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Abstract

This study quantitatively analyzes the relationship between loss functions and performance variations in
road detection using satellite imagery. Road datasets from Al Hub were utilized, and experiments were
conducted based on the NL-LinkNet model, which models long-range feature dependencies. This paper
compares and analyzes representative pixel-wise loss functions, Cross Entropy and Focal Loss;
region-based loss functions, Dice and Lovasz Loss; and hybrid loss functions combining these. Results
showed Dice and Dice-based hybrid loss functions generally provided stable, high—-performing results,
while Lovasz Loss, though theoretically effective due to its IoU-based formulation, demonstrates poor
initial training stability and lower performance in practice. The results suggest that employing hybrid loss
functions can provide stable performance and address class imbalance for complex object detection tasks
with significant class imbalance, such as road detection. In particular, Dice and Focal-based hybrid loss
functions, or Lovasz-based hybrid loss functions, are deemed suitable for balanced performance and initial
training stability.
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Training | Validation
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Table 5. Performance (mloU) comparison of loss functions by batchsize per gpus

Losses Single Loss functions Combined Loss functions

batch

;iezre apu CE Focal Dice Lovasz PI(C:% J%%g al LPVSEZ %%E’(?csazl
1 1743 1851 24.27 19.63 22.03 20.32 21.02 21.73
4 40.18 3843 39171 2175 41.51 41.01 40.80 40.39
3 39.69 40.29 41.21 3145 40.60 40.60 40.50 40.68
16 39.97 40.22 41.24 30.30 40.9 41.92 40.81 41.41
20 39.84 39.12 41.05 33.50 40.17 41.18 41.66 40.12
24 40.61 39.59 41.20 31.80 39.76 41.19 40.43 40.19
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Table 6. Comparison of mloU, accuracy, and standard deviation for best performing road types by loss functions

Losses Single Loss functions Combined Loss functions
. Dice Dice Lovasz | Lovasz

Types CE Focal Dice Lovasz Y CE + Focal Y CE + Focal

batchsize per gpu 24 8 16 20 4 16 20 16

Background 92.11 92.15 91.30 88.60 91.86 91.93 92.38 91.44
- Motorway 41.68 40.92 4462 39.29 43.33 47.15 40.56 45.02
% Primary 30.74 32.45 29.48 19.06 2855 31.88 30.72 31.28
= Secondary 26.63 2875 28.41 9.92 25.26 29.22 31.22 2574
§ Tertiary 31.89 31.45 31.27 31.86 32.14 30.69 30.01 31.29
“ | Residential 15.73 775 17.78 11.19 21.10 16.77 18.89 17.31

Unclassified 4551 4856 45.81 34.63 48.34 45.83 47.83 47.83

Mean IoU 40.61 40.29 41.24 3350 4151 41.92 41.66 4141
Accuracy 91.74 91.85 91.00 87.79 91.41 91.60 91.98 91.08
Std. Dev. 24.72 2611 24.12 26.88 24.23 24.37 24.13 24.46
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