I. RELATED WORK

Reflection removal methods generally can be divided into
two categories, i.e., single-image reflection removal (SIRR)
and multi-image reflection removal (MIRR). We focus on
learning-based SIRR in this paper, some MIRR [1]-[15] and
traditional SIRR [16]-[21] methods are listed for reference.
In the following, we first review the learning-based SIRR
methods and relevant datasets, then briefly introduce the domain
generalization and network interpolation methods.

A. Learning-based SIRR Methods

For removing reflection accurately and producing clear
results, Fan et al. [22] designed a gradient loss to constrain
the transmission edge maps. Zhang et al. [23] further proposed
an exclusion loss to minimize the gradient correlation of
reflection / transmission layers. To alleviate the misalignment
problem, Wei et al. [24] leveraged the highest-level VGG [25]
features which are less sensitive to misalignment. Reflection
distribution is also considered to facilitate SIRR. Dong et
al. [26] predicted a reflection confidence map which is
integrated into a composition loss. Li et al. [27] further defined
an explicit mask loss by leveraging reflection strengths. In this
paper, we enhance the SIRR task from a domain generalization
perspective, which is orthogonal to and can cooperate well with
the above methods. It is worth mentioning that Chang et al. [28]
deployed loss functions over several synthesized samples with
the same transmission layer but different reflections, which
is also aimed to enhance the generalization ability. However,
they are still limited by the static model and the compromise
of learning objectives.

Various network structures have also been explored for
SIRR. CEILNet presented by Fan er al. [22] is a two-stage
architecture, where the edge maps are predicted before the
estimation of the transmission layer. DMGN [29], Dong et
al. [26], and RAGNet [27] followed this two-stage setting and
estimated the reflection layer in the prior stage. Chen er al. [30]
also adopted two-stage architecture but recovered the missing
information due to saturated color at first. Zhang et al. [23]
stacked the features extracted by multiple layers of a pre-
trained VGG-19 [25] model at the beginning of SIRR models,
which is retained in a series of subsequent works [24], [29].
Yang et al. [31] proposed to predict the reflection layer and the
transmission layer iteratively. IBCLN [32] further introduced
recurrent neural networks, which is also exploited in [26], [29].
Prasad et al. [33] proposed a multi-scale structure which starts
from a low-resolution input and progressively grows into the
desired resolution. It is worth noting that the backbones in this
paper can cover most of these architectures.

B. Single-Image Reflection Removal Datasets

In the early studies on learning-based SIRR, due to the lack
of real-world training images, synthesis methods were intro-
duced to train the SIRR models [22], [31]. Subsequent works
also tried to synthesize more realistic reflection-contaminated
images by considering camera pose [23], generative adver-
sarial networks [34], rendering software [35], and physical
models [36].

Meanwhile, several real-world datasets have been collected.
Zhang et al. [23], Li et al. [32], and Wei et al. [24] captured
three real-world datasets with 109, 220, and 450 image pairs,
respectively. For testing, a real-world benchmark dataset termed
as SIR? has been collected [37], which is composed of three
subsets, i.e., Wild, Solid, and Postcard. Interestingly, Wan et
al. [38] collected 3,250 reflection layers by putting a black
piece of paper behind the glass, which provides another way for
synthesis. Lei et al. [39] collected a perfectly aligned testing
dataset by capturing raw images and obtained the transmission
layer by subtracting the reflection layer from the reflection-
contaminated image.

In summary, multiple datasets have been built with diverse
reflection types and scenes, and the non-negligible domain gaps
make it a critical problem to generalize and adapt to various
domains for enhancing SIRR.

C. Domain Generalization

Domain generalization aims at learning a model for general-
izing to out-of-distribution samples. It has attracted upsurging
attention since it was introduced by Blanchard et al. [40].
Recent domain generalization methods improve generalization
from one or more aspects of data manipulation, representation
learning, and learning strategies. The category most relevant to
this paper in domain generalization is ensemble learning [41]-
[45]. These methods generally train domain-specific branches
or networks, and fuse the features [43], [44] or predictions [42],
[45] via a predicted weight during inference. Ding et al. [41]
learned a domain-invariant model by distilling domain-specific
models under structured low-rank supervision. Most domain
generalization methods focus on high-level vision tasks. In this
paper, we explore the SIRR task from a domain generalization
perspective, hoping to encourage the application of domain
generalization methods in low-level vision tasks. Please refer to
[46], [47] for a comprehensive review of domain generalization
methods.

D. Network Interpolation

Checkpoint ensemble [48] is a commonly used network
interpolation strategy in recent years, which interpolates the
parameters from different iterations for more stable training
and enhanced performance. Chen et al. [49] proposed to
learn the residual of parameters in a pre-trained model with
a different yet related learning objective, and performed
model interpolation in the objective-space. Wang et al. [50]
analyzed the interpolation between two separately trained
networks, and achieved continuous imagery effect transition.
However, the interpolation weights of these methods should
be manually tuned. In this paper, we leverage the power of
domain generalization, and predict the interpolation weights
for generalizing to unseen domains.

II. MORE DETAILS OF THE PROPOSED METHOD

In this section, we first have an analysis on existing reflection
removal datasets, which motivates us to solve the SIRR problem
from a domain generalization perspective. Then, given domain



Table I: Comparison between the collection configuration of commonly used reflection removal datasets.

Dataset Acquisition  Dataset Camera Apertures Camera/Glass Acquisition Piece of Glass ~ # of Samples Alignment of

atasef Method Partition Model Range Angle Environment (Thickness) T (and I) Tand T
SynceiL synthetic train front indoor + outdoor 7,643 (00) perfect
SYN2hang synthetic train front + oblique  indoor + outdoor 13,700 (oc0) perfect

Unaligned real-world train a DSLR - front + oblique  indoor + outdoor 1() 250 ~20 pixels shift
Real89/20 real-world train/test ~ Canon EOS 600D /1.6 - /2 front + oblique  indoor + outdoor 1(-) 89/20 aligned
Nature200/20 real-world train/test ~ Canon EOS 750D /4 - f/16 front + oblique  indoor + outdoor 2 (3/8 mm) 200/20 aligned

Wild unconstrained  unconstrained  indoor + outdoor 55

SIR? Postcard real-world test Nikon D5300 3 (3/5/10 mm) 199 aligned

Solid /11 - 1/32

controlled

indoor 200

experts of various reflection types, a reflection type-aware
weighting (RTAW) module is deployed for predicting the
expert-wise weights, and we propose an in-domain expert (IDE)
loss for training RTAW. Two adaptive network combination
(AdaNEC) methods are proposed for adaptive inference and
generalization to unknown target domains.

A. Domain Gaps between SIRR Datasets

Preliminary. As revealed in [S51] and [36], the two parts
of light from the transmission layer and the reflection layer
are linearly superimposed to form the reflection-contaminated
image. Therefore, the acquisition of reflection-contaminated
images can be formally formulated by,

I=ZI(QT™ + $R™), M

where T and R™" are the raw signals of transmission
and reflection layers. €2 and ® represent the refractive and
reflective amplitude coefficient maps determined by the glass
characteristics (e.g., material, thickness, color) and photograph-
ing parameters (e.g., aperture, focal length, relative positions
against the glass surface). Z denotes the camera image signal
processing (ISP) pipeline, which is also distinct in different
cameras. We note that typical ISP pipelines are non-linear to
obtain SRGB images consistent with human sense.

Synthetic Datasets. Most existing synthesis methods synthesize
training images by approximating Eqn. (1). For example,
Fan et al. [22] assumed the reflection layers are out-of-
focus and darker than the transmission layers, thus they took
random blurriness and brightness attenuation into consideration
when building the Syncg; dataset. Zhang et al. [23] further
considered gamma correction, and simulated the camera posture
via a fixed Gaussian mask in Syn zj,,,s. However, these methods
consider a limited (and different) range of parameters, and
more importantly, they operate on non-linear sSRGB images.
Therefore, there exist obvious domain gaps between synthetic
datasets, as well as between synthetic and real-world datasets.

Real-world Datasets. In order to compensate for the domain
shift of synthetic datasets, several real-world datasets are also
collected [23], [24], [32], [37]. The configurations to collect
these datasets are summarized in Tab. I. As one can see, the
key factors relevant to the reflection type like camera model,
aperture, glass, and alignment are diverse for these datasets,
leading to the domain gaps between existing real-world datasets.
It is worth noting that images from the same dataset are similar
in acquisition circumstance (e.g., environment and equipment),
thus we can regard them as a domain and introduce domain-
level AdaNEC for better reflection removal (see Sec. II-E).

B. Overall Solution

With a unified formulation (i.e., Eqn. (1)), it seems reason-
able for existing SIRR methods to train SIRR models with
a mixture of various datasets [24], [27], [32]. However, as
shown in Sec. II-A, there exist clear domain gaps between
these datasets. These models have to compromise between
different training source domains, where the trained models are
often not within the scope of target testing sets. Therefore, the
analysis in Sec. II-A motivates us to solve the SIRR problems
in a domain generalization scheme.

In particular, suppose that there are N training datasets,
where the i-th dataset is denoted by S,. We train an SIRR
model as the expert for each of the dataset. In this case, we
can obtain N domain experts {G;}_,, where the expert G;
(with parameter 6;) is specialized on the relevant reflection
types in S;. Then, for a reflection-contaminated image I,
we can combine these domain experts for better reflection
removal according to certain weights. A reflection type-aware
weighting (RTAW) module is introduced to evaluate the
expertise level and predict the expert-wise weights (e.g., w;)
for each domain expert G; on I. Two representative adaptive
network combination (AdaNEC) methods are incorporated
to combine these experts for better handling the reflection-
contaminated images from different domains. In the following,
we introduce the details of the designing and training of RTAW,
as well as the proposed AdaNEC methods.

C. Reflection Type-aware Weighting Module

As shown in Fig. 1, the proposed reflection type-aware
weighting (RTAW) module is comprised of two parts, i.e.,
the feature extraction networks and a cross-domain attention
module. For each domain expert (;, we obtain the domain-
specific feature vector k; from the reflection-contaminated
image I via a corresponding extractor F;, i.e., k; = F;(I). An
extra feature vector q is extracted by another extractor F for
matching with the domain-specific ones. Inspired by the self-
attention layer in Transformer [52], we present a cross-domain
attention module (CDAM) to evaluate the expertise level of
each domain expert by matching their feature vector k; with
q, i.e.,

v = (Wik;) © (W;q), @)
where W, and W, are parameters of fully-connected layers
for k and q respectively, and Wy, is shared by all of ky ~
ky, ® denotes inner-product. Then for a testing image, all
domain experts are exploited, while the RTAW weights can be
calculated by using the expertise level, i.e.,

w=o0(v),
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Figure 1: Structure of reflection type-aware weighting (RTAW)
module. I denotes a reflection-contaminated image (the shown
image is collected by Fan et al. [22]). k; and q are vectors
extracted by F; and F. v; means expertise level of the ¢-th
expert G; on image I, which can be used to calculate the
expert-wise RTAW weights (e.g., w;).

where o is the softmax operation and v = {v;}¥ . In fact,
the domain classifier used in Sec. II-A can take place of the
RTAW module. However, it shows a worse training stability
and performance, which is further shown in Sec. VII-A.

D. Training Scheme and Learning Objective

Apart from the reflection removal losses, an in-domain
expert (IDE) loss is introduced for training the proposed RTAW
module, and we introduce the two parts of the learning objective
below. Note that parameters of the domain experts are fixed
when training the RTAW module, and the details for training
these domain experts can be found in Secs. III to V.

Training Scheme and Reflection Removal Losses. When
training RTAW, apart from the datasets utilized to train the
domain experts, there is no extra dataset to serve as the target
domain, thus we follow the leave-one-domain-out strategy [53].
Specifically, given a training sample from the i-th training
set S;, we denote the reflection-contaminated image as I,. T
and R are the ground-truth transmission and reflection layers,
respectively. The i-th source domain will serve as a pseudo
target domain during this iteration. Only domain experts except
for G; will be employed, i.e.,

wé = o(v?), @
TH=D i G, (5)
where C denotes the complement set and v? = {v;};4;,

w? = {w; },2;. Note that the reflection layer R? is generated
in a similar way if the backbone model requires it for loss
calculation. In the following, we briefly introduce the reflection
removal losses for training.

Fidelity Loss. Generally ¢; or /5 is employed as the fidelity
loss on the transmission layer or reflection layer,

(6

where V means gradient calculation operation, p € {1, 2}, and
Y denotes the corresponding ground-truth of Y?.

Lja =Y -Y]|,, Y €{T,R,VT},

Reconstruction Loss. For synthetic pairs, the synthesis
methods can be leveraged for better constraining both outputs of
transmission and reflection layers. Therefore, the reconstruction
loss is defined as,

Erec - ||S?J”(TE;RE) - IlHP’ (7)

where Syn denotes the differentiable synthesis methods.
VGG-based Loss. The VGG [25] architecture has been
widely used for loss function design, i.e.,

Lvee =Y Al|(@n(E?) - ¢>Z(T)Hp 7 @®)
where ¢; denotes the [-th layer of the VGG model, )\; is the
corresponding weight. The VGG-based loss is generally used
following perceptual loss [54] for better image quality (denoted
by Lpercept). In ERRNet [24], Wei et al. proposed to use the
“conv5_2” feature for alignment-invariant loss (L;yy)-

Adversarial Loss. Adversarial loss [55] is an effective
approach to enhancing the output image quality. Given a
discriminator D, the adversarial loss can be defined by

Loay = —log D(T?). )
To sum up, the reflection removal loss Lrr can be defined
by combining these loss functions or their variants,

L:RR :Aﬁdﬁﬁd + A7"ec£mc + )\perceptﬁpercept

(10)
+>\inv Eim; + /\advﬁadv 5

where Afd, Arec, Apercepts Ainvs and Aqq, are hyper parameters
following the original settings in the backbone methods. Note
that they can be zero if the corresponding loss function is not
applied in a backbone method.

In-domain Expert Loss. With the aforementioned reflection
removal losses, wf is optimized towards better reflection
removal performance, and w; is left unconstrained in this
iteration. However, we argue that the source domain of the
training sample is a vital information overlooked by existing
methods, and ask what if the domain expert G; is also
deployed? Since G is trained on S, it can be regarded as an in-
domain expert. Therefore, we can require that the final results
mostly rely on it. In other words, for w (see Eqn. (3)), the
1-th element w; should be the largest. To this end, we propose
an in-domain expert (IDE) loss, which is defined based on the
cross-entropy (CE) loss [56], [57] as

Lipg = CE(W, l) = —log w;. (11)

Note that G; is not actually involved during training. We
empirically find that the IDE loss not only promotes the
reflection removal performance but also makes the training
more stable. Further discussions are given in Sec. VII-A.

To sum up, the learning objective for training RTAW is

L=Lrr+MiDE, (12)

where ) is set to 0.1 for all three backbone methods. Please
refer to Secs. III to V for more details about the loss function
configurations on different backbones.
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Figure 2: Illustration of the proposed two adaptive network combination (AdaNEC) methods, i.e., output fusion (OF, on the
left) and network interpolation (NI, on the right). We take the number of source domains N = 3 as an example.

Table II: Dataset configuration of the backbone methods.

Backbone

ERRNet [24]
IBCLN [32]
RAGNet [27]

Training Datasets Testing Datasets

Real20, SIR?
Real20, SIR?, Nature20
Real20, SIR?

Syncgrr. Real89, Unaligned
SYN Zhang» Real89, Nature200
SYRCEIL: SN Zhang» Real89

E. Adaptive Network Combination

As shown in Fig. 2, the RTAW weights can be employed
for adaptively generalizing to target domains via adaptive
network combination (AdaNEC). In this paper, we provide
two representative AdaNEC methods termed output fusion
(OF) and network interpolation (NI), respectively.

Output Fusion (OF). The OF manner is similar to the
training procedure of RTAW, except that all domain experts
are employed during inference to generate the output, i.e.,

’i‘ N
F=)

where the results generated by the domain experts are fused
as a final output. However, such a method requires multiple
model inferences, which brings considerable extra computation
burden and time consumption.

w; - Gi(I), (13)

Network Interpolation (NI). To alleviate this problem, the
NI manner interpolates the model parameters in advance, and
the inference procedure is processed with the fused model
parameters, which can be formulated by

Ty = G(I; Zjvzl

where only a few extra computations (i.e., the lightweight
RTAW module and parameter interpolation) are introduced.
Besides, as shown in Sec. II-A, generally the reflection-
contaminated images in a dataset form a domain. In this case,
we can use the average RTAW weights of a dataset (denoted
by w;) for more stable prediction, where the w; in Eqns. (13)
and (14) is replaced by w;.

w; Ql), (14)

III. LEARNING OBJECTIVE FOR ERRNET BACKBONE

Domain Experts. For training domain experts with ERRNet
backbone [24], the loss functions are defined as follows.
Fidelity Loss

La =0.2T — T3

. - (15)
+0.4([[V, T — V,T; + HvyT o vyT||1)-
Perceptual Loss
»Cpercept - Z[)\l HQSZ(T) - ¢I(T)‘ 1 ) (16)

where | € {conv2_2, conv3_2,convd_2, conv5_2}, and the
balancing weight A\; = 1 for all these layers.
Adversarial Loss

Loy = —log(D(T, T)) —log(1 - D(T,T)), (17
which follows the relativistic adversarial loss [58].
Alignment-invariant Loss

Liny = |[én(D) = on(T) (18)

where h indicates the conv5_2 layer.
Therefore, when training domain experts on Syncg, and

Real89, the learning objective is defined by
Laligned = ['ﬁd + 0~]-»Cpercept + 0~01£adua (19)

and the learning objective for domain expert on Unaligned

dataset is defined by
ACunaligned = Ol‘cww + O-Ol‘cadv- (20)

AdaNEC. The learning objective for training AdaNEC with
ERRNet backbone is defined by

e

where T takes place of T in Eqn. (21).

for Real89, Syncerr
for Unaligned

»Caligned + 0~1£IDE7
‘Cunaligned + 0'1£1DE>

)

2n

IV. LEARNING OBJECTIVE FOR IBCLN BACKBONE

Domain Experts. For training domain experts with IBCLN
backbone [32], the loss functions are defined as follows.
Fidelity Loss

L Yo, - R, - R 22
ﬁd*ZtZIH t — Tll2 + [[R: — RJ|2 (22)
where ¢ denotes the time step and N = 3.
Reconstruction Loss
N SN
Lre=Y", ||Syn(Ei ) -1 . (23)

Perceptual Loss

Epercept = stleAl H(bl(TJ,s) - @bl(Tis) 1’ (24)

where [ € {convl_2,conv2_2}, and the balancing weights
Aconvl_2 = 1/2.6 and Aonpz 2 = 1/4.8. s € {1,2,4}, which
means using the output/ground-truth with the 1/s size of the
original image, where w; = 1, wp = 0.8, and w4 = 0.6.
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Figure 3: Visual comparison of ERRNet based AdaNEC methods.

Adversarial Loss
Loay = —log(D(T, T)). (25)

Therefore, when training domain experts on SYnzhang,
Real89 and Nature200, the learning objective is defined by

»CRR = 2£ﬁd + 2£rec + Eparcept + 0~01£adv- (26)

AdaNEC. The learning objective for training AdaNEC with
IBCLN backbone is defined by

L=Lrr+0.1Lpg, 27

where T¢ and R take place of T and R in Eqn. (27),
respectively.

V. LEARNING OBJECTIVE FOR RAGNET BACKBONE

Domain Experts. For training domain experts with RAGNet
backbone [27], the loss functions are defined as follows.

Fidelity Loss

Lga = ||T =Tl + #|R - R (28)
Perceptual Loss
Epercept = )‘l( “¢I(T) - ¢Z(T)H
2 ! (29)

|| o) — au(®)| ),

where [ € {convl_2,conv2_2, conv3_2,convd_2, conv5_2},
and the balancing weights Aconvi 2, Aconv2 25 Aconv3_2s
Aconva_2, and Agonys_o are set as 1/2.6, 1/4,8, 1/3.7, 1/5.6,
and 10/1.5 following Zhang et al. [23], respectively.
Exclusion Loss Following [23], the exclusion loss is

Eexcl = ZS ||\P(TisaR¢s)||F'

where ¥(T,R) = tanh(\,|VT]) R tanh()\ﬁWf{\). Ar and
Ar denote normalization factors. VT and VR are gradients of
T and R. || - || is the Frobenius norm. T and R represent

(30)
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Figure 4: Visual comparison of IBCLN based AdaNEC methods.

the sx down-sampling versions of Tand T. s € 1,2,4, A\p =
%, and Ag = [|[VT|1/|IVR|1.
Mask Loss
4 )
Emask = Zi:l( ||Mdsz[R > 90]||1
+[IMIR < & = 1]),

€1y

where thﬁ and M" are two masks from the i-th layer, which
indicate the contribution of encoder features (i.e., features from
the reflection-contaminated input image) and decoder features
(i.e., features from the in-paining path) ¢ and & are thresholds
set as 0.3 and 0.01, respectively. Please refer to [27] for more
details.

Adversarial Loss

Laay = —log(D(T,T)). (32)

Therefore, when training domain experts on Syncgrr,
SYN Zhang> and Real89, the learning objective is defined by

‘CRR :Kﬁd + ‘Cpercept + ﬁmask

33
+0.2L¢ger + 0.01L gy - 33)

Particularly note that « in Eqns. (28) and (29) is set as 1 on
Syncerr and Synzpang, While is set as 0 on real89.
AdaNEC. The learning objective for training AdaNEC with
RAGNet backbone is defined by

L=Lrr+0.1LpEg,
where T¢ and R? take place of T and R in Eqn. (34).

(34)

VI. EXPERIMENTS
A. Implementation Details

Datasets. Since the core idea of this work is to make better
use of the training sets and enhance SIRR from a domain
generalization perspective, we follow the training configuration
of the backbone methods and have no requirements on extra
training datasets. In the following, the relevant training and
testing datasets are briefly introduced.

Syncern - The synthetic dataset proposed in CEILNet [22],
where 7,643 image pairs are selected from the PASCAL VOC!

Uhttp://host.robots.ox.ac.uk/pascal/VOC/
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Figure 5: Visual comparison of RAGNet based AdaNEC methods.

dataset [59], and each pair serves as transmission and reflection
layer, respectively. Blurriness and luminance of the reflection
layer are considered for synthesis.

Synzpane - The synthetic dataset proposed by Zhang et
al. [23], where 13,700 indoor-outdoor image pairs are collected
from Flickr?. The synthesis method is adapted from Syncgrr,
and considers the camera pose for capturing images.

Real89 & Real20, Nature200 & Nature20 - Two well
aligned real-world datasets captured by Zhang et al. [23] and
Li et al. [32], where Real89 and Nature200 are used for training
while Real20 and Nature20 are used for testing.

Unaligned - The training set collected by Wei et al. [24],
where the reflection-contaminated images and transmission
layers are mildly aligned. Note that there are 250 pairs captured
by DSLR camera and 200 by mobile phone, we use the 250
DSLR pairs following the official code of ERRNet [24].

SIR? - A benchmark dataset® collected by Wan et al. [37],

Zhttps://www.flickr.com/
3https://rosel.ntu.edu.sg/dataset/sir2Benchmark

which is composed of three subsets, i.e., Wild (55), Postcard
(199), and Solid (200), where the Wild subset is captured in
the wild and the other two subsets are collected in a controlled
laboratory environment.

The training/testing dataset configuration of the backbone
methods is summarized in Tab. II.

Backbones and Implementation Details. In this paper, we
use three state-of-the-art methods as backbone models, i.e.,
ERRNet* [24], IBCLN [32], and RAGNet® [27]. As introduced
in Sec. I-A, they are the best performed SIRR methods with
source code and pre-trained model available, and most of
recent structure design categories are covered by these methods.
All the three methods are implemented in the PyTorch [60]
framework. The experiments are conducted on a PC with an
Nvidia RTX 3090 GPU.

“https://github.com/Vandermode/ERRNet
Shttps://github.com/THL-HUST/IBCLN
Ohttps://github.com/liyucs/RAGNet
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Figure 6: More qualitative results on Real45 dataset.
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Figure 7: Visual results of ablation studies on IDE loss and RTAW module.

Testing Protocols. As shown in Tab. II, the backbone methods
are trained and evaluated on various datasets. For a fair
comparison, apart from the proposed IDE Loss Lpg, we train
our method with only the training sets and loss functions it used
given a backbone model, and evaluate the model performance
following its testing protocol. Since only the model trained
with aligned image pairs is given, we fine-tuned the ERRNet
model following official instructions, and achieved an average
PSNR index of 23.79 dB, which is higher than the performance
(23.59 dB) reported by Wei et al. [24]. We also note that since
the image size of Real20 is too large for inference, following
the backbone methods, the shorter side of Real20 images is
resized to 512, 400, and 300 pixels for evaluating ERRNet [24],
IBCLN [32], and RAGNet [27], respectively.

B. Comparison with Backbone Methods

As shown in Tab. III, the peak signal-to-noise ratio (PSNR)
and structural similarity (SSIM) indices of two AdaNEC
methods are provided for comparing against each backbone
method. We can see that, the OF manner generally can
achieve an average PSNR gain of about 0.45~0.7 dB, and
the performance on all datasets is boosted, showing the
effectiveness of our AdaNECgr method. On the other hand,
considering the computation amount and inference efficiency,

the NI manner also achieves considerable performance gain
on most datasets. It is worth noting that, IBCLN [32] is a
recurrent-based method, which is not friendly to the proposed
AdaNECy; method, and only minor performance gain (0.07 dB)
is achieved. While on all other backbones, both AdaNECgr and
AdaNECy; achieve considerable performance improvements.

As for SSIM, both AdaNECgr and AdaNECy; achieve higher
SSIM index than the backbone methods in all conditions, show-
ing the promoted reflection removal ability. For ERRNet [24]
and RAGNet [24], we also evaluate them on the Nature20
dataset, which is not considered by these methods, as shown
by the gray shaded regions in Tab. III.

As shown in Figs. 3 to 5, we also evaluate the proposed
method qualitatively. It can be seen that, when incorporated
with our AdaNEC method from a domain generalization
perspective, the backbone methods can be enhanced in terms
of their reflection removal ability and output image quality.
We have also tested on the whole Real45 dataset, and show
the results in Fig. 6.



Table III: Quantitative comparison against the state-of-the-art backbones. For calculating the PSNR and SSIM indices, we
follow the testing protocol of the backbone methods. Note that the results of ERRNet [24] and RAGNet [27] on Nature20 are
given for reference (highlighted with gray shadow), and the average indices are calculated on the other four datasets (Real20,
Wild, Postcard, and Solid) according to the official setting. The better results between AdaNEC methods with or without w; are
marked with bold, and the best results are marked with red. The image amount of each dataset is provided in the parentheses.

Real20 (20) Wild (55) Postcard (199) Solid (200) Nature20 (20)  Average (474/494)

Method PSNRT SSIM{ PSNRT SSIM{ PSNRT SSIM{ PSNRT SSIM{ PSNRT SSIM{ PSNRT  SSIM{
ERRNet [24] 2207 0781 2513 0889 2276 0864 2462 0898 2086 0757 2379 0877
ERRNetor w/o w; 2270 0791 2460 0865  23.15 0871 2491 0895 2046 0756 2404 0877
ERRNetor 2280 0790 2526  0.890 2308 0874 2526 0904 2099 0768 2424  0.885
ERRNetyr wio @; 2237 0787 2463 0865 2314 0874 2475 0894 2053 0757 2396 0878
ERRNety 2281 0791 2569  0.895 2356  0.884 2513 0902 2120 0771 2444  0.889
IBCLN [32] 2186 0762 2471 088 2339 0875 2487 0893 2357 0783 2408 0875
IBCLNgr w/o ; 2253 0794 2544 0888 2419 0888 2505 0899 2459 0818 2463 0886
IBCLNgr 2252 0789 2577  0.897 2427 0889 2524 0900 2474 0820 2478  0.888
IBLCNyr w/o w; 2241 0793 2520 0887 2352 0887 2477 0897 2456 0816 2421  0.885
IBCLNy 2204 0782 2535  0.894 2334 0887 2485 0897 2459 0818 2417  0.885
RAGNet [27] 2295 0793 2552 0880 2367 0879 2615 0903 2121 0765 2490 0886
RAGNetor wio @; 2332 0806 2587 0895 2508 0900 2619 0907 2140 0775 2557 0898
RAGNetor 2334 0807 2585  0.896 2520 0903 2617 0908 2148 0776 2560  0.900
RAGNetyr wio @; 2343 0810 2552 0887 2391 0884 2626 0906 2131 0770 2507  0.891
RAGNety 2318 0802 2625  0.899 2490 0906 2566 0903 2144 0777 2531  0.900

Table IV: Ablation studies on domain experts and IDE loss. The
upper half shows the PSNR indices of domain experts trained
with a single dataset, i.e., Syncgrr, Real89, and Unaligned,
where the results better than the backbone ERRNet [24] model
are marked with bold. The lower half shows the performance
of the model trained only with reflection removal losses (i.e.,
without £;pg).

Real20 Wild Postcard Solid Average

Methods PSNRT PSNRT PSNRT PSNRT  PSNRT
ERRNet [24] 2208 2513 276 2462 2379
Synom 2022 2531 2245 2439 2351
Real89 2284 2458 20.24 2452 2266
Unaligned 20.07 24.41 23.25 24.56 23.80
ERRNetgr (W/o Lipg) 2280  24.52 20.06 2465 2263
ERRNetgr 2280 2526 23.08 2526 2424

Input Syncerr Real89 Unaligned
ERRNet [24] ERRNetgr ERRNety: GT

Figure 8: Visual comparison of ERRNet-based domain experts on
Real20 dataset. Please zoom in for better observation.

VII. ABLATION STUDY AND ANALYSIS
A. Ablation Study

In this part, we conduct some ablation studies to show the
contribution and influence of different parts of the proposed
AdaNEC method. Considering the training efficiency and
relatively simple structure, the ablation studies are conducted
on ERRNet [24].

Performance of domain experts. As shown in Tab. IV, when

trained with a single dataset, the performance of the domain
experts may be enhanced on some datasets (e.g., generally
the performance on Real20 will be better when trained with
Real89, since they are the training/testing set from the same
dataset), and the final results may approximate these enhanced
performance. For Solid, all these domain experts perform
slightly worse than the backbone model. However, a decent
performance gain is obtained when incorporating with AdaNEC,
which shows the generalization ability of the proposed method.
We also show the visual results in Fig. 8, and the AdaNEC-
boosted models can generate better reflection removal results.

In-domain Expert (IDE) Loss. As illustrated in Sec. II-D, the
IDE loss is introduced from a straightforward idea. On the one
hand, it explicitly requires that the reflection removal should
rely more on the in-domain expert, which accords with the idea
of determining the weights according to the expertise level in
domain generalization. On the other hand, if the RTAW module
is trained only with the reflection removal losses, it will keep
pursuing extreme weights for some domain experts, resulting
in large and unstable values in the RTAW outputs. When the
IDE loss is applied, the weight of other domain experts will be
constrained to a reasonable range, and we empirically find that
the training of RTAW module will become more stable. As
shown in Tab. IV, when the IDE loss is discarded, the training
of RTAW is usually unstable and finally results in different
order of magnitude of the expertise levels (v;). Therefore, the
final result heavily relies on a specific domain expert. We can
see that the performance of ERRNet% ZE is very close to the
domain expert trained on Real89 dataset, indicating the biased
training.

Furthermore, we also apply the IDE loss on high-level
domain generalization tasks for further verification (i.e., im-
age classification). The experiments are conducted with the



Table V: Applying our method on image classification-based domain generalization tasks.

Method PACS Office-Home
Art Cat  Pho Skt Avg Art Clp Prd Rel  Avg
Vanilla [45] 77.0 759 960 692 795 589 494 743 762 647
MMD-AAE [61] 752 727 960 642 770 565 473 721 748 627
CCSA [62] 805 769 936 668 794 599 499 741 757 649
JiGen [63] 794 753 960 716 805 53.0 475 715 728 612
CrossGrad [64] 798 768 96.0 702 80.7 584 494 739 758 644
Epi-FCR [65] 82.1 770 939 730 815 - - - - -
DMG [66] 769 804 934 752 815 - - - - -
DAEL [45] 846 744 956 789 834 594 551 740 757 66.1
Ours (w/o Lipp) 848 760 964 795 842 596 556 756 757 666
Ours 846 782 959 799 847 604 557 756 762 67.0

Table VI: Ablation studies on RTAW. The indices better than the backbone model are highlighted with green and those worse
than the backbone model are highlighted with red (the difference of PSNR < 0.05dB and SSIM < 0.004 has been ignored).

Real20 Wild Postcard Solid Average
Methods PSNRT SSIM{ PSNR{ SSIM{ PSNRt SSIMf PSNRt SSIMt PSNRf  SSIM?t
ERRNet [24] 2208 0781 2513 0889 2276 0864 2462 0898 2379 0877
ERRNetgperage 2150 0760 | 2563 0899 2295 0880 2526 0904 2417 0887
ERRNet gingie 2179 0772 2514 0888 2317 0870 2520 0899 2420  0.880
ERRNetyraer 2211 0782 2491 0882 2350 0873 2489  0.894 2419 0879
ERRNetor 2280 0790 2526  0.890 2308 0874 2526 0904 2424  0.885

DAEL [45] backbone. First we add the RTAW module’ to
the DAEL framework for predicting the weights (rather than
the original simple averaging in DAEL). The IDE loss is then
applied for comparison. As shown in Tab. V, the proposed IDE

loss also works well on high-level domain generalization tasks.

We follow the DAEL training settings in these experiments.

RTAW Module. We also conduct ablation studies on the
structure of RTAW module, and three variants are compared
as follows. 1) ERRNet,yerqqe: A plain average operation, the
simplest way to perform model combination. 2) ERRNet,qi7¢1:
In this case, the feature extractor F and the CDAM module
are removed from RTAW (see Fig. 1), resulting in NV feature
extractors deployed in parallel, where each model predicts the
expertise level for a specific domain expert. 3) ERRNet;y g
We further simplify the RTAW module by using only one
feature extractor, which is composed of five convolution layers
and a fully-connected layer.

As shown in Tab. VI, even it performs well on some datasets,
the generalization ability is not guaranteed when a plain
average operation is taken, resulting in severe performance
degradation of ERRNet,4 on the Real20 dataset. ERRNetg;pg1¢
and ERRNet,q.7¢; also face the problem of performance
degradation on some datasets. On the contrary, the proposed
method with cross-domain attention module can generalize

better to all target domains, showing the superiority of our
RTAW.

Domain-level AdaNEC. In Sec. II-E, we propose to replace
the per-sample weight w; with the average weight w; of the
domain (testing set), and perform a domain-level AdaNEC. To

"Here we reuse the name RTAW for convenience. Since the DAEL training
is based on pre-trained ResNet [67] models, we also use a pre-trained ResNet
model as the RTAW module for faster convergence.

show the effectiveness of the domain-level AdaNEC method,
the results using w; are also provided in Tab. III. The better
results between AdaNEC methods with or without w; are
marked with bold. As one can see, it can bring some extra
performance gain in most cases, verifying the effectiveness of
domain-level AdaNEC methods.

B. Visual Results of Ablation Studies

In this section, we show visual results of ablation studies
on IDE loss and RTAW module in Fig. 7. The first two rows

w/o

indicate an example from Real20 dataset, and the ERRNet Lipg
shows a similar performance with our ERRNetor, while others
are obviously worse than these two methods. The last two
rows show a hard example from Postcard dataset, and the
performance of ERRNetZ”f ZE degrades seriously, while other
methods can generate better results than it. The visual results
further verify the conclusions drawn in Sec. 5.1, showing the
superior generalization ability of the proposed method.
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