rate dependent on the commanded thrust magnitude. In continuous time, the mass-depletion dynamics are
given by

ṁ(t) = −α||T(t)|| − ṁbp. (27)

The thrust-dependent fuel depletion rate is given by,

α ≜
1

Ispg0
, (28)

where Isp is the specific impulse of the rocket engine and g0 is standard gravity. The term that compensates
for back-pressure losses due to the engine operating in atmosphere is found through,

ṁbp ≜
PambAnozzle

Ispg0
, (29)

where Pamb is the ambient pressure, which is assumed constant, and Anozzle is the area at the exit of the
engine nozzle.

The thrust is interpolated linearly between temporal nodes. As a result, throughout a time segment,
mass will be depleted at a rate equal to the average of the rate at the beginning and end of a time segment,
or,

ṁavg[k] =
ṁ[k] + ṁ[k + 1]

2
= −

[α
2
(||T[k]||+ ||T[k + 1]||) + ṁbp

]
. (30)

Integrating this rate over a time segment leads to the discrete mass-depletion dynamics given by,

m[k + 1] = m[k]−
[α
2
(||T[k]||+ ||T[k + 1]||) + ṁbp

]
∆t. (31)

The discrete time dynamics presented here can also be seen in Problem 2 of Ref. [1]. Subsequently,
in Problem 3 lossless convexification was applied to the non-convex thrust magnitude constraint and the
slack variable Γ was introduced. In order to utilize these dynamics within a convex optimization scheme,
they must first be linearized. The linearization is accomplished differently between the first and subsequent
iterations corresponding to Problems 4 and 5 in Ref. [1], which will be discussed in Sec. 3 and 4.
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3 First Iteration

In the absence of an a-priori estimate of the trajectory, the initial iteration in the trajectory optimiza-
tion problem solves Problem 4 as described in Ref. [1]. This chapter describes, in detail, the process of
implementing the Problem 4 optimization problem in MATLAB using the coneprog.m solver.

While the equations of motion in Eqs. (24)-(26) and (31) are in discrete time, which is required to
propagate the states of the vehicle from one node to another, they are nonlinear and cannot be incorporated
into a convex optimization format without modification. The typical approach would be to linearize these
equations about a reference trajectory. However, for the first iteration of the optimization algorithm, no such
trajectory is available. Instead, the nonlinearities are removed by assuming linear variations in the mass and
∥v∥ with a guess in the time-of-flight as described in Sec. III.C.4 of Ref. [1] which are denoted by the terms
µ[k] and s[k] respectively.

These simplifications result in a linear discrete-time representation of the dynamics. However, this model
relies on a guess of the final time, which can result in infeasibility as the vehicle may not be able to reach
the desired final state in the allotted time due to state and control constraints. Artificial infeasibility can
also arise due to the use of a linearization to approximate the dynamics. In order to avoid infeasibility, the
dynamics are relaxed through the addition of a synthetic acceleration, aR[k], which can push the vehicle
toward the desired final state.

The first iteration yields a set of thrust commands and the resulting trajectory that takes the rocket to
the desired terminal conditions. However, as a result of the guess on the time-of-flight and the potentially
non-zero synthetic acceleration, the resultant trajectory may not be dynamically feasible. Furthermore, due
to the assumptions and simplifications made in linearizing the dynamics, the optimal thrust commands will
not guide the vehicle along the desired trajectory when propagated through the nonlinear dynamics.

The trajectory obtained in the first iteration serves as a reference about which the dynamics will be
linearized about during the second iteration. Thereafter, the final time of the trajectory will be freed and
included as an optimization variable in order to obtain the optimal final time and a dynamically feasible
trajectory by penalizing the use of synthetic acceleration in the cost function.

3.1 Dynamics

Linearization and Convexification Equations (24)-(26) and (31) represent the discrete-time nonlinear
dynamics of the system. However, due the nonlinearities they cannot be restructured into a format required
by a convex optimization solver. One source of nonlinearity is the presence of ∆t, which is an optimization
variable for the free-final-time problem. This nonlinearity is removed in the first iteration by replacing ∆t
with ∆τ , a constant, hence converting the free-final-time problem to a fixed-final-time problem. The value
of ∆τ comes from an initial guess of the time of flight, tf , using the following relationship

∆τ =
tf

N − 1
. (32)

Furthermore, as discussed in earlier literature [12,13], rocket engines have some minimum and maximum
throttle/thrust magnitude constraints. The minimum thrust constraint is considered non-convex and can be
convexified through the use of a slack variable Γ[k] where

||T[k]|| ≤ Γ[k]. (33)

It can be shown that for an optimal solution, Γ[k] = ||T[k]|| and that an optimal solution for the convexified
problem recovers the optimal solution to the original, non-convex problem. Therefore, Γ can be used as a
proxy for ||T|| in the mass depletion dynamics shown in Eq. (31).

In order to remove the nonlinearity due to time-varying mass, m[k] in Eq. (26) is replaced with µ[k], the
mass along the reference trajectory used in linearization. Similarly, in order to remove the nonlinearity due
to aerodynamic drag, ||v[k]|| is replaced with s[k], the velocity magnitude along the reference trajectory.
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By fixing the final time, removing nonlinearities due to drag and time-varying mass, convexifying the
minimum thrust constraints, and inclusion of the synthetic acceleration term leads to a new set of lin-
ear discrete-time equations of motion shown in Eqs. (34) – (37) that can be incorporated into a convex
optimization solver:

m[k + 1] = m[k]−
[α
2
(Γ[k] + Γ[k + 1]) + ṁbp

]
∆τ, (34)

r[k + 1] = r[k] + v[k]∆τ +
1

3

(
a[k] +

1

2
a[k + 1]

)
∆τ2, (35)

v[k + 1] = v[k] +
1

2
(a[k] + a[k + 1])∆τ, (36)

a[k] =
1

µ[k]

(
T[k]− 1

2
ρSDCDs[k]v[k]

)
+ aR[k] + g, (37)

a[k + 1] =
1

µ[k + 1]

(
T[k + 1]− 1

2
ρSDCDs[k + 1]v[k + 1]

)
+ aR[k + 1] + g.

Velocity Propagation To propagate the velocity forward by one time segment, Eq. (37) is substituted
into Eq. (36) such that

v[k + 1] = v[k] +
1

2
(a[k] + a[k + 1])∆τ

= v[k] +
1

2

(
1

µ[k]

[
T[k]− 1

2
ρSDCDs[k]v[k]

]
+ g + aR[k]

+
1

µ[k + 1]

[
T[k + 1]− 1

2
ρSDCDs[k + 1]v[k + 1]

]
+ g + aR[k + 1]

)
∆τ

Collecting terms gives(
1 +

1

4µ[k + 1]
ρSDCDs[k + 1]∆τ

)
v[k + 1] =(

1− 1

4µ[k]
ρSDCDs[k]∆τ

)
v[k] +

∆τ

2
(aR[k] + aR[k + 1]) + ∆τg +

∆τ

2

(
1

µ[k]
T[k] +

1

µ[k + 1]
T[k + 1]

)
which can be written as

v[k + 1] =
cv[k]

dv[k]
1v[k] +

1

dv[k]

[
∆τ
2µ[k]1

∆τ
2µ[k+1]1

] [
T[k]

T[k + 1]

]
(38)

+
1

dv[k]

[
∆τ
2 1 ∆τ

2 1
] [ aR[k]

aR[k + 1]

]
+

∆τ

dv[k]
g

=Av[k]v[k] +Bv[k]u[k] + Fv[k]prv[k] +wv[k], (39)
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where

cv[k] =

(
1− 1

4µ[k]
ρSDCDs[k]∆τ

)
∈ R1×1, (40)

dv[k] =

(
1 +

1

4µ[k + 1]
ρSDCDs[k + 1]∆τ

)
∈ R1×1, (41)

Av[k] =
cv[k]

dv[k]
1 ∈ R3×3, (42)

Bv[k] =
1

dv[k]

[
∆τ
2µ[k]1

∆τ
2µ[k+1]1

]
∈ R3×6, (43)

Fv[k] =
1

dv[k]

[
∆τ
2 1 ∆τ

2 1
]
∈ R3×6, (44)

wv[k] =
∆τ

dv[k]
g ∈ R3×1, (45)

u[k] =
[
T[k]T T[k + 1]T

]T ∈ R6×1, (46)

prv[k] =
[
aR[k]

T aR[k + 1]T
]T ∈ R6×1. (47)

Position Propagation In a similar way to deriving the velocity propagation equation, Eq. (37) is substi-
tuted into Eq. (35) giving

r[k + 1] = r[k] + v[k]∆τ +
1

3

(
a[k] +

1

2
a[k + 1]

)
∆τ2

= r[k] + v[k]∆τ +
1

3

(
1

µ[k]

[
T[k]− 1

2
ρSDCDs[k]v[k]

]
+ g + aR[k]

+
1

2

(
1

µ[k + 1]

[
T[k + 1]− 1

2
ρSDCDs[k + 1]v[k + 1]

]
+ g + aR[k + 1]

))
∆τ2.

Collecting terms gives

r[k + 1] = r[k] +

(
1− 1

6µ[k]
ρSDCDs[k]∆τ

)
∆τ1v[k]

+
∆τ2

2
g +

∆τ2

3

(
aR[k] +

1

2
aR[k + 1]

)
+

∆τ2

3

(
1

µ[k]
T[k] +

1

2µ[k + 1]
T[k + 1]

)
− ∆τ2

12µ[k + 1]
ρSDCDs[k + 1]v[k + 1],

which, after substituting Eq. (39), can be written as

r[k + 1] =
[
1 cr[k]

] [r[k]
v[k]

]
+
[

∆τ2

3µ[k]1
∆τ2

6µ[k+1]1
] [

T[k]
T[k + 1]

]
(48)

+
[
∆τ2

3 1 ∆τ2

6 1
] [ aR[k]

aR[k + 1]

]
+

∆τ2

2
g

− ∆τ2

12µ[k + 1]
ρSDCDs[k + 1]

(
Av[k]v[k] +Bv[k]

[
T[k]

T[k + 1]

]
+ Fv[k]prv[k] +wv[k]

)

which simplifies to

r[k + 1] = Ar[k]

[
r[k]
v[k]

]
+Br[k]u[k] + Fr[k]prv[k] +wr[k] (49)
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where

cr[k] =

(
1− 1

6µ[k]
ρSDCDs[k]∆τ

)
∆τ1 ∈ R3×3, (50)

dr[k] = − ∆τ2

12µ[k + 1]
ρSDCDs[k + 1] ∈ R1×1, (51)

Ar[k] =
[
1 cr[k] + dr[k]Av[k]

]
∈ R3×6, (52)

Br[k] =
[

∆τ2

3µ[k]1
∆τ2

6µ[k+1]1
]
+ dr[k]Bv[k] ∈ R3×6, (53)

Fr[k] =
[
∆τ2

3 1 ∆τ2

6 1
]
+ dr[k]Fv ∈ R3×6, (54)

wr[k] =
∆τ2

2
g + drwv[k] ∈ R3×1. (55)

Mass Propagation To write the mass dynamics in a useful form, all that is required is factoring Eq. (34)
to obtain

m[k + 1] =m[k] +
[
−α∆τ/2 −α∆τ/2

] [ Γ[k]
Γ[k + 1]

]
−∆τṁbp (56)

= m[k] + Fmpm[k] + wm, (57)

where

Fm =
[
−α∆τ/2 −α∆τ/2

]
∈ R1×2, (58)

pm[k] =
[
Γ[k] Γ[k + 1]

]T ∈ R2×1, (59)

wm = −∆τṁbp ∈ R1×1. (60)

Full State Dynamics Obtaining the dynamics of the full state of the vehicle simply requires stacking
Eqs. (39), (49) and (56) yielding

x[k + 1] = A[k]x[k] +B[k]u[k] + F[k]p[k] +w[k] (61)

where

x[k] =

m[k]
r[k]
v[k]

 ∈ R7×1, (62)

A[k] =

1 0
0 Ar[k]
0 Av[k]

 ∈ R7×7, (63)

B[k] =

 0
Br

Bv

 ∈ R7×6, (64)

F[k] =

Fm 0
0 Fr

0 Fv

 ∈ R7×8, (65)

p[k] =

[
pm

prv

]
=


Γ[k]

Γ[k + 1]
aR[k]

aR[k + 1]

 ∈ R8×1, (66)

w[k] =

wm

wr

wv

 ∈ R7×1. (67)
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These local dynamics are used for the first iteration of the optimization algorithm to propagate the vehicle
state between one temporal node and the next. The local dynamics are used to construct the global dynamics
of the form described by Eq. (11) in Sec. 1.3, which are needed to write state constraints and embed the
dynamics into the optimization problem.

3.2 Optimization Problem

The first iteration of the optimization algorithm aims to solve the optimization problem laid out in
Problem 4. This has the objective,

min
T,Γ

−wm,fm[kf ] + wκ,a,R||κaR
||, (68)

where wm,f and wκ,a,R are tuning weights related to the final mass of the vehicle at the end of the trajectory,
m[kf ], and the 2-norm of the vector containing the synthetic acceleration slack variables, respectively. This
objective function is minimized subject to boundary conditions, state, control, and other constraints.

For the first iteration, the vector containing all of the free parameters over which the objective function
is optimized is x̃ which consists of

x̃ =
[
T̃T Γ̃T ÃT

R κT
a,R x̃||κa,R|| x̃m,kf

]T
∈ R(8N+2)×1, (69)

where ˜mathbfT is a stack of thrust vectors at each temporal node

T̃ =
[
T[0]T · · · T[N − 1]T

]
∈ R3N×1, (70)

and Γ̃ contains all of the slack variables associated with the convexification of the thrust magnitude and
pointing constraints

Γ̃ =
[
Γ[0] · · · Γ[N − 1]

]T ∈ RN×1. (71)

Similarly to the thrust vectors, the synthetic accelerations at each node are stacked to form ÃR,

ÃR =
[
aR[0] · · · aR[N − 1]

]T ∈ R3N×1. (72)

In order to embed the penalty associated with the use synthetic acceleration into the objective function, the
magnitude of the synthetic acceleration is bounded point-wise in time by additional slack variables, κa,R[k],

||aR[k]|| ≤ κa,R[k] (73)

These point-wise bounds are stacked to form

κa,R =
[
κa,R[0] · · · κa,R[N − 1]

]T ∈ RN×1. (74)

An optimization variable, x̃||κa,R||, is added to bound the norm of κa,R and penalize the use of synthetic
acceleration through

||κa,R|| ≤ x̃||κa,R||. (75)

Finally, in order to optimize the trajectory with respect to fuel usage, an additional variable, x̃m,kf
, which

will later be constrained to be equal to the final mass of the vehicle through the dynamics, is included as an
optimization variable.

With x̃ defined, the objective function in Eq. (68) is bounded from above by Eq. (1) where

f =
[
01×8N wκ,a,R −wm,f

]T
. (76)

Minimizing this objective function results in a tight upper bound on Eq. (68).
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3.2.1 Boundary Condition Constraints

Several constraints are needed to ensure that the terminal conditions are satisfied subject to the dynamics.
For instance, it desired that the vehicle touches down at the desired landing site with zero velocity and at
an upright attitude as described in Eq. (62) of Ref. [1].

Final Position In order for the vehicle to land at the desired position at the final time, the optimization
must be constrained to only produce solutions where the final position matches the desired. The vector
X contains all of the vehicle states throughout the entire trajectory. Therefore the final position, at index
kf = N − 1, can be extracted from X using

r[kf ] = Mr,kf
X, (77)

where
Mr,kf

=
[
03×[nx(N−2)+1] 13×3 03×3

]
∈ R3×nx(N−1). (78)

For this problem, nx = 7. Next, the expression for the global dynamics given by Eq. (11) can be substituted
for X

r[kf ] = Mr,kf
(Mx0 + S1U+ S2P+ S3W) , (79)

where U and P are constructed from optimization variables contained in x̃ according to Eqs. (13), (14), (46)
and (66). The vector U can be obtained through

U = ΥUx̃, (80)

where ΥU is of the form

ΥU =



13×3 03×3 · · · · · · · · · · · · 03×3

03×3 13×3 03×3 · · · · · · · · · 03×3

03×3 13×3 03×3 · · · · · · · · · 03×3

03×3 03×3 13×3 03×3 · · · · · · 03×3 06(N−1)×(5N+2)

...
. . .

...
03×3 · · · · · · · · · · · · 13×3 03×3

03×3 · · · · · · · · · · · · 03×3 13×3


, (81)

which can be constructed as

ΥU =
[
ΥT

u,0 · · · ΥT
u,N−2

]T ∈ R6(N−1)×(8N+2), (82)

where
Υu,k =

[
06×3k 16×6 06×[8N−3k−4]

]
∈ R6×(8N+2). (83)

Similarly, P is obtained through
P = ΥPx̃, (84)

where

ΥP =
[
ΥT

p,0 · · · ΥT
p,N−2

]T ∈ R8(N−1)×(8N+2), (85)

Υp,k =

[
02×[3N+k] 12×2 02×[5N−k]

06×[4N+3k] 16×6 06×[4N−3k−4]

]
∈ R8×(8N+2). (86)

Substituting Eqs. (80) and (84) into (79) yields the final position in terms of the optimization vector as

r[kf ] = Mr,kf
(Mx0 + S1ΥUx̃+ S2ΥPx̃+ S3W) (87)

= Mr,kf
(Mx0 + [S1ΥU + S2ΥP]x̃+ S3W) . (88)

In order to write a constraint, the final position is set equal to the desired final position through

r[kf ] = rd. (89)
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Substituting Eq. (87) for r[kf ] yields

rd = Mr,kf
(Mx0 + [S1ΥU + S2ΥP]x̃+ S3W) , (90)

which is rearranged to obtain

Mr,kf
(S1ΥU + S2ΥP) x̃ = rd −Mr,kf

(Mx0 + S3W) , (91)

which matches the form described in Eq. (4) and compatible with coneprog.m.

Final Velocity Following the same approach for the equality constraint on the final position, the final
velocity, at index kf = N − 1, can be extracted from X using

v[kf ] = Mv,kf
X, (92)

where
Mv,kf

=
[
03×[nx(N−2)+4] 13×3

]
∈ R3×nx(N−1). (93)

Next, the dynamics given by Eq. (11) can be substituted for X along with Eqs. (80) and (84) to obtain

v[kf ] = Mv,kf
(Mx0 + S1U+ S2P+ S3W) , (94)

= Mr,kf
(Mx0 + [S1ΥU + S2ΥP]x̃+ S3W) . (95)

In order to write a constraint, the final velocity is set equal to the desired final velocity through

v[kf ] = vd. (96)

Substituting Eq. (94) for v[kf ] yields

vd = Mv,kf
(Mx0 + [S1ΥU + S2ΥP]x̃+ S3W) , (97)

which is rearranged to obtain

Mv,kf
(S1ΥU + S2ΥP) x̃ = vd −Mv,kf

(Mx0 + S3W) , (98)

which matches the form described in Eq. (4) and is compatible with coneprog.m.

Initial Thrust Magnitude The thrust magnitude at the beginning of the trajectory is a user-defined
value. This boundary condition is enforced through an equality constraint on Γ[0], as this slack variable is
equal to the thrust magnitude for an optimal solution [14]. This constraint has the form,

Γ[0] = Γ0, (99)

which must be written in terms of the optimization vector, x̃. This is accomplished by using

Γ[0] = ΥΓ,0x̃, (100)

where
ΥΓ,0 =

[
01×3N 1 01×[5N+1]

]
∈ R1×(8N+2), (101)

to extract Γ[0] from x̃. Substituting this expression into the constraint yields

ΥΓ,0x̃ = Γ0, (102)

the final form of the equality constraint, matching Eq. (4).
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Initial and Final Thrust Direction Due to the limitation of the 3 DoF dynamics, the direction of the
thrust vector can be used as a proxy for the vehicle attitude dynamics. To ensure that the vehicle lands
upright, the direction of the thrust vector at the end of the trajectory is constrained to be in the vertical
direction. Additionally, the initial thrust direction can also be constrained to match the initial attitude. For
the initial thrust direction constraint, the thrust vector must satisfy

T[0] = Γ[0]n̂0, (103)

where n̂0 is the unit vector specifying the direction of the initial thrust vector. To write this equation in
terms of x̃, the initial thrust vector can be extracted through

T0 = ΥT,0x̃, (104)

where
ΥT,0 =

[
13×3 03×(8N−1)

]
∈ R3×(8N+2). (105)

This expression is substituted into Eq. (103) along with Eq. (102) to obtain

ΥT,0x̃ = ΥΓ,0x̃n̂0, (106)

which can be rearranged into the form of an equality constraint described by Eq. (4)

(ΥT,0 −ΥΓ,0n̂0) x̃ = 0, (107)

Similarly, the final thrust must satisfy
T[kf ] = Γ[kf ]n̂f , (108)

where kf = N − 1 is the index of the node at the end of the trajectory and n̂f is the unit vector specifying
the desired final direction of the thrust vector. Again, this equation is expressed in terms of x̃ through

T[kf ] = ΥT,kf
x̃ (109)

where
ΥT,kf

=
[
03×3(N−1) 13×3 03×[5N+2]

]
∈ R3×(8N+2) (110)

and rearranged into the form of an equality constraint described by Eq. (4),(
ΥT,kf

−ΥΓ,kf
n̂f

)
x̃ = 0, (111)

where
Γ[kf ] = ΥΓ,kf

x̃, (112)

ΥΓ,kf
=

[
01×[4N−1] 1 01×[4N+2]

]
∈ R1×(8N+2). (113)

3.2.2 State Constraints

Minimum Mass To ensure that the vehicle consumes less fuel than it is available, the mass of the vehicle
is constrained to be larger than the dry mass at each temporal node. The mass at the kth temporal node
can be written as

m[k] = Mm,kX, (114)

where
Mm,k =

[
01×nx(k−1) 1 01×[nx(N−k)−1]

]
∈ R1×nx(N−1). (115)

The mass m[k] must satisfy
mdry ≤ m[k] (116)

at nodes k ∈ [1, kf ] where kf = N − 1. Following a process similar to that used to derive Eq. (91) yields

−Mm,k (S1ΥU + S2ΥP) x̃i ≤ Mm,k (Mix0 + S3W)−mdry, (117)

a linear inequality constraint which is enforced at each k.
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Minimum Glideslope For safety reasons and avoiding flying too close to the surface, the vehicle is
constrained to remain inside of a prescribed glideslope cone with a half-angle of γgs, shown graphically in
Fig. 1.

r[k]
||r[k]||

ê
T
ur[k]

||r[k]|| cos γgs

γgs

γgs

ê
T
u

Figure 1: The vertical component of the vehicle position at temporal node k, êT
u r[k] must be larger

than ||r[k]|| cos γgs to ensure that the vehicle is within the minimum glide slope cone (grey).

In order for the vehicle to remain inside the glideslope cone,

||r[k]|| cos γgs ≤ êTu r[k], (118)

Eq. (118) must be satisfied for nodes k ∈ [1, N − 2]. The position at the kth node is obtained through

r[k] = Mr,kX (119)

where
Mr,k =

[
03×[nx(k−1)+1] 13×3 03×[nx(N−k−1)+3]

]
∈ R3×nx(N−1). (120)

Substituting the dynamics and position at k leads to

LHSgs,k ≤ RHSgs,k (121)

where
LHSgs,k = ||Mr,k(S1ΥU + S2ΥP)x̃+Mr,k (Mx0 + S3W)|| (122)

and

RHSgs,k =
1

cos γgs
êTuMr,k(S1ΥU + S2ΥP)x̃+

1

cos γgs
êTuMr,k (Mx0 + S3W) (123)

which constitutes an SOC constraint in the form described by Eq. (2).

3.2.3 Control Constraints

Convexification of Thrust Constraints The minimum thrust magnitude and thrust pointing con-
straints are convexified by enforcing

||T[k]|| ≤ Γ[k] (124)

and
Tmin ≤ Γ[k] ≤ Tmax. (125)

These expressions can be written in terms of the optimization vector x̃ through

T[k] = ΥT,kx̃ (126)

and
Γ[k] = ΥΓ,kx̃ (127)
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where
ΥT,k =

[
03×3k 13×3 0(8N−3k−1)

]
∈ R3×(8N+2), (128)

and
ΥΓ,k =

[
01×(3N+k) 1 01×(5N−k+1)

]
∈ R3×(8N+2), (129)

which results in
||ΥT,kx̃|| ≤ ΥΓ,kx̃, (130)

a second order cone constraint in the form given by Eq. (2). Enforcing this constraint for k ∈ [0, N − 1]
yields N SOC constraints. The minimum and maximum thrust constraints can be enforced by bounding the
optimization variables in the same format as Eq. (5) resulting in −∞13N×1

Tmin1N×1

−∞1(4N+2)×1

 ≤ x̃ ≤

 ∞13N×1

Tmax1N×1

∞1(4N+2)×1

 . (131)

Maximum Tilt Angle The direction of the thrust vector is constrained to be within an angle, θmax, of
the vertical. This constraint is satisfied when

Γ[k] cos θmax ≤ êTuT[k]. (132)

Substituting Eqs. (126) and (127) and rearranging yields(
ΥΓ,k cos θmax − êTuΥT,k

)
x̃ ≤ 0, (133)

a linear inequality constraint of the form described by Eq. (3). This constraint is enforced for k ∈ [1, N − 2]
as the initial and final thrust directions are prescribed.

||T[k]||
ê
T

u
T[k]

Γ[k] cos θmax

θmax

θ[k]

ê
T

u

Figure 2: The vertical component of the thrust vector at temporal node k, êT
uT[k], must be larger

than Γ[k] cos θmax to ensure that the vehicle is within the maximum thrust pointing angle.
This figure assumes an optimal solution where ||T[k]|| = Γ[k].

Thrust Rate In order to prevent the rate of change in thrust magnitude from exceeding the throttle rate
capabilities of the engine, which is assumed to be constant over a time segment, the following expression is
used

Ṫmin ≤ Γ[k + 1]− Γ[k]

∆τ
≤ Ṫmax, (134)
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where Ṫmax and Ṫmin are constants. Assuming Ṫmin = −Ṫmax, Eq. (134) can be re-written as[
Γ[k]− Γ[k + 1]
Γ[k + 1]− Γ[k]

]
≤ ∆τ

[
Ṫmax

Ṫmax

]
. (135)

Defining
Γ[k]− Γ[k + 1] = Υ∆Γ,kx̃, (136)

where,
Υ∆Γ,k =

[
01×(3N+k) 1 −1 01×(5N−k)

]
∈ R1×(8N+2), (137)

allows the throttle rate constraint to be written as[
Υ∆Γ,k

−Υ∆Γ,k

]
x̃ ≤ ∆τ

[
Tmax

Tmax

]
, (138)

which is enforced for k ∈ [0, N − 2].

3.2.4 Objective Function Constraints

Final Mass The optimization variable x̃m,kf
is included in x̃ in order to include the final mass of the

vehicle in the objective function. This variable is constrained to be equal to the final mass of the vehicle
subject to the dynamics according to

x̃m,kf
= m[kf ]. (139)

The final mass, m[kf ], is extracted from the concatenated state vector, X, using the definition in Eq. (115)
while x̃m,kf

is extracted from x̃ through
x̃m,kf

= Υm,kf
x̃ (140)

where
Υm,kf

=
[
01×(8N+1) 1

]
∈ R1×(8N+2). (141)

Substituting the dynamics and rearranging yields the linear equality constraint,(
Υm,kf

−Mm,kf
[S1ΥU + S2ΥP]

)
x̃ = Mm,kf

(Mx0 + S3W) (142)

in a form matching Eq. (4).

Synthetic Acceleration In order to penalize the use of synthetic acceleration in the objective function,
the vector aR[k] is bounded at each temporal node by κa,R[k]

||aR[k]|| ≤ κa,R[k], (143)

where κa,R[k] are included as optimization variables in x̃. Substituting the following expressions for aR[k]
and κa,R[k]

aR[k] = ΥaR,kx̃ (144)

κa,R[k] = ΥκaR
,kx̃, (145)

where
ΥaR,k =

[
03×(4N+3k) 13×3 03×(4N−3k−1)

]
∈ R3×(8N+2) (146)

ΥκaR
,k =

[
01×(7N+k) 1 01×(N−k+1)

]
∈ R1×(8N+2) (147)

leads to
||ΥaR,kx̃|| ≤ ΥκaR

,kx̃, (148)

an SOC constraint in the form described by Eq. (2) which is enforced for k ∈ [0, N − 1].
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Next, define κa,R as the vector containing κa,R[k] at all the temporal nodes,

κa,R =

 κa,R[0]
...

κa,R[N − 1]

 ∈ RN×1, (149)

the 2-norm of κa,R is bounded by
||κa,R|| ≤ x̃||κaR

|| (150)

where x̃||κaR
|| is an optimization variables that penalizes the use of synthetic acceleration in the objective

function. κa,R can be extracted from x̃ by

κa,R = ΥκaR
x̃, (151)

where
ΥκaR

=
[
0N×7N 1N×N 0N×2

]
∈ RN×(8N+2), (152)

Similarly, x̃||κaR
|| can be extracted from x̃ via

x̃||κaR
|| = Υ||κaR

||x̃, (153)

where
Υ||κaR

|| =
[
01×8N 1 0

]
∈ R1×(8N+2) (154)

resulting in the SOC constraint in the form described by Eq. (2)

||ΥκaR
x̃|| ≤ Υ||κaR

||x̃. (155)
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4 Successive Iterations

The first iteration of the trajectory optimization algorithm in Ref. [1] is performed by solving Problem
4. All subsequent iterations are performed by solving Problem 5. This chapter outlines the details involved
in implementing Problem 5 in MATLAB using the built-in coneprog.m solver.

As described in Sec. 3, Problem 4 is solved as a fixed final time problem, which introduces artificial in-
feasibility that is circumvented by relaxation of the dynamics, via introduction of the synthetic acceleration
term. Subsequent iterations are solved as a free final time problem, which enables the generation of dy-
namically feasible trajectories. Unlike Problem 4, the size of the time segment, ∆t becomes an optimization
variable in Problem 5.

Furthermore, in Problem 5 the dynamics are linearized about the trajectory obtained from the previous
iteration yielding more accurate solutions so long as the trajectory stays close to the one used in linearization.
To ensure that the trajectory of a particular iteration does not stray too far from the reference trajectory
used to linearize the dynamics, trust regions are added that penalize large changes in time segment size and
thrust commands between iterations shown in Eqs. 51) and 52) of Ref. [1].

4.1 Dynamics

For convenience to the reader, the discretized dynamics of Problem 5 is represented in Eqs. (156) to
(167). In order to linearize the nonlinear dynamics described by Eqs. (24)-(26) and (31), first the quantity
Ψx[k] is defined in Eq. (156)

Ψx[k] ≜
[
x[k] x[k + 1]

]T
, (156)

which describes the value of a quantity at two adjacent nodes. This is required due to the first order
hold assumption made on the acceleration terms, a[k], which results in the state evolution of the vehicle
depending on information both at the beginning and end of a time segment. Equation (157) shows a compact
representation of the state, control, and slack variables that the dynamics are dependent on

Ψ[k] =
[
∆t ΨT

m[k] ΨT
Γ [k] ΨT

v [k] ΨT
T[k] ΨT

a,R[k]
]T

. (157)

The discrete-time nonlinear dynamics of the vehicle are shown in Eqs. (158) to (163)

m[k + 1] = m[k] + fm (Ψ[k]) (158)

r[k + 1] = r[k] + fr (Ψ[k]) (159)

v[k + 1] = v[k] + fv (Ψ[k]) (160)

where

fm (Ψ[k]) = −
[α
2
(Γ[k] + Γ[k + 1]) + ṁbp

]
∆t, (161)

fr (Ψ[k]) = v[k]∆t+
1

3

(
a[k] +

1

2
a[k + 1]

)
∆t2, (162)

fv (Ψ[k]) =
1

2
(a[k] + a[k + 1])∆t, (163)

a[k] =
1

m[k]

(
T[k]− 1

2
ρSDCD||v[k]||v[k]

)
+ aR[k] + g, (164)

and functions fm, fr and fv represent the dynamics of mass, position, and velocity. The equations given in
Eqs. (158)-(160) are then linearized by replacing Eqs. (161)-(163) with first-order Taylor series expansions
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about the previous trajectory shown in Eqs. (165) to (167)

mi[k + 1] = mi[k] + fm (Ψi−1[k]) +
∂fm
∂Ψ

∣∣∣∣
Ψi−1[k]

δΨi[k] (165)

ri[k + 1] = ri[k] + fr (Ψi−1[k]) +
∂fr
∂Ψ

∣∣∣∣
Ψi−1[k]

δΨi[k] (166)

vi[k + 1] = vi[k] + fv (Ψi−1[k]) +
∂fv
∂Ψ

∣∣∣∣
Ψi−1[k]

δΨi[k] (167)

where δΨi[k] = Ψi[k] −Ψi−1[k] describes how the trajectory has changed at the kth node between the ith

and (i− 1)th iterations. These dynamics involve evaluating fm, fr and fv and their partial derivatives about
the previous trajectory, represented by Ψi−1[k]. Because of the inclusion of ∆t in Ψ[k], the equations are
linearized about the size of the time segments. This enables ∆t to be included as an optimization variable.
As the number of time segments, N , is fixed, changing ∆t is equivalent to changing the final time. Through
successive iterations, the final time is adjusted such that no use of synthetic acceleration is required and final
optimized trajectory is therefore, dynamically feasible.

Using Eq. (157), the partial derivative of an arbitrary function, fx, with respect to the state, control,
and slack variables are shown in Eq. (168)

∂fx (Ψ[k])

∂Ψ
=

[
∂fx
∂∆t

∂fx
∂Ψm

∂fx
∂ΨΓ

∂fx
∂Ψv

∂fx
∂ΨT

∂fx
∂ΨaR

,
]

(168)

Using the definition for δΨ, the last last terms on the RHS of Eqs. (165) to (167) that involves the partials
can be expanded and shown in Eq. (169),

δxi[k] = xi[k]− xi−1[k]. (169)

For clarity and implementation considerations, Eqs. (165) to (167) can be expanded as follows

mi[k + 1]
ri[k + 1]
vi[k + 1]

 =

mi[k]
ri[k]
vi[k]

+

fm (Ψi−1[k])
fr (Ψi−1[k])
fv (Ψi−1[k])



+


∂fm
∂∆t

∂fm
∂Ψm

∂fm
∂ΨΓ

∂fm
∂Ψv

∂fm
∂ΨT

∂fm
∂Ψa,R

∂fr
∂∆t

∂fr
∂Ψm

∂fr
∂ΨΓ

∂fr
∂Ψv

∂fr
∂ΨT

∂fr
∂Ψa,R

∂fv
∂∆t

∂fv
∂Ψm

∂fv
∂ΨΓ

∂fv
∂Ψv

∂fv
∂ΨT

∂fv
∂Ψa,R




δ∆ti
δΨm,i[k]
δΨΓ,i[k]
δΨv,i[k]
δΨT,i[k]
δΨaR,i[k]

 , (170)

an expression for the linearized dynamics for the full state vector of the vehicle where the partial derivatives
are evaluated at Ψi−1[k]. Furthermore, the equation above can be further expanded by grouping terms that
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involve the states, control, and slack variablesmi[k + 1]
ri[k + 1]
vi[k + 1]

 =

mi[k]
ri[k]
vi[k]

+

fm (Ψi−1[k])
fr (Ψi−1[k])
fv (Ψi−1[k])


+


∂fm
∂m[k] 0 ∂fm

∂v[k]
∂fr[k]
∂m[k] 0 ∂fr[k]

∂v[k]
∂fv

∂m[k] 0 ∂fv
∂v[k]


δmi[k]
δri[k]
δvi[k]



+


∂fm

∂m[k+1] 0 ∂fm
∂v[k+1]

∂fr[k]
∂m[k+1] 0 ∂fr[k]

∂v[k+1]
∂fv

∂m[k+1] 0 ∂fv
∂v[k+1]


δmi[k + 1]
δri[k + 1]
δvi[k + 1]



+


∂fm
∂T[k]

∂fm
∂T[k+1]

∂fr
∂T[k]

∂fr
∂T[k+1]

∂fv
∂T[k]

∂fv
∂T[k+1]

[
δTi[k]

δTi[k + 1]

]

+


∂fm
∂∆t

∂fm
∂Γ[k]

∂fm
∂Γ[k+1]

∂fm
∂aR[k]

∂fm
∂aR[k+1]

∂fr
∂∆t

∂fr
∂Γ[k]

∂fr
∂Γ[k+1]

∂fr
∂aR[k]

∂fr
∂aR[k+1]

∂fv
∂∆t

∂fv
∂Γ[k]

∂fv
∂Γ[k+1]

∂fv
∂aR[k]

∂fv
∂aR[k+1]




δ∆ti
δΓi[k]

δΓi[k + 1]
δaR,i[k]

δaR,i[k + 1]

 . (171)

Defining the various matrices involving the partials:

Â1,i[k] =


∂fm
∂m[k] 0 ∂fm

∂v[k]
∂fr[k]
∂m[k] 0 ∂fr[k]

∂v[k]
∂fv

∂m[k] 0 ∂fv
∂v[k]

 ∈ R7×7, (172)

Â2,i[k] =


∂fm

∂m[k+1] 0 ∂fm
∂v[k+1]

∂fr[k]
∂m[k+1] 0 ∂fr[k]

∂v[k+1]
∂fv

∂m[k+1] 0 ∂fv
∂v[k+1]

 ∈ R7×7, (173)

B̂i[k] =


∂fm
∂T[k]

∂fm
∂T[k+1]

∂fr
∂T[k]

∂fr
∂T[k+1]

∂fv
∂T[k]

∂fv
∂T[k+1]

 ∈ R7×6, (174)

F̂i[k] =


∂fm
∂∆t

∂fm
∂Γ[k]

∂fm
∂Γ[k+1]

∂fm
∂aR[k]

∂fm
∂aR[k+1]

∂fr
∂∆t

∂fr
∂Γ[k]

∂fr
∂Γ[k+1]

∂fr
∂aR[k]

∂fr
∂aR[k+1]

∂fv
∂∆t

∂fv
∂Γ[k]

∂fv
∂Γ[k+1]

∂fv
∂aR[k]

∂fv
∂aR[k+1]

 ∈ R7×9, (175)

where all partial derivatives are evaluated about Ψi−1[k], representing a linearization about the trajec-
tory obtained from the previous iteration. Expressions of all the Jacobians are available in the Appendix.
Substituting these definitions allows the dynamics to be expressed as,

xi[k + 1] = xi[k] + fx (Ψi−1) + Â1,i[k]δxi[k] + Â2,i[k]δx[k + 1] + B̂i[k]δui[k] + F̂iδpi[k], (176)

where,

x[k] =
[
m[k] r[k]T v[k]T

]T
, (177)

u[k] =
[
T[k]T T[k + 1]T

]T
, (178)

p[k] =
[
∆t Γ[k] Γ[k + 1] aR[k]

T aR[k + 1]T .
]

(179)

After applying the definition for δΨ, the dynamics become

xi[k + 1] =xi[k] + fx (Ψi−1) + Â1,i[k]xi[k] + Â2,i[k]xi[k + 1] + B̂i[k]ui[k] + F̂ipi[k]

− Â1,i[k]xi−1[k]− Â2,i[k]xi−1[k + 1]− B̂i[k]ui−1[k]− F̂ipi−1[k]. (180)
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All terms that are purely a function of the previous trajectory are grouped into

ŵi[k] = fx (Ψi−1)− Â1,i[k]xi−1[k]− Â2,i[k]xi−1[k + 1]− B̂i[k]ui−1[k]− F̂ipi−1[k], (181)

which, after substituting into Eq. (180) yields,

xi[k + 1] =
(
1+ Â1,i[k]

)
xi[k] + Â2,i[k]xi[k + 1] + B̂i[k]ui[k] + F̂ipi[k] + ŵi[k]. (182)

The final form of the local dynamics is shown in Eq. (183)

xi[k + 1] = Ai[k]xi[k] +Bi[k]ui[k] + Fi[k]pi[k] +wi[k], (183)

where

Ai[k] =
(
1− Â2,i[k]

)−1 (
1+ Â1,i[k]

)
, (184)

Bi[k] =
(
1− Â2,i[k]

)−1

B̂i[k], (185)

Fi[k] =
(
1− Â2,i[k]

)−1

F̂i[k], (186)

wi[k] =
(
1− Â2,i[k]

)−1

ŵi[k]. (187)

These dynamics are used to propagate the state of the vehicle from one temporal node to the next for the ith

iteration of the optimization algorithm where i > 1. Additionally, the local dynamics are used to construct
the global dynamics described in Sec. 1) which is required to express the state constraints and embed the
dynamics into the optimizer.

4.2 Optimization Problem

Subsequent iterations of the optimization algorithm aim to solve the optimization problem laid out in
Problem 5. This has the objective,

min
∆t,T,Γ

−wm,fm[kf ] + wη,∆tη
′
∆t,i + wη,T||η′T,i||+ wκ,a,R||κaR,i|| (188)

where two additional terms, involving η′∆t,i and η′T,i, are added compared to the objective function for
Problem 4 shown in Eq. (68). These are referred to as trust region constraints in order to penalize large
changes in ∆t and T[k] between iterations. Note: due to the limitations of coneprog.m, η′∆t,i and η′T,i differ
from the definitions of η∆t,i and ηT,i in Ref. [1] as discussed in Sec. 4.2.4.

For subsequent iterations, the vector containing all of the free parameters over which the objective
function is optimized is x̃ which consists of

x̃i =
[
T̃T

i Γ̃T
i ÃT

R,i κT
aR,i η′T

T,i ∆ti η′∆t,i x̃||κaR
||,i x̃||η′

T||,i x̃m,kf ,i

]T
∈ R(9N+5)×1, (189)

which includes all of the optimization variables present in Problem 4 and listed in Eq. (69). The size of
the time segments, ∆ti, is added as an optimization variable in order to optimize over the duration of the
trajectory. The variables η′

T,i and x̃||η′
T||,i are added in order to include the radii of the trust regions on

the thrust commands in the objective function while η′∆ti
is used similarly for the trust region on the time

segment size, ∆ti.

With x̃ defined, the objective function in Eq. (188) can be written as

fT x̃, (190)

where
f =

[
01×(9N+1) wη,∆t wκ,a,R wη,T −wm,f

]T
, (191)

which matches the form specified by Eq. (1).
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4.2.1 Boundary Condition Constraints

The optimization problem stated in Problem 5 of Ref. [1] is subject to the same boundary condition
constraints as Problem 4, used for the first iteration of the algorithm. However, the optimization vector, x̃,
is different for Problem 5 as compared to Problem 4. As a result, the matrices used to extract appropriate
variables from the optimization vector are updated to reflect the new form of x̃ and are expressed as follows:

ΥU =
[
ΥT

u,0 · · · ΥT
u,N−2

]T ∈ R6(N−1)×(9N+5), (192)

Υu,k =
[
06×3k 16×6 06×(9N−3k−1)

]
∈ R6×(9N+5), (193)

ΥP =
[
ΥT

p,0 · · · ΥT
p,N−2

]T ∈ R9(N−1)×(9N+5), (194)

Υp,k =

 01×9N 1 01×4

02×(3N+k) 12×2 02×(6N−k+3)

06×(4N+3k) 16×6 06×(5N−3k−1)

 ∈ R9×(9N+5), (195)

ΥΓ,0 =
[
01×3N 1 01×(6N+4)

]
∈ R1×(9N+5), (196)

ΥT,0 =
[
13×3 03×(9N+2)

]
∈ R3×(9N+5), (197)

ΥT,kf
=

[
03×3(N−1) 13×3 03×[6N+5]

]
∈ R3×(9N+5) (198)

ΥΓ,kf
=

[
01×(4N−1) 1 01×(5N+5)

]
∈ R1×(9N+5), (199)

and replace the corresponding matrices in Sec. 3.2.1.

4.2.2 Control Constraints

To reflect the change in the form of x̃ between Problem 4 and Problem 5, the matrices

ΥT,k =
[
03×3k 13×3 0(9N−3k+2)

]
∈ R3×(9N+5), (200)

ΥΓ,k =
[
01×(3N+k) 1 01×(6N−k+4)

]
∈ R3×(9N+5), (201)

Υ∆Γ,k =
[
01×(3N+k) 1 −1 01×(6N−k+3)

]
∈ R1×(9N+5), (202)

replace the corresponding matrices in Sec. 3.2.3 while the lower and upper bounds on x̃ are changed to −∞13N×1

Tmin1N×1

−∞1(5N+5)×1

 ≤ x̃i ≤

 ∞13N×1

Tmax1N×1

∞1(5N+5)×1

 , (203)

for all iterations following the first.

4.2.3 Objective Function Constraints

For Problem 5, the corresponding matrices in Sec. 3.2.4 are replaced with

Υm,kf
=

[
01×(9N+4) 1

]
∈ R1×(9N+5), (204)

ΥaR,k =
[
03×(4N+3k) 13×3 03×(4N−3k−1)

]
∈ R3×(9N+5), (205)

ΥκaR
,k =

[
01×(7N+k) 1 01×(2N−k+4)

]
∈ R1×(9N+5), (206)

ΥκaR
=

[
0N×7N 1N×N 0N×(N+5)

]
∈ RN×(9N+5), (207)

Υ||κaR
|| =

[
01×(9N+2) 1 01×2

]
∈ R1×(9N+5), (208)

to reflect the change in x̃ between Problem 4 and Problem 5.
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4.2.4 Trust Region Constraints

Time Segment Size, ∆ti The discretization time, ∆ti, is allowed to vary in order to optimize the
trajectory as a free-final-time problem. However, if ∆ti deviates too much compared to the time segment
size of the previous trajectory, ∆ti−1, the linearized dynamics will become increasingly inaccurate and the
problem may become unbounded. In order to avoid this issue, the change in the time segment size, δ∆ti

δ∆ti = ∆ti −∆ti−1, (209)

can be bounded through Eq. (51) of Ref. [1] in the form of a quadratic constraint:

δ∆t2i ≤ η∆t,i (210)

However, coneprog.m does not allow for constraints of this form. Therefore, the quadratic constraint is
modified to the form

||δ∆ti|| ≤ η′∆t,i (211)

The trust region radius, η′∆t,i, can be extract from x̃i as follows

η′∆t,i = Υη′,∆tx̃i, (212)

where
Υη′,∆t =

[
01×(9N+1) 1 01×3

]
∈ R1×(9N+5). (213)

The discretization time can be extracted from x̃i in a similar fashion:

∆ti = Υ∆tx̃i (214)

where
Υ∆t =

[
01×(9N) 1 01×4

]
∈ R1×(9N+5) (215)

Substituting Eqs. (209), (212), and (214) into (211) leads to the expression,

||Υ∆tx̃i −∆ti−1|| ≤ Υη′,∆tx̃i, (216)

which is equivalent to Eq. (211) and in the form of an SOC constraint.

Thrust Commands, Ti[k] If the thrust commands change too much between iterations, the resultant
trajectory from the current iteration could differ significantly from the previous iteration, which the dynamics
are linearized about. As a result, the accuracy of the linear model will degrade compared to the nonlinear
dynamics. Hence, certain constraints may be violated when the solution is propagated through the nonlinear
dynamics.

To prevent the thrust command at a particular node, Ti[k], from changing too much compared to the
value from the previous iteration, Ti−1[k], the difference is bounded by ηT[k] shown in Eq. (217):

δTi[k]
T δTi[k] ≤ ηT[k] (217)

for nodes k ∈ [0, N − 1] where
δTi[k] = Ti[k]−Ti−1[k]. (218)

Again, because coneprog.m is not compatible with quadratic constraints, the constraint is modified to an
SOC constraint:

||δTi[k]|| ≤ η′T[k]. (219)

The thrust command at a particular node can be extracted from x̃i through

Ti[k] = ΥT,kx̃i, (220)

where ΥT,k is given by Eq. (200). Likewise, the point-wise bound on the thrust command is extracted
through

η′T[k] = Υη′
T,kx̃i (221)
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where
Υη′

T
=

[
01×(8N+k) 1 01×(N+4−k)

]
, (222)

which enables Eq. (219) to be expressed as

||ΥT,kx̃i −Ti−1[k]|| ≤ Υη′
T,kx̃i, (223)

a group of N number of SOC constraints in the form shown in Eq. (2).

In order to include the trust region radii in the objective function, the norm of η′
T,i, the vector containing

all of the point-wise trust region radii on the thrust vectors, is bounded by x̃||η′
T|| through

||η′
T,i|| ≤ x̃||η′

T||. (224)

The point-wise bounds, ηT,i can be extract through x̃i as follows

η′
T,i = Υη′

T
x̃i (225)

where
Υη′

T
=

[
0N×8N 1N×N 0N×5

]
(226)

similarly, x̃||η′
T|| can be extracted through x̃i as follows

x̃||η′
T|| = Υ||η′

T||x̃i (227)

where
Υ||η′

T|| =
[
01×(9N+3) 1 0

]
(228)

which allows the constraint in Eq. (224) to be written as

||Υη′
T
x̃i|| ≤ Υ||η′

T||x̃i, (229)

a single SOC constraint of the form shown in Eq. (2).
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5 Results

For verification purposes, independently-generated simulation results of the example provided in Ref. [1]
are shown. Coordinate system, simulation parameters, initial/terminal conditions, state/control constraints,
and cost function weights are provided in Sec.IV.A of Ref. [1]. Similar to Ref. [1], 10 SCP iterations and 30
discretization points are used. Note: to make the results match the paper, the specified min/max values of
the provided vacuum thrust were multiplied by a factor of 0.83. Furthermore, due to the modifications of
the ∆ti and Ti[k] trust regions from a form of a quadratic to SOC constraint shown in Eqs. (211) and (219),
the corresponding weights wη,∆t and wη,T where changed to 0.1 and 1e-6 respectively.

Results from solving Problem 4, not available in Ref. [1], are shown in Figs. 3 to 6. Figure 3 is a 3-D
profile of the trajectory with the linearized trajectory with scaled thrust vector at each temporal node shown
in blue. Subsequently, the sequence of thrust inputs derived from the linear dynamics were propagated
through the nonlinear dynamics and illustrated by the pink dashed curve. Due to the large errors in the
linear approximation, the nonlinear results fail to reach the desired terminal condition with the fixed time-
of-flight of 15 s. Components of the position and velocity vectors are shown in Fig. 4. Magnitude of thrust
and the slack variable, Γ, is shown in the top plot of Fig. 5 and the bottom plot illustrates the magnitude
of the synthetic acceleration with the corresponding slack variable, κa,R[k]. The trajectory is dynamically
infeasible without the additional “assistance” from the synthetic accelerations. Mass time history is shown
in Fig. 6.

Figure 3: Problem 4 3-D Trajectory
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Figure 4: Problem 4 Up, East, and North components of position and velocity

Figure 5: Problem 4 Thrust Magnitude and Synthetic Accel
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Figure 6: Problem 4 Vehicle Mass

With the availability of an initial trajectory, procedures laid out in Sec. 4 were carried out to obtain
the optimal trajectory. Results from the final iteration of Problem 5 are shown in Figs. 7 to 10. Note:
weighting term on the thrust trust region differs from the value provided in paper due to the limitations
of coneprog.m. Figure 7 is a 3-D profile of the trajectory with the linearized dynamics and corresponding
scaled thrust vector at each temporal node shown in red. Subsequently, the sequence of thrust inputs
derived from the linear dynamics were propagated through the nonlinear dynamics and illustrated by the
black dashed curve. It is apparent that at the final iteration, the linear system closely approximates the
nonlinear dynamics. Components of the position and velocity vectors are shown in Fig. 8. The resultant
optimal trajectory closely matches Figs. 1 and 2 of Ref. [1] with a time-of-flight of 37.75 s. The noticeable
“hop” manuever is apparent in the vertical channel.

Figure 7: Problem 5 3-D Trajectory
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Figure 8: Problem 5 Up, East, and North components of position and velocity

Plots of the thrust magnitude, thrust magnitude rate, synthetic acceleration, tilt angle, azimuth angle,
and glidescope angle are shown in Fig. 9. The “bang-coast-bang” nature of the throttle profile is consistent
with the top left plot of Fig. 3 in Ref. [1]. The tilt angle starts and ends at the vertical orientation and
operates at the maximum prescribed limit of 15 deg for majority of the trajectory with the exception of the
slight dip around 27 sec. The throttle rate and azimuth profiles follows the paper with the exception that
the throttle rate doesn’t quite reach the saturation limit of 100 kN/s at around 30 sec. The glidescope angle,
not shown in the paper, stays below the prescribed limit of 80 deg. The synthetic acceleration is driven close
to zero. Mass time history is shown in Fig. 10. The final mass at touchdown is 12381 kg and appears to be
consistent with Fig. 4 of Ref. [1]

Figure 9: Problem 5 Thrust Mag., Thrust Mag. Rate, Syn. Accel, Tilt Angle, Azimuth, Glidescope
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Figure 10: Problem 5 Vehicle Mass
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6 Comparison with QuickshotTM

To compare the SCP results to a traditional direct optimization approach using nonlinear programming
methods, a QuickShotTM simulation was developed to solve the same continuous-time fuel-optimal powered
landing problem described by Problem 1 of Ref. [1]. QuickShotTM [15] is a commercial trajectory optimization
software developed by SpaceWorks Enterprises, Inc. which utilizes multi-threaded computing techniques and
stochastic optimization routines to solve a variety of 3-4 DoF nonlinear trajectory optimization problems.
Standout features include no initial guess being required and the software’s ability to find global optimum
solutions in multi-modal spaces.

Simulation inputs from Sec.IV.A of Ref. [1] were used along with assumptions of a flat Earth and constant
gravity vector. Similar to the SCP results, the min/max values of vacuum thrust provided in Ref. [1] were
scaled by a factor of 0.83. The trajectory was discretized into 45 segments with ∆t = 1s for all segments.
The vehicle’s thrust magnitude, tilt, and azimuth angle were optimized at the beginning and end of each
time segment. Furthermore, thrust and attitude angles (using direction of thrust as a proxy) were assumed
to vary linearly across each segment. A control variable was used to trigger the end of the simulation as a
function of vehicle mass effectively allowing the time of flight to be optimized. While QuickShotTM doesn’t
require an initial guess, the user must provide bounds for each control variable. Table 1 provides the bounds
used for thrust, attitude, and final mass control variables. Table 2 summarizes the objective function and
constraints.

Table 1: Control Variable Bounds

Parameter Minimum Maximum Units
||T || 83 207.5 KN
θ 0 15 deg
Az 0 360 deg

m(tf ) 12000 15000 kg

Table 2: Objective Function and Constraints

Objective Function
Maximize m(tf )

Terminal Constraints
r(tf) = 0
v(tf) = 0
θ(tf ) = 0

State Constraints
||r(t)|| cos γgs ≤ êTu r(t), where γgs = 80 deg

Control Constraints
-100 kN/s ≤ d

dt ||T || ≤ 100 kN/s

The thrust magnitude and tilt angle control variable bounds were chosen such that the min/max thrust
magnitude and tilt from vertical constraints would always be satisfied. Additionally, the vehicle’s initial
thrust magnitude and tilt angle were set to 145.25 kN and 0 deg respectively. Figure 11 compares the
components of the position and velocity vectors from the SCP and QuickShot trajectory solutions. The
optimized mass at the final time, m(tf ), is comparable between Quickshot and SCP (12383 kg vs. 12381
kg). QuickShot’s time-of-flight was 37.72 s, electing to not use all of the 45 trajectory segments available.
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Figure 11: Comparisions of Position and Velocity Profiles

Figure 12 shows a comparison of the control variables, glideslope angle, and vehicle mass time histories.
QuickShot exhibits the same “bang-coast-bang” nature in the throttle profile and stays well within the thrust
rate saturation limits. The tilt and azimuth angle profiles are comparable between the two approaches with
tilt angle holding close to the 15 deg limit for a large portion of the trajectory then turning toward vertical
for touchdown. QuickShot’s glideslope profile deviates from the SCP solution at around 30 s and exhibits a
shallower approach to the landing site.

Figure 12: Comparisions Thrust Mag., Thrust Mag. Rate, Syn. Accel, Tilt Angle, Azimuth,
Glidescope

One of the main benefits of SCP is the fast convergence characteristics which is ideal for real-time
applications. Whereas QuickShotTM is an off-line tool which uses a stochastic optimization routine. The
user guide recommends running multiple trials of the same problem with a unique random number seed for
each trial and it is the user’s responsibility to determine the best combination of trials, runtime cap, and
convergence criteria for the problem of interest. Figure 13 shows trial final mass and runtime values with
trial 4 being the best solution in the set. Each trial yielded a feasible solution and terminated either due to a
runtime cap of 45 minutes or by satisfying a stringent convergence criterion. QuickShot’s total runtime was
445 minutes compared to SCP’s total runtime of 4 s on a HP EliteBook 840 G7 notebook with four 1.6-4.2
Hz processor.
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Figure 13: QuickshotTM Convergence Metrics

7 Comparison with E-guidance

In this Section, the SCP solution for the example problem presented in Ref. [1] is compared with the
polynomial approach phase guidance used during the Apollo missions [16, 17]. The acceleration profile is
restricted to a quadratic form described by Eq. (230). The coefficients can be determined by solving a system
of linear equations that involves the current position and velocity, target position, velocity, and acceleration,
along with the time-of-flight, tgo. For this example, tgo was set to the time-of-flight determed by SCP.

a = co + c1t+ c2t
2 (230)

Figure 14: Comparisions of Position and Velocity Profiles
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Figure 15: Comparisions of Thrust Magnitude

Position, velocity, thrust magnitude, and tilt angle comparisons are provided in Figs. 14 and 15. It is
apparent that early on in the E-guidance solution, the thrust magnitude and tilt angle requirements are
violated. This is expected since the solution does not take into consideration state or control constraints.
Furthermore, the “bang-coast-bang” thrust profile exhibited by SCP provides a more fuel optimal solution
compared to E-guidance.

8 Conclusion

This technical memorandum details the implementation in MATLAB of a successive convexification
algorithm for powered descent from the literature, including how the problem is parsed for compatibility
with MATLAB’s built-in second-order cone programming solver. The MATLAB implementation was used
to recreate the results from the original paper then compared to the commercial trajectory optimization
software QuickShotTM and Apollo-heritage E-guidance. While QuickShotTM was able to produce nearly
the same trajectory and satisfied the state and control constraints, the computation time was orders of
magnitude longer than the successive convexification algorithm. E-guidance produced a trajectory using
very little computational effort, but was not optimal and violated constraints on the state and control input.
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10 Appendix: Partial Derivatives

Acceleration, ∂a[k]
∂Ψ

∂a[k]

∂∆t
= 0 (231)

∂a[k]

∂Ψm
=

[
∂a[k]
∂m[k]

∂a[k]
∂m[k+1]

]
(232)

=
[
− 1

m[k]2

(
T[k]− 1

2ρSDCD||v[k]||v[k]
)

0
]

(233)

∂a[k]

∂ΨΓ
=

[
∂a[k]
∂Γ[k]

∂a[k]
∂Γ[k+1]

]
(234)

= 0 (235)

∂a[k]

∂Ψv
=

[
∂a[k]
∂v[k]

∂a[k]
∂v[k+1]

]
(236)

=
[
∂a[k]
∂v[k] 0

]
(237)

∂a[k]

∂v[k]
=

∂

∂v[k]

(
− 1

2m[k]
ρSDCD||v[k]||v[k]

)
(238)

= − 1

2m[k]
ρSDCD

[
v[k]

(
∂

∂v[k]
||v[k]||

)
+ ||v[k]||

(
∂

∂v[k]
v[k]

)]
(239)

= − 1

2m[k]
ρSDCD

(
v[k]vT [k]

||v[k]||
+ 1||v[k]||

)
(240)

∂a[k]

∂ΨT
=

[
∂a[k]
∂T[k]

∂a[k]
∂T[k+1]

]
(241)

=
[

1
m[k] 0

]
(242)

∂a[k]

∂Ψa,R
=

[
∂a[k]
∂aR[k]

∂a[k]
∂aR[k+1]

]
(243)

=
[
1 0

]
(244)

Mass Update, ∂fm[k]
∂Ψ

∂fm[k]

∂∆t
= −

[α
2
(Γ[k] + Γ[k + 1]) + ṁbp

]
(245)

∂fm[k]

∂Ψm
= 0 (246)
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∂fm[k]

∂ΨΓ
=

[
∂fm[k]
∂Γ[k]

∂fm[k]
∂Γ[k+1]

]
(247)

=
[
−α

2∆t −α
2∆t

]
(248)

∂fm[k]

∂Ψv
=

[
∂fm[k]
∂v[k]

∂fm[k]
∂v[k+1]

]
= 0 (249)

∂fm[k]

∂ΨT
=

[
∂fm[k]
∂T[k]

∂fm[k]
∂T[k+1]

]
= 0 (250)

∂fm[k]

∂Ψa,R
=

[
∂fm[k]
∂aR[k]

∂fm[k]
∂aR[k+1]

]
= 0 (251)

Position Update, ∂fr[k]
∂Ψ

∂fr[k]

∂∆t
= v[k] +

2

3

(
a[k] +

1

2
a[k + 1]

)
∆t (252)

∂fr[k]

∂Ψm
=

[
∂fr[k]
∂m[k]

∂fr[k]
∂m[k+1]

]
(253)

=
[
1
3

∂a[k]
∂m[k]∆t2 1

6
∂a[k+1]
∂m[k+1]∆t2

]
(254)

∂fr[k]

∂ΨΓ
=

[
∂fr[k]
∂Γ[k]

∂fr[k]
∂Γ[k+1]

]
(255)

= 0 (256)

∂fr[k]

∂Ψv
=

[
∂fr[k]
∂v[k]

∂fr[k]
∂v[k+1]

]
(257)

=
[
1∆t+ 1

3
∂a[k]
∂v[k]∆t2 1

6
∂a[k+1]
∂v[k+1]∆t2

]
(258)

∂fr[k]

∂ΨT
=

[
∂fr[k]
∂T[k]

∂fr[k]
∂T[k+1]

]
(259)

=
[
1
3

∂a[k]
∂T[k]∆t2 1

6
∂a[k+1]
∂T[k+1]∆t2

]
(260)

∂fr[k]

∂ΨaR

=
[
∂fr[k]
∂aR

∂fr[k]
∂aR

]
(261)

=
[
1
3

∂a[k]
∂aR[k]∆t2 1

6
∂a[k+1]
∂aR[k+1]∆t2

]
(262)

Velocity Update, ∂fv[k]
∂Ψ

∂fv[k]

∂∆t
=

1

2
(a[k] + a[k + 1]) (263)
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∂fv[k]

∂Ψm
=

[
∂fv[k]
∂m[k]

∂fv[k]
∂m[k+1]

]
(264)

=
[
1
2

∂a[k]
∂m[k]∆t 1

2
∂a[k+1]
∂m[k+1]∆t

]
(265)

∂fv[k]

∂ΨΓ
=

[
∂fv[k]
∂Γ[k]

∂fv[k]
∂Γ[k+1]

]
(266)

= 0 (267)

∂fv[k]

∂Ψv
=

[
∂fv[k]
∂v[k]

∂fv[k]
∂v[k+1]

]
(268)

=
[
1
2
∂a[k]
∂v[k]∆t 1

2
∂a[k+1]
∂v[k+1]∆t

]
(269)

∂fv[k]

∂ΨT
=

[
∂fv[k]
∂T[k]

∂fv[k]
∂T[k+1]

]
(270)

=
[
1
2

∂a[k]
∂T[k]∆t 1

2
∂a[k+1]
∂T[k+1]∆t

]
(271)

∂fv[k]

∂ΨaR

=
[

∂fv[k]
∂aR[k]

∂fv[k]
∂aR[k+1]

]
(272)

=
[
1
2

∂a[k]
∂aR[k]∆t 1

2
∂a[k+1]
∂aR[k+1]∆t

]
(273)
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