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nuScenes
Method MAE RMSE

DPT [22] 5188.2 6884.5
UniDepth [21] 2129.8 4887.7
Depth Anything [39] 2404.9 4851.1
Depth Pro [3] 3835.0 6600.3

RadarCam-Depth w/ DPT 1689.7 3948.0
RadarCam-Depth w/ UniDepth 1872.0 4321.2
RadarCam-Depth w/ Depth Anything 1953.6 5107.8
RadarCam-Depth w/ Depth Pro 3417.1 6462.0

TacoDepth w/ DPT 1492.4 3324.8

POLAR w/ DPT 1447.2 3304.9
POLAR w/ UniDepth 1407.8 3193.5
POLAR w/ Depth Anything 1515.1 3580.0
POLAR w/ Depth Pro 1461.5 4143.9

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. 1 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

ZJU
Method MAE RMSE

DPT [22] 1885.3 3326.1
UniDepth [21] 1533.0 3188.4
Depth Anything [39] 1943.2 3469.3
Depth Pro [3] 1680.2 3144.9

RadarCam-Depth w/ DPT 1183.5 3229.0
RadarCam-Depth w/ UniDepth 1152.5 3168.6
RadarCam-Depth w/ Depth Anything 1724.4 3661.3
RadarCam-Depth w/ Depth Pro 1490.6 3429.5

TacoDepth w/ DPT 1032.5 2850.3

POLAR w/ DPT 707.1 1216.9
POLAR w/ UniDepth 629.6 1171.3
POLAR w/ Depth Anything 657.2 1225.4
POLAR w/ Depth Pro 640.3 1174.8

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

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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nuScenes
Method Inference Time GFLOPs

Depth Anything [39] 28.70 201.03

+ Additional over Depth Anything 315.64 619.02
RadarCam-Depth w/ Depth Anything 344.34 820.05

+ Additional over Depth Anything 29.30 139.87
TacoDepth w/ Depth Anything 58.00 340.90

+ Additional over Depth Anything 24.81 89.70
POLAR w/ Depth Anything 53.51 290.73

Table 3. Computational cost breakdown for methods that leverage
MDE. Inference time is measured in milliseconds (ms).

igation Spatial IMU sensors around Singapore and Boston.
This data collection process resulted in 40,000 synchronized
keyframes. Each frame has an average of 97 radar point
measurements. Additionally, the dataset includes 877,993
3D bounding box annotations about 23 object classes, and
is organized with a train-test split of 850 scenes for training
and validation, and 150 for testing.

The ZJU-4DRadarCam (ZJU) dataset [12] provides li-
dar, Radar, and camera data, collected through the same
method as the nuScenes dataset around Hangzhou, China.
The dataset is enhanced with high-density lidar and 4D radar
data, utilizing the RoboSense M1 lidar sensor and Oculii’s
EAGLE 4D radar sensor. Additionally, the vehicle is outfit-
ted with RealSense D455 cameras. The dataset includes a
total of 33,409 synchronized keyframes, divided into 29,312
frames for training and validation, and 4,097 frames for test-
ing. Each frame has an average of 465 radar point measure-
ments. The original camera resolution was 720×1280 but
was cropped to 300×1280 because of the limited presence
of reprojected lidar points.

The View-of-Delft (VoD) dataset [17] uses similar meth-
ods to provide lidar, Radar, and camera data around the city
of Delft in the Netherlands. The vehicle was equipped with
a Velodyne HDL-64 S3 LIDAR, ZF FRGen 21 3+1D Radar,
a stereo camera with 1216×1936 resolution, an RTK GPS,
IMU, and wheel odometry. It contains 8,693 frames of syn-
chronized and calibrated keyframes along with 123,106 3D
bounding box annotations about 13 road user classes. Each
frame has an average of 276 radar point measurements. Sim-
ilar to the ZJU dataset, the camera resolution was cropped
to 608×1936 because of the limited presence of reprojected
lidar points.

4. Full nuScenes Benchmark
We present the full set of quantitative results on the nuScenes
dataset in Tab. 4. This table includes additional baseline
methods that were omitted from the main text for brevity,
providing a comprehensive comparison of POLAR against
all known existing radar-camera depth estimation methods.
As shown, POLAR consistently outperforms all competing
methods across all maximum distance thresholds (50m, 70m,

nuScenes
Distance Method MAE RMSE

50m

RC-PDA [16] 2225.0 4156.5
RC-PDA-HG [16] 2210.0 4234.0
NLSPN [19] 2185.7 4411.6
BTS [10] 1937.0 3885.0
DORN [15] 1926.6 4124.8
RadarNet [28] 1727.7 3746.8
CaFNet [30] 1674.0 3674.0
BPNet [32] 1618.9 3596.1
Lin [14] 1598.2 3790.1
SparseBeatsDense [11] 1524.5 3567.3
RadarCam-Depth [12] 1286.1 2964.3
GET-UP [31] 1241.0 2857.0
TacoDepth [36] 1046.8 2487.5
POLAR (Ours) 1014.4 2475.7

70m

RC-PDA [16] 3326.1 6700.6
RC-PDA-HG [16] 3485.6 7002.9
BTS [10] 2346.0 4811.0
NLSPN [19] 2260.9 4645.0
DORN [15] 2170.0 4532.0
RadarNet [28] 2073.2 4590.7
CaFNet [30] 2010.0 4493.0
Lin [14] 1897.8 4558.7
SparseBeatsDense [11] 1822.9 4303.6
RadarCam-Depth [12] 1587.9 3662.5
GET-UP [31] 1541.0 3657.0
TacoDepth [36] 1347.1 3152.8
POLAR (Ours) 1286.1 2947.3

80m

RC-PDA [16] 3721.0 7632.0
RC-PDA-HG [16] 3664.0 7775.0
AdaBins [2] 3541.0 5885.0
P3Depth [20] 3130.0 5838.0
LapDepth [29] 2544.0 5151.0
PnP [35] 2496.0 5578.0
NLSPN [19] 2519.3 5033.7
BTS [10] 2467.0 5125.0
DORN [15] 2432.0 5304.0
RadarNet [28] 2179.3 4898.7
CaFNet [30] 2109.0 4765.0
Lin [14] 1988.4 4841.1
SparseBeatsDense [11] 1927.0 4609.6
RadarCam-Depth [12] 1689.7 3948.0
GET-UP [31] 1632.0 3932.0
TacoDepth [36] 1492.4 3324.8
POLAR (Ours) 1407.8 3193.5

Table 4. Full quantitative results (mm) on the nuScenes benchmark.

and 80m), achieving the lowest mean absolute error (MAE)
and root mean squared error (RMSE).

5. Comparison to Depth Completion
One potential idea for radar-camera depth estimation is to ap-
ply lidar-camera depth completion methods designed to den-
sify sparse depth maps using surrounding context. One such
method, BPNet [32] achieves state-of-the-art performance
on the KITTI depth completion benchmark by leveraging bi-
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Metric Definition

MAE ↓ 1
|Ω|

∑
x∈Ω |d̂(x)− d(x)|

RMSE ↓
(

1
|Ω|

∑
x∈Ω |d̂(x)− d(x)|2

)1/2

Table 5. Error metrics for depth estimation. These metrics
compute the error between predicted depth d̂(x) and ground truth
depth d(x).

lateral propagation. However, when applied to radar-camera
depth estimation, BPNet performs poorly, as shown in Tab. 4.
POLAR outperforms BPNet by 37.3% in MAE and 31.2% in
RMSE on nuScenes, highlighting the limitations of directly
applying lidar depth completion methods to radar data. The
key reason for this underperformance lies in the fundamental
differences between lidar and radar point clouds. Unlike li-
dar, radar measurements are orders of magnitude sparser and
significantly noisier due to factors such as limited antenna
elements, elevation ambiguity (see Fig. 3), and lower range
resolution [28]. Lidar depth completion methods assume a
relatively dense and structured input [37], leveraging local
spatial continuity to propagate depth estimates effectively.
In contrast, radar points are too sparse for such methods to
infer meaningful local depth relationships, leading to poor
depth reconstruction when attempting direct densification.

In addition, we compare against Non-Local Spatial Propa-
gation Network (NLSPN) [19], which achieves near state-of-
the-art performance on the KITTI depth completion bench-
mark by refining sparse lidar depth with an iterative non-
local spatial propagation procedure. NLSPN predicts an
initial depth map along with pixel-wise confidences, then
refines it by estimating non-local neighbors and their cor-
responding affinities to selectively propagate depth infor-
mation. Unlike other approaches that rely on fixed local
neighbors, NLSPN adaptively determines relevant non-local
neighbors, improving depth completion accuracy, especially
near depth boundaries. However, again, when applied to
radar-camera depth estimation, NLSPN performs poorly, as
shown in Tab. 4. POLAR outperforms NLSPN by 44.1% in
MAE and 36.6% in RMSE on nuScenes.

Instead of relying on depth completion-style densifica-
tion, POLAR directly learns a transformation function from
radar to metric depth by leveraging polynomial fitting. Our
method avoids the pitfalls of propagating unreliable local
depth information by refining MDE predictions with learned
polynomial coefficients, enabling flexible, scene-adaptive
depth corrections that effectively capture object relationships
and global scene structure.

View-of-Delft
Method MAE RMSE

DPT [22] 4117.9 5498.9
UniDepth [21] 2605.6 5691.0
Depth Anything [39] 3270.5 4411.9
Depth Pro [3] 3275.9 5936.7

RadarCam-Depth w/ DPT 4013.5 5911.9
RadarCam-Depth w/ UniDepth 2227.4 5385.8
RadarCam-Depth w/ Depth Anything 3103.6 6328.7
RadarCam-Depth w/ Depth Pro 2843.4 6082.0

POLAR w/ DPT 1891.4 4252.6
POLAR w/ UniDepth 1500.1 3960.5
POLAR w/ Depth Anything 1770.5 3951.8
POLAR w/ Depth Pro 1520.2 3987.2

Table 6. MDE backbone comparative studies on View-of-Delft.

nuScenes→ZJU nuScenes→VoD
Method MAE RMSE MAE RMSE

GET-UP (zero-shot) 3845.2 8469.7 4809.1 8653.9
RadarCam-Depth (zero-shot) 5435.9 9785.8 7521.5 9194.8
GET-UP (trained) 1699.7 3882.6 2917.3 6145.1
RadarCam-Depth (trained) 1183.5 3229.0 2227.4 5385.8
Ours (zero-shot) 1147.9 3109.5 2256.2 4744.2

Table 7. Zero-shot generalization.

RadarCam-Depth Ours
% radar kept / removed MAE RMSE MAE RMSE

25% kept / 75% removed 7969.4 10831.5 2416.4 4836.6
50% kept / 50% removed 4819.8 7077.7 1816.8 3945.7
75% kept / 25% removed 2537.3 4247.4 1575.2 3611.8
100% kept / 0% removed 1689.7 3948.0 1407.8 3193.5

Table 8. Reduced radar point density.

6. Evaluation Metrics and Implementation
Details

The evaluation metrics used in our study, Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE), are
formulated in Tab. 5. Lower values equal better performance
for both MAE and RMSE. Unless specified otherwise, all
reported values are in millimeters (mm). We train for 60
epochs using a cosine decay learning rate scheduler with
learning rate of 5 × 10−5, and use weighting terms λ1 =
1.0, λ2 = 0.4, λm = 0.25 for our loss function.

7. Additional Comparisons

Full MDE Comparisons. For VoD (see Tab. 6), POLAR
w/ UniDepth achieves the best performance in MAE, im-
proving over raw UniDepth predictions by 42.4% and over
RadarCam-Depth w/ UniDepth by 32.7%, while POLAR w/
Depth Anything achieves the best performance in RMSE,
improving over RadarCam-Depth w/ Depth Anything by
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Ground TruthImage A Lidar PointsRadar Points

Ground TruthImage B Lidar PointsRadar Points

Ground TruthImage C Lidar PointsRadar Points

Figure 3. nuScenes dataset visualization. The elevation ambiguity of radar points results in erroneous projection onto the image plane that
makes it challenging for depth completion methods to infer dense depth. In contrast, lidar points yield a denser, image-aligned projection,
which is why accurate 3D scene reconstruction with depth completion methods is possible.

MAE RMSE

Learnable Points 1860.9 4207.1

Isotonic Reg. 2895.2 4340.5
Cubic Hermite 2131.3 4588.0
PCHIP 1809.6 4054.7

LoRA 2030.6 4493.7
ViT-Adapter 1859.6 4280.0

Our Performance 1407.8 3193.5

Table 9. Additional comparisons of POLAR vs. learnable dataset-
specific points in place of radar points, and regression baselines.

37.6% and over raw Depth Anything predictions (inverted
and median scaled) by 10.4%.

Leveraging Radar. Tab. 9 shows that replacing radar
points with learnable, dataset-specific points worsens MAE
by 28.0% and RMSE by 29.9%, demonstrating that we in-
deed leverage the radar inputs effectively. As additional
evidence, Tab. 7 shows that our method, evaluated zero-shot
cross-dataset, achieves comparable or better performance
than baselines trained on the target datasets.

Radar Sparsity. Tab. 8 shows we are more robust to re-
duced radar point density at inference, i.e., less performance
degradation than the baseline method RadarCam-Depth.

Adapters. Tab. 9 shows that recent adapter-based fine-
tuning methods LoRA [9] and ViT-Adapter [6], even with
a post-hoc linear fit to projected radar points, do not outper-
form our method.

Regression Baselines. Isotonic regression and monotone
spline fitting methods are natural baselines. Tab. 9 shows

these methods for regressing projected radar points on MDE
predictions do not outperform us. We hypothesize that this is
due to noise in radar points that can be mitigated by learning
(Sec. 3.2 from the main paper).

Our learned polynomial fit may, in principle, introduce un-
wanted inversions of initially correct MDE predictions. PO-
LAR successfully mitigates this effect through the proposed
novel first-derivative regularization term (see Sec. 3.4 and
Eqs. 6, 7 from the main paper), which effectively constrains
such inversions. To quantify this, we compute Kendall’s
τ coefficient between predicted and ground-truth depths.
Our method achieves the highest monotonicity (τ = 0.969)
over regression baselines Isotonic Regression (τ = 0.871),
PCHIP (τ = 0.758), and Cubic Hermite Spline (τ = 0.736).
The raw MDE predictions do exhibit monotonicity with re-
spect to ground truth (τ = 0.957), but our polynomial trans-
formation increases it, indicating that we correct unwanted
inversions. To assess statistical significance, we compute
Kendall’s τ over 30 bootstrap samples for both our method
and the raw MDE predictions. A two-sample t-test reveals
a statistically significant difference in mean monotonicity
(p = 0.012).

8. Proof: Limitations of Global Scale and Shift

As further theoretical justification, we prove by construction
that an affine scale-and-shift transformation is insufficient to
fit MDE predictions to ground truth.

Proposition 1. There exist infinitely many sets of k ≥ 3
(MDE prediction d̂, ground truth d) pairs such that no global

5



scale α and shift β satisfy d = αd̂ + β for all k pairs
simultaneously.

Proof by Construction. Consider the following three (MDE
prediction d̂, ground truth d) pairs from the nuScenes dataset,
specifically from the image shown in Fig. 4 from the main
paper:

(d̂, d) ∈ {(5, 7), (10, 9), (15, 44)}.

Assume to the contrary that there exist α, β ∈ R such that

d = αd̂+ β

holds for all pairs.
From the first two pairs, we obtain:

7 = 5α+ β, 9 = 10α+ β.

Subtracting gives α = 0.4 and β = 5 as the unique solution
for these two pairs.

Applying this solution to the third pair yields:

α · 15 + β = 0.4 · 15 + 5 = 11,

which contradicts the required equality with the ground truth
value d = 44, since the residual error equals 44− 11 = 33
and not zero.

Hence no global scale α and shift β exist that can satisfy
all three pairs simultaneously. Moreover, scaling each pair
by any nonzero constant produces infinitely many distinct
3-sets of (d̂, d) pairs for which no α and β exists. Then,
for any such 3-set, appending k − 3 arbitrary pairs yields
an infinite family of k-sets (k > 3) that likewise admit no
solution.

Corollary 1. It is therefore a misconception that the scale
ambiguity in MDE can be resolved solely by a global scale
and shift. In contrast, any smooth relationship between
d̂ and d can be locally approximated by a polynomial via
Taylor expansion, giving our polynomial fitting formulation
the theoretical capacity to approximate d as a function of d̂
arbitrarily well.

9. Discussion
In the age of embodied and physical AI [24, 27], accurate
3D reconstruction [34, 37, 38] is crucial for understanding
and navigating in real-world environments. To tackle the
inherent scale ambiguity of monocular depth estimation,
complementary modalities—such as LiDAR [5, 7, 18, 26],
other cameras [8], and even language [40]—can provide
additional cues to resolve scale ambiguity. Radar, however,
is particular attractive due to its cost-effectiveness, efficiency,
and robustness to illumination and environment. In our
work [25], we subscribe to the line of works that focuses on

balancing algorithmic efficiency with optimization [1, 13,
23, 33]. In doing so, we introduce a state-of-the-art solution
for this multimodal task of radar-camera depth estimation as
we aim to push for adoption of these modalities on physical
agentic systems such as robots, autonomous vehicles, and
AR/VR glasses.
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