Supplementary Material:
Lighting, Reflectance and Geometry Estimation from 360° Panoramic Stereo

In this Supplementary Material, we present videos, ad-
ditional implementation details, and further results of our
method. Section 1 describes the contents in the videos. The
detailed architecture of our RN-Net is illustrated in Sec-
tion 2 and Table 1. More comparisons on the reflectance and
normal estimation are shown in Section 3. We also present
more visualizations for ablation studies in Section 4.

1. Video for Illumination Estimation

Two videos are provided for showing our estimated illu-
mination map and inserted mirror-objects. Some example
screenshots of the videos are shown in Fig. 1. We strongly
encourage the reader to watch the attached video for a
better appreciation of the performance of our method.

In the video of scene ‘barbershop’, we compare our es-
timated lighting with Li et al. [2], Lighthouse [3], and the
ground truth. Li et al. [2] proposed a method to per-pixel-
independently estimate the lighting in the scene. Hence, it
is easy to notice the inconsistency of their lighting between
each frame. Li et al. [2] utilized a spherical Gaussian to rep-
resent the lighting in low-frequency. This representation of
the lighting is not suitable for mirror-object insertion, as the
mirror-object looks diffuse in their results. Lighthouse [3]
took the scene geometry into consideration, to generate the
spatially-coherent lighting at each location. However, they
simplified the scene geometry to a coarse-to-fine model to
save computational resources. Hence, their estimated light-
ing also lacks high-frequency structures. Besides, due to the
limited field of view in their perspective input, their imag-
ination of the unseen scene relies on the past data. In the
results, they fail to recover the unseen region. Hence, the
reflections on their mirror-object are far from satisfactory.
Our method takes the 360° stereo input to fully observe the
lighting and geometry of the entire scene. Note that our es-
timated illumination map changes smoothly under the con-
straints of scene geometry. We are also able to recover the
high-frequency lighting in high quality. The 3D spatially-
coherent and high-definition lighting both enable us to in-
sert the moving mirror-object in the scene with realistic re-
flection effects.

In the video of scene ‘hall’, we demonstrate a mirror-
sphere, relighted by our estimated illumination map, mov-

Figure 1. The above are screenshots from our two supplementary
videos. The top compares our method to other methods on a syn-
thetic scene ‘barbershop’ along with the ground truth. The bottom
demonstrates insertion of a moving mirror-sphere in the real scene
‘hall.” Videos are found in the attached .mp4 files.

ing around the entire scene.

2. Details of RN-Net

The detailed architecture of RN-Net is illustrated in Ta-
ble 1. The input is first processed by the Encoder. After
four residual blocks in the Encoder, the output feature map
at 4 is then fed to the two decoders for reflectance and nor-
mal estimation separately. When training the network, we
found that the reflectance requires more layers to learn as
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Reflectance Decoder Normal Decoder
2% bilinear upsample H/16 x W/16 X ks 2x bilinear upsample H/16 x W/16 X k4
(3 X 3 conv, k3 features) X2, residual | H/16 x W/16 X k3
r1 (3 x 3 conv, k3 features) x 2, residual | H/16 x W/16 x k3 ni (3 x 3 conv, k3 features) x2, residual | H/16 x W/16 X k3
Add3and r; H]16 x W/16 x ks Add 3 and n H]16 x W/16 x k3
2x bilinear upsample H/8 x W/8 X k3 2x bilinear upsample H/8 x W/8 x k3
(3 x 3 conv, ko features) x 2, residual H/8 x W/8 X ko
r9 (3 x 3 conv, ko features) x2, residual H/8 x W/8 X k2 no (3 x 3 conv, ko features) x 2, residual H/8 x W/8 X ko
Add 2 and ro H/8 X W/8 X k2 Add 2 and ng H/8 x W/8 X ko
2 bilinear upsample H/4 x W/4 X ko 2x bilinear upsample H/4 X W/4 X ko
(3 x 3 conv, k1 features) x2, residual H/4 x W/4 x k1
r3 (3 x 3 conv, k1 features) x 2, residual H/4 x W/4 X k1 ns (3 x 3 conv, k1 features) x 2, residual H/4 x W/4 X k1
Add 1 and 3 HAx W/A X ky Add 1 and n3 H/AX W/ ky
2% bilinear upsample H/2 x W/2 X k1 2x bilinear upsample H/2 x W/2 x k1
(3 x 3 conv, kg features) x2, residual H/2 x W/2 X ko
T4 (3 x 3 conv, kg features) X2, residual H/2 x W/2 X ko nq (3 x 3 conv, kg features) x 2, residual H/2 x W/2 x ko
Add 0 and ry4 H/2 x W/2 X ko Add 0 and n4 H/2 x W/2 x ko
2x bilinear upsample H x W X ko 2X bilinear upsample H x W X ko
(3 x 3 conv, ks features) x 2, residual H x W X ks
r5 (3 x 3 conv, k5 features) x 2, residual Hx W X ks ns (3 x 3 conv, ks features) x 2, residual H x W X ks
Reflectance 3 X 3 conv, 3 features HxW x3 Normal 3 X 3 conv, 3 features HxW x3

Table 1. Network architecture of RN-Net. All convolutional layers use a ReLu activation and Batch normalization, except for the prediction
layer. For RN-Net in original scale ®;, we set H = 512, W = 1024 and ko,... 5 = [10, 16,32, 64, 128, 10]. For RN-Net in small scale
<I>%, we set H = 128, W = 256 and ko,...,5s = [64, 64,128, 256,512, 32].

3. Reflectance and Normal Estimation

As shown in Fig. 3, our results are quantitatively better

Figure 2. The 360° stereo camera setup we use for capturing the
real scene.

it contains more high-level features than normal estimation.
Hence, we reduce the layers of normal decoder by half to
speed up the training and reduce overfitting.

than all the competing methods. Besides, the errors are only
computed based on the cropped region of the image for fair
comparison. It is worth mentioning that our method also
performs well outside the cropped regions.

We test our method on public real scene ‘room’ and
‘hall’, provided by 360SD-Net [4] !, as shown in Fig. 4.

4. Ablation Study

We provide more visualizations for the comparison on
the ablated versions of our method in Figs. 5 and 6. From
top to bottom, the row denotes the 360° input, origin RN-
Net, pyramid RN-Net, and our full method with the render-
ing and total variation refinement, respectively. The scale-
invariant mean-square-error (SMSE) and mean angular error

1360SD-Net [4] used a similar 360° stereo setup to capture the
real data. Their data can be acquired at https://github.com/
albert100121/360SD-Net.


https://github.com/albert100121/360SD-Net
https://github.com/albert100121/360SD-Net
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Figure 3. Comparison to other methods: estimated reflectance and normal on synthetic scene ‘barbershop’ and ‘classroom’. The scale-
invariant mean-square-error (SMSE) and mean angular error shown in the bottom is evaluated on the cropped regions for all the methods.
Better view on screen with zoom-in.
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Figure 4. Comparison to other methods: estimated reflectance and normal on real scene ‘room’ and ‘hall’. Better view on screen with
zoom-in.
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Figure 5. Ablation study: estimated reflectance and normal of the
ablated versions of our method on synthetic scene ‘classroom’.

is computed on the full 360° images in ablation study. Both
figures demonstrate that the pyramid structure improves re-
flectance and normal. It is also clear that the rendering and
refinement module can effectively reduce the noise and out-
liers of the reflectance map.
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