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1. Supplementary Videos001

Please refer to the attached supplementary videos for re-002
sults. We show comparison between RadarSim- Radar003
reflectance rendered with radar occupancy (left column)004
and radar-only baselines DART [6](middle column) and005
Radarfields[2](right column). Observe that compared to006
the baseline, our reconstruction quality shown in depth map007
at the bottom is significantly better, while being able to008
accurately model radar reflectivity. Specifically, strong re-009
flectance is visible for radar signals:010

• at inset corners that act as retro-reflectors where all trans-011
mitted rays are reflected due to bouncing at corners, such012
as bottom of car, inside windows, wall/ceiling intersec-013
tions, light fixture on ceilings etc.014

• where view direction aligns with surface normal015
• metallic material in general016

We also show synthesized range-azimuth view in 128 az-017
imuth directions, achieving super-resolution of the input018
radar data which only contains 8 directions from 8 antenna019
measurement. Notice our synthesized range-azimuth render-020
ing is much sharper than DART[6], while preserving radar021
reflectivity.022

2. Dataset023

Figure 1. Image of our hand-held data collection rig with three key
components labeled.

2.1. Data capture rig and pose processing024

We build a hand-held rig for data collection with time-synced025
mmWave radar, fisheye camera, and lidar collecting data at026
30 fps, 30 fps and 10 fps respectively.027

For each sequence, we run COLMAP to get camera poses028
Ac (can be broken down into rotation Rc and position xc ).029
Since coordinate systems of camera and radar are calibrated,030
we can easily convert camera pose to radar pose Ar (or Rr031
and xr) by interpolating into the sequence of camera poses032
with synced-timestamps followed with a transformation. We033
use the proposed scale estimation approach mentioned in034
Section 3.5 of the main paper to obtain scale of the scene for035
estimating ego-velocity required for our system.036

2.2. Multimodal pose refinement 037

While COLMAP provides fairly accurate poses , radar ray 038
tracing requires accurate velocity, so we design a pose and 039
velocity refinement module by learning a per-frame pose and 040
velocity offset ∆xc,∆Rc,∆vc and regularized through: 041

1. L2 regularization on the offsets: Lregp = ||∆xc||22 + 042
||∆Rc||22 + ||∆vc||22 043

2. L2 loss that enforces velocity to be close to derivative of 044
position Lregv = ||d(xc)/dt− (vc +∆vc)||22 045

3. L2 regularization on acceleration Lrega = ||d(∆vc + 046
vc)/dt||22 047

4. kinematic loss: Lregk = ||dwindow(xc + ∆xc) − 048
dwindow(

∫
∆vc + vcdt)||22 049

Note that it is possible to derive optimized velocity from 050
optimized positions (x+∆x), but we empirically found it 051
to be more stable to keep a different set of velocity offset 052
and position offset and have them loosely connected through 053
regularization. Such pose optimization scheme is shared 054
across camera and radar as radar pose and velocity can be 055
interpolated from camera poses and velocities. We show in 056
Table 3 that our proposed pose refinement method improves 057
on original DART[6] without pose refinement. 058

2.3. Evaluation traces break down 059

We show lidar map of the scene, trajectory and a RGB view 060
of our 8 evaluation traces in Figure 2. Number of images 061
and radar frames range from 2000 to 3000. Image size used 062
for training is 960x540 px. 063

2.4. Existing multimodal camera-radar dataset 064

We include a summary of existing multimodal datasets that 065
contain raw radar measurement in Table 1 in the main paper 066
and also attached here that we further elaborate on. There 067
is a lack of multimodal radar-camera dataset that contains 068
raw single-chip radar measurement for scene reconstruc- 069
tion, which requires overlapping, and view-direction varying 070
scene content across multiple measurements. Automotive 071
datasets, such as RADIal [4] and RaDICaL [8], offer limited 072
variation in viewpoints and sensor height, making it difficult 073
to use for evaluating novel view synthesis. RADIal [4] also 074
uses Cascaded Radar with a complex modulation function, 075
which makes modelling radar rendering equation difficult for 076
inverse rendering. Coloradar [7] does capture indoor senes 077
that can be used for reconstruction, but uses high-resolution 078
radar which is also beyond our sin-radar focus. Most public 079
RGB-Radar datasets, such as NuScenes [3], provide only 080
post-processed CFAR data—not the raw measurements that 081
we use. Hence we collect our own multimodal dataset and 082
evaluate performance of our approach and baselines. 083
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Figure 2. Visualization of the 8 indoor and outdoor scenes we collect and evaluate on in our experiments, in lidar map (left) and a sample
RGB image (right).

Dataset Radar Type Raw Data View-direction Varying Other Sensors

RadarSim (Ours) Low Res Yes Yes Lidar, Camera, IMU
RADDet [14] Low Res Yes No Camera
RADIal [11] High Res Yes No Lidar, Camera, GPS
K-radar [10] High Res Yes No Lidar, Camera, IMU, GPS
Coloradar [7] High Res Yes Yes Lidar, IMU
RaDICal [9] Low Res Yes No Depth Camera, IMU

Table 1. Comparison with other mmWave radar datasets with raw data. We capture a dataset using a low-resolution single-chip radar
and cover scene content from multiple views directions and positions.

3. Method details084

We elaborate here on technical details omitted in the main085
paper. See figure 3 for detailed architecture diagram.086

3.1. Modelling radar view dependence with BRDF087
bases088

View dependence of Radar reflectance can be broken into089
2 scenarios, surface normal dependent reflectance and sur-090
face normal independent reflectance. The latter includes091

reflectance from retro-reflectance structures such as corners, 092
bottom of car etc. ( where rays always bounce back in a 093
particular direction) and inter-reflections. To model these 094
2 scenarios, we input to Radar MLP with BRDF bases to 095
model normal dependent view dependence, and spherical 096
harmonics encoded view directions to model normal inde- 097
pendent view dependence. Geometry code is also input to 098
the Radar MLP as both types of reflections are spatially 099
varying. 100
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Figure 3. Architecture diagram of our framework.

3.2. Training details101

Following DART [6], we process radar raw data into Range-102
Doppler-Azmith frames with dimension size 128, 128, 8. At103
each training iteration, a batch of radar Doppler columns Yr104
are sampled to form radar rays. Radar rays are sampled on105
a cone with directions determined by velocity of the sensor106
at the current frame, and apex angle determined by the dot107
product between speed and Doppler value of the sampled108
column.109

Radar rendering. Radar ray batch is sampled using a110
fine-tuned radar proposal sampler which outputs different111
sampling weights from camera. The hash table and density112
MLP corresponding to fgeor are initialized with pre-trained113
fgeoc and optimized using radar measurements. They are114
queried to obtain radar occupancy and a geometry code,115
which is decoded and fed to the Radar MLP along with SH116
encoded view directions and our proposed BRDF bases to117
decode into radar reflectance. Reflectance and radar occu-118
pancy are assigned to each range bin as discussed in Sec119
3.3 in the main paper, and rendered with DART rendering120
equation to synthesize the input Doppler column Ŷr [6] .121

3.3. Loss Functions122

RGB model is supervised with losses used in Nerfacto. Our123
model is supervised with L1 reconstruction loss and SSIM124
loss for radar measurement, binary cross entropy loss be-125
tween radar and camera occupancy to constrain radar ge-126
ometry to be close to camera geometry, as well as auxiliary127
losses for pose regularization (mentioned in Section 2.2),128
proposal sampling network and normals. We list the loss129
functions here:130

Reconstruction loss

Lr = ||Yr − Ŷr||1 (1) 131

SSIM loss

Lssim = 1− SSIM(Yr, Ŷr) (2) 132

Geometry consistent loss

Lbce = − [αc log(αr) + (1− αc) log(1− αr)] (3) 133

Interlevel Losses We fine-tune the proposal sampler for 134
radar with a proposal loss Lprop(t,w, t̂, ŵ) discussed in [1] 135
to encourage histgram of rendering weights ŵ queried from 136
the proposal network at samples t̂ to match the rendering 137
weight w of the geometry field at a set of different sample 138
positions t. Specifically, 139

Lprop(t,w, t̂, ŵ) = Σi
1

wi
max(0,wi − bound(t̂, ŵ, Ti))

(4) 140
where bound(t̂, ŵ, Ti) is the sum of proposal weights ŵ in 141
interval i. This loss function penalizes the proposal weights 142
that under-estimates the rendering weight distribution from 143
geometry field. Please refer to [1] for details about this loss 144
function. We apply this loss to radar as Lpropr

, to enforce 145
the proposal network to generate sampling weights that focus 146
on radar geometry. Radar rendering weights are computed 147
by 148

wr = αr(ti)
∏
j<i

(1− αr(tj)) (5) 149

Normal Supervision Losses We supervise our normal 150
prediction MLP with psudo ground truth normal ngt from 151
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a monocular normal estimator [5] by first converting it to152
world coordinate using camera extrinsics Ac:153

Lnorm = ||n−Acngt||22 (6)154

Our combined loss is155

156

L = λrLr + λbceLbce + λssimLssim + λpropr
Lpropr

+157

λnormLnorm+λnormg
Lnormg

+λnormo
Lnormo

+λregpLregp158

+ λregvLregv + λregaLrega + λregkLregk (7)159

In this equation, Lnormg
+ Lnormo

are adapted from160
[13] to guide the predicted normal with gradient direction161
of the camera density field, and encourage normals to point162
outward from a surface. We use λr = 1e−3 for outdoor163
scenes and λr = 1e−4 for indoor scenes where abundance164
of multi-path reflections result in overall high reflectance165
in the scenes. We choose λbce = 0.01 and λssim = 0.01.166
We choose λnorm = 0.1 to obtain strong supervision from167
ground truth normal. We follow default values in Nerfstudio168
and use λpropr = 1, λnormg = 1e−3, λnormo = 1e−4.169
For pose refinement, we use λregp = 1e−3, λregv = 1,170
λrega = 5e−3, λregk = 1.171

3.4. Implementation Details172

We implement our pipeline using Pytorch in Nerfstudio [12]173
based on Nerfacto-big [12] . For training we used a single 24174
GB Nvidia Rtx3090 GPU. Each sequence is trained on RGB175
images first for 50k iterations and fine-tuned on radar data176
for 30k iterations. Training time is around 2 hours. Learning177
rate for the radar model is 1e−2 annealed to 1e−4 after 30k178
steps, and for pose refinement is 1e−3 annealed to 1e−4 after179
5k steps. We list model hyperparameters in Table 2.180

4. Experiment details and additional result181

4.1. Evaluation metric and denoising procedure182

We calculate PSNR and SSIM values between183
RadarSim and ground truth for evaluation and com-184
parison against baselines. Because most of the radar frame185
consists of noise, we design a denoising procedure by186
finding the noise threshold for each dataset. The noise187
threshold is calculated by fitting a chi-square distribution to188
the empty Doppler columns of each dataset (where speed189
is smaller than the Doppler values) and take a p-value of190
0.01 of the noise distribution as the noise threshold. During191
evaluation, ground truth and synthesized range-Doppler192
frames are clipped at 0.01 and 99.99 percentile of the ground193
truth over the entire dataset and normalized to 0 and 1 to194
calculate SSIM and PSNR. Areas where the ground truth195
frames are below this threshold are considered to be noise196
and ignored during both PSNR and SSIM calculation.197

4.2. Description of baselines 198

We run a pytorch version of DART [6] using code provided 199
by the authors. The parameter for the hashtable and geom- 200
etry decoder is set to match the size of RadarSim. We use 201
the same set of poses for Radar for the baseline and our 202
approach, where they are time-interpolated from COLMAP- 203
derived camera poses. All comparisons included in the main 204
paper with DART use additional pose refinement described 205
in Section 2 for fair comparison with RadarSim. We include 206
comparison with DART without pose refinement in Table 3. 207
It can be observed that our proposed pose refinement scheme 208
improves DART’s novel view synthesis quality as the model 209
is less prone to overfitting to the inaccuracies in poses. We 210
also implement RadarFields [2] as an additional radar-only 211
baseline. Since this approach is designed for high resolu- 212
tion radar, it only uses range-azimuth. To compare with our 213
method, we train it on range-azimuth slices of the input data 214
only and evaluate on range-doppler-azimuth synthesis qual- 215
ity. We also include result in Table 3. Although this method 216
includes pose refinement, its performance is inferior to that 217
of DART with pose refinement, suggesting the importance 218
of leveraging Doppler for low resolution radar. 219

4.3. Additional application: geometry improve- 220
ment for textureless region 221

We further illustrate the effectiveness of our BRDF encod- 222
ing for modelling radar reflectance in a multimodal training 223
framework where a single geometry field is optimized to rep- 224
resent radar and camera and trained simultaneous using radar 225
and camera reconstruction losses. Without using monocu- 226
lar normal or depth priors, RGB-only reconstruction fails 227
at identifying the true geometry for textureless regions. In 228
a multimodal training setting, since our BRDF encoding 229
effectively models radar view-dependence using predicted 230
normals from the shared geometry, information from radar 231
measurement can be propagated to the geometry and re- 232
construct textureless regions correctly as shown in figure 233
4. Comparison with other RGB-based or multimodal-based 234
methods in improving geometry quality is left to future work. 235

Ground truth RGB-only w/o monocular normal 
supervision 

RadarSim with RGB+radar joint training 

Figure 4. Normal-dependent BRDF encoding allows RadarSim to
improve reconstruction of textureless regions in a joint training
setting, without using monocular-predicted normals.
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Model Configuration Value
SH degree 25
BRDF bases number 11
Proposal
Hash
Encoding level 0,1

# of levels 5, 5

Hash table size 2^17, 2^17
# of feature dim. per entry 2,2
Coarse resolution 16,16
Fine resolution 128, 256
Decoder feature dim 16,16
Number of layer 2,2
# of ray samples 512, 256

Hash
Encoding # of levels 16

Hash table size 2^21
# of feature dim. per entry 2
Coarse resolution 16
Fine resolution 2048
# of ray samples 64

Density
MLP # of hidden layer 2

# of neuron per layer 128
Output activation Exp
Density feature dim 15

Radar MLP # of hidden layer 2
# of neuron per layer 128
Output activation None

Color MLP # of hidden layer 2
# of neuron per layer 128
Output activation Sigmoid

Normal MLP # of hidden layer 2
# of neuron per layer 64
Output activation None

Table 2. List of hyperparameters used in our architecture.

Car Garden Statue Wall Outdoor A Outdoor B Indoor C Indoor D Aggregated

SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR
CFAR 0.694 24.9 0.415 24.1 0.711 17.9 0.772 27.1 0.502 20.2 0.734 25.3 0.774 28.0 0.770 28.2 0.671 24.5
Lidar 0.782 29.4 0.470 26.7 0.830 28.9 0.796 27.9 0.595 26.8 0.782 28.6 0.805 29.1 0.809 29.2 0.734 28.3

Nearest Neighbor 0.733 26.5 0.592 24.6 0.798 26.2 0.810 24.6 0.580 22.9 0.726 24.3 0.782 26.6 0.785 27.3 0.726 25.4
RadarFields [2] 0.831 29.3 0.603 27.0 0.869 29.0 0.781 27.1 0.667 24.4 0.773 27.5 0.814 28.6 0.831 29.3 0.771 27.8

DART [6] without pose refinement 0.832 29.8 0.616 27.1 0.866 29.1 0.809 27.0 0.691 26.3 0.797 27.1 0.817 28.5 0.846 29.3 0.784 28.0
DART [6] with pose refinement 0.850 30.5 0.658 27.7 0.887 30.1 0.818 27.1 0.702 26.6 0.801 27.5 0.827 28.9 0.853 29.5 0.799 28.5

RadarSim (ours) 0.859 30.8 0.669 27.5 0.889 30.2 0.851 28.3 0.741 27.6 0.853 29.1 0.845 29.5 0.863 29.7 0.821 29.1

Table 3. Per-scene break down comparison with baselines RadarFields [2] and DART[6] with and without pose refinement.
RadarSim achieves significantly higher PSNR and SSIM on outdoor scenes (Car, Statue, Wall, Outdoor A Outdoor B) compared to baselines,
as well as higher performance on indoor scenes (Indoor C, Indoor D), though the gains are less pronounced. This is because the effectiveness
of leveraging surface normals to reproduce input radar recordings is reduced in indoor environments due to the increased presence of
multipath reflections from corners and clutter. For Outdoor scene Garden, DART slightly outperforms RadarSim as this scene is dominated
by inter-reflections between the metallic edge of the garden and ground as well as from bushes which diffusely reflects radar signal, making
our normal-dependent model less effective.
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