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I. FINE-TUNING THE 3 PARAMETER IN LOSSES

We search for the optimal [ parameters for our Soft-
Bootstrapped Cross-Entropy (BCE SB) and DICE (DICE SB)
losses by cross-validating its value on the custom validation
sets of the Massachusetts Roads (MA) dataset and the Deep-
Globe Roads (DG) dataset. On MA, we find the following best
values: 8 = 0.8 for BCE SB and 5 = 0.6 for DICE SB. On
DG, we find: 8 = 0.7 for BCE SB and 3 = 0.4 for DICE SB.
Figure 1 shows the performance fluctuation with varying f.
We report our results for the best 5 values in Tables III and
Iv.

II. METRICS

A large variety of metrics is in use to evaluate the per-
formance of road segmentation methods. In our study, we
consider only pixel-wise metrics, setting aside graph-based
metrics as they often evaluate the roads’ global connectivity
rather than their local topology. Most papers report the IoU,
DICE/F1-Score, Precision, and Recall. Some works also report
the so-called “relaxed” version of these metrics [1]: within
a distance of typically 3 pixels from the labels, any road
prediction is counted as an additional True Positive pixel.
This idea aims at compensating the lack of accuracy in the
ground truth, so we do not report relaxed metrics as we
want to study the impact of such noisy labels on the model
performance. In the case of the Massachusetts dataset (MA),
we rule out the use of the Precision-Recall Breakeven Point as
it is inconsistently reported, sometimes relaxed and sometimes
not. In 1998, Wiedemann [2] introduced specific metrics for
road extraction, called Completeness, Correctness, and Quality
(please refer to the original paper for detailed explanations).
In the following formulas, L() is a function calculating the
length in pixels of the given road segment:
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They are especially convenient when evaluating the topol-
ogy of road centerlines, more so than the traditional pixel-
wise metrics, and were already reported in [3] on MA.
Although initially designed for vector road centerlines, they
are applicable to single-pixel road centerlines, also known as
“skeletons”: measuring the length of a vector centerline from
its coordinates is indeed equivalent to counting the pixels of
the rasterized centerline.

III. DETAILED RESULTS TABLES

Here, we report a more complete list of metrics and FCNN
models for our different experiments. These tables are more
exhaustive than most previous works on our four datasets, and
hopefully can serve as a comparison basis for later studies. The
Massachusetts Roads dataset is referred to below as MA, the
Deep Globe Road Extraction Challenge as DG, the CrackTree
dataset as CT, and the Electron Microscopy dataset as EM.
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TABLE I
BASELINE RESULTS FOR VARIOUS FCNN ARCHITECTURES ON THE CUSTOM TEST SPLIT OF MA (* NOT PRE-TRAINED)

Model IoU F1 Prec. Rec. Corr. Comp. Qual.
DeepLabv3+* 5295 6935 78.13 6234 86.69 7407 66.74
DenseASPP 46.63 6444 7375 5722 8562 69.89 6232
D-LinkNet34 5393 7034 8234 6140 9137 7223 67.65
D-LinkNet50 5490 71.01 81.15 63.12 90.01 7375 68.25
D-LinkNet101 5452 70.86 8229 6222 91.14 7272 6797
U-Net* 5592 7191 8059 6492 8926 7533 69.25
Res-U-Net18 5594 7202 80.74 65.00 8847 7551 68.75
Res-U-Net34 55.85 71.88 82778 6351 9143 7385 69.25
Res-U-Net50 5693 7274 81.87 6544 90.60 75.11 69.89
Res-U-Net101 5623 71.88 81.48 6431 90.08 74.80 69.62

Dense-U-Net-121 5712 73.03 81.64 66.07 90.50 7559  70.06
Dense-U-Net-169 54.82 70.84 8149 62.65 89.70 7246 6742
Dense-U-Net-201 57.04 7295 8136 66.11 9024 7594 70.13
Dense-U-Net-121* 5549 7144 81.45 63.62 90.59 7379 68.69

TABLE I
BASELINE RESULTS FOR VARIOUS FCNN ARCHITECTURES ON THE CUSTOM VALIDATION SPLIT OF DG (* NOT PRE-TRAINED)

Model IoU F1 Prec. Rec. Corr. Comp. Qual.
DeepLabv3+* 59.65 75.19 7736 73.13 7891 77.80 64.80
DenseASPP 61.46 7678 7720 7636 8194 8094 69.14
D-LinkNet34 59.00 74.78 79.17 70.85 81.28 76.34 65.02
D-LinkNet50 58.12 74.04 80.53 6851 83.13 7435 645
D-LinkNet101 60.24 75.67 7949 7220 8228 77.10 66.37
U-Net* 6197 76.82 80.84 73.18 8333 79.26 68.65
Res-U-Net18 6345 77.89 8096 75.05 8470 79.83  70.22
Res-U-Net34 64.03 7835 8133 7558 86.05 79.75 71.10
Res-U-Net50 6455 78.62 80.80 7655 84.79 8140 71.59
Res-U-Net101 61.63 7647 7642 7652 7832 8048 6584

Dense-U-Net-121 65.13 79.19 8280 7589 87.16 80.50 7243
Dense-U-Net-169 65.12 7898 8390 74.60 8596 8170 72.72
Dense-U-Net-201 65.10 79.01 84.00 7458 86.48 81.18 72.60
Dense-U-Net-121*  62.12 7699 83.53 7140 8534 78.71 69.75

TABLE III
LOSSES COMPARISON FOR DENSE-U-NET-121 ON THE CUSTOM TEST SPLIT OF MA

Loss IoU F1 Prec. Rec. Corr. Comp. Qual.
BCE 57.12  73.03 81.64 66.07 9050 75.59 70.06
DICE 57.50 73.53 79.77 68.19 91.11 7488 69.76
ToU 57.19 7338 78779 68.66 91.02 74.68 69.40
BCE + DICE 57.65 7343 79.08 68.54 90.16 7574  70.08
BCE + IoU 58.12 73.84 7737 70.62 89.01 77.13 70.48
BCE + DICE + IoU 5799 7371 77.80 70.02 89.44 76.44 70.20
BCE + Sigmoid 57.88 73.51 80.05 6795 89.74 7650 70.60
BCE + Unhinged 57.72 7347 77.81 69.58 89.02 76.16 69.82
BCE + Savage 57.56 73.15 7936 67.84 8841 76.73 70.06

BCE HB 5 =0.7 57.54 73.08 76.62 69.85 8790 76.77 69.90
BCE SB 5 =0.8 5793 7354 78.64 69.06 88.72 76.88 70.29
DICE SB 8 = 0.6 58.26 7391 7727 70.83 89.82 76.61 70.74




TABLE IV
LOSSES COMPARISON FOR DENSE-U-NET-121 ON THE CUSTOM VALIDATION SPLIT OF DG

Loss IoU F1 Prec. Rec. Corr. Comp. Qual.
BCE 65.13 79.19 8280 75.89 87.16 80.50 72.43
DICE 65.18 79.02 78.74 7930 84.15 82.18 72.08
ToU 63.19 77.58 7452 80.90 78.08 83.19 68.01
BCE + DICE 6543 7937 7825 80.52 8349 8337 72.08
BCE + IoU 63.83 7835 79.63 77.11 8528 79.82 70.73
BCE + DICE + IoU 65.57 79.42 80.14 7871 85.13 8190 72.29
BCE + Sigmoid 65.76  79.63 82.08 77.33 8736 81.14 73.02
BCE + Unhinged 6599 79.63 78.15 81.16 8456 8338 73.15
BCE + Savage 65.89 79.65 8024 79.07 8559 8249 73.14

BCE HB 5 =0.7 6580 79.58 78.12 81.10 8529 8273 73.12
BCE SB 5 =0.7 65.87 79.58 78.65 80.54 86.08 82.18 73.28
DICE SB =04 6529 79.08 7628 82,10 8253 83.63 71.74

TABLE V
RESULTS COMPARISON FOR DENSE-U-NET-121 TRAINED WITH SYNTHETIC LABEL NOISE ON THE CUSTOM TEST SPLIT OF MA, TRAINED WITH BCE,
BCE SB 8 = 0.7 AND DICE SB 8 = 0.7 LOSSES.

Noise type and level Loss  Noise Correction  IoU F1 Prec. Rec. Corr.  Comp. Qual
BCE X 57.19 73.10 80.36 67.05 89.55 7654 70.27

Shiftl BCE v 57.54 7330 7654 7032 87.62 7740  69.90
DICE v 56.85 7285 7122 7456 8589 7794 69.24

BCE X 57.01 7292 8133 66.08 8998 7644 7045

Shift2 BCE v 5716 7299 7738 69.07 8792  76.64 69.51
DICE v 56.79 73.02 71.68 7441 8595 77.86 68.97

BCE X 4726 6447 8579 51.64 9287 6690 6342

Shift3 BCE v 53.80 70.84 7234 69.41 9038 7022  65.23
DICE v 41.63 60.56 4995 7688 87.79  71.08 64.72

BCE X 04.18 08.25 32.69 0472 2576  09.06 05.95

Shift4 BCE v 12.16 22,58 2933 1835 2356 2347 1243
DICE v 2324 3939 2875 62,53 30.53  40.09 20.83

BCE X 56.09 7191 82.68 63.63 74.81 69.82  69.82

Ablationl BCE v 57.15 7289 7932 6743 8945 7585 6991
DICE v 57.67 7353 7625 7099 8840  76.78 69.85

BCE X 00.00  00.00 100.00 00.00 100.00 00.02  00.01

Ablation2 BCE v 3834 5535 9252 3949 9472 6580 63.47
DICE v 5711 7292 7775 68.65 88.05 7731 70.11

Shift2+Ablation] BCE v 5693 7280 7741 6870 87.04 76.67 69.08
DICE v 5742 7322 7384 72.61 86.02 77.82 69.31

Shift2+Ablation2 BCE v 40.20 5731 9227 4156 9431 6875 6592
DICE v 57.06 72.60 7672 6890 8827  76.06 69.64
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TABLE VI
RESULTS COMPARISON FOR DENSE-U-NET-121 TRAINED WITH SYNTHETIC LABEL NOISE ON THE CUSTOM VALIDATION SPLIT OF DG, TRAINED WITH
BCE, BCE SB 3 = 0.7 AND DICE SB 8 = 0.7 LOSSES.

Noise type and level Loss  Noise Correction IoU F1 Prec. Rec. Corr.  Comp. Qual.
BCE X 66.05 7949 82.77 7646 85.18 83.13 73.36

Shiftl BCE v 66.36 79.85 7996 79.75 83.78 84.06 72.94
DICE v 68.03 81.13 8191 8037 8540 85.15 74.77

BCE X 66.00 79.65 84.12 75.64 86.14 82.85 73.61

Shift2 BCE v 66.03 79.61 79.73 7949 8274 84.77 72.66
DICE v 67.72 8091 8210 79.76 87.11 83.52 74.89

BCE X 61.14 76.27 83.64 70.10 8699 7226 65.87

Shift3 BCE v 63.01 77.65 75.09 80.38 8429 77.36 68.55
DICE v 59.34 7521 6747 8495 8538 77.58 69.71

BCE X 3428 51.10 74.02 39.02 5648 33.74 2747

Shift4 BCE v 41.80 58.45 56.54 60.50 49.14 4742 3448
DICE v 4258 59.71 4847 7773 5464 60.21 42.76

BCE X 65.47 7932 84.00 75.13 86.01 82.62  73.37

Ablationl BCE v 65.88 79.69 81.86 77.63 86.05 8235 73.08
DICE v 67.04 80.54 82.06 79.08 8634 83.80 74.46

BCE X 00.03 00.06 99.84 00.03 8697 01.10 0041

Ablation2 BCE v 4590 63.04 9526 47.11 9199 6435 60.87
DICE v 64.41 7873 8193 7577 8502 80.78 71.31

Shift2+Ablation] BCE v 65.00 78.92 8318 75.08 86.23 80.92 7242
DICE v 67.30 80.78 81.14 80.42 8506 8519 74.61

Shift2+Ablation2 BCE v 4787 6486 93.71 4959 89.79 69.25 64.29
DICE v 6483 79.05 8133 76.89 8553 81.01 71.69

TABLE VII
COMPARISON OF DENSE-U-NET-121 WITH THE STATE-OF-THE-ART ON MA’S OFFICIAL TEST SET; * WITHOUT POST-PROCESSING; BEST AND SECOND
BEST; TTA - TEST-TIME AUGMENTATION.

Models IoU F1 Prec. Rec. Corr. Comp. Qual
RSRCNN [4] 4946 6620 60.60 72.90 - - -
Modified U-Net [5] 59.76 7454 7415 7548 - - -
JointNet [6] 64.00 78.05 7190 85.36 - - -
WRAU-Net [7] 64.58 7848 7450 82.90 - - -
MFPN [8] 65.70 7930 85.10 74.20 - - -
RDRCNN* [9] 66.28 79.72 84.64 7533 - - -
RDRCNN [9] 67.10 80.31 8535 75.75 - - -
Dense-U-Net-121 + BCE SB 5 = 0.8 + IoU* 65.16 78.89 7955 7825 90.15 86.18 78.85

Dense-U-Net-121 + BCE SB = 0.8 + [oU w/ TTA  66.61 79.98 81.67 7835 9293 86.07 80.80

TABLE VIII
COMPARISON OF DENSE-U-NET-121 WITH THE OFFICIAL LEADERBOARD ON THE VALIDATION SET OF DG; OUR REPLICATION OF D-LINKNET RESULTS,
ALSO MODIFIED TO USE THE BCE SB LOSS.

Models IoU

Stacked U-Nets with Multi-Output [10] 60.00
Ensemble U-Nets + CNN + Post-Processing [11] 60.58
ResNet50-D2S [12] 60.60
U-Net-Like-ResNet34 [13] 64.00
D-LinkNet [14] 64.12
D-LinkNet [14] 63.29
D-LinkNet [14] + BCE SB 64.36
EOSResUNet [15]* 65.60
Dense-U-Net-121 + BCE SB 5 = 0.7 + Ramp 61.93

Dense-U-Net-121 + BCE SB 8 = 0.7 + Ramp w/ TTA  63.52




TABLE IX
RESULTS COMPARISON OF DENSE-U-NET-121 TRAINED WITH DIFFERENT LOSSES ON OUR OWN TEST SPLIT OF CT, COMPARED TO A NOT PRE-TRAINED
U-NET. (* NOT DIRECTLY COMPARABLE AS USES A DIFFERENT SPLIT)

Loss IoU F1 Prec. Rec. Corr.  Comp. Qual.
Topology loss [3]* - - - - 88.44 9513 84.61
BCE [U-Net] 81.79 89.83 92,72 87.11 93.71 9137 86.48
BCE 81.96 89.96 O91.71 88.28 9222 9294  86.54
BCE + IoU 82.90 90.53 90.78 90.28 92.64 9341 8731

BCE + Sigmoid 82.41 90.20 90.56 89.85 9129 9334 86.15
BCE SB 8 =0.5 8232 90.18 91.03 89.34 9343 9324 87.82
DICE SB g =0.4 8253 9031 8998 90.65 91.00 93.79 86.17

TABLE X
RESULTS COMPARISON OF DENSE-U-NET-121 TRAINED WITH DIFFERENT LOSSES ON OUR OWN TEST SPLIT OF EM, COMPARED TO D-LINKNETS0. (*
NOT DIRECTLY COMPARABLE AS USES A DIFFERENT SPLIT)

Loss IoU F1 Prec. Rec. Corr. Comp. Qual
Topology loss [3]* - - - - 7227 73,58 5722
BCE [D-LinkNet50] 64.64 7853 7993 77.17 67.62 7232 53.69
BCE 6541 79.08 7895 7922 66.18 7333 5334
IoU 66.55 7993 8046 7941 7153 71.75 55.79

BCE + Unhinged 67.55 80.64 7779 83.70 6827 7294 5447
BCE SB 5 =0.5 6641 79.83 8024 7942 7022 7229 5531
DICE SB 5 =0.5 66.80 80.09 80.00 80.19 68.18 7231 54.08
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Fig. 1. Cross-validation of the Beta parameters for the Soft-Bootstrapped Cross-Entropy (BCE SB) and Soft-Bootstrapped DICE (DICE SB) on the custom

validation sets on Massachusetts Roads dataset and the DeepGlobe Roads dataset.




