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In this supplementary material, we provide more information about our data collection, implementa-
tion details, and network architectures. We also show additional results on our CAR-LUMINAIRE
dataset and in-the-wild data.

8 Appendix

8.1 Details on the CAR-LUMINAIRE Dataset

When calculating the object’s local coordinate system O,, we assume that X || X,, that is to say, we
assume that the ground is approximately horizontally level, which is satisfied at most times.

We divide the car into 35 classes of parts, of which the hierarchy and color coding are shown

in Fig.
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Figure 11: The hierarchy and color coding of the part labels used in the CAR-LUMINAIRE dataset.

The attribute of car models is also manually annotated when labeling the parts of models. We mark
N, = 6 major part-related attributes (car type, wind glass darkness, door glass darkness, roof glass
darkness, car paint color, and car paint type) with [V, = 81 available choices. The N, is set as 35
following our hierarchical labeling. The relationship between parts and corresponding attributes is
represented as an association matrix [14] A € LNexNg,

We use a randomly chosen camera pitch in [—15°,15°] and FoV in [25°,66°] for the background
image cropping. The same FoV is used in image rendering for view consistency. For each combination
of the background image and geometry condition, we render one image of the original car model
and two images of variants with randomly chosen enhanced car paint materials. When splitting the
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Figure 12: Data examples of our CAR-LUMINAIRE dataset.

dataset, we assure the images of each combination are only shown in one set. We only use images
with the pixel ratio of the foreground between 10% and 50%, leaving 58,521 images (41,058 for the
training set, 12,141 for the testing test, and 5,322 for the validation set). Each set of data contains
a background image (256 x 256), a lighting annotation (128 x 64 envmap), a rendered reference
image (256 x 256), a geometry annotation (256 x 256), a parsing mask (256 x 256), and an attribute
annotation. Here we give more data examples of our CAR-LUMINAIRE dataset in Fig. [I2]

8.2 Details on the Parametric Lighting Representation

As stated in Sec. 5.1 of the main paper, we use a combination of 2-nd order SH lighting and directional
lighting as our parametric lighting representation, where the low-frequency SH lighting is designed
to fit the ambient lighting in the environment and the high-frequency directional lighting is used to
describe the sunlight. Since the original lighting annotations in our CAR-LUMINAIRE dataset are
envmaps, therefore, conversions have to be made to get the training labels in our parametric lighting
representation.

The part of directional light is represented as Lgir = { Zvis, Zint; Zangs Csun, lsun } 1Dl OUT Tepresentation.
For each envmap, if the maximum grey-sacle intensity zi, is larger than a threshold &y, = 100,
the sun visibility zyjs is set as 1 otherwise 0 (and other parameters treated as invalid). Then we use
a manually set ratio 7, = 0.1 and only keep pixels with grey-scale intensity larger than rg 2.
We calculate the intensity-weighted mass center of the connected area Ay, containing the pixel of
maximum intensity, as the direction of the sun [y, € R? in the spherical coordinates. The diameter
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of Agn in pixels is used as z,ng and the mean RGB values divided by the mean intensity values over
Agun is used as the RGB weights cg,, € R3.

The ideal directional light has no corresponding solid angle ! and thus can not be directly used in
Eq. (10) of the main paper, we approximately “assign” a small solid angle ! 4 corresponding to a pixel
(minimum visible unit) in the envmap. To calculate the equivalent intensity ¢g4;; corresponding to the
pixel in the envmap, we assume the intensity from the sun center to the surroundings approximately

2
fits the Gaussian distribution fg(7) = ag exp (—57 ), and therefore we have:
G

fG(O5) = Zint, fG(Zang/2) = TsunZint, (11)
- 22 171 qzi
and we can solve ag = Ziy"sun = and og = W from Eq. ( Ii and therefore we have:
z Zang /2 z Zang /2
idir = f(‘,(?")d! (r)/ 1 dir ~ f(‘,(T‘)Q’]T?"dT/!dir. (12)
0 0

We use 2-nd order SH coefficients oS = {USH, o$y, 084} to represent low-frequency light in each
RGB color channel, where each og; = {000, ol 1 O'TO, ..., 0, } are the corresponding coefficients
for the 2-nd order spherical harmonics basis {YE),O, Yi.1,Y10,..., Y22}. Due to the orthogonality of
the spherical harmonics basis, the coefficients for low-frequency lighting isy (6, ¢) are computed as:
YA 27 z ™
O = iy (0, 0) Y1 (6, ¢) sin 0d0dep, (13)
0 0

where we use the envmap annotation (clipped into [0, 7sun2int] if 2vis is 1) as isu(6, ¢). The recon-
structed %SH(Q, ) is simply the weighted sum of the spherical harmonics basis:

Y XX
Z‘SH(ga SD) = O—i,j}fi,j (07 50) (14)
i=0 j=—1

8.3 Details on the Illumination Image Rendering

The rendering of the illumination (candidate) images is conducted by applying Eq. (10) of the main
paper pixel-wisely. Since the actual camera FoV is unknown, here we assume the camera viewing
directions of all pixels are the same vV = (0,0, —1) (orthogonal camera model), which is shown in
Fig. 5 of the main paper to be a reasonable approximation for lighting-realistic generation tasks.

Since we use the normal map as the representation of geometry, which is not a complete 3D shape
model (such as meshes, or signed distance functions), we only calculate single-bounce light effects,
ignoring complex light transport effects such as self-cast shadow or inter-reflections. This is a
trade-off between using the costly (and maybe more unreliable) single-view full 3D reconstruction or
ignoring inconspicuous indirect light bounces.

The integration over the hemisphere (2, in Eq. (10) can be done discretely on an envmap. Therefore,
the most intuitive way for the calculation is converting our parametric lighting representations back to
envmaps before applying Eq. (10). However, a more efficient computation can be done utilizing the
properties of our parametric representation, where we use p € {1,2,4, 8,16, 32,64, 128} for {I.}.

Specifically, we divide I as the sum of two parts Isy and Iy, corresponding to our representation.

Then each pixel p of T4 gir and 17 spec,dir CaN be calculated without integration as igirCsun (Np - lair) ¥ gir

and igirCsun (N - Nair)? ¥ air, Where lg; is the Cartesian coordinate representation of /g, and hgi; =
Lair=V/| 14—V 1s the half vector introduced in Sec. 5.2 of the main paper. The negative dot product is
clipped to 0 to avoid underflow. Besides, we also clip the minimums of /gy to 0.

For Igifr su, each pixel p is fast calculated by using Y; ,,, (6, o) to describe the distribution of | [13]:

p _ 2 2 2
Tiisgsu = [c102,2(nh” — n}%) + c302,0n8” + 4000 — 5020 15)
+ 2¢; (0'2’,2712715 + o9 1nEnf + 02,,1n§n§) + 2¢a(01,1mf, + 01, —1nf) + o1,0n8)]/ 7,

with weights ¢; = 0.429043, co = 0.511664, c3 = 0.743125, ¢4 = 0.886227, and c5 = 0.247708.
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For Isppec,SH’ we have 0] = 260 and ] = ¢p. Similarly, ffl’m(G, ) =Y., (20, ¢) is used to describe
the distribution of h [22]), which gives the fast approximation of pixel p with Blinn-Phong model [2]:

Igj’epc’sﬂ ~ {00,0(ca)’ + 017_1(402n5n§)p + 01,0[202(27122 —1)]” + 01,1 (4canEnk)” (16)

+ 027_2(801n§n5n€2)p + 027_1[201(47157112’3 — 2njn?)]” + oa.0les(12nP* — 12022 + 2))°

+ 02,1[201(4n’;n§3 —2nPn2))P + 02.2[c1 (4n§,2n§2 — 4n§2n€2)]”}(p +4)/8m.

8.4 Details on the User Study

We randomly sample 200 sets of results of compared methods and ask volunteers to choose one in
each set that best matches the following description: (i) “The repainted region which seems most
realistic”; (ii) “the whole repainted image which seems most harmonized in lighting”; (iii) “the whole
repainted image which seems most realistic overall”.

The volunteers are shown with the masked repainted foreground images, i.e., without the background
context when asked about the realistic question. Then the full repainted images are shown and the
harmonized question is asked on the same set of results, where we use our repainted background region
for all results to prevent our method to be identified or guessed out by only noticing the difference in
the background. The original results of compared methods are shown to the volunteers when asking
about the realistic overall question. We first ask the realistic question, then the harmonized question,
and at last the realistic overall question. We have reported the results of the first two questions in
Tab. 1 of the main paper while the results for the realistic overall question are: Ours: 77.32%,
Pavllo ef al. [12]]: 14.50%, UniCoRN [6]: 7.03%, Weng et al. [18]: 0.92%, MISC [19]: 0.23%.

The order of sets and images in each set is randomized, and we deliberately duplicate 5 sets of the
samples as the quality control questions to judge whether the volunteers have paid attention when
finishing the questionnaires. Questionnaires that failed in the quality control questions are discarded.

8.5 Training Details

Experimental settings. Our pipeline is implemented in PyTorch [[11] and trained step-wise. We
first train our NetL on the held-out background images with a batch size of 64 and an initial learning
rate of 1 x 10~ (which halves every 20 epochs) for 60 epochs, where we estimate the sun position
lsun in the form of an 8 x 32 classification task and we apply log-compressed tone mapping [8]]
T = log (1+16H)/10¢ (1+16) for the HDR sun intensity zi,. Our NetS and NetB are separately trained
on our CAR-LUMINAIRE dataset with a batch size of 32 and a fixed learning rate of 2 x 10~* for 60
epochs. Then we run our full pipeline optimization (one discriminator step after each generator step)
with fixed NetL, NetS, and NetB to learn the network parameters of NetF, with a batch size of 24 and
a fixed learning rate of 2 x 10~* for 30 epochs. During the training of NetS and NetF, we use the
hierarchical labeling enhancement at the probability of 0.5, where each part label has a probability
of 0.5 to be coarsened to its upper-level label. Before illumination injection, the illumination image
1 is clipped by an empirically set threshold 6; = 2.0 to simulate the over-exposure of highlights
in LDR images and avoid extremely high inputs to network layers. For cross-modality conditional
consistency constraints, we pretrain the image encoder Enc' (omitted in the main paper) and the
attribute encoder Enc® (Fig. 3) on our CAR-LUMINAIRE dataset following previous work [21]].

The baseline methods are trained on our CAR-LUMINAIRE dataset with the same batch size of 24 as
our NetF for 30 epochs using their default settings in their released code. We use Adam optimizer [9]
in all of our experiments, and all experiments are conducted on 4 NVIDIA Tesla V100 graphic cards.

Training losses. Our full pipeline is trained with the following losses:
L=L+ Ls+ L+ Lk, a7
where L1, Ls, Lg, and L are the loss terms for our NetL, NetS, NetB, and NetF, respectively.

For our NetL, £ consists of two parts £ = Lsy + Lgi corresponding to our lighting modeling:
ESH = Ecoeff + Epanoa £dir = Evis + Epos + Eparama (18)

where Lcoefr i an Lo loss for ogy with aim from Eq. , Lpano is an Ly loss for envmaps recon-
structed by SH coefficients 7 (6, ) from Eq. with isg (60, ), Lyis is a binary cross-entropy loss
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for zyis, L pos iS @ cross-entropy loss for tt@e 32 classi cation results ofs,n, andL paramarel »
losses for the remaining parameters (log-comprezggdang andcs,n). For images with the sun not
visible (zis = 0) in the lighting annotations, we sktos = L param= 0.

For ourNetS L is de ned as:
Ls= L|§9+ L s-smooth (19)

whereL gpis anL ; loss forG, andL s.smooth= [(r iG)? + (r ; G)?] is the smoothness loss fGr.

For ourNetB L g is de ned as:
Le = Lpg+ Lp-smootht Lb-dis: (20)

whereLpg is anLy 10ss fory®, Ly.smootn=  [(r i (y°=x?))2 + (1 j (yP=xP))?] is the smoothness
loss fory®, andL p,qis is the discriminator loss foy® with the background regions of reference images.

For ourNetF, L is de ned following UniCoRN [14] as:
Lg= Lfg+ Lr+ Lpc+ Lm + Lper+ Lems (21)

whereL ¢4 andL are discriminator losses judging whetlyéiis real and whethey' is composited,

Lpcis anLq loss enforcindl m)  y' close tox?, Lm andL per are the feature matching losE7]
and the perceptual loss|[3] fgf, andL ¢, is the cross-modality conditional matching loss|[21].

8.6 Implementations of Baseline Methods

We use the released code of UniCoRIMJ[ MISC [19], Wenget al. [18], and Pavllcet al. [12] as the
implementations of our baseline method. As mentioned in the main paper, modi cations have been
made to the released code of Weatal. [18] and Pavllcet al. [12] for taking attributes as the input
color conditionx®. Besides, for Pavllet al. [12], since their generated background is not conditioned

on either the original background or other conditions and thus is not controllable, we discard their
generated background and replace it with the input background image to t the formulation of CIR.

8.7 Additional Results

Lighting and shape estimations.Our LuminAlRe pipeline consists of lighting and shape estimations
which will inevitably introduce errors. As stated in Sec. 5.1 of the main paper, the low-frequency
part (SH lighting) and high-frequency part (directional light) of the lighting are separately estimated.
Here we report the lighting estimation errors from masked background images (foreground regions
masked by zeros) in each pafil. directional (sun) light: mean angular error (MAE): 28.3ihean
azimuth error: 3.84, and mean elevation error: 27.74ii) SH lighting: mean absolute error of SH

coef cients: 0.0488, mean square error of SH coef cients: 0.0054, mean absolute error of envmaps
reconstructed by SH coef cients: 0.0435, and mean square error of envmaps reconstructed by SH
coef cients: 0.0043. Similarly, we report the estimation errors on normalized normal maps in the
shape estimation: mean angular error (MAE): 9,88ean absolute error: 0.0167, and mean square
error: 0.0039. These errors would prevent us from recovering the exact lighting effects, however, are
tolerable for the demand of lighting-realistic repaintings.

More comparisons and ablation variants.We conduct a breakdown evaluation on how our method
and compared methods work on foreground regions (noted as “fg.”) and how repainted background
regions (noted as “bg.”) by our method contribute to the realistic perception. We also compare our
method with more ablation variant®(rs-A andOurs-Al) for the completeness of the ablation study.
Despite that we can not compare our method with image harmonization methods in an exact fair
setting, as an intuitive reference, we choose two of the latest metBdtiBH [5] and PCT-Net [4])

and use the repainting results fradurs-Al as their inputs. The quantitative results are shown

in Tab[2 and the qualitative comparisons are shown in[Fig. 13, where the harmonized images show
better integrity than input as M-score indicates, however, do not show better lighting effects and may
have severe color-shifting issues as R-prcn and SSIM scores indicate.

More results on our CAR-LUMINAIRE dataset.More qualitative results on o@AR-LUMINAIRE
dataset are shown in Fig.]14 and Kig] 15. Our LuminAlRe generally performs better qualitatively
than baseline methods in generating realistic, harmonized, and consistent lighting effects.

In-the-wild performance. To test the generalization ability of the compared methods, we show
qualitative results of in-the-wild data which are collected from the Waymo dataSeand the
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Table 2: Additional quantitative eval-

uation results. Separated evaluations __Method FID# R-pren” M-score# SSIM*
of foreground and background regions MISC fg. 76.26 — — 0.8228
are shown. Qualitative results of addi- Wengetal. fg. | 44.14 — — 0.8306
tional ablation variants and image har- Pavlloetal. fg. | 6.14 — — 0.8671
monization baselines are also shown UniCORNfg. | 9.53 — — 0.8541
" (#) means higher (lower) is better. OUrs fg. 430 — — 0.8689
“fg.” stands for “foreground” and “bg.”  Original bg. 21.43 — — 0.8309
stands for “background”. Please note Ours bg. 4.94 — — 0.8494
that “original bg.” corresponds to the "5 s A 504 7429%  13.76 0.7167
background regions of all compared g rs-al 572 74.73%  15.36 0.7106
baseline methods since they leave the pHT+ [5] 504 67.34% 9.02 0.7057
background untouched. PCT-Net [4] 531 6959%  7.85 0.7035

Figure 13: Qualitative results of additional ablation variants and image harmonization baselines.

UASOL dataset]] in Fig. 16. Although their data distribution is far different from our synthetic data,
our LuminAlRe still gives reasonable lighting-realistic results compared with baseline methods.

Failure cases.Here we analyze examples of failure cases in Fig. 17. When the repainted region
is across the boundary of the shadows (the rst row), the global lighting assumption may lead to
unrealistic lighting effects. A too-coarse parsing mask (the second row) would raise serious geometry
ambiguity and renders a failed repainting. The lighting effects would become less realistic if the
accumulated errors in lighting and shape estimations were too large (the third row). The occasionally
badly repainted background (the fourth row) would also do harm to the lighting-realistic perception.

8.8 Detailed Network Architectures

We show the detailed network architectures oflitegl, NetS NetB andNetFfrom Fig. 19 to Fig. 21,
with the structures and default settings of common blocks shown in Fig. 18.

The network architectures of the image encdgiec and the attribute encod&nc for measuring
cross-modality conditional consistency remain the same with the HCMSM proposed in Uni@dRN [
We adopt the network backbone of thEff for our NetF, where we inject the illumination images

| as the illumination conditior' in 2D image space from the resolutions3& 32to0256 256.
Speci cally, we replace the batch normalization layers with instance normalization layers in FABN
module and ignore the texture conditieh when injecting the illumination image
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Figure 14: More qualitative comparisons on ouxFCL UMINAIRE dataset.
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