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1 INTRODUCTION
Image registration (also known as image alignment, warping, or
matching) is an important task in medical image analysis [11, 23, 24,
28]. It is used in computer aided diagnosis and clinical population
studies. The image registration problem is as follows: Given two im-
agesm0 (x ) andm1 (x ) (where x ∈ (0, 2π ]3), we seek a transforma-
tion y (x ) such that m0 (y (x ) ) is similar to m1 (x ) [23]. Registration
methods can be classified based on the parameterization for y. In
this poster, we consider methods that belong or are related to large-
deformation diffeomorphic metric mapping (LDDMM) [4, 33].
Here, one introduces a pseudo-time variable t ∈ [0, 1] and inverts
for a time-dependent, smooth velocity fieldv that parameterizes the
deformation map y. Such mappings provide maximal flexibility [28]
but are expensive to compute since they are infinite dimensional.
Upon discretization, the number of unknowns for y is still in the
millions. Furthermore, image registration is a highly non-linear and
ill-conditioned inverse problem [11]. As a result, solving image
registration problems can take a few minutes on multi-core high-
end CPUs. Large clinical, cross-center, population-study workflows
require thousands of registrations. GPUs with their inherent par-
allelism and low energy consumption are an attractive choice to
achieve this goal. However, despite the need for HPC-performance
for registration and the existence of several software libraries for
LDDMM registration, there is little work on optimized GPU imple-
mentations. We refer to [10, 12, 27] for surveys on GPU accelerated
solvers. Popular software packages for deformable registration are
described in [1–3, 17, 22, 26, 32]. The work that is most closely
related to ours is [5, 7, 9, 13–16, 30, 31]

We extend the publicly available open source diffeomorphic im-
age registration framework CLAIRE [19, 21] to support a single
GPU accelerator. This involves contributions to the GPU accelerated
interpolation kernel, the semi-Lagrangian time stepping scheme,
spectral differentiation and finite difference methods, and the solu-
tion of the underlying partial differential equations (PDEs). Addi-
tionally, we present performance results for our new implementation.
As a highlight, we demonstrate that we can register 2563 clinical
images in less than 6 seconds on a single NVIDIA Tesla V100. This
amounts to over 20× speed-up over the current version of CLAIRE
and over 30× speed-up over existing GPU implementations.

2 METHODS
CLAIRE uses an optimal control formulation [21]. Here, the prob-
lem of diffeomorphic image registration is formulated in terms of

a stationary velocity v (x ) that parameterizes the deformation map
y (x ). Given two imagesm0 (x ) (template image; image to be regis-
tered) andm1 (x ) (reference image), we seekv (x ) by solving

min
v

1
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∫
Ω
(m(x , 1) −m1 (x ))

2dx+
β
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∫
Ω
⟨Av (x ),v (x )⟩ dx (1a)

s. t. ∂tm(x , t ) +v (x ) ·∇m(x , t ) = 0 in Ω × (0, 1]
m(x , t ) =m0 (x ) in Ω × {0}

(1b)

with periodic boundary conditions on ∂Ω. The PDE constraint (1b)
is the forward problem of our formulation—the geometric transfor-
mation of the template image m0 (x ) in terms of the velocity field
v (x ). The first term in (1a) is an image similarity measure (we use a
squared L2-distance). The second term in (1a) is a Tikhonov regular-
ization functional with parameter β > 0. It ensures smoothness of
v (x ), and if chosen adequately guarantees that the transformation
of m0 (x ) exists and is a diffeomorphism [29]. We follow the default
configuration of CLAIRE and selectA to be a vector Laplacian with
an additional penalty on the divergence of v (details can be found
in [18, 21]). To solve (1), we use the method of Lagrange multipliers
and derive first-order optimality conditions as variations with re-
spect tom, λ (adjoint variable), andv amounting to a set of coupled,
nonlinear, hyperbolic-elliptic PDEs in 4D (space-time). CLAIRE
uses a reduced-space approach, i.e., it iterates onv (x ), only: given
a candidate v (x ), it solves the forward and adjoint equations for
m(x , t ) and λ(x , t ) and substitutes the solutions into the gradient
д(v ) (variation of the Lagrangian with respect to v (x )). Finally, it
uses a Newton–Krylov method to solve the reduced gradient system.
The forward and the adjoint systems of the PDEs are discretized
in Ω × [0, 1], Ω := [0, 2π )3 ⊂ R3 using N = N1N2N3 equispaced
grid points xi jk . CLAIRE uses a semi-Lagrangian scheme for the
transport equations and FFT-based spectral differentiation in several
places, which diagonalizes A (vector Laplacian). For other oper-
ators, we can replace this by different schemes, which we exploit
in §3 to accelerate CLAIRE.

3 COMPUTATIONAL KERNELS
The main computational kernels for CLAIRE are the FFT used for
spatial differential operators in our spectral approach and the interpo-
lation in the semi-Lagrangian scheme for advection. The matrix-free
Gauss–Newton Hessian matvec required in the Krylov solver (a pre-
conditioned conjugate gradient method (PCG) in our case) involves
solving (incremental) forward and adjoint hyperbolic PDEs. If we
use O (Nt ) time steps, each Hessian matrix-vector multiplication



(matvec) requires 2Nt semi-Lagrangian steps, 2Nt gradient opera-
tors, and Nt divergence operators. In addition, the Hessian matvec
needs the application of A and its inverse. All these operators have
O (N ) complexity per time step, up to a logarithmic prefactor. The
total number of Hessian matvecs is the sum of PCG iterations across
Newton steps. Although CLAIRE has already highly optimized semi-
Lagrangian and differentiation methods [20], we introduce several
innovations in addition to the transition to GPUs: (i) we investigate
several options for the interpolation; (ii) we replace all gradient and
divergence operators with high-order finite-differences, which turn
out to be faster than FFTs. FFTs are retained for A and its inverse;
the GPU implementation of the proposed method employs a hybrid
differentiation scheme that uses both FFTs and finite differences.

GPU Interpolation. The semi-Lagrangian scheme requires costly
interpolation of velocities and scalar image fields along backward
characteristics. CLAIRE uses Lagrange-based cubic interpolation.
GPUs provide two technologies that we exploit in our schemes:
texture fetches and hardware support for trilinear interpolation (al-
though not fully single-precision). In addition to these modifications,
we also consider another change, switching from Lagrange cubic to
B-spline cubic interpolation.

GPU Derivatives. The CPU CLAIRE uses FFTs to perform spa-
tial differentiation. Since our functions are periodic, all such opera-
tors are diagonal in the spectral domain. But in the proposed GPU
implementation, we use an FD scheme that is more accurate (for
the given resolutions) and faster than FFTs. In particular, we use
an 8th order central difference scheme to evaluate first-order partial
derivatives for the gradient and divergence operators.

4 RESULTS
We evaluate the overall algorithm using four 3D MRI images. We
study convergence behavior, time-to-solution, and registration ac-
curacy for several algorithmic variants of computational kernels
available in our new GPU implementation of the CPU software
CLAIRE. We report results for the NIREP (‘’Non-Rigid Image Reg-
istration Evaluation Project‘’) data, a commonly used data set to
evaluate the performance of deformable registration algorithms [6].
We resampled the data sets to grid sizes of 643, 1283, 2563, and
3843 using a linear and a nearest-neighbor interpolation model for
the image data and the label maps, respectively. Additionally, we
compare the performance of the proposed method to two publicly
available GPU implementations of LDDMM approaches. The first
software package is PyCA [25]. PyCA uses gradient descent for
optimization. The second software package is deformetrica [8];
deformetrica uses a limited-memory Broyden-Fletcher-Gold-
farb-Shanno method for optimization. The gradient of the optimiza-
tion problem is computed based on automatic differentiation [5].
We execute both registration packages for the three neuroimaging
data sets we used to assess the performance of the proposed method
(na02, na03, and na10 as template images and na01 as reference
image. The runs for the comparison of the software packages are
performed using the full resolution 2563.
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Figure 1: Runtime for the main kernels of our method for all GPU
implementations (first order derivatives via FFT or FD8, cubic or
linear interpolation) on a single NVidia Tesla V100 (on a Power9
node with NVLink). We consider the registration of na02 to na01
at a resolution of 643, 1283, and 2563, respectively.

template reference mismatch velocity

Figure 2: 3D registration results for the proposed method. Top row:
coronal plane. Bottom row: axial plane. We show (from left to right)
the template image (image to be registered), the reference image, the
mismatch before and after regiatration, and the computed velocity
(color denotes orientation).

Table 1: Performance for PyCA [25], deformetrica [8] (soft-
ware deform), and our method (software CLAIRE) executed on
a V100 and a P100 for three data sets (grid size: 2563). We report
iterations per level, the relative mismatch after registration (mism.),
and the runtime (in seconds).

data software #iter mism. time P100 time V100
PyCA 100,50 4.2e−1 1.9e1 1.1e1

na02 deform 10 4.8e−1 1.4e2 –
CLAIRE 14 2.7e−2 9.0 5.9
PyCA 300,300 2.5e−1 1.0e2 5.4e1

na03 deform 50 3.1e−1 8.4e2 –
CLAIRE 17 2.6e−2 1.1e1 7.2
PyCA 300,300 2.5e−1 1.0e2 5.4e1

na10 deform 50 3.0e−1 8.3e2 –
CLAIRE 17 2.0e−2 1.1e1 7.3
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