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Abstract—Accurate and efficient localization of robots under limited on-board resources has fueled specialized localization
accelerators. Despite many recent efforts, accelerating robotic localization is still fundamentally challenging. To tackle the challenges,
the paper proposes a configurable hardware architecture and a design space optimization method to automatically generate an optimal
accelerator design under the design constraints. Data locality, sparsity, and fixed-point arithmetic optimization techniques that are
specific to the localization algorithm are exploited to customize the accelerator. In addition, a low-cost runtime configuration mechanism
is proposed to enable the accelerator to continuously optimize itself at runtime according to the operating environment to save power
while sustaining performance and accuracy. The evaluation on FPGA demonstrates that the proposed accelerator achieves orders of
magnitude performance improvement and/or energy savings compared to the software implementation on Intel and Arm CPUs; and
substantially outperforms existing FPGA accelerators in terms of performance and energy.

1 INTRODUCTION

AUTONOMOUS machines such as drones, logistic robots,
and self-driving cars are becoming an integral part of
our everyday life [1]. An autonomous machine localizes
itself by calculating its position in an environment. Since the
environment in many scenarios is unknown, the agent usu-
ally simultaneously constructs a map of the environment
while localizing itself, giving rise to the notion of Simulta-
neous Localization and Mapping (SLAM) [2].

Principled mathematical solutions for SLAM include fil-
tering-based [3] and non-linear optimization-based [2], [4],
where the latter recently shows higher robustness but with
intensive computation. Given the limited computing capa-
bility, memory space and power supply on mobile devices,
existing SLAM systems run anywhere between 2 FPS and
20 FPS, far from the real-time process requirement [5], and
contribute to 45% of the system power consumption [6].

While there exists a great amount of recent efforts focus
on accelerating various robotics tasks [7], [8], [9], [10], [11]
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on portable devices, accelerating localization has three chal-
lenges. First, to arrive at a practical design, designers often
must explore a large design space considering performance,
resource and power constraints and the localization accu-
racy. Second, the environment, in which an autonomous
machine operates, is constantly changing, and thus the load
of work at runtime is dynamically changing. A static accel-
erator, as in virtually all prior work, accommodates the
worst case, necessarily leading to wasteful computation and
energy. Third, principled localization software typically
employs numerical optimization algorithms based on dou-
ble precision arithmetic operations to find stable and preci-
sion solutions. Implementing a large amount of double
precision arithmetic operations by hardware is prohibitively
expensive in terms of hardware resource and power
consumption.

In this work, we present an energy-efficient and runtime-
reconfigurable FPGA accelerator for robotic localization. By
exploiting SLAM-specific data locality, sparsity and depen-
dency, we design efficient computing and memory architec-
ture with data reuse, resource sharing, and operation
pipelining. Specifically, we identify a set of reconfigurable
hardware blocks whose designs dictate the trade-off among
resource, latency and power consumption. Given the design
specifications (e.g., resource and latency constraints), the
design space exploration is formulated as a constrained
optimization problem and the optimized configurations of
the reconfigurable blocks are generated by solving the prob-
lem. To further reduce the hardware cost, we use fixed-
point arithmetic and reduced bitwidth without sacrificing
localization accuracy.

Moreover, we leverage the observation that the load of
work at runtime varies with the environment. The accelera-
tor can be reconfigured at runtime according to the work-
loads to further save power consumption. Based on the
proposed configurable hardware blocks, our previously
developed synthesis framework [12] can automatically
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generate localization accelerators from high-level algorithm
descriptions, using the block design container-like method.
This paper builds on the basic hardware design in [12] and
carries out more optimization on microarchitecture design.
In summary, this work makes the following contributions:

e We propose an energy efficient SLAM backend
accelerator, in which the key blocks are designed
with configurability and enable trade-off among
resource, latency and power consumption. The
design space exploration is formulated as a convex
optimization problem, solving which gives the opti-
mized accelerator configuration. We demonstrate
that the accelerators can flexibly trade performance
for energy and out-perform existing localization
accelerators.

e We perform multiple algorithmic, numeric precision
and microarchitectural optimization by exploiting
the data sparsity, locality, distribution and parallel-
ism inherent in SLAM, leading to low computation
complexity, high pipeline throughput and reduced
memory space.

e We propose a surrounding-ware configuration
mechanism that combined with low-power technol-
ogy such as clock-gating adjusts hardware at run-
time to save power according to the operating
environments without degrading performance.

The rest of this paper is organized as follows. Section 2
gives an overview of the SLAM problem and the algorithm.
Section 3 presents the accelerator architecture in details. Sec-
tion 4 describes the numeric precision optimization method
for the arithmetical operations of the accelerator. Section 5
formulates the architectural design space exploration of the
accelerator into a constrained optimization problem, based
on which a runtime configuration mechanism is proposed.
Section 6 evaluates the proposed accelerator in terms of
speed, energy, resource usage and runtime efficiency. Sec-
tion 7 introduces some existing localization accelerators
related to this work and is followed by the conclusion in
Section 8.

2 BACKGROUND

We first introduce the localization problem (Section 2.1),
and then describe the most widely used solving algorithm
(Section 2.2), which we target in this paper. The descriptions
show the computation complexity and features of SLAM.

2.1 SLAM Problem Formulation

While other localization settings are possible, this paper
focuses on SLAM since it is the least restrictive and is
widely used in autonomous machines, such as self-driving
cars [11] and drones [7], [10].

Formally, a 3 dimensional (3D) map is a set of points in
the world coordinate system, where each point is repre-
sented by the < z, y, z > coordinates. Localization gener-
ates the pose of an agent in the world coordinate system.
The pose is represented by the six degrees of freedom
(DoF), which includes the three translational DoF, i.e., the
p=< z, vy, z > coordinates, and the three rotational DoF,
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i.e., the orientation ¢ about the three orthogonal axes (a.k.a.,
yaw, roll, and pitch).

Maximum a posteriori (MAP) estimation is an efficient
approach to estimate the pose [2]. Comparing to the popular
class of SLAM algorithm based on non-linear filtering [3],
MAP is more robust in long-term localization [4].

MATP for robotics has two key features [2]. First, MAP in
robotics often fuses measurements from multiple sensors
such as camera and Inertial Measurement Unit (IMU) to
improve the estimation accuracy. Our work targets a com-
mon camera+IMU setup. Second, only a fixed number of
keyframes of measurements, maintained through a sliding
window, are used for MAP estimation to ensure real-time
performance [13]. As the window slides, the oldest meas-
urements are moved out of the window. These measure-
ments, then become the prior in the next MAP estimate,
through a process known as marginalization [14], to con-
strain and guide the state estimation for the next window.

More formally, given the sensor measurements in a win-
dow, the goal of MAP is to estimate a state vector p, which
contains the sequence of the machine’s poses s (i.e., localiza-
tion) and the 3D coordinates X of the points in space cap-
tured by the camera (i.e., mapping) in the current window

P:[51,~--;5i,---;Sn,a)\17-~-7)\j7-~-)\m]; (1)
where s; represents the pose of the robot at the i-th mea-
surement, and A; represents the 3D coordinates of the j-th
feature (landmark) point. In addition to the 6 DoF pose p
and ¢, with IMU, the pose is also represented by the line
velocity v, the accelerometer bias b and the gyroscope bias
b? in the IMU three orthogonal axes. Note that p, g, v, b* and
b9 are 3D vectors R”.

To estimate p, MAP solves a nonlinear least squares
(NLS) optimization problem as below [15]

N
ming{ 3 o, PP, + I~ Hypl' . @
i=1

where N is the number of sensors; o; is the actual measure-
ment of the i-th sensor (“ground truth”), P; is a function
that maps the (to-be-estimated) state vector p to the i-th
sensor’s measurement spacel, C; is the covariance matrix of
the i-th sensor, and | - |- is the Mahalanobis norm that quan-
tifies the error in the current window; r, and H, are the
prior and roughly correspond to the marginalized measure-
ment and covariance matrix [14], respectively, and | - |* (L2
norm) quantifies the errors imposed by the priors.

2.2 Problem Solving Algorithm
Fig. 1 shows the overall structure of the MAP estimation
algorithm, which mainly consists of two phases: 1) a NLS
solver that solves (2) for the current sliding window, and 2)
marginalization, which generates the prior to form the NLS
objective function of the next window. These two phases
are executed in sequence.

NLS Solver. The Levenberg-Marquardt (LM) algorithm [16]
is a widely-used NLS solver. It belongs to the class of gradient

1. For instance, for camera measurements, P is a 3D to 2D camera
projection.
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Fig. 1. Algorithm overview of MAP estimation.

descent-based algorithms that iteratively update the result p
with a new estimate p + §p until the final result p* is calcu-
lated. Each iteration calculates 8p in three steps:

1) Calculate the Jacobian matrix (the matrix of all the
partial derivatives of the objective function) using p;

2)  Given the Jacobian matrix and the priors H, and 1,
form a system of linear equations Aép = b, where A
and b are calculated through a sequence of matrix
operations.

3) Solve the linear system to obtain 8p.

Marginalization. Marginalization uses the output of NLS
solver p*, i.e., the estimated state of the current window, to
generate the priors, H, and r,, which will participate in the
objective function of the next window. The priors are gener-
ated in three steps [14]:

1) Calculate the Jacobian matrix J and the residual e
(error of the loss function) using p™;

2) Calculate the information matrix H=]"] and the
information vector b = J7e.

T
3) Block H as M A and block b as l]);" . Calcu-

late the new priors using Schur Comple;nent [14]:
H,=A-AM'A”,andr, = b, — AM'b,,..

3 CusTtomizABLE HARDWARE

This section first gives the overview of the overall hardware
architecture (Section 3.1). Then, customization of the key
blocks of the architecture by leveraging the data and com-
putation patterns inherent to SLAM is presented (Section 3.2
to Section 3.7). Multiple algorithmic and microarchitectural
optimizations are carried out in different blocks.

3.1 Hardware Design Overview

Fig. 2 shows the overall hardware architecture, which accel-
erates both NLS solver and marginalization phases. The
NLS solver circuit first calculates Jacobians of sensor meas-
urements. Here, it shows visual and IMU measurements
and more other sensor measurements could be added.
Schur elimination is performed on the visual Jacobain to
simplify the subsequent computation and storage. Then, the
matrix and vector of the system of linear equations are
formed with on-chip storage optimization. Finally, Cho-
lesky decomposition is performed to solve the linear
system.

Authorized licensed use limited to: UNIVERSITY OF ROCHESTER. Downloade

Marginalization is performed after NLS solver due to
data dependency. Therefore, both phases share certain
hardware blocks. In Fig. 2, solid lines denote the NLS solver
data flow, and dash lines denote the marginalization data
flow.

We identify a set of customizable hardware blocks, indi-
cated by gears in Fig. 2. Specifically, the customizable blocks
are the Schur elimination block, the Cholesky decomposi-
tion block, and the Marginalization block. These blocks
present a large resource-vs-performance trade-off space.
Preliminary result in [12] shows that varying the design
parameters of the blocks could affect the end-to-end latency
by over 20x and the overall resource consumption by about
3x.

While many blocks in the hardware architecture have
well-established implementations (e.g., dense matrix multi-
plication), we now describe the designs of the blocks which
are optimized by harnessing the data and computation fea-
tures inherent in SLAM.

3.2 Visual Jacobian Block

The visual Jacobian block computes visual residual €. =
o. — P.(p) and Jacobian J,. Different from [9], the visual
Jacobian block uses analytic differentiation to compute the
partial derivatives for fast computation. The detailed archi-
tecture design of the visual Jacoban block is shown in Fig. 3,
based on a set of configurable basic computing units in
Fig. 4. The MAC unit can perform matrix-matrix multiplica-
tion and matrix-vector multiplication. The QM unit can per-
form multiplication of two Quaternions and multiplication
of a Quaternion and a Quaternion’ conjugate. The CTU unit
performs coordinate system conversion.

Let us explain the hardware design using a simple exam-
ple in Fig. 5. In the example a sliding window consisting of
2 keyframes, 3 feature points (P; ~ P3), and 4 observations
(O ~ Oy) is shown. Recall that the observations are gener-
ated from feature points through the projection function (P
in (2)). Because the Jacobian matrix is formed by the partial
derivatives of P with respect to the valid < feature point,
observation > pairs, the 3 x4 matrix J, with sparsity
(shaded blocks indicate non-zero values) is shown in Fig. 5.

We divide the computation into three levels: keyframe,
feature and observation, as shown in Fig. 3. The Observa-
tion block is responsible for calculating the matrix elements

gpartial derivatives), which requires two pieces of data: 1)
on June 04,2026 at 15:34:29 UTC from IEEE Xplore. Restrictions apply.
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Fig. 2. Overall hardware architecture. Three blocks, Schur elimination, Cholesky Decomposition, and Marginalization, are parameterized. Solid lines
denote the NLS solver data flow, and dash lines denote the marginalization data flow.

the coordinates of the feature point, e.g., P, in the world
coordinate system, the IMU coordinate system and the cam-
era coordinate system; this is calculated by the Feature
block; and 2) the rotation matrices of keyframes, which con-
tain the observations of the feature point (e.g., keyframes 1
and 2 which containing O, and O; of P)); this is calculated
by the Keyframe block. The three level division allows us to
exploit characteristics unique to SLAM data to effectively
capture data reuse and operation pipeline.

Data Reuse. Two forms of data-reuse exist. First, each fea-
ture point is reused across its associated observations (e.g., P
is reused over O; and O3). Second, each keyframe’s rotation
matrix is reused over all the observations within the keyframe
(e.g., keyframe 1's rotation matrix is reused over O; and Oy).
We decide to exploit feature point reuse, due to the fact that
the number of feature points is far more than the number of
keyframes. In our profiling, a typical sliding window on aver-
age would have 10x more feature points than keyframes.
This decision leads to design a “feature-stationary” architec-
ture where each feature point stays in the Observation block
until an entire matrix row is calculated.

7
]
| Rotation

matrix R

0
World
coondinat]

' FIFO [ Pc
mera

ra
coordinate coordinate l

(¢) Level3: Observation block

Fig. 3. Microarchitecture of the three blocks in the visual Jacobian hard-
ware. CTU-3: 3-stage pipelined CTU.

Given the “feature-stationary” design, the Feature block
and the Observation block form a producer-consumer pair.
As a result, their communication (coordinates P;, Pr and
Py) is through FIFOs as shown in Fig. 3. In contrast,
accesses to keyframe rotation matrices are arbitrary, since
different observations of a feature point could be captured
in different keyframes. Thus, the rotation matrices R are
stored in a RAM. Note that a RAM is much more power-
hungry to access than a FIFO.

Operation Pipeline. With the Feature block and the Obser-
vation block communicating through a FIFO, it is critical to
ensure that speeds of the two blocks roughly match so as to
avoid large FIFOs or constantly stalling the pipeline. We
observe that the number of observations is typically 10x
more than that of feature points. Thus, the Observation
block does more computation, and needs to be more aggres-
sively pipelined.

Because the amount of work the Observation block pro-
cesses for each feature point varies, we statically pipeline the
blocks based on the average statistics profiled offline, to sim-
plify the hardware design. In particular, we first pipeline the
Observation block as deep as possible to maximize the
throughput, and denote the per-stage latency C,. Fig. 3c
shows the pipelined architecture of the Observation block
with 8 pipeline stages. We then estimate the average number
of observations associated with a feature point, and denote it
N,. Given N, and C,, the Feature block is then pipelined into
Ly/(N,C,) stages, where L denotes the latency of the Feature
block and is fixed since the amount of work the Feature block
does for each feature point is constant. To make the pipeline
of the Feature block is adjustable, a configurable CTU unit is
designed in Fig. 4c and its pipeline stage can be set to 1, 2 with
FIFO; or 3 with FIFO, and QM.

3.3 IMU Jacobian Block

The IMU Jacobian block computes the IMU residual ¢, and
Jacobian matrix J,. J; is the matrix of partial derivatives of
€, with respective to pose s;. According to the meaning of ¢,
and s;, Jj is expressed in a blocked matrix to reveal the spar-
sity, as shown in Fig. 6. Each block indicates the partial
derivative of ¢, with respective to each element of s;, e.g., B;
is the partial derivative of ¢, over g;.
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Fig. 5. lllustration of a visual Jacobian matrix (3 x 4) and a information
matrix (33 x 33) for a simple sliding window with 2 keyframes, 3 feature
points (P, ~ P;), and 4 observations (O; ~ Oy).

Fig. 7 shows the detailed structure of the IMU Jacobian
block. We reorganize the computations for two purposes: 1)
extract common computations to avoid repeated calculation
of intermediate values, such as piq, @unia and v,,;q, and 2)
map the computations onto the configurable basic comput-
ing units. J, and ¢, are computed sequentially in two pipe-
line stages in Fig. 7a. Stage 1 computes subblocks of J, in
parallel as shown in Fig. 7b, and stage 2 computes ¢, and
forms J,. The parallel structure of stage 1 ensures the
latency matching of two stages.

3.4 Linear Equation Simplification Using Schur
Elimination

The main complexity in the NLS solver is to solve the linear

system ASp = b, where A is a (p+ ¢) X (p + ¢) matrix, and

1947
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Fig. 7. Microarchitecture of the IMU Jacobian block.

both §p and b are (p + ¢)-dimensional column vectors. The
linear system can be transformed to two simpler systems of
linear equations, each with a size of p x p and ¢ x ¢, respec-
tively, that are cheaper to solve, using Schur elimination [17].
For the SLAM, A=H+ ul is a (15n +m) x (15n +m)
matrix. Specifically, the information matrix H is composed
of three parts: visual information matrix HC<15n e (U
IMU information matrix Hy,, . and the prior H, . .
Note that the IMU information matrix and the prior matrix
only contain the pose information. Therefore, Schur elimina-
tion is first applied to the visual part to simplify the linear
system by separating pose s and feature point coordinate .

F [u wWT
ig. 5 shows the blocked form of H = W of the

example. Generally, U, W and V are m x m, 15n X m and
15n x 15n matrices. The original linear system can then be
expressed in the following blocked-matrix form

Usp, +W'ép, —b,

3
(V-WU'Whép,  =b,—WU 'b,
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Critically, the second half of (3) is a 15n x 15n system and
requires solving only ép,, solving which would allow us to
solve the first half of (3), a m x m system that involves only
8p,. We define S=V - WU 'W"! and r=b, - WU 'b,.
Then the linear system is reconstructed as Sép, = r.

The Schur elimination (SE) block and the IMU informa-
tion matrix computation (IMC) block in Fig. 2 generate the
visual part and the IMU part of S and r, respectively.

Fig. 8 shows the detailed architecture of the SE block. The
Schur elimination of different feature points are indepen-
dent. Therefore, different from [9], the SE block is pipelined
across the feature points in three stages for simplified hard-
ware design. The main computations are matrix multiplica-
tions, which are mapped on the configurable MAC units.
The latency of each pipeline stage depends on the number
of observations Ny. The latency of three stages is 12Ny, 6N
and (6Ny)?, respectively. Stage 3 has the longest latency. To
improve the pipeline throughput, we increase the number
of MAC units n; in stage 3 and use it as a parameter to
adjust latency.

The IMC block computes H;, = J7J,. We exploit the spar-
sity of J, and block it, by combining identity matrices and
null matrices, in the form shown in Fig. 6. This blocking
reduces the computation ]Z;Oxlslwa . tO AL, oAgxas. The
required number of multiply-accumulations is reduced by
61.6%. The computations are also mapped onto multiple
MAC units.

3.5 Storage Optimization of S Matrix

After the SE block and the IMC block compute the corre-
sponding elements of S matrix, S matrix is constructed and
stored in on-chip memory. Direct storage of S which has
(15n)” elements occupies large on-chip memory space, con-
tributing about 60% of the total on-chip memory require-
ment. We optimize S storage by separately storing the
visual contribution S. and the IMU contribution S, and
exploiting their individual symmetry with structured
sparsities.

Fig. 9a illustrates the example of storing visual contribu-
tion S, with n = 5 keyframes. Note that visual information
only provides translation p and rotation ¢ of pose s. There-
fore, the non-zero elements of S, exist only in a 6 x 6 sub-
block. Exploiting the symmetry can further compact about a
half space.

Fig. 9b demonstrates the storage of S;. Because an IMU
observation is related only to the adjacent keyframes, the
non-zero elements of S; exist only in the diagonal and sub/
super-diagonal blocks (Step1). Then by exploiting symme-
try the storage is reduced about a half (Step2). Finally,
leveraging fine-grained sparsity existing in the remainin
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Fig. 9. Matrix S storage optimization.

matrix can further reduce the storage (Step3). Assuming
each element is 32 bits, the storage optimization for S, saves
81.3% memory space in this example. As the number of key-
frames increases, the saving is more significant, as shown in
Fig. 9c with n = 20 and n = 80.

Overall, our optimization reduces the memory space
requirement from (15n)2 to 18n2 + 252n — 99, in which S,
requires 18(n” + n) and S, requires 234n — 99.

3.6 Cholesky Decomposition Block

The Cholesky decomposition (CD) block solves Sép, =r.
While Cholesky decomposition is not unique to SLAM, we
leverage SLAM-specific knowledge to optimize its hard-
ware design.

Recall that Cholesky decomposition decomposes a sym-
metric matrix S into LLT, where L is a lower triangular
matrix. The hardware iteratively generates columns of L,
starting from the first column. For simple explanation,
assuming that S is of dimension n; x n;, the first iteration
calculates the first column of L (the Evaluate phase), using
which a new matrix S, _; of size (n, — 1) X (n — 1) is gen-
erated (the Update phase). S, 1 becomes the input matrix
to the second iteration. This process continues until the
entire L is calculated.

Fig. 10 shows the hardware design of the CD block,
which cascades the Cholesky process elements (CPEs), each
containing the Evaluate and Update units and completing
one iteration of the Cholesky decomposition. Analyzing the
fine-grained data dependencies shows that the Evaluate
phase and the Update phase could be pipelined [18]. How-
ever, the computation latency of the Update phase is longer
than that of the Evaluate phase and is reduced as iterating.

To ensure a balanced pipeline, our design uses multiple
CPEs, the exact number of which is parameterized n;.
Fig. 11 shows the timeline of execution under 6 CPEs, where
E; and U; denote the latency of the Evaluate and Update
phases in iteration i, respectively. Every 6 Evaluate-Update
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Fig. 10. The microarchitecture of the Cholesky decomposition block.
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Fig. 11. The execution timeline of the CD block. E; and U; denote the
Evaluate and Update latency in iteration i, respectively. Three rounds of
execution are shown, each round finishes 6 Evaluate and Update
phases, where 6 is the number of CPEs.

iterations form a round; the next round could only start
when the Evaluate and Update units are both available. As
shown in Fig. 11, there are two cases: 1) when an Update
unit is available later than the Evaluate unit (e.g., Round 1),
and 2) when the Evaluate unit is available later than an
Update unit (e.g., Round 2).

3.7 Marginalization Block
The marginalization (MAR) block computes H,, and r, as
described in Section 2.2. The computation of H, =
A — AM A" is similar to H.. If two computations can share
the same circuit, hardware resources are saved. However,
the SE block cannot be directly used, because M is a generic
matrix while U in calculating H. is a diagonal matrix that
can be trivially inverted. Calculating M~ requires O(m +
15)* computation complexity. M. M

To deal with the issue, we block M as [ 1 12},

My My

where M;; contains the pose s information and My, con-
tains the feature point coordinate \ information. Then, M~!
can be expressed in the following form
M-t [ Mo+ M M8 My M —MUlMlgS’l}
—S" "My My st ’
4)

where S’ =M, — M12M§21M21. Here, M, is a diagonal
matrix and thus the computation of S’ can share the SE
block. Then, the CD block is used to obtain L’ of §’, in order
to derive S' .

Given L', the remaining computation is performed by the
MAR block whose detailed structure is shown in Fig. 12.
The main computation is matrix multiplications which are
mapped onto the MAC units. Because M~' is a dense
matrix, the computation of AMAT is time-consuming.
Multiple MAC units are used to parallelize the computation
to balance latency. Therefore, the MAR block is parameter-
ized by the number of MAC units n,,.

Triangular
matrix inversion

|
|
k_

Fig. 12. The microarchitecture of the marginalization block.

4 FiXeD POINT DESIGN

The backend of SLAM usually uses floating-point, even
double precision, arithmetic to provide sufficient numerical
precision [7]. However, the resource usage and conse-
quently power consumption of hardware accelerator scales
with the numeric precision of the computation. We identify
the diverse features of data processed in SLAM, and use
fixed-point (FXP) arithmetic to further improve efficiency of
the accelerator. The FXP format for each variable involved
in SLAM is determined with respect to the physical mean-
ings, numerical dynamic range, the arithmetic computation
and hardware resource cost.

We first present the fixed-point design flow here and
then introduce the specific designs for each block in the fol-
lowing subsections. Signed two’s complement fixed-point
(FXP) numbers can be represented as Q(QI, QF'), in which
Q1 is the bit-width of the integer part including the sign bit,
and QF' is the bit-width of the fractional part.

Because of significant impact on localization accuracy,
QI is first determined according to the numerical range
[¢min, Cmaz] Of €ach variable ¢ involved in each block as (5).
The range of ¢ can be profiled during execution of the
SLAM software implementation

QI(Cmim Cmax) = [longaXﬂcmin ‘7 ‘CWZ(L’ITD + 1] (5)

Then QF is chosen with respect to the trade-off between
resource usage and precision requirement. The process is
the following. In the first step, Q1 is selected on the base of
computational resource. Table 1 lists the resource usage of
FXP multiplier with different input bit-widths from Xilinx
IP cores. We use the number of DSP blocks (#DSP) as the
metric because DSP is the resource bottleneck for the accel-
erator design. For each variable with the determined I,
the closest input bit-width from the table is selected. For
example, if ¢ with @I, =10 is an operand to a multiplier,
18-bit bit-width is selected, i.e., QF,. = 8. If the bit-width of
another operand is not greater than 25-bit, one DSP is used.
The initial QF of all variables are selected following the
same way.

In the second step, the Relative Pose Error (RPE), which
is used to represent the location accuracy, is evaluated. If
the RPE meets the requirement, then the FXP design is
done; otherwise moving to the next step.

In the third step, the variables which significantly affect
the accuracy are searched, such as those which suffer from
severe underflows. For these variables, their bit-width is
increased to the next level in Table 1 by increasing the frac-
tion bit-width. Continuing with the previous example, if ¢ is
the one whose precision significantly affects RPE, the bit-
width of ¢ takes 25 or 35 bits and two DSPs are used. After-
wards, the process goes to the second step again.
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TABLE 1
Resource Usage of FXP Multiplier
Bit-width #DSP
1825 1
25%35 2
40%35 4

In addition, the different blocks show various character-
istics which also affect the FXP design. Next, FXP designs of
the key blocks are presented.

4.1 Visual and IMU Jacobian

According to the specific mathematical properties and phys-
ical meaning of the data involved in the calculation of the
visual and IMU Jacobian blocks, we set an appropriate
fixed-point bit-width for them.

As mentioned, the data calculated in the visual block
mainly include rotation matrix, coordinates, visual reprojec-
tion residual and Jacobian matrix. The rotation matrix satis-
fies the properties of the orthogonal matrix (the value of
each element belongs to [-1,1]), and the continuous product
between the rotation matrices is still a rotation matrix.
Therefore, QI for the rotation matrix is set to 2.

The coordinate values in various coordinate systems
have different units and have a wide range from several
meters to several hundred pixels, so their QI is set to 10.
The calculated residuals are in the unit of pixel, which are
in the range of tens, and thus their Q1 is set to 8.

The element of Jacobian matrix is usually large, up to
several thousands, so we set their QI to 15. Since there are
division operations in the Jacobian matrix calculation pro-
cess, it is necessary to first determine whether the divisor is
0 due to the FXP quantization. If the devisor is 0, its LSB is
set to 1 to improve the calculation accuracy as much as pos-
sible. The overflow mode of the FXP design is set to
saturation.

The precision of residual and Jacobian has significant
impact on the location accuracy, and thus 25-bit and 35-bit
bit-widths are chosen to determine QF'. The FXP format of
the data involved in the calculation of the IMU Jacobian
block can be determined similarly. Table 2 shows FXP for-
mat of each variable of the visual and IMU Jacobian blocks.

4.2 Other Blocks
Following the similar method, the FXP format of the other
blocks is determined as in Table 2. The orders of magnitude
of data in the CD block vary significantly from 10~* to 10,
Direct FXP quantization will require large bit-width or
cause a large loss of precision. Therefore, the data are nor-
malized first into (-1, 1). The selection of the normalization
scaling factor « ensures that the multiplication and division
between the data and the factor can be obtained by shifting
without overflow. The decomposition with the normaliza-
tion becomes $ =L (L)". After normalization, QI of the
datais set to 1 and QF'is 17 or 24.

Because the SE and IMC blocks perform calculation with
the Jacobian matrix, the FXP format of the involved varia-
bles are set as the same to that of the Jacobian matrix.
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TABLE 2

FXP Format of Main Variables of the Different Blocks
Visual and IMU blocks FXP format Other blocks FXP format
rotation matrix 2,23) CD (1,17/24)
coordinate (10, 25) SE (15, 20)
observation (10, 25) IMC (15, 20)
velocity (8,27) MAR (15,10/20)
translation (8,27)
bias 4,21)
residual (8,27)
Jacobian matrix (15, 20)

The inputs of the MAR block are from the SE, IMC and
CD blocks, the @@ format of the data calculated in the MAR
block is set as (15, 10) or (15, 20).

Section 6 will show that the above FXP designs lead to
resource saving, speed improvement and power consumption
reduction while meeting the location accuracy requirement.

5 SURROUNDING-AWARE RUNTIME
CONFIGURATION

As discussed in [12], the amount of workloads required in
different driving environments often varies over time in
order to sustain the accuracy in a real-world SLAM deploy-
ment. If a sliding window has fewer feature points, the
accuracy would drop because less information is available
to estimate the pose. In this case, the number of iterations in
the iterative NLS solver is increased to sustain the accuracy
level. More iterations lead to more work and, thus, require
more powerful hardware configurations within the latency
constraint.

A static hardware configuration is necessarily conserva-
tive to accommodate a large iteration count. This would
degrade the efficiency of the accelerator when entering a
new environment with sufficient feature points. Therefore,
the proposed accelerator architecture is configured at run-
time to adapt to different surroundings. The customized
architecture presented in the previous section allows us to
reconfigure the accelerator by adjusting the parameters of
the three configurable blocks: the number of MAC units ng
in the SE block, the number of CPEs n, in the CD block,
and the number of MAC units n,, in the MAR block,
respectively.

5.1 Problem Formulation

The determination of the three parameters can be formu-
lated in the form of a constrained optimization problem,
which minimizes system power consumption Power(-) with
respect to latency Lat(-) and resource Res(-) constraints

min
ng,nm, Ny

s.t. Lat(ng,n,,,n,) < L*, Res(ng,n,,ny) < R, ©6)

Power(ng, n,,, ny)

where Power(:), Lat(-), and Res(-) are functions of ng, n,,,
and n;. L* is the latency constraint specified by the designer,
and R’ is the resource constraint imposed by a particular
FPGA device. In addition to power, speed and resource, it is
also possible to add other design metrics to the formulation,

Authorized licensed use limited to: UNIVERSITY OF ROCHESTER. Downloaded on June 04,2026 at 15:34:29 UTC from IEEE Xplore. Restrictions apply.



LIU ETAL.: ENERGY EFFICIENT AND RUNTIME RECONFIGURABLE ACCELERATOR FOR ROBOTIC LOCALIZATION

such as localization accuracy. The formulation actually
models the design space of accelerator for robot localization
and can be used for design exploration at the design stage.
In this work, the formulation is solved for runtime configu-
ration of the accelerator. Next, we will show how the
latency, power consumption and resource usage models are
analytically formulated, respectively. We will omit the
detailed derivation of the models due to space limit.

5.2 Analytical Modeling

Latency Model. The latency model is derived by calculating
the critical path latency of the accelerator given the analyti-
cal latency models of each block

Lat(n{h n,, ns)
= Iter x LNLS(nda ns) + L]\Iar‘g(nda n,, ns) (7)

where Lyzs denotes the latency of an iteration of the NLS
solver, Iter denotes the total number of iterations in the
NLS solver which varies with respect to the driving sur-
roundings, and Ly, denotes the marginalization latency.

The critical-path latency of an NLS iteration (the blocks
along the solid lines in Fig. 2) is expressed as follows:

Lps(ng,ng)
- Z InaX{LVfru:: LS(’]L’UJ‘(nlI)} + L(J}Lolcsk:y(ns) + LSub (8)
i=1

where Lyy, denotes the latency of the Visual Jacobian
matrix computation, Lg.,, denotes the latency of Schur
elimination and is parameterized by ng, Lcpelesty is the
latency of Cholesky decomposition and is parameterized by
n,, and L,,; denotes the back substitution latency with a
fixed value independent of n; and n,. The max operation
reflects the pipeline between calculating the visual Jacobian
and the Schur elimination across all m feature points. The
amount of computations in the IMU Jacobian block is much
less than the visual Jacobian block, so the IMU Jacobian and
IMC blocks are not the critical path.

Given the statistically-balanced pipeline design in Sec-
tion 3.2, the total latency Lyy,. of calculating the Jacobian
matrix elements for a feature point, ignoring the pipeline
initiation, is given by

LVJ{I,{: = NoCn~ (9)

In the SE block, given the number of MAC units n,, the
latency of performing Schur elimination for a feature point
is
(10)

LSchm’(nd) = (6N0)2/nd

For the CD block, given n; CPEs, the nj, x n;, input matrix
S, and the latency of the Evaluate unit L., the total latency is

]

Z maz{nsL., Le +
=0

LCholcskq nb

%}7 (11

m; = ny —in
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where the maxz operation models the two scenarios of avail-
ability of the Evaluate and Update units.

The marginalization latency is the cumulative latency of
the visual Jacobian, SE, CD and MAR blocks, which are
along the dash lines in Fig. 2

LMarg(nd, n,, ns) = @y Lyjac + LSchur(nd)

+ LCho[esk'y(ns) + L:\'lar(nm) (13)

Given n,, MAC units, the latency of the MAR block is

Ltar(nyy) = 15a,, + @, + bp(15 + a,,) (6b + 9)
15+ ap,

+ bi(6b + 9)* + 1250, -

by, = (14)

where a,, denotes the number of feature points that are
moved out of the current sliding window, and b denotes the
number of keyframes in the sliding window.

Resource Model. The resource consumption of the acceler-
ator is modeled as

Res(ng,n,,,n,) = Ry +nyg X Ry +n,, X Ry, + 0y X Ry

(15)

where R4, R, and R, denote the unit resources consump-
tion of the hardware structures that are parameters by ng,
n,,, and n,, respectively, and R, denotes the resource con-
sumption independent of customization. For FPGA-based
accelerator design, four major types of resources are consid-
ered, including lookup table (LUT), flip-flop (FF), on-chip
RAM block (BRAM) and digital signal processing block
(DSP). The resource constraint must be met for all four
resource types.

Power Model. We model the power consumption similarly

P0+nd><Pd+nm XRn“”nsX—Ps-
(16)

Power(ng,n,,,n,;) =

The coefficients F;, P, and P, are fitted for a particular
FPGA device using regression models offline. This strategy
adapts to other FPGAs and does not require measuring the
power of individual blocks on an FPGA fabric, which is dif-
ficult to obtain in practice.

The formulation in (6) is a 3-variable mixed-integer con-
vex programming problem. A near-optimal solution can be
found in milliseconds using optimization packages such as
YALMIP [19] and MLOPT [20].

5.3 Runtime Configuration Scheme
We design a low-overhead scheme to dynamically adjust
the hardware architecture by building relationships among
the surroundings (represented by the number of feature
points), the NLS iteration count Iter and the parameters
(nda n,,, n5)~

A lookup table that maps the number of feature points to
Iter is first built by profiling datasets of interest offline [21]. In
practice, we find that the NLS with Iter > 6 usually provides
little accuracy improvement. Therefore, the maximum of Jter
is set to 6 and Iter is adjusted during runtime, which is similar
to the concept of approximate execution in autonomous

-1 (12)
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control [22]. The approximation introduces acceptable accu-
racy loss, which will be evaluated in Section 6.

Given a different Iter, the problem (6) needs to be solved
again to generate a set of (ng4, n,,, n,). Since there are only 6
Iter choices, (6) is solved exhaustively against all Iter values
offline. This builds the second lookup table for mapping
Iter to (ng, n,,, ny).

At runtime, the sensing frontend provides the number of
feature points. Then, Iter is adjusted when the number of
feature points maps to a different Jter in two consecutive
sliding windows. Finally, the ng4, ny,, and ng values are
looked up and passed to the FPGA if different from the cur-
rent values. In this way, runtime reconfiguration effectively
has no overhead.

The FPGA accelerator, after obtaining the three parame-
ters ng, n,,,, ng, uses the clock gating logic to only switch on
corresponding computing units. In this way, the acceler-
ator’'s power consumption is dynamically managed when
entering different environments. Note that the runtime con-
figuration does not require FPGA reconfiguration. Instead,
the runtime configuration only involves clock gating
scheme changes, i.e., some computing units’ clock is off and
some is on. The transition time is negligible by controlling
the enable signals of the FPGA build-in clock buffers [23].

6 EXPERIMENTAL RESULTS

To evaluate the proposed accelerator, we carry out a set of
experiments. We first introduce the experimental setup
(Section 6.1). Then the experiment results are presented in
five parts (Section 6.2). The first part evaluates the speed
and energy of the accelerator by comparing to software
implementations and a hardware accelerator. The second
part shows that the fixed-point design effectively reduces
resource usage compared to floating-point arithmetic. The
third part shows that the accelerator achieves satisfactory
localization accuracy. The fourth part demonstrates that the
accelerator is capable of runtime configuration to reduce
power consumption. Finally, the accelerator is compared to
several existing SLAM accelerators to demonstrate the
design superiority.

6.1 Experimental Setup

The accelerator is designed with FXP numbers using Veri-
log, and synthesized and implemented onto the Xilinx
Zyng-7000 SoC ZC706 FPGA using Vivado Design Suite
2018.2. The accelerator operates at a fixed frequency of 154
MHz. The power consumption of the accelerator is esti-
mated using the Vivado power analysis tool using real
workloads under test. All power and resource consumption
data are obtained after the design passes the post-layout
timing analysis.

The accelerator design is evaluated using two common
datasets: KITTI Odometry [24] (grayscale sequence) for
self-driving cars and EuRoC [25] (Machine Hall sequences)
for drones. We select eight traces from the datasets with
different number of keyframes (#Keyframes), feature
points (#Features), visual observations (#Visual obs) and
IMU observations (#IMU obs), representing eight driving
scenarios.
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Fig. 13. Speed comparison to the software implementations and an
FPGA implementation [12].

VINS-Fusion [26], a software implementation of SLAM,
is used as a baseline, which uses Google’s ceres solver [27]
to implement bundle adjustment. The software implemen-
tation with double-precision floating-point (FLP64) num-
bers is parallelized through multithreaded vectorized CPU
execution. The software is evaluated on two hardware plat-
forms: one on an Intel Comet Lake processor that has 12
cores and operates at 2.9 GHz, and the other on the quad-
core Arm Cortex-A57 processor on the Nvidia mobile Jetson
TX1 platform [28] operating at 1.9 GHz. The Comet Lake’s
power is measured through a power meter and the Arm
core power is measured through the power sensing cir-
cuitry on TX1.

6.2 Experimental Results

Performance Evaluation. We first evaluate the accelerator’s
performance and energy efficiency. The proposed accelera-
tor with FXP is compared to the Intel CPU implementation,
the Arm implementation and the FPGA implementation
[12] with the single-precision floating-point (FLP) numbers.

Fig. 13 shows the result. The best speed of each imple-
mentation is measured and the speedup is averaged over
the eight traces. Our accelerator, determined by transform-
ing the problem (6) to minimize latency with respect to
FPGA resource constraints, achieves 9.2 x , 59.1x and 1.4x
speedup over the two software implementations and the
FLP FPGA implementation, respectively. The speed advan-
tage of our design over [12] is from two aspects. One is that
the FXP computation latency is shorter than the FLP compu-
tation. Another is that the FXP computation consumes hard-
ware resources less than the FLP computation and thus our
design has higher parallelism, i.e., larger ng4, n,, and n,. For
example, when testing on trace 1, the FLP implementation
hasn; = 10, n,,, = 56 and n, = 97, while our FXP implemen-
tation has n; = 10, n,,, = 113 and n, = 227.

Fig. 14 demonstrates the energy efficiency. We randomly
set two latency constraints, 20ms and 33ms, corresponding
to two scenarios. The short latency constraint requires fast
localization response, emulating the high speed driving.
The power-optimized accelerator designs are generated
from the solving the problem (6). Our design achieves
153 x, 33x and 2x energy reduction under the 20ms con-
straint; 104 x , 22x and 1.5x energy reduction under the
33ms constraint, over the Intel, Arm and FPGA accelerator
[12], respectively. Our design demonstrates superior energy
efficiency under the tight constraint. Again, compared to
the FLP design [12], our design achieves better energy
efficiency.
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Fig. 14. Energy comparison to the software implementations and an
FPGA implementation [12] under two latency constraints.
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Fig. 15. Resource usage comparison to the FPGA implementation [12]
under two architecture configurations.

Resource Usage Evaluation. Next, let us closely look at the
resource usage of the proposed accelerator. Fig. 15 shows utili-
zation percentages of FPGA computation and memory resour-
ces of our accelerator and the FPGA implementation [12]. Two
architecture configurations are selected, representing the low
and high parallelism, respectively. At the low parallelism con-
figuration (n; = 5, n,, = 5, n; = 20), our FXP accelerator saves
18% LUTs, 57% FFs, 17% BRAMSs and 51% DSPs. At the high
parallelism configuration (ny = 20, n,, = 20, n, = 80), our FXP
accelerator saves 25% LUTs, 59% FFs, 11% BRAMSs and 49%
DSPs. The DSP usage is significantly reduced, due to the FXP
design strategy proposed in Section 4.

Localization Accuracy. In addition to performance and
resource usage, we also care about the localization accuracy of
the proposed accelerator. An open-source tool evo [29] is used
to evaluate localization accuracy. It calculates two RPEs, Root
Mean Square Error (RMSE) and Maximum Error (ME),
between the location outputs of odometry and SLAM algo-
rithms and the ground truth locations. The traces shown in
Table 3 are used in this evaluation. For example, on the KITTI
dataset, RMSE and ME are the average error and the maximum
error calculated over the four traces (Num 5-Num 8), respec-
tively. Fig. 16 illustrates the result. The baseline is the software
implementation VINS-Fusion [26] with FLP64. An accelerator
Archytas [12] is implemented with FLP32. The proposed accel-
erator with the FXP format is implemented with the static con-
figuration (/ter=6) and the dynamic configuration. From the
figure, we can observe the following results. First, the FXP
hardware implementations achieve the similar localization
accuracy. On the KITTI dataset, they increase RMSE and ME
by upto 0.8cm and 1.9cm, respectively, to the baseline. On the
EuRoC dataset, they increase RMSE and ME by upto 1.0cm
and 2.5cm, respectively, to the baseline. The small accuracy
loss is mainly caused by the FXP format. We can also observe
accuracy loss of the FLP32 implementation to the baseline.
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TABLE 3
Test Traces From the KITTI and EuRoC Datasets

Num Trace #Keyframes #Features #Visual obs #IMU obs
1 MHO1 10 148 1038 10
2 MHO01 20 187 2688 20
3 MHO01 30 210 4057 30
4 MHO01 40 312 5067 40
5 KITTIOO 30 417 3889 30
6 KITTIOO0 50 607 5950 50
7 KITTIO1 30 269 2974 30
8 KITTIO1 50 409 4414 50
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Fig. 16. Localization accuracy comparison. Baseline is the software
implementation VINS-Fusion [26] with FLP64, and Archytas [12] is an
accelerator with FLP32.

Second, compared to the static configuration, the dynamic con-
figuration only increases the error by 2.2% on average, due to
the dynamic adjustment of Iter.

To see how such RPEs affect the moving trajectory, we also
plot the trajectories on two traces, Num 3 and Num 5 from
Table 3, in Fig. 17. The FXP implementations generate the tra-
jectories close to that of the FLP implementation and the
ground truth. This is because the MAP estimation is robust in
long-term localization, where the localization estimation error
in a feature point could be complemented in the subsequent
windows when more feature points are obtained.

Runtime Configuration Evaluation. We select 1000 consecu-
tive sliding windows from the third trace in Table 3 to eval-
uate the runtime configuration performance of the designed
accelerator. The 1000 sliding windows in sequence repre-
sent a driving path with various environments, where the
number of feature points in each window varies over time.
Again, we set two latency constraints: 33ms for the first 500
windows and 20ms for the second 500 windows.

Fig. 18 shows the power changes, over time, of the accelera-
tor with the static configuration and the dynamic configuration.
As shown in the figure, the static configuration considering the
worst-case scenario consumes the peak power all the time. In
contrast, the runtime configuration dynamically adjusts the
architecture to adapt to different scenarios and saves power.
During the second 500 windows, the power consumption
changes more frequently due to the tight latency constraint and
the dynamic scenarios. On average over the first 500 windows,
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Fig. 17. Moving trajectory comparisons on a) EuRoC and b) KITTI
datasets.

the runtime configuration saves power consumption 16%; over
the second 500 windows saves 18%.

Note that the dynamic configuration reduces power con-
sumption by reducing the parallelism of the computation
and thus increases the processing latency, which still meets
the latency constraint, compared to the static configuration.
Therefore, we also compare the total energy consumption of
the static and dynamic configurations, as shown in Fig. 19.
The result shows that the dynamic configuration reduces
the energy consumption by 18.2% and 9.8% under two
latency constraints, respectively.

Comparison to Exiting SLAM Accelerators. Different locali-
zation accelerators target slightly different SLAM algorith-
mic variants/hardware platforms and are evaluated on
different benchmarks, so a fair comparison is difficult.
Table 4 is our best-effort comparisons with prior localization
accelerators, where all evaluations focus on the backend
part of SLAM.

From the table we can make the following observa-
tions. First, the ASIC implementation [7] has the best per-
formance as expected. However, the ASIC designs face
issues of high non-recurring engineering cost, long time-
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Fig. 18. Power consumption variation in the changing driving surround-
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Fig. 19. Energy consumption comparison.

to-market and being not adaptive to localization algo-
rithm evolution. Second, our design has the best perfor-
mance and energy efficiency compared to the other FPGA
implementations. The main gain comes from the SLAM-
customized architecture design, the fixed-point design
and the runtime configuration. Compared to [9] and [12],
the performance improvement of our design mainly
comes from the fixed-point design and the microarchitec-
ture optimization such as the visual Jacobian block and
the Schur elimination block. In addition, [9] only imple-
ments the Jacobian and Schur elimination in hardware
and the rest in software. The backend of [7] and [5] uses
Gauss-Newton algorithm and double floating-point num-
bers, while our design uses LM algorithm and fixed-point
design leading to high efficiency. Similar to [9], Eudoxus
[11] also uses hardware and software co-design, while
our design implements the whole backend in hardware
avoiding the communication cost between software and
hardware. Third, our accelerator adapts to run-time dyna-
mism while all prior accelerators do not.
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TABLE 4
Comparison With Recent Backend Accelerators of SLAM
This work Archytas[12] Navison[7] pi-BA[9] VIO on Chip[5]  Eudoxus[11]
Platform FPGA FPGA ASIC FPGA FPGA FPGA
Technology 28 nm 28 nm 65 nm 28 nm 28 nm 16 nm
Algorithm LM-opt LM-opt GN-opt LM-opt GN-opt Kal-filer
Sensor Visual+IMU  Visual+IMU Visual+IMU Visual Visual+IMU Visual+IMU
Data Types FXP FLP32 FLP64+FXP FLP32 FXP FLP32
Voltage 1V 1V 12V 1V 1V 085V
Power 239W 3.45W 9.6 mW 550 W 612 mW 31W
Frequency 154 MHz 143 MHz 62.5/83.3MHz 143 MHz 100 MHz 180 MHz
Throughput 50 fps 50 fps 32 fps 4fps 5 fps 22 fps
Energy per Frame 35.6 mJ 56.6 mJ 300.0 u] 605 mJ 122 mJ 141.0 mJ
Runtime Arch Configuration Yes Yes N/A No No No

All performance data of the compared accelerators are from the published papers.

7 RELATED WORK

As more and more autonomous machines are deployed in real-
world applications, various robotics tasks are accelerated for
the real-time requirements on the mobile systems [7], [8], [9],
[10], [11], [22]. This paper specifically focuses on localization.

Hardware acceleration of robotic localization is an active
area of research. Prior accelerators target both ASIC [7], [8]
and FPGA [5], [9], [10], [11], [30], [31], [32], and accelerate
different algorithms including optimization-based algo-
rithms [15] (e.g., BA) and filter-based algorithms [11]. This
paper focuses on BA-based algorithms due to their wide
applicability, and targets FPGA due to its design flexibility
and rich sensor interfaces that ease its integration into an
end-to-end computing system [33].

Some of the prior efforts focus on accelerating process of
the visual SLAM. An energy-efficient architecture is pro-
posed for real-time ORB-based visual SLAM system by
accelerating the most time-consuming stages of feature
extraction and matching on FPGA platform [32]. 7-BA [9]
accelerates BA, in which the Jacobian calculation and Schur
elimination are implemented on FPGA and the rest is imple-
mented on software. BAX [34] is a full hardware accelerator
for BA, and uses generic vector units for acceleration. Gaut-
ier et al. [31] propose FPGA accelerator for a dense SLAM
framework which performs 3D reconstruction based on an
input from a RGB-D sensor. The target hardware platforms
are low-power FPGA SoC and high-performance CPU-
FPGA heterogeneous system. Similarly, Boikos et al. [30]
accelerate the semi-dense LSD-SLAM algorithm on an
FPGA SoC achieving 22 frames per second on a 320x240
input visual frame.

Visual-inertial odometry (VIO) SLAM uses camera and
inertial measurement unit IMU) data to estimate location
and map the surroundings. Several FPGA accelerators tar-
get the VIO-SLAM by hardware-software co-design. Zhang
et al. [5] jointly explore the algorithm and hardware design
space for accelerating VIO-SLAM. The accelerator can adapt
to environments by rescheduling the frontend and the back-
end pipelines to save time. Similarly, a framework for
autonomous machine localization is proposed, which
adapts to different operating scenarios by fusing fundamen-
tal algorithmic primitives and co-designing a hardware
accelerator [11]. In [10], the sparsity feature of SLAM is

deployed to accelerate EKF and ORB SLAM while co-opti-
mizing power and latency.

The proposed accelerator differs from previous accelerators
in two main ways. First, unlike most of the prior accelerators,
which are designed for a particular design point, our accelera-
tor with configurable architecture provides a hardware tem-
plate, on top which a synthesis framework such as [12] can
generate an accelerator given the design specifications. Second,
our accelerator re-configures architecture at runtime to adapt
to the driving environment, where in virtually all prior acceler-
ators’ architecture are static.

8 CONCLUSION

To address the challenges faced by accelerating localization,
we propose an energy-efficient and runtime-configurable
accelerator architecture. Leveraging SLAM-specific features,
we design efficient computing structure with fixed-point
arithmetic and reduce memory usage. Parameterized archi-
tecture allows us to 1) formulate the design space explora-
tion into convex optimization problem, leading to
automated and optimized design solution generation; and
2) adjust the accelerator at runtime to adapt to various driv-
ing environments and save power. Evaluations on FPGA
and common datasets demonstrate that the proposed accel-
erator has superior performance and energy efficiency over
the Intel CPU, Arm CPU and existing FPGA accelerators.
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