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Supplementary Information 

Phantom manufacturing 
A tissue-mimicking agar phantom (Figure S1) containing various acoustic and optical imaging targets 
was manufactured using the following procedure. Five batches of phantom material were mixed 
according to the quantities listed in Table S1 and warmed up to 90°C while continuously stirring to 
avoid the creation of air bubbles. The heated mixture was poured into a box of size 20x30x20 cm and 
allowed to cool down and solidify for 30 min before the next layers were added. Materials of varying 
density were used for different layers to mimic acoustic interfaces inside the tissue. Psyllium husks 
were added to create acoustic inhomogeneities providing texture on US images. No other optical 
scatterers or absorbers were admixed to the phantom material, resulting in a semi-opaque 
appearance. Three types of objects made of denser agar (same as layer 1, see Table S1) were 
embedded into the phantom body: (1) agar blocks of various shape and size, (2) cylinders of denser 
agar containing indocyanine green (15 μg/ml), (3) blocks of denser agar with cylindrical cavities filled 
with optical absorbers (olive oil, oil red O organic dye). Whereas all three types were visible on the 
ultrasound, only targets (2) and (3) were visible in the OptA images. The locations of all inserted 
materials were noted during phantom preparation. 
 

Table S1: Composition of the layers of the tissue-mimicking agar phantom. 
Layer Deionized water (l) Agar (g) Glycerol (ml) Psyllium (g) 
1 1.0 36.0 50 5.8 
2 0.5 7.5 25 5.0 
3 0.5 10.0 25 7.0 
4 0.5 12.0 25 5.0 
5 0.5 10.0 25 5.0 
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Figure S1: Tissue-mimicking phantom used to collect scans 1–8 from Dataset 1. Dashed lines mark 
following insertions: (1) cavity with sunflower oil, (2) cavity with olive oil, (3) cavity with oil red O 
organic dye, (4) cylinder of agar with indocyanine green, (5) stiff agar, (6) rubber tubes filled with water. 
The photo captures the phantom before the addition of the last agar layer.  

Dissimilarity measures 
The following dissimilarity measures were used in this work: cross-correlation (XC), zeroed-normalized 
cross-correlation (ZNXC), structural similarity (SSIM) [1], and optical flow. XC and ZNXC were computed 
as 
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where 𝐼௎ௌ is a vector of pixels contained in an ultrasound image and 𝜇(௜), 𝜎(௜) are the mean and the 
sample standard deviation of the image pixel intensities, respectively. 

Structural similarity: Implementation of scikit-image (v0.19.2) [2] was used with default parameters. 
Since Motion score requires distance instead of similarity metrics, the negative value of the SSIM was 
used. 

Optical flow: Pre-trained FlowNet2 [3] (weights obtained from www.github.com/NVIDIA/flownet2-
pytorch) was applied on pairs of ultrasound images resized to 192x192 pixels to compute the optical 
flow between them. The resulting vector field was converted to a scalar by taking the mean of L2 norms 
of the displacement vectors at every pixel. 

Motion score – computation example 
Let the total number of US images in a scan be 𝑁௎ௌ = 5 and sequences of US image indices 
corresponding to MS frames 𝑘 ∈ {1,2,3} be 

𝒔(ଵ) = {1,2}, 𝒔(ଶ) = {2,3,4}, 𝒔(ଷ) = {4,5}. (S3) 

Then, the maximum number of US images corresponding to a MS frame is 𝐾 = 3. The corresponding 
dissimilarity matrix 𝐷ଵ ∈ ℝସమ

 for an arbitrary dissimilarity measure 𝑑ଵ may then be  
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Then, matrices 𝑅ଵ and 𝑁ଵ are 
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Given we only compute Motion score for one metric Δ = {𝑑ଵ}, the ranked Motion score, 𝑚ோ
୼, and the 

normalized Motion score, 𝑚ே
୼ , for the three MS frames are 
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The corresponding motion vector will then either be 
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