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Stage-2 static—dynamic decoupling (shaded) further reduces Abs Rel on both datasets — KITTI 0.102 — 0.093, Cityscapes 0.115 — 0.086.
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l Depth & error maps (blue = small, red = large error) vs. ProDepth and DSI-MonoVIT. Flex-X-Large (s cleanest on dynamic objects (red boxes).
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Aux.: pixel motion / pseudo depth. Best dynamic-region accuracy with the lowest compute — using no auxiliary cues.
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Computational Cost (GFLOPs) | = Full model: 0.093 Abs Rel / 0.910 & — best overall.
FlexDepth (red) dominates the accuracy—-compute frontier at every scale, from 0.7 GFLOPs (Nano) to 24.6 GFLOPs (X-Large). O Static—Dynamic Decoupled Training = w/o Stage-2 decoupling: 0.100 / 0.900 — largest drop.
P = Gain # more training: Stage-1 + fine-tune = 0.102 vs. Stage-1+2 = 0.093.
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- Stage 1 — photometric loss (SSIM + L1) with minimum reprojection & auto-masking, edge-aware (Dep y g Ve) Adaptive mask > fixed threshold: Sq Rel 0.605 vs. 0.629.
smoothness; depth net + PoseNet (ResNet-18, 6-DoF) trained jointly.
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Flex-Large 15.2M 1.5 467 216 >-2 M = [ |dispif - displ?| < g(e(fsi, fs)) ] FlexDepth — a flexible scale-driven self-supervised depth family for robust driving perception.
v = 0.7; g(p(-): adaptive per-pixel threshold. Static where early/late-epoch predictions agree; dynamic otherwise. . . . .
2L 32.3M 24.6 321 130 3.0 - 7 preperp g Poee e on KITTI & Cityscapes — no auxiliary info, single frame.
Lite-Mono-Tiny 21M 2.8 1048 312 153 Strong on dynamics (CS dynamic & = 0.935) and zero-shot (Make3D Abs Rel 0.279).
MonoViT 33.6M >9.7 265 126 1.9 BJd Qualitative — KITTI Edge-ready: Flex-Nano 0.7 GFLOPs — 37.6 FPS on Snapdragon 8 Elite.

640x192 input; FPS. GPU: batch 16; Snapdragon 8 Elite: batch 1, performance mode.
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NAdam optimizer. Epochs (Stage 1 + Stage 2): KITTI 30 + 20, Cityscapes 30 + 10. -

Method Abs Rel! Sq Rell RMSE| RMSE log! Batch 12 (Nano/Small; encoder Ir 5e-5, decoder 1e-4), batch 6 (Medium and above; Ir 5e-5). Ldie=hiono --|——
Monodepth? 0.322 3589 2417 0.163 Flex-X-Large trains on KITTI in ~10 h on a single RTX 4090. N - |-—
GeoDepth 0.296 2.750 6.735 0.153 Monocular videos only — KITTI Eigen split & Cityscapes; no extra labels. Code: github.com/startnew/flexdepth
Flex-X-Large (Ours) 0.279 2.799 6.599 0.144 Flex-X-Large - - |—— Project & demo videos: startnew.github.io/projects/flexdepth

KITTI-trained models tested directly on Make3D — no fine-tuning.
vs. Monodepth2 / MonoV/IT / Lite-Mono: sharper thin structures and more complete objects (blue boxes).
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