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1 OSM centerline prompt points sampling

In order to uniformly sample prompt points along the OSM centerlines, we de-
signed an algorithm running on the fly during the inference phase. It is con-
stituted of 4 modules, each tasked with extracting a specific set of geometrical
properties from the centerline patches: (1) a Segment Orientation Extractor gen-
erating maps with the centerline tangent orientation in degrees, (2) a Segment
Endpoint Extractor generating binary maps with points where the centerline seg-
ment endpoints are located, (3) a Distance Transform module to obtain maps
with the distance to the nearest endpoint along the centerline, and (4) a Prompt
Point Sampler, thresholding the former distance maps to sample prompt points
with a maximum, regular spacing. The technical details are visible in Fig. [I|and

Fig.

2 Comprehensive qualitative results

We present visual results comparisons for the two main components of our
method in Fig. SAM trained on all datasets and OneFormer trained on
all datasets and fine-tuned on target areas using SAM pseudo-labels. As SAM
uses OSM centerlines as a source of prompt points, it may extract additional
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roads than the not yet fine-tuned OneFormer model may not be able to detect
natively. However some OSM roads may be missing, making the prompt too
sparse, and some roads may be occluded in the target image, or even not be
actual roads due to an outdated database. SAM provides a more comprehensive
map than the OSM centerlines, as demonstrated in the main paper, and fine-
tuning OneFormer on the target areas with SAM pseudo-labels enables us to
make the predictions more complete and consistent.

3 Detailed quantitative results

In Tables we provide complete result tables for the experiments presented
in the main paper with additional metrics, including: (1) classical pixel-wise
metrics, i.e. IoU, Dice, precision, recall, and (2) local road topology metrics
from [I], which work as follows:

— The predicted and label binary masks are both morphologically thinned to
a 1-px wide centerline.

— A buffer is created around the centerlines, with a 3m width (i.e. 3px at
1m/px).

— The completeness is the proportion of labels within the predictions buffer,
in percent.

— The correctness is the proportion of predictions within the labels buffer, in
percent.

— The redundancy is the relative length of the label and predicted segments
within their respective buffer, in percent. A positive redundancy means the
labels are "longer” (more curved instead of straight) than the predictions,
and conversely for a negative redundancy.

— The quality is a summary of both the completeness and the correctness, in
percent:

completeness * correctness

quality = (1)

completeness — completeness = correctness + correctness
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Fig. 1: Overview of the algorithm for extracting endpoints from OSM centerlines.
The first step yields the orientation of the centerlines in degrees, the second step
extracts the endpoints, i.e. the points at either side of the segments, defined as
stretches of centerline with a homogeneous orientation with no difference larger
than 30 degrees.
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Fig.2: Overview of the algorithm for sampling prompt points from OSM cen-
terlines. The first step yields a map of the distance to the endpoints, while the
second step thresholds this distance to create a regular spacing of prompt points
between endpoints.



Worldwide High-fidelity Road Extraction from Aerial and Satellite Imagery

5

Table 1: Oneformer results — Fine-tuned /Tested on the City Scale validation /test

sets respectively (all metrics in %)

loU Dice | Prec. | Rec. | Qual. | Corr. | Comp. | Redu.
Trained on City Scale w/ hi- labels 54.47 | 70.52 | 70.72 | 70.32 67.90 | 82.03 79.98 -1.33
Trained on DeepGlobel8 w/ hi- labels 44.98 | 62.05 | 59.51 | 64.81 55.23 75.23 67.69 -0.82
Trained on Mass. Roads w/ hi- labels 42.30 | 59.45 70.83 | 51.22 52.92 82.54 60.13 -2.29
Trained on RoadNet w/ hi- labels 36.90 | 53.90 | 48.86 | 60.11 41.09 57.77 59.10 -1.53
Trained on SpaceNet 3-5 w/ hi- labels 21.75 | 35.73 | 67.78 | 24.26 26.13 | 82.92 28.49 -4.44
Trained on all datasets w/ hi- labels 44.62 | 61.70 | 68.86 | 55.90 57.73 | 80.02 68.05 -2.76
Tr. on DeepGlobel8 - Fine-t. w/ hi- labels 55.98 | 71.78 73.89 | 69.79 67.77 83.88 78.19 -1.63
Tr. on Mass. Roads - Fine-t. w/ hi- labels 54.78 | 70.79 | 72.27 | 69.37 | 67.09 | 84.19 77.06 -1.72
Tr. on RoadNet - Fine-t. w/ hi- labels 51.92 | 68.36 70.28 | 66.54 61.71 79.23 73.94 -1.62
Tr. on SpaceNet 3-5 - Fine-t. w/ hi- labels 54.75 | 70.76 | 72.83 | 68.81 66.35 | 82.92 77.15 -1.74
Tr. on DeepGlobel8 - Fine-t. w/ dOSM labels | 56.23 | 71.98 67.27 | 77.40 66.58 81.77 78.43 -1.48
Tr. on Mass. Roads - Fine-t. w/ dOSM labels | 54.38 | 70.45 | 71.23 | 69.69 66.54 | 83.42 76.98 -1.73
Tr. on RoadNet - Fine-t. w/ dOSM labels 51.52 | 68.00 60.02 | 78.43 60.13 75.70 74.75 -1.31
Tr. on SpaceNet 3-5 - Fine-t. w/ dOSM labels | 55.63 | 71.49 | 66.12 | 77.81 66.23 | 82.65 77.19 -1.51
Tr. on DeepGlobel8 - Fine-t. w/ SAM labels 50.28 | 66.91 | 63.98 | 70.13 | 60.17 | 76.81 73.85 -1.69
Tr. on Mass. Roads - Fine-t. w/ SAM labels 48.69 | 65.49 | 62.10 | 69.27 | 59.80 77.50 T2.77 -2.09
Tr. on RoadNet - Fine-t. w/ SAM labels 48.45 | 65.27 | 62.84 | 67.90 57.13 75.46 70.50 -1.57
Tr. on SpaceNet 3-5 - Fine-t. w/ SAM labels 50.48 | 67.09 | 65.26 | 69.03 60.69 78.79 72.86 -1.61
Tr. on all datasets - Fine-t. w/ SAM labels 48.88 | 65.66 | 65.11 | 66.23 | 60.97 | 79.11 73.11 -2.23

References
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Table 2: Oneformer results — Fine-tuned/Tested
tion/test sets respectively (all metrics in %)

on the DeepGlobel8 valida-

loU Dice | Prec. | Rec. | Qual. | Corr. | Comp. | Redu.
Trained on City Scale w/ hi- labels 30.09 | 46.25 | 66.92 | 35.34 | 32.87 | 78.96 36.71 -2.98
Trained on DeepGlobel8 w/ hi- labels 66.05 | 79.55 | 78.95 | 80.16 76.05 | 86.50 86.44 -1.25
Trained on Mass. Roads w/ hi- labels 29.30 | 45.33 | 71.23 | 33.24 | 35.24 | 83.77 38.78 -4.15
Trained on RoadNet w/ hi- labels 31.53 | 47.94 64.63 | 38.10 34.42 56.79 47.58 -3.87
Trained on SpaceNet 3-5 w/ hi- labels 43.78 | 60.90 | 70.69 | 53.49 | 48.04 83.92 53.71 -3.25
Trained on all datasets w/ hi- labels 63.46 | 77.65 | 76.62 | 78.69 | 71.05 | 83.13 83.24 -1.56
Tr. on City Scale - Fine-t. w/ hi- labels 52.98 | 69.27 68.74 | 69.80 63.40 79.54 76.19 -2.39
Tr. on Mass. Roads - Fine-t. w/ hi- labels 52.40 | 68.77 | 73.66 | 64.48 | 60.42 | 84.94 68.41 -3.51
Tr. on RoadNet - Fine-t. w/ hi- labels 57.23 | 72.80 73.76 | 71.86 64.67 77.60 79.78 -1.65
Tr. on SpaceNet 3-5 - Fine-t. w/ hi- labels 60.71 | 75.55 | 76.84 | 74.30 | 69.03 | 83.12 80.63 -2.27
Tr. on City Scale - Fine-t. w/ dOSM labels 48.35 | 65.19 65.61 | 64.77 64.91 79.04 78.74 -2.01
Tr. on Mass. Roads - Fine-t. w/ dOSM labels | 47.40 | 64.32 71.41 | 58.51 63.55 84.97 72.19 -2.98
Tr. on RoadNet - Fine-t. w/ dOSM labels 48.63 | 65.44 | 57.07 | 76.70 | 62.65 | 72.98 81.71 -0.92
Tr. on SpaceNet 3-5 - Fine-t. w/ dOSM labels | 52.65 | 68.98 61.86 | 77.96 70.30 81.99 83.38 -1.75
Tr. on City Scale - Fine-t. w/ SAM labels 53.50 | 69.71 64.65 | 75.63 63.61 77.02 78.87 -2.18
Tr. on Mass. Roads - Fine-t. w/ SAM labels 53.59 | 69.78 | 67.45 | 72.28 63.02 | 80.53 74.90 -2.96
Tr. on RoadNet - Fine-t. w/ SAM labels 58.62 | 73.91 72.81 | 75.04 66.23 76.80 82.96 -1.13
Tr. on SpaceNet 3-5 - Fine-t. w/ SAM labels 60.44 | 75.34 | 75.18 | 75.50 | 68.62 | 80.77 82.28 -1.78
Tr. on all datasets - Fine-t. w/ SAM labels 59.57 | 74.66 | 75.11 | 74.22 | 68.79 | 78.97 84.45 -1.73

Table 3: Oneformer results — Fine-tuned/Tested

validation/test sets respectively (all metrics in %)

on the Massachusetts Roads

loU Dice | Prec. | Rec Qual. | Corr. | Comp. | Redu.
Trained on City Scale w/ hi- labels 51.33 | 67.84 68.70 | 66.99 64.80 79.80 77.73 -1.26
Trained on DeepGlobel8 w/ hi- labels 51.45 | 67.94 | 67.80 | 68.08 67.15 | 83.61 77.41 -0.50
Trained on Mass. Roads w/ hi- labels 62.79 | 77.15 | 80.22 | 74.30 78.96 | 93.16 83.95 -1.00
Trained on RoadNet w/ hi- labels 39.79 | 56.93 | 45.14 | 77.06 | 48.04 | 55.34 78.34 0.72
Trained on SpaceNet 3-5 w/ hi- labels 42.99 | 60.13 | 67.98 | 53.91 52.19 | 87.38 57.03 -2.40
Trained on all datasets w/ hi- labels 57.34 | 72.89 | 81.17 | 66.14 76.54 | 92.08 82.15 -1.46
Tr. on City Scale - Fine-t. w/ hi- labels 62.25 | 76.74 | 80.02 | 73.71 78.86 | 92.34 84.52 -1.13
Tr. on DeepGlobel8 - Fine-t. w/ hi- labels 62.56 | 76.97 82.42 | 72.19 77.48 92.36 82.93 -1.00
Tr. on RoadNet - Fine-t. w/ hi- labels 59.45 | 74.57 77.85 | 71.55 73.09 86.14 83.00 -1.14
Tr. on SpaceNet 3-5 - Fine-t. w/ hi- labels 62.21 | 76.70 | 79.05 | 74.49 76.46 | 89.78 83.96 -1.56
Tr. on City Scale - Fine-t. w/ dOSM labels 55.95 | 71.76 | 76.63 | 67.47 | 69.90 | 87.88 77.56 -1.18
Tr. on DeepGlobel8 - Fine-t. w/ dOSM labels | 56.55 | 72.25 71.23 | 73.30 68.56 86.43 76.97 -0.81
Tr. on RoadNet - Fine-t. w/ dOSM labels 55.16 | 71.10 | 66.16 | 76.84 68.23 | 83.52 78.97 -0.69
Tr. on SpaceNet 3-5 - Fine-t. w/ dOSM labels | 56.63 | 72.31 | 69.06 | 75.88 70.07 | 87.15 78.31 -1.03
Tr. on City Scale - Fine-t. w/ SAM labels 59.34 | 74.48 | T7.04 | 72.08 77.46 | 88.27 86.50 -1.23
Tr. on DeepGlobel8 - Fine-t. w/ SAM labels 60.57 | 75.44 80.98 | 70.61 77.11 88.63 85.70 -1.00
Tr. on RoadNet - Fine-t. w/ SAM labels 58.59 | 73.89 | 77.30 | 70.77 | 73.02 | 83.78 85.17 -1.05
Tr. on SpaceNet 3-5 - Fine-t. w/ SAM labels 60.78 | 75.61 | 79.72 | 71.90 76.64 | 87.83 85.90 -1.37
Tr. on all datasets - Fine-t. w/ SAM labels 58.01 | 73.42 | 76.99 | 70.17 | 76.66 | 87.91 85.87 -1.48
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Table 4: Oneformer results — Fine-tuned/Tested on the RoadNet test set (all

metrics in %)

loU Dice | Prec. | Rec. | Qual. | Corr. | Comp. | Redu.
Trained on City Scale w/ hi- labels 62.87 | 77.20 84.14 | 71.33 78.98 94.91 82.76 -2.00
Trained on DeepGlobel8 w/ hi- labels 77.60 | 87.39 | 89.58 | 85.30 85.72 | 95.75 89.19 -0.90
Trained on Mass. Roads w/ hi- labels 69.01 | 81.66 | 86.67 | 77.20 | 83.51 | 96.52 86.31 -1.80
Trained on RoadNet w/ hi- labels 86.16 | 92.56 | 92.01 | 93.12 | 90.98 | 94.88 95.70 -0.51
Trained on SpaceNet 3-5 w/ hi- labels 67.87 | 80.86 | 82.45 | 79.33 72.60 | 94.80 75.98 -2.05
Trained on all datasets w/ hi- labels 76.58 | 86.74 | 88.77 | 84.80 82.10 | 89.05 91.37 -0.75
Tr. on City Scale - Fine-t. w/ hi- labels 76.63 | 86.77 83.21 | 90.64 90.94 96.28 94.34 -1.56
Tr. on DeepGlobel8 - Fine-t. w/ hi- labels 83.84 | 91.21 89.86 | 92.61 91.77 96.63 94.85 -0.91
Tr. on Mass. Roads - Fine-t. w/ hi- labels 76.37 | 86.60 | 84.94 | 88.33 90.45 | 97.15 93.04 -1.99
Tr. on SpaceNet 3-5 - Fine-t. w/ hi- labels 85.93 | 92.43 91.18 | 93.72 90.07 94.71 94.89 -0.87
Tr. on City Scale - Fine-t. w/ dOSM labels 62.14 | 76.65 94.13 | 64.65 87.51 97.91 89.37 -2.03
Tr. on DeepGlobel8 - Fine-t. w/ dOSM labels | 78.78 | 88.13 | 91.63 | 84.89 | 89.73 | 97.69 91.78 -1.37
Tr. on Mass. Roads - Fine-t. w/ dOSM labels | 62.93 | 77.24 | 95.39 | 64.90 86.11 98.89 87.21 -2.32
Tr. on SpaceNet 3-5 - Fine-t. w/ dOSM labels | 78.52 | 87.97 88.34 | 87.60 88.37 97.11 90.84 -0.95
Tr. on City Scale - Fine-t. w/ SAM labels 73.25 | 84.56 87.59 | 81.73 89.45 96.16 92.86 -1.48
Tr. on DeepGlobel8 - Fine-t. w/ SAM labels 76.64 | 86.78 92.30 | 81.88 87.69 93.90 93.04 -0.75
Tr. on Mass. Roads - Fine-t. w/ SAM labels 73.08 | 84.45 | 87.51 | 81.60 89.04 | 95.79 92.78 -1.62
Tr. on SpaceNet 3-5 - Fine-t. w/ SAM labels 80.61 | 89.26 92.53 | 86.22 89.07 93.82 94.70 -1.53
Tr. on all datasets - Fine-t. w/ SAM labels 77.92 | 87.59 | 92.84 | 82.91 84.56 | 88.34 95.31 -2.75

Table 5: Oneformer results — Fine-tuned/Tested on the SpaceNet 3 & 5 valida-
tion/test sets respectively (all metrics in %)

loU Dice | Prec. | Rec. | Qual. | Corr. | Comp. | Redu.
Trained on City Scale w/ hi- labels 29.98 | 46.13 | 66.17 | 35.40 | 30.82 | 60.84 39.08 -2.70
Trained on DeepGlobel8 w/ hi- labels 36.77 | 53.77 | 70.33 | 43.52 34.34 72.62 40.18 -3.12
Trained on Mass. Roads w/ hi- labels 15.65 | 27.06 | 81.83 | 16.21 19.91 79.04 21.62 -3.60
Trained on RoadNet w/ hi- labels 17.56 | 29.88 | 48.37 | 21.62 13.61 40.86 19.19 | -16.36
Trained on SpaceNet 3-5 w/ hi- labels 63.17 | 77.43 | T7.78 | 77.07 | 66.81 82.10 78.45 -1.54
Trained on all datasets w/ hi- labels 58.71 | 73.99 | 75.87 | 72.19 63.22 76.31 78.82 -1.02
Tr. on City Scale - Fine-t. w/ hi- labels 51.66 | 68.12 74.10 | 63.03 54.26 76.35 65.68 -2.06
Tr. on DeepGlobel8 - Fine-t. w/ hi- labels 58.14 | 73.53 76.96 | 70.40 62.51 80.92 73.75 -2.25
Tr. on Mass. Roads - Fine-t. w/ hi- labels 49.62 | 66.33 | 75.58 | 59.10 51.97 | 77.49 61.84 -2.72
Tr. on RoadNet - Fine-t. w/ hi- labels 55.06 | 71.02 75.30 | 67.19 63.81 81.87 74.84 -2.80
Tr. on City Scale - Fine-t. w/ dOSM labels 32.16 | 48.66 83.07 | 34.41 44.47 79.23 51.07 -2.96
Tr. on DeepGlobel8 - Fine-t. w/ dOSM labels | 41.04 | 58.19 84.70 | 44.32 48.83 84.32 54.79 -4.46
Tr. on Mass. Roads - Fine-t. w/ dOSM labels | 23.64 | 38.24 | 88.55 | 24.39 33.76 | 83.17 37.27 -4.56
Tr. on RoadNet - Fine-t. w/ dOSM labels 43.70 | 60.82 76.70 | 50.38 51.22 81.43 59.39 -5.90
Tr. on City Scale - Fine-t. w/ SAM labels 52.18 | 68.58 70.06 | 67.16 55.11 74.63 68.24 -1.97
Tr. on DeepGlobel8 - Fine-t. w/ SAM labels 55.42 | 71.31 72.22 | 70.43 59.99 75.39 74.86 -1.36
Tr. on Mass. Roads - Fine-t. w/ SAM labels 50.73 | 67.31 70.98 | 64.00 53.93 75.39 66.04 -2.65
Tr. on RoadNet - Fine-t. w/ SAM labels 53.08 | 69.35 73.66 | 65.52 62.41 78.61 75.79 -3.40
Tr. on all datasets - Fine-t. w/ SAM labels 53.03 | 69.31 | 78.60 | 61.98 59.16 77.05 72.17 -1.76
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Table 6: SAM results — Tested on each dataset (all metrics in %)

loU Dice | Prec. | Rec. | Qual. | Corr. | Comp. | Redu.
Tr. on all datasets w/ hi- labels - Tested on City Scale 51.51 | 68.00 | 65.00 | 71.28 63.93 80.29 76.12 -1.61
Tr. on all datasets w/ hi- labels - Tested on DeepGlobel8 | 66.47 | 79.86 | 78.49 | 81.27 78.26 | 85.22 90.63 -0.93
Tr. on all datasets w/ hi- labels - Tested on Mass. Roads | 59.98 | 74.98 | 78.64 | 71.65 | 76.70 | 87.00 86.75 -1.08
Tr. on all datasets w/ hi- labels - Tested on RoadNet 77.50 | 87.32 | 92.47 | 82.72 | 83.60 | 87.28 95.25 -1.12
Tr. on all datasets w/ hi- labels - Tested on SpaceNet 3-5 | 55.46 | 71.35 | 75.78 | 67.42 | 59.30 | 72.92 76.17 -0.63
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