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1 École de technologie supérieure, Montreal (QC), Canada,
2 Elekta Ltd., Montreal (QC), Canada

Abstract. In this paper, we explore the feasibility of 3D ultrasound
(US) reconstruction of the liver in the presence of respiratory motion us-
ing a minimally cumbersome acquisition protocol involving a commonly
available tracked 2D+t wobbler US probe. We exploit measurements of
the probe’s displacement against the skin to coarsely assign frames to
their corresponding respiratory states. These assignments are refined us-
ing a graph representation of the spatial adjacency relationships and
appearance continuity between the frames. Finally, frames providing the
smallest motion variation, within a respiratory state, are first selected
using a shortest path strategy, then passed to the reconstruction algo-
rithm. Our method is fully based on tracked US imaging and does not
require a pre-operative reference image. Moreover, no breath-control ef-
fort is required on the part of the patient, thereby limiting the complexity
of the acquisition protocol. We tested our approach with an intercostal
acquisition protocol, demonstrating enahncements in stability and the
quality of liver reconstruction at different respiratory states, compared
to a naive gating approach.

1 Introduction

1.1 Background

Image-guided radiation therapy (IGRT) is a good alternative to minimally-
invasive surgery for tumour treatment. Typically, the IGRT workflow involves
a pre-operative planning session followed by several treatment sessions. A few
weeks before the beginning of the treatment sessions, a 3D computed tomogra-
phy (CT) reference image is acquired during the planning session to determine
the tumour location and the radiation dosage required. Prior to each treatment
session, a rapid imaging scan of the tumour region, typically a cone beam CT
(CBCT) scan, is acquired and registered to the reference image to compensate
for the change in tumour location since the planning session.

Recently, ultrasound (US) image guidance has been considered as an alter-
native solution to CBCT for pre- and intra-operative motion correction during
radiotherapy. Organ repositioning was successfully employed using 2D and 3D
US image-guided procedures for prostate treatment, where small or nonexistent



motion occurred during the radiation delivery [6,5]. However, organs subject to
respiratory motion, in particular abdominal and thoracic organs, are prone to a
higher risk of undesired healthy tissue radiation due to localization errors caused
by misalignment with the CT reference images.

Moreover, 3D US acquisition in the presence of respiratory motion raises
several challenges. Direct volume acquisition through a 2D array transducer
generally results in poor image resolution, which may affect the registration and
localization procedures. In contrast, a mechanically swept 1D-array transducer,
i.e., a wobbler probe, referred to as 2D+t US imaging, maintains standard 2D US
resolution at the cost of low temporal resolution. Unfortunately, in the presence
of motion, the volume acquired with a single sweep is corrupted, since frame t
and frame t′ 6= t are not acquired in the same respiratory state.

This paper presents a method for sorting the images from multi-sweep 2D+t
US for volume reconstruction in the presence of respiratory motion. We tested
our approach for 3D+t liver reconstruction through the intercostal US acquisi-
tion technique. Our contributions are twofold. First, we introduce a novel graph-
based image selection method for 3D+t reconstruction. Second, we demonstrate
the feasibility of our approach for liver reconstruction through a minimally cum-
bersome image-guided US acquisition protocol. Indeed, during the acquisition,
we only consider the use of a tracked 2D+t probe and no specific patient ef-
fort in breath-control, thereby significantly reducing the procedure’s complexity
compared to current practice.

1.2 Related work

To deal with respiratory motion during imaging, the breath-hold technique,
wherein the patient interrupts breathing while being imaged is the most common
strategy. However, it is impracticable in some situations. Alternatively, gating
strategies consider only the frames at a particular phase of the breathing cycle
that is determined through an external surrogate respiratory measurement (e.g.,
respiratory belt, spirometer, skin surface displacement, etc.).

While surrogate data are useful for breath monitoring [1,4], the information
provided by the surrogates does not necessarily reflect the internal motion of the
organs. To address this shortcoming, image-based similarity measures have been
employed to describe the internal organ motion, e.g., by Nakamoto et al. [7] using
successive 2D-US sagittal slices to build a 3D deformation field, by Preiswerk
et al. [8] using a statistical model based on the principal component analysis
of pre-operative Magnetic Resonance Imaging (MRI) data of different patients,
and by Wein et al. [13] using the normalized cross-correlation (NCC) similarity
measure to register the current frame to a pre-operative reference volume. All
aforementioned approaches require a reference volume acquired during a breath-
hold procedure. Our approach differs in that it operates in regular breathing
conditions and requires no reference image at all.

In related work [11], Siebenthal et al. proposed a MRI-based 3D+t recon-
struction by analyzing temporal frame continuity in the acquisition sequence.
They looked at similarity changes before and after each frame to determine



the transitional motion describing the respiratory state. The approach was fully
image-based and no surrogate was utilized, therefore requiring that feature points
be tracked in the MRI sequence. This approach does not generalize well to US
image guidance. Due to the restricted field of view of the US images, feature
points may be lost or occluded by shadowing artifacts during the acquisition,
rendering tracking inaccurate.

Wachinger et al. [12] proposed to reconstruct series of US volumes based on
a 2D+t wobbler acquisition probe. Their approach associates a respiratory state
to each frame using the lower dimensional manifold learning [2] representation
of the frames, i.e., a 1D signal response. Based on the response of every angular
position of the wobbler probe, the respiratory state is estimated by associating
the frame with its interpolated response in the lower dimensional space. Although
the approach is fully image-based, it does not account for probe motion during
the acquisition nor for shadowing artifacts. To compensate for these types of
artifacts, we exploit a combination of surrogate data and image information
using a graph-based model to extract sequences of frames corresponding to the
same respiratory state. This results in the reconstruction of 3D US volumes at
different respiratory states acquired in regular breathing conditions.

2 Graph-based 3D+t ultrasound reconstruction

In this section, we first describe our 2D+t US image acquisition setup and tech-
nique (Section 2.1). During acquisition, each frame is associated with a coarsely
defined respiratory state based on the displacement of the probe (Section 2.2).
For each such state, we create a directed acyclic graph describing the neighbour-
hood relationships between adjacent frames in space (Section 2.3). A weight is
associated to each edge based on pairwise frame similarity. Finally, a three-stage
shortest-path strategy is used to extract frames with minimum motion-induced
variations within each respiratory state (Section 2.4).

2.1 Materials and acquisition approach

Image acquisition is performed using a Clarity3 Autoscan probe (Elekta AB,
Stockholm, Sweden). It consists of a 2D-US probe mounted on a mechanical
rotary motor allowing automated 2D sweeps. The probe is tracked using a Po-
laris camera (Northern Digital Inc., Waterloo, ON, Canada) so that the position
and the orientation of each frame is known with respect to the isocenter room
coordinates. The probe is attached to an adjustable rigid arm fixed to the ta-
ble (see Fig. 1a). Since the probe is tracked, we exploit the displacement of the
probe in 3D space as surrogate data for respiratory monitoring, as suggested by
Nakamoto et al. [7]. A tracked marker placed on the surface of the abdomen [1],
would provide a much clearer respiratory signal, since abdominal motion is larger
than that of the thoracic cage. In this paper, we investigate the feasibility of

3 Using the Anticosti system for investigation purposes only.
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Fig. 1: Acquisition setups: (a) 2D+t US probe attached to an adjustable rigid
arm, and (b) respiratory signal acquired with the displacement of the tracked
probe, frames are assigned to their respective respiratory states using Tw = 6.1 s.

monitoring breath using the thoracic motion of the probe during an intercostal
acquisition protocol. This configuration provides a less cumbersome solution for
capturing patient respiration. More importantly, it requires no additional tem-
poral calibration to synchronize an external surrogate signal with the acquired
images.

2.2 Respiratory state assignment

We divide the respiratory cycle into N ≥ 2 non-overlapping finite states Φk=1...N ,
where Φ0 and ΦN are the end-exhalation and the end-inhalation states, respec-
tively. We want to associate each frame to its corresponding state based on
probe position. During breathing, the pressure applied by the motion of the rib
cage against the probe allows to capture the respiratory signal. The respira-
tory signal r(t) associated to a frame t is then given by the magnitude of the
probe’s displacement ||Pt||2 in the 3D room coordinate reference, where Pt is
the 3D position of the probe and ||.||2 is the Euclidean norm. However, ||Pt||2
depends on the ultrasound acquisition procedure, e.g., a probe placed against
the patient’s ribs results in smaller displacement than a probe placed against the
abdomen. Therefore, r(t) is normalized by the range of the probe’s displacement
Ramp = max{∀t,t′∈Tw} |r(t)− r(t′)| within a time period Tw.

The range Ramp is divided into N equal intervals corresponding to the res-
piratory states. For each new sample of the respiratory signal, Ramp is updated
for the current period Tw. Then, the corresponding US frame is assigned to the
nearest state Φk. This approach has two main benefits. First, it allows automatic
correction for respiratory signal drift in time. This can occur when the probe
is subject to external motion (see Fig. 1b). Second, discretizing the respiratory
cycle provides a natural robustness to amplitude noise present in the signal, i.e.,
the frames which are prone to assignment errors occur near the threshold sep-
arating two states. This constitutes the pre-selection step. Once the frames are
assigned, a graph-based post-selection refinement step is applied for each respi-
ratory state. Therefore, assignment errors do not result in drastic changes in the
reconstructed volume.



Input : Gk (Graph)
Output: CandidateFrames (Frames)

/* Select the best candidate frames for
volume reconstruction, CandidateFrames */

/* Initialize the connected graph */
CG ← empty graph;
Sk ← GetConnectedComponent(Gk);
/* Step 1: Compute the longest minimum
path (LMP) for each sub-graph and add it
to the connected graph CG */
for m← 1 to S do

Paths[m]← LongestFloydWarshall(Sm
k ) ;

AddEdges(CG, Paths[m])
end

/* Step 2: Connect the graph CG */
// Forward connectivity
ConnectEndpoints(CG, Paths);
// Backward connectivity
reversedPaths ← ReversePositions(Paths);
ConnectEndpoints(CG, reversedPaths);

/* Stage 3: Compute the longest minimum
path traversing the connected graph */
CandidateFrames ← LongestFloydWarshall(CG)

Function ConnectEndpoints(CG, Paths)
VertexList← ∅;
for m← 1 to S do

vend ← GetLastElementOf(Paths[m]);

[p, i]← vend;

VertexList ← GetClosestVertexTo(Paths, vend);
while VertexList 6= ∅ do

vstart ← Pop(VertexList);

[q, j]← vstart;

cost← 1-NCC(vend, vstart);
repeat

vnext ← Next(vstart);

[q′, j′]← vstart;

cost′ ← 1-NCC(vend, vnext);

if cost′ < cost then

vstart ← vnext;

cost← cost′;
end

until

 |p− q′| >W
or

cost′ > cost
;

e← edge(vend, vstart);
AddEdges(CG, e);

end

end

return;

Algorithm 1: Pseudo-code for graph-based frame selection.

2.3 Graph modelling

Using all the frames of the state Φk for reconstruction may result in a discon-
tinuous/noisy volume because of probe tracking imprecision and/or assignment
errors. In order to enforce continuity between consecutive frames, we perform
a graph-based post-selection refinement for each state. Considering the acquisi-
tion technique described in Section 2.1, a frame I(p, i) is defined by its position
p = 1 . . .M within the sweep, where M is the total number of images in one
sweep, and i ∈ N is the sequential number of the sweep. Let Gk = 〈Vk, Ek〉 denote
a directed graph where the set of vertices Vk = {I(p, i)} contains the frames as-
signed to Φk, and Ek =

{
(I(p, i), I(p′, i′)) ∈ V2

k

}
represents the edges connecting

pairs of vertices. For readability, we write eI,I′ = (I(p, i), I(p′, i′)). For each edge
eI,I′ , we associate a transitional cost wI,I′ representing a dissimilarity measure
between the two frames. The NCC measure was shown to provide satisfactory
results for US images [7,3]. Therefore, we define our cost function as

wI,I′ = 1−NCC(I, I ′). (1)

Each newly acquired frame I(p, i), is added to the corresponding graph Gk
and the associated edge eI,I′ or eI′,I is created ∀I ′ = I(p′, i′) ∈ Vk such that

|i− i′| < L and

{
p′ − p = 1 for eI,I′

p′ − p = −1 for eI′,I
, (2)

where L ∈ N? is a threshold precluding the association of frames too distant in
time (Fig. 2a). This is because the US imaging conditions may vary during the
acquisition, affecting, for instance, the global image luminance and quality.
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Fig. 2: Example of frame selection: (a) graph representation of a respiratory state,
edge color represents the cost ranging from low (blue) to high (red), (b) short-
est path computation, (top) LMPs of the connected components, (middle) the
connected simplified graph, and (bottom) the selected frames using the longest
minimum path through the graph approach.

2.4 Selecting frames for volume reconstruction

The approach described above might result in a disconnected graph Gk (see
Fig. 2a). In this section, we describe a three-stage strategy, summarized in Algo-
rithm1, to connect the graph such as to extract the candidate frames for volume
reconstruction that generate minimal variation with respect to the cost function.

By construction, Gk is acyclic, and its vertices are topologically ordered along
the same direction. Therefore, we can define vstart and vend as starting and end-
ing endpoints, respectively. Because each sub-graph can contain multiple start-
and end-vertices, a straightforward connection between all start-to-end vertices
could be computationally expensive. To avoid this, we simplify the graph before
connecting the endpoints.
Stage 1 – Simplifying the graph: First, we divide the graph into S connected
components. Each component is a sub-graph Smk = Gk[Cm],m ∈ {1, . . . , S} in-
duced by the subset of connected vertices Cm ⊂ Vk. For each Smk we com-
pute the longest path traversing the sub-graph that provides the minimum cost,
i.e., the Longest-Minimum-Path (LMP). This is done by selecting the longest
path among the pairwise shortest paths returned by the Floyd-Warshall algo-
rithm [10]. Finally, each Smk is replaced with its corresponding LMP (Fig.2b (top)).
Stage 2 – Connecting the graph: Connecting each endpoint of the LMPs to
the closest frame could result in violating the constraint |i− i′| < L from Eq.(2).
Instead, we connect the graph’s endpoints as follows (see Fig. 3): (i) for each
end vertex of a LMP, find all the LMPs with potential start vertices within a
tolerance window W of missing frames, (ii) if no start vertex is found within
W, connect the end vertex to the nearest start vertex; otherwise, for each LMP
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Fig. 3: Endpoint connectivity example: (a) forward connectivity (end vertices to
start vertices), (b) backward connectivity (start vertices to end vertices). Dashed
lines indicate that the cost is not minimal, e.g., connecting end vertex A to start
vertex C withinW (greyed region), vertex B is not connected. connecting vertices
outside W, e.g., vertex D to the closest vertex E.

found, connect the end and start vertices with the minimum cost within W.
The role of W is to discard outlier endpoints if a sufficiently close frame on the
same LMP generates a lower cost, e.g., in Fig. 3a, A is connected directly to C
even if B is closer. The new connected vertices are labelled as endpoints and the
procedure is repeated to connect the LMPs from the other side, i.e., to connect
each start vertex to the closest end vertices (Fig. 3b). This can be achieved by
reversing the order of the vertex positions and applying the same procedure.
Stage 3 – Selecting the candidate frames: To find the selected frames for
volume reconstruction, we compute the LMP over the final connected graph.
This approach results in selecting at most one frame for each sweep position.
Finally, the volume is interpolated considering the 3D position of each frame [9].

3 Results

We tested our reconstruction approach on two intercostal liver scans of a healthy
volunteer acquired at 45 fps and a sector angle of 44.6 degrees, and at 75 fps with
a sector angle of 22.4 degrees, respectively. The algorithm parameters L and W
were empirically set to 3 and 5, respectively. Fig. 4a shows the volume recon-
struction without respiratory gating, i.e., from a single probe sweep, and with
respiratory gating using our graph-based approach, over an acquisition duration
of 30 s. The images are nearly perpendicular to the coronal plane, highlighting
motion artifacts in this view, e.g., along the diaphragm. To assess the effect of
the graph-based refinement, we reconstructed volumes of the liver in different
respiratory states using: (i) a naive gating approach that considers all the frames
pre-selected by the surrogate data, which is referred to as the average volume
(ii) the frames post-selected by the graph-based approach. Figs. 4c–4f compare
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Fig. 4: Volume reconstruction results of 4 respiratory states: (a) Coronal view of
the reconstructed volume without motion gating (left), at end-exhalation (mid-
dle) and end-inhalation (right), (b) zoom on the reconstructed volumes, average
volume (left) graph-based approach (right) we can see artifact correction, (c-f)
examples of cross-sections of the reconstructed volumes, average volume (left
columns) graph-based approach (right columns), arrows point at artifacts, Axial
view (top), Coronal view (middle) and Sagittal view (bottom).

cross-sectional images obtained with both approaches for the same volunteer.
Although the average volume provides consistent information because of the
surrogate data, it does not provide sharp images. In contrast, graph-based re-
finement helps ensure image continuity while preserving structural information
integrity (see Fig. 4b).

The respiratory signal measured by the probe’s displacement might be sub-
ject to external perturbations. In order to assess the sensitivity of the reconstruc-
tion to the quality of the respiratory signal, a Gaussian noise with σ10% = 10%
and σ30% = 30% of the total amplitude range was added to the respiratory
signal before performing the reconstruction. Fig. 5a shows a boxplot of the
peak signal to noise ratio (PSNR) comparing the volumes reconstructed from
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Fig. 5: Comparison of the volumes reconstructed with noisy respiratory signal:
(a) boxplot of the PSNR comparing reconstruction with noisy signal to recon-
struction with the original signal, (b) breath-hold reconstruction example, and
(c) example of end-exhalation (bottom) and end-inhalation (top) reconstructions
using average volume (left) and our graph-based approach (right).

the noisy signal with their corresponding volumes reconstructed from the orig-
inal signal. For both σ10% and σ30%, our approach provides a higher PSNR
(PSNR10% = 27.17 ± 0.18 and PSNR30% = 25.94 ± 0.18) than the average vol-
ume reconstruction (PSNR10% = 25.56 ± 0.17 and PSNR30% = 24.67 ± 0.13).
This is because the volume reconstruction using our approach is less affected by
respiratory signal noise, providing improved stability with respect to uncertain
surrogate data. Fig.5b shows an example of reconstruction in which the acquisi-
tion was performed under breath-hold. Comparatively, reconstruction artifacts,
due to the noise added to the probe displacement signal, can be observed in
Fig. 5c. Image continuity is preserved when using our graph-based refinement
approach.

4 Conclusion

This paper demonstrated the feasibility of 3D+t US reconstruction of the liver in
the presence of respiratory motion. The image acquisition technique involves the
use of a 2D+t autoscan US probe and no breath-holding on part of the patient,
rendering the procedure minimally cumbersome and suitable for intra-operative
interventions. The proposed approach combines the usage of breath surrogate
data and a pairwise image similarity measure to reduce motion-induced varia-
tions within the same discrete respiratory state. First, we assign each frame to a
respiratory state based on the probe’s displacement. Then, for each respiratory
state a directed acyclic graph is created such that adjacent frames are connected



through edges with the associated weights corresponding to the image dissimi-
larities. Finally, a shortest path strategy based on the Floyd-Warshall algorithm
is used to find the longest path traversing the graph that minimizes variation
between frames, ensuring a globally optimal solution with respect to the edge
weights. We tested our approach with a intercostal liver image acquisition pro-
tocol in regular breathing conditions. Results show significant enhancement of
reconstruction quality and robustness to surrogate measurement noise, compared
to a naive gating approach. We believe that our approach could be an interesting
alternative for 4D imaging to compensate for respiratory motion during intra-
operative procedures.
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