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Figure S1 Average F-measure Index showing the effect of the primary training on the recognition of
each of the targets. The different training strategies are indicated on the X axis (showing target followed
by number of images of the training set). On the Y-axis, the values of F-measure indicated in Table 1,
are represented. Different color bars represent each of the targets on which the algorithm was tested. A
higher value of F-measure corresponds to better performance. Values are shown as percentages.
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Figure S2 Average Jaccard Index showing the effect of the primary training on the recognition of each
of the targets. The different training strategies are indicated on the X axis (showing target followed by
number of images of the training set). On the Y-axis, the values of the Jaccard Index indicated in Table
1, are represented. Jaccard Index allows to estimate shape-matching accuracy, so higher values
correspond to better performance. Values are shown as percentages.
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Figure S3 Average Normalized A Object showing the effect of the primary training on the
recognition of each of the targets. The different training strategies are indicated on the X axis (showing
target followed by number of images of the training set). On the Y-axis, the values of the Normalized
A Object indicated in Table 1, are represented. Normalized A Object is an indicator of the absolute
difference between ground truth and predicted objects, divided by the number of ground truth objects,
so lower values correspond to better performance. Values are shown as percentages.
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Figure S4 Average F-measure Index showing the effect of the secondary training on the recognition
of each of the targets. The different training strategies are indicated on the X axis (showing
primary>secondary targets followed by number of images on each training subset). On the Y-axis, the
values of F-measure indicated in Table 1, are represented. Different color bars represent each of the
targets on which the algorithm was tested. A higher value of F-measure corresponds to better
performance. Values are shown as percentages.
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Figure S5 Average Jaccard Index showing the effect of the secondary training on the recognition of
each of the targets. The different training strategies are indicated on the X axis (showing
primary>secondary targets followed by number of images on each training subset). On the Y-axis, the
values of the Jaccard Index indicated in Table 1, are represented. Jaccard Index allows to estimate shape-
matching accuracy, so higher values correspond to better performance. Values are shown as percentages.



B Normalized A Object Target H (%) B Normalized A Object Target G (%)

70 1 o
~
—
w
60
" &
50 - 3 5
<t
3 <
40 | %
[e))] [Ty
g < 2
5 ) =¥
30 - o -
™~ <
o @ " ) =2 ™ = o o ~NM
2 i ~ A ™~ ~ ~ ~ ~ — o n — 4
CTPE S g st Te Bf € g 2 15K &
— . - - - - — -
— 8 — —
10 -
0 _
QQ’\ QQ'\- 00'\ QQ’\- QQ'\ 00'\« Qd» QQ'\' QQ’\ QQ'\' Qg\v 00'\- QQ'\ QQ'\« QQ'\
O oY & oY & o0 O o0 o° O o° & o o
Za Za /Q 72 /Q 2 - 2 22 /Q Za P 72 /Q 74
N TR NN NN N AP NN N
R e I R R S O g
Q,(’) 6(,)0 é’) (;,)Q 6‘9 66)6 \2\6 ‘?\%Q Qf‘) <90 \259 ‘90 é‘)

Figure S6 Average Normalized A Object showing the effect of the secondary training on the
recognition of each of the targets. The different training strategies are indicated on the X axis (showing
primary>secondary targets followed by number of images on each training subset). On the Y-axis, the
values of the Normalized A Object indicated in Table 1, are represented. Normalized A Object is an
indicator of the absolute difference between ground truth and predicted objects, divided by the number
of ground truth objects, so lower values correspond to better performance. Values are shown as
percentages.



