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RaGS: Unleashing 3D Gaussian Splatting from 4D Radar and Monocular Cue
for 3D Object Detection

Supplementary Material

1. Loss Calculation001

Our training proceeds in two stages. The pretraining stage002
focuses on learning robust depth and perspective segmenta-003
tion features from multi-modal inputs, while the joint train-004
ing stage optimizes for 3D object detection augmented by005
auxiliary rendering losses.006

1.1. Pretraining stage007

On one hand, the pretraining stage loss consists of the008
depth loss Ldepth and the perspective segmentation loss Lseg,009
which can be expressed as010

Lpretrain = Ldepth + Lseg. (1)011

As described in the main body, we first interact the raw im-012
age feature C with sparse radar depth S to obtain the dis-013
crete depth probability Dprob. and the enhanced image fea-014
ture F2D, as (F2D,Dprob.) = Conv(Concat(C,S)) . Fol-015
lowing the approach of BEVDepth, we use the Kullback-016
Leibler divergence loss φ between the predicted depth and017
the Gaussian-distributed ground-truth LiDAR depth Dprob.

gt018
to supervise depth estimation, formulated as019

Ldepth =

H∑
u=1

W∑
v=1

φ(Dprob.(u, v),Dprob.
gt (u, v)). (2)020

For the foreground mask generation, we apply the binary021
cross-entropy (BCE) loss for supervision, defined as022

Lseg = S(L,Mgt) =

H∑
u=1

W∑
v=1

−Mgt(u, v) · log(L(u, v))023

− (1−Mgt(u, v)) · log(1− L(u, v)), (3)024

where Mgt(u, v) = M1(u,v)+M2(u,v)
2 , with M1 and M2025

being the processed results from Detectron2 [2] and the026
ground-truth 2D bounding box mask, respectively, and L027
representing the segmentation output from the lightweight028
segmentation network [5].029

1.2. Joint Training Stage030

On the other hand, for joint training stage, we adopt the 3D031
object detection loss Ldet following [6], along with two aux-032
iliary rendering losses, rendered depth loss in perspective033
view Ldepth render and segmentation loss in bird’s-eye view034
Lseg render. The total training objective is defined as035

Ltotal = Ldet + λ(Ldepth render + Lseg render), (4)036

where λ is the hyperparameter balancing detection and aux- 037
iliary tasks. In this work, we set λ = 0.1. The ground 038
truth BEV segmentation can be easily inferred from the 039
3D bounding boxes. By directly using the center coordi- 040
nates, dimensions (length and width), and rotation angle, 041
the ground truth MBEV

gt can be obtained. We first render the 042
last layer of IMA output Gaussian G to perspective depth 043
using gsplat [4], and supervise the procedure with MSE 044
loss: 045

Ldepth render = ∥gsplat(G)−Dgt∥22 , (5) 046

where Dgt is the metric depth version of the LiDAR depth. 047
The segmentation loss in BEV is then computed as 048

Lseg render = S(MBEV,MBEV
gt ), (6) 049

where MBEV denotes the segmentation results from Fgs 050
through the lightweight segmentation network [5]. 051

2. Implementation Details 052

Network Settings. For the VoD dataset, the point cloud 053
range is limited to (0, 51.2) m, (−25.6, 25.6) m, and (−3, 054
2.76) m along the X-, Y -, and Z-axes, respectively. We 055
use radar point clouds accumulated over 5 scans as input. 056

The raw radar point feature is
[
x, y, z, RCS, vr, vrc, t

]⊤
, 057

where RCS denotes radar cross section, vr is relative ra- 058
dial Doppler velocity, vrc is absolute radial doppler ve- 059
locity, and t is the scan identifier. In this work, we use 060
[x, y, z, RCS, vrc] as input feature. For the TJ4DRadSet 061
dataset, the point cloud range is limited to (0, 69.12) m, 062
(−39.68, 39.68) m, and (−4, 2) m along the X-, Y - 063
, and Z-axes, respectively and single-frame radar point 064
clouds are used as input. The raw radar point feature is 065[
x, y, z, vr, r, SNR,α, β

]⊤
, where r is the detection range, 066

SNR (in dB) represents signal-to-noise ratio, and α and β 067
are horizontal and vertical angles, respectively. In consis- 068
tence with VoD dataset, we use [x, y, z, SNR, vrc] as input 069
feature. For both datasets, the voxel is set as a cube of size 070
0.16m. The image is resized to 800×1280 for VoD dataset 071
and 640×800 for TJ4DRadSet dataset, while the number 072
of discretized depth bins is set to 56 for VoD and 72 for 073
TJ4DRadSet. The anchor size for both datasets are kept 074
the same as in [6]. For the OmniHD-Scenes dataset, we 075
constrain the point cloud range to (−60, 60) m, (−40, 40) 076
m, and (−3, 5) m along the X-, Y-, and Z-axes, respec- 077
tively. The radar input consists of 3-frame accumulated 078
point clouds, with each point characterized by a feature vec- 079

tor
[
x, y, z, Power, SNR, vxr, vyr

]⊤
. All six camera im- 080
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Detection Results on View-of-Delft, Left is Ground Truth

Figure 1. Visualization of RaGS on View-of-Delft dataset.

ages are resized to 544 × 960. The BEV feature map size081
H × W is 160× 240, depth bins is set to 59.082

Training details. We implement our model based on the083
MMDetection3D framework. The models are trained on 4084
NVIDIA GeForce RTX 4090 GPUs with a batch size of085
4 per GPU. Our training process consisted of two stages.086
First, we train the image branch for depth estimation and087
segmentation and radar branch for 3D object detection, re-088
spectively. The image branch inherites weights from the089
model pretrained on the COCO and KITTI datasets follow-090
ing [6] for 12 epoches, while we train radar branch weights091
from scratch. Second, we train our model using the weights092
inherited from the above streams with image feature extrac-093
tor frozen for faster training.094

During the fusion training, we use the AdamW optimizer095
with an initial learning rate of 8 × 10−4 and trained the096
model for 24 epochs. We adopt image data augmentations097
including random cropping, random scaling, random flip-098
ping, and random rotation, and also adopt BEV data aug-099
mentations including random scaling, random flipping, and100
random rotation.101

3. Detection Performance Comparison.102

Table 1 presents a comprehensive comparison between our103
RaGS and the baseline LXL [3] on the validation set of104
VoD [1]. It can be clearly observed that RaGS consistently105
outperforms LXL across all object categories (Car, Pedes-106
trian, Cyclist) and under all spatial evaluation formats (Im-107
age, BEV, 3D). In the Image-level evaluation, our method108
achieves higher true positives (TP ↑) and notably fewer false109
negatives (FN ↓), indicating stronger recognition and recall110
of small or distant targets. Under the BEV format, RaGS111
still maintains clear advantages, especially for Pedestrian112
detection, which demonstrates that our Gaussian-field rep-113
resentation yields more accurate horizontal localization and114

Metric Eval
Car Pedestrian Cyclist

TP↑ FP↓ FN↓ TP↑ FP↓ FN↓ TP↑ FP↓ FN↓

Image
LXL 2263 2416 2028 2052 2218 2239 1221 2869 3070
Ours 2513 1972 1778 2148 2130 2143 1400 2842 2891

BEV
LXL 1848 1631 1901 1331 2172 2418 917 2534 2832
Ours 1871 1602 1878 1318 2155 2431 933 2540 2816

3D
LXL 1076 497 358 930 442 504 785 527 649
Ours 1126 533 308 970 689 464 840 536 594

Table 1. Comparison results of our RaGS and the baseline [3] on
the validation set of VoD [1]. In the Eval column, 3D, BEV, and
Image refer to different spatial evaluation formats.

contour delineation than grid-based fusion. Furthermore, in 115
the most challenging 3D evaluation, RaGS surpasses LXL 116
by a significant margin (e.g., 1126 vs. 1076 TP for Cars 117
and 970 vs. 930 TP for Pedestrians), verifying its effec- 118
tiveness in achieving spatially consistent depth reasoning 119
from radar-camera cues. Overall, these improvements high- 120
light that our design effectively enhances both semantic un- 121
derstanding and geometric alignment, leading to superior 122
detection accuracy and robustness across different object 123
scales and viewpoints. 124
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