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Method MAE RMSE Method MAE RMSE
DPT [22] 5188.2 6884.5 DPT [22] 1885.3 3326.1
UniDepth [2 !] 2129.8 4887.7 UniDepth [21] 1533.0 3188.4
Depth Anything [39] 24049  4851.1 Depth Anything [39] 19432 3469.3
Depth Pro [3] 38350  6600.3 Depth Pro [3] 1680.2  3144.9
RadarCam-Depth w/ DPT 1689.7  3948.0 RadarCam-Depth w/ DPT 1183.5  3229.0
RadarCam-Depth w/ UniDepth . 1872.0  4321.2 RadarCam-Depth w/ UniDepth 1152.5 3168.6
RadarCam-Depth w/ Depth Anything 1953.6  5107.8 RadarCam-Depth w/ Depth Anything  1724.4 3661.3
RadarCam-Depth w/ Depth Pro 3417.1  6462.0 RadarCam-Depth w/ Depth Pro 1490.6  3429.5
POLAR w/ DPT 1447.2 3304.9

. T POLAR w/ DPT 707.1 1216.9
POLAR w/ UniDepth ' 1407.8 3193.5 POLAR w/ UniDepth 629.6 1171.3
POLAR w/ Depth Anything 1515.1 3580.0 POLAR w/ Depth Anything 657.2 1225.4
POLAR w/ Depth Pro 1461.5 4143.9 POLAR w/ Depth Pro 6403 1174.8

Table 1. MDE backbone comparative studies on nuScenes.

1. Comparative Studies

MDE Models. We evaluate POLAR using four monocu-
lar depth estimation (MDE) backbones: DPT [22], Depth
Anything [39], Depth Pro [3], and UniDepth [21]. DPT
and Depth Anything infer scaleless inverse depth, and while
Depth Pro and UniDepth output metric depth, their raw pre-
dictions exhibit significant deviation from metric ground
truth (see raw MDE performance in Tabs. 1, 2, 6), and thus
we process them the same way as scaleless depth.

Tab. | compares raw MDE performance to their perfor-
mance when used as backbones for RadarCam-Depth and
POLAR. Raw MDE predictions show large errors due to
scale ambiguity, while RadarCam-Depth provides moderate
improvements. In contrast, POLAR consistently reduces
error across all backbones, demonstrating the effectiveness
of polynomial fitting. For DPT and Depth Anything, out-
puts are first inverted when used as a backbone, and are
further median-scaled for the reported raw results. Among
all configurations, POLAR w/ UniDepth achieves the best
performance, improving over raw UniDepth predictions by
51.2% and over RadarCam-Depth w/ UniDepth by 37.8%.

For ZJU (see Tab. 2), among all configurations, POLAR
w/ UniDepth achieves the best performance, improving over

Table 2. MDE backbone comparative studies on ZJU.

raw UniDepth predictions by 61.1% and over RadarCam-
Depth w/ UniDepth by 54.2%.

TacoDepth. Although TacoDepth experiments with only
DPT as its MDE backbone, our experiments show that a
different backbone provides further performance gains. Nev-
ertheless, POLAR outperforms TacoDepth by over 3% in
MAE when both methods use the same DPT backbone. A
similar trend holds on ZJU: even when both methods use the
same DPT backbone, POLAR outperforms TacoDepth by
31.5% in MAE, further confirming that POLAR’s state-of-
the-art performance is not due to backbone choice.

2. More on Computational Efficiency

Incremental increase in computation for each additional
polynomial degree. Adding a k& + 1-th polynomial term
requires minimal computational overhead. For an MDE
prediction of shape (H, W), the additional cost consists of
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Figure 1. To quantify absolute improvement in our qualitative
results, we provide the colorbars that were used in all examples in
Figs. 2 and 3, as well as Figs. 3 and 4 in the main paper.
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Figure 2. Additional qualitative comparison on VoD. POLAR more accurately predicts metric scale, and exhibits fewer global misalign-
ments and geometric artifacts in comparison to other methods. Polynomial fitting, allowing POLAR to non-uniformly scale distinct local
regions, results in notable improvements in metric depth estimation over initial MDE predictions. This is apparent in all MDE error maps:
though object depth geometry is reasonable, actual metric depth values tend to be inaccurate. GET-UP, while marginally improving metric
depth estimation relative to MDE, presents substantial errors in depth structure. For instance, the presence of geometric artifacts or omission
of objects or regions entirely can be seen through the following highlighted examples: loss of motorcycle body and visor in Image A, front
portion of biker (right) and bike wheel (far-left) in Image B, top of motorcyclist in Image C, and street sign in Image D. RadarCam-Depth
(RC-D) similarly exhibits geometric artifacts, present in the sign pole, motorcycle, and fence post in Image A, biker and bicycle wheel in
Image B, roof overhang and motorcyclist in Image C, and fence posts and pedestrians in Image D. In contrast, POLAR extrapolates correct
structure from photometric priors while also demonstrating clear improvements in metric depth fidelity compared to all other baselines.

three components: predicting another coefficient via the lin-
ear layer of (1 64 2 FLOPs), computing the (k + 1)-th
power from pre-computed k-th exponentiation (H W mul-
tiplications), and incorporating this term into the final depth
prediction (2 H W operations for multiplication by the
coefficient and addition). For nuScenes, where each image
has shape (900, 1600), each additional polynomial term in-
curs an additional computational cost of 0.0043 GFLOPs,
which is a 0.0048% increase.

Cost breakdown. Following the reporting protocol of

TacoDepth [36], we measure inference time as the latency
added on top of the MDE backbone. Tab. 3 shows that, even
when considering the combined cost, our method remains
state-of-the-art in both inference time and GFLOPs.

3. Dataset Details

The nuScenes dataset [4] contains 1,000 scenes, each lasting
20 seconds, collected from a vehicle equipped with Velo-
dyne HDL32E lidar, Continental ARS 408-21 Radar, Basler
acA1600-60gc camera with 900 1600, and Advanced Nav-
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