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In this supplementary material, we first illustrate the training details of SRNet, especially the use of smooth reference maps
obtained by the flattening image filter proposed in [1]. Then, we give the detailed forms of the weak supervision, i.e., the weighted
human disagreement rate (WHDR) hinge loss LW , the constant shading loss Lconstant−shading and the shadow boundary loss
Lshadow. We further provide a complete ablation study to evaluate the effectiveness of reflectance edges. Finally, we present
more visual comparisons on both the synthetic MPI-Sintel dataset and the real-world datasets with state-of-the-art intrinsic image
decomposition methods.

Appendix A Training details of SRNet
The proposed SRNet is trained on the IIW dataset solely to generate coarse-grained reflectance. Since the IIW dataset only provides
pairwise comparisons on reflectance, it is impractical to directly estimate the dense 3-channel reflectance with these sparse and
insufficient labels. To achieve dense reflectance estimation on IIW, previous works [2–4] first estimate a scalar reflectance intensity
r for the input image I and then expand r to the 3-channel reflectance R using the differentiable transform:

R = r × C(I) = r ×
I

Ir + Ig + Ib

, (A1)

where C(I) is the chromaticity map of I and Ir,g,b correspond to three RGB channels.
However, we observe that it is easily to produce artifacts on the chromaticity map of the real-world scenes under some poor

lighting situations as shown in Fig. A1(b). Consequently, methods estimating 3-channel reflectance with Eq. A1 may also be
affected, leading to noticeable artifacts as shown in Fig. A1(c). Out of this consideration, we find a new way to estimate dense
3-channel reflectance without leveraging the chromaticity map. Instead, we utilize the flattening image filter proposed by Bi et
al. [1] to generate smooth reference map R̄∗ for each example in IIW. The method of [1] is essentially an L1 flattening optimization
for grouping pixels into regions of similar reflectance, which achieves excellent piecewise flattening effects as shown in Fig. A1(d).
Several approaches [2, 3] also utilize R̄∗ to achieve piecewise constancy by designing image-aware filters. Unlike these works, we
regard R̄∗ as a substitute of the unknown dense ground-truth reflectance to train the proposed SRNet as introduced in the main
paper.

The main problem of utilizing R̄∗ as a pseudo ground truth is that the estimated reflectance from SRNet lacks of texture details
because R̄∗ itself is textureless. However, it has little impact on our complete pipeline since texture details will be recovered with
the estimated reflectance edges in further treatment as shown in Fig. A2. Note that our SRNet achieves a better WHDR on IIW
than the method of [1] since we incorporate the WHDR hinge loss for weak supervision.

Appendix B Detailed form of the weak supervision
The WHDR hinge loss on IIW. IIW provides sparse reflectance judgment Ji ∈ {−1, +1, 0} of pairs of points (i1, i2), indicating
whether point i1 is darker than point i2 (Ji = −1), lighter (Ji = +1) or of equal reflectance (Ji = 0). Each pairwise judgment
Ji has a confidence value wi. Similar to previous works [2–4, 8], we design a WHDR hinge loss based on this ordinal supervision.
Specifically, given a reflectance map R, for each pairwise judgment Ji, we have

LW (R, Ji) = (B1)

wi

 |Ri1 − Ri2 |, Ji = 0
max (0, Ri1 − Ri2 + τ), Ji = −1
max (0, Ri2 − Ri1 + τ), Ji = +1

where τ = 0.3 is a pre-defined threshold of the WHDR.
The shading loss on SAW. SAW provides sparse shading annotations of constant shading regions and shadow boundaries.

We apply the shading loss proposed in Li et al. [4], which is also adopted in [8]. Specifically, for each constant shading region with
Nc pixels, we encourage the variance of the estimated shading image S in this region to be zero, which formulates the constant
shading loss:

Lconstant−shading =
1

Nc

Nc∑
i=1

S
2
i −

1
N2

c

(
Nc∑
i=1

Si

)2

. (B2)
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(a) I (b) C(I) (c) Li et al. (d) Bi et al.

Figure A1 Visualization of chromaticity maps and results of Li et al. [4], both of which suffer from noticeable artifacts. In
comparison, Bi et al. [1] achieves better flattening effects with less artifacts.

(a) Input (b) Bi et al. (c) Ours (Rc, E, Rf )

Figure A2 Results of Bi et al. [1] and our coarse-to-fine pipeline. We generate high-quality reflectance maps from coarse-grained
to fine-grained with the help of reflectance edges.

For each small shadow boundary region, we assume that the variance of Si − I′
i within this region should be zero [4], where I′

is the image intensity. Since shadow boundary annotations mainly lie in regions of constant reflectance, we roughly calculate the
image intensity via I′ = I/R̄∗, in which I is the input image and R̄∗ is the corresponding smooth reference map from [1]. Hence,
the loss for each shadow boundary region with Ns pixels is defined as

Lshadow =
1

Ns

Ns∑
i=1

(Si − I
′
i)2 −

1
N2

s

(
Ns∑
i=1

(Si − I
′
i)

)2

. (B3)

Appendix C Ablation study for Reflectance Edge
In the main paper we evaluate the effectiveness of Reflectance Edge with two variant models. In this section, we conduct several
additional experiments on reflectance edges for a more complete ablation study. We first verify the effectiveness of G by replacing
it with the mask containing all ones while still use LE for supervision. Then, we replace the estimated reflectance edge map E with
the edge map of the natural image E(I) and coarse-grained reflectance E(Rc) respectively to validate the effectiveness of RegNet
for reflectance edge generation.

In Fig. C1 we show the qualitative comparisons between all the variant models on reflectance edges and our complete method. As
seen, both models trained without E and without G suffer from shading residuals as highlighted by green arrows since the extracted
color features are directly passed to the reflectance branch without re-weighting (masking out the shading areas). Furthermore,
texture details can not be well recovered for the model trained without E as highlighted by red boxes, which indicates the importance
of edge loss in recovering fine-grained details. For the model trained by replacing E with E(I), noticeable shading residuals are left
on reflectance although texture details can be well preserved. This is because E(I) contains both reflectance and shading edges.
On the contrary, the model trained with E(Rc) performs well on shading removal but loses too much details for the reason that
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(a) Input (b) w/o E (c) w/o G (d) E(I) (e) E(Rc) (f) Our complete

Figure C1 Visual comparisons between the variant models and our complete method. The variants include the models trained
without reflectance edges (b), trained without texture guidance maps (c), trained with edge maps of the natural images (d) and
trained with edge maps of the coarse-grained reflectance (e).

Table C1 Ablation study on the variants of reflectance edge maps.

IIW SAW
Method WHDR(%)↓ AP(%)↑

without E 14.86 96.87
without G 14.96 95.79

with E(I) 15.02 96.82
with E(Rc) 14.41 93.47

Our complete 14.63 98.68

E(Rc) only contains significant reflectance boundaries without high-frequency details. The latter two models demonstrate that the
proposed RegNet plays an important role in our method for generating high-quality reflectance edges. In comparison, our complete
method achieves the best visual effects in producing fine-grained reflectance with great details and few shading residuals.

The quantitative analysis for the variants of reflectance edge maps is provided in Table C1. As expected, our complete method
outperforms each variant on both IIW and SAW datasets, except for the model trained with E(Rc) which achieves a better WHDR
score. This is because the WHDR metric can not evaluate high-frequency texture details as mentioned in the main paper.

Appendix D More Visual Comparisons on MPI-Sintel and IIW/SAW
Appendix D.1 Visual Comparisons on MPI-Sintel dataset
The MPI-Sintel dataset has a total of 890 synthetic images from 18 virtual scenes, each of which contains 50 frames except for one
that has 40 frames. There are two kinds of splitting strategies adopted by previous works [3, 6]. One is called image split that all
the images are randomly separated into two parts for training and testing. The other is called scene split that we randomly select
half of the scenes for training and the remaining scenes for testing, which is more challenging. We provide more visual comparisons
with Fan’s network [3], which achieves the state-of-the-art performance among previous works on MPI-Sintel, in Fig. D1 on image
split and Fig. D2 on scene split. In comparison, our method produces results with more fine-grained details and much closer to
the ground truths.

Appendix D.2 Visual Comparisons on IIW and SAW datasets
We present more visual comparisons with state-of-the-art intrinsic image decomposition methods on the real-world IIW [9] and
SAW [10] datasets. The methods in comparison are Fan’s network [3] (only trained on real-world datasets), Li’s network [4] (trained
on both real-world and synthetic datasets), NIID-Net [11] (only trained on synthetic datasets) and Liu’s network [7] (trained in
an unsupervised manner). Note that Fan’s network and Li’s network achieve high numerical performance on IIW, ranking top two
among previous works. While NIID-Net achieves the best AP on SAW when compared with all the previous methods. As shown in
Fig. D3, Fig. D4, Fig. D5 and Fig. D6, our method outperforms the state-of-the-arts. The estimated reflectance image contains
great texture details with few shading residuals, and the estimated shading image achieves high contrasts without introducing
texture residuals.
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(a) Input (b) Fan et al. (c) Ours (d) Ground truth

Figure D1 Visual comparisons on the MPI-Sintel dataset with Fan et al. [3]. Both methods are trained on image split.
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(a) Input (b) Fan et al. (c) Ours (d) Ground truth

Figure D2 Visual comparisons on the MPI-Sintel dataset with Fan et al. [3]. Both methods are trained on scene split.

(a) Input (b) Fan et al. [3] (c) Li et al. [4] (d) NIID-Net [11] (e) Liu et al. [7] (f) Ours

Figure D3 Visual comparisons on IIW/SAW with state-of-the-art intrinsic image decomposition methods.



Li Q W, et al. Sci China Inf Sci 6

(a) Input (b) Fan et al. [3] (c) Li et al. [4] (d) NIID-Net [11] (e) Liu et al. [7] (f) Ours

Figure D4 Visual comparisons on IIW/SAW with state-of-the-art intrinsic image decomposition methods.
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(a) Input (b) Fan et al. [3] (c) Li et al. [4] (d) NIID-Net [11] (e) Liu et al. [7] (f) Ours

Figure D5 Visual comparisons on IIW/SAW with state-of-the-art intrinsic image decomposition methods.
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(a) Input (b) Fan et al. [3] (c) Li et al. [4] (d) NIID-Net [11] (e) Liu et al. [7] (f) Ours

Figure D6 Visual comparisons on IIW/SAW with state-of-the-art intrinsic image decomposition methods.
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