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ABSTRACT

Text images taken behind a piece of glass in the wild are

largely contaminated by reflections. Directly applying exist-

ing reflection removal methods on text images with reflections

cannot recover clear and correct text contents due to the igno-

rance of special characteristics of texts. This paper proposes a

stacked framework to solve the text image reflection removal

problem by specifically considering the regional properties of

reflection and embedding the specific text priors into the esti-

mation process in a unified manner. Experiment results on a

newly collected dataset demonstrate that the proposed method

outperforms state-of-the-art methods in recovering visually

pleasant reflection-free images and recognizable text features.

Index Terms— Text image, reflection removal, GAN,

text recognition

1. INTRODUCTION

With the widespread usage of imaging sensors, various text

images are taken by different devices (e.g., the cameras in

surveillance devices or autonomous vehicles). Under the un-

constrained scenarios, the text images are prone to be de-

graded by different distortions. Especially when the text im-

ages are taken behind a piece of glass (e.g., traffic signs taken

inside a car), they are mostly contaminated by reflections,

which unpleasantly affects the human perception and down-

grades the performance of many text recognition algorithms.

It is therefore of great interest to remove these reflections and

enhance the visibility of the text contents.

Utilizing the non-learning image statistics [1, 2] and the

deep learning framework [3, 4], much progress has been

achieved in recent years for reflection removal problems. De-

spite their success in images with general scenes, the state-

of-the-art approaches are barely suitable for images with rich

text information, since the constraints used for general im-

ages are not tailored for text images, where the text characters

usually show high contrasts against nearby regions and each

*Ling-Yu Duan is the corresponding author.

Fig. 1. Given a text image with reflection, our proposed TIRe

Network can more clearly remove the reflections, which leads

to a more correct text recognition result, than existing reflec-

tion removal method designed for a general scene (e.g., CIEL-

Net [3]).

character has a near-uniform color. On the other hand, due to

the regional properties [5], the reflections usually occupy lim-

ited regions of the whole images. If simply applying existing

reflection removal methods (e.g., CEILNnet [3]) by forcing

the global consistency without carefully considering localiza-

tion of regions with reflections and integrating specific text

characteristics, obvious artifacts such as blur and distortion

of character shape can be observed on the reflection removal

results, as shown in Figure 1.

To recover clear and correct text contents from text images

with reflections, we first explore the advantages by develop-

ing a stacked framework to integrate the reflection localiza-

tion and reflection removal in an end-to-end pipeline, where

the localization information benefits the removal process by

correctly pointing to regions covered by reflections. Then we

embed the specific text priors into the whole estimation pro-

cess by comparing the text similarity in a compact feature

space instead of the pixel level similarity adopted by previ-

ous methods [3]. Our Text Image Reflection Removal Net-

work (TIRe Network) is shown in Figure 2, which includes

two components: the text reflection localization network to

roughly indicate the reflection location, and the text reflec-

tion removal network to recover the reflection-free texts. Our

major contributions are summarized as follows:
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Fig. 2. The framework of TIRe Network. Our network includes two parts: the reflection localization network to locate the

reflection regions and the reflection removal network to remove the reflections based on the localization information. Text

priors are embedded into the whole estimation process based on a text recognition model to guarantee correct text recovery.

When using the pre-trained framework to make inference, only the part inside the dashed bounding box needs to be loaded.

• We propose the first reflection removal framework

which is specially designed for text images and build

the first text image dataset with reflections to facilitate

the corresponding research.

• We design a stacked framework to sophisticatedly lo-

calize and clearly remove text reflections in a unified

manner.

• We correctly recover important and recognizable text

features by employing the feature level similarity of

text contents.

2. RELATED WORK

Reflection removal. Reflection removal has been discussed

for decades, the investigation of which also witnesses a break-

through from non-learning stage to deep learning era. Previ-

ous works of the non-learning category focus on exploiting

different priors from the properties of reflection, e.g., the spar-

sity prior [6, 7], the different blur levels [1, 2, 8]. These hand-

crafted priors based approached above are all derived from

visible differences of certain properties between the back-

ground and reflection, however the observation of such differ-

ence is usually restricted to some specific assumptions, thus

the methods often fail in more general scenes.

Another category addresses the problem in a deep learn-

ing manner, benefiting from its comprehensive capability of

modeling implicit data features, and has achieved promis-

ing results. Chandramouli et al. [9] and Fan [3] utilized the

classical two-staged learning framework to remove reflection

in a data-driven manner. Wan et al. [4] proposed a concur-

rent model to address the limitations existed in the two-stage

framework. Zhang et al. [10] introduced a novel perceptual

loss to realize the more reliable recovery. Though these learn-

ing based methods can obtain visually better results, they of-

ten ignore the insights of regional difference in reflection,

hence we propose a reflection localization scheme to incorpo-

rate regional weights of attention. Besides, no existing reflec-

tion removal methods are specifically aimed at the recovery

of text images.

Text image enhancement. Text sequence is a common oc-

currence in everyday scenes, whose recognition from images

is thus of great interest. However, the text images in the wild

are often contaminated by various degradations then unrec-

ognizable, particularly, the text contents are often covered by

glass reflection like the showcase. Previous works on enhanc-

ing the visibility of text images mainly focus on the deblurring

and shadow removal of low quality text images to implement

better binarization. For example, Pan et al. [11] proposed a

method to restore a blurry text image with L0 regularization

on intensity and statistical prior on gradient. Based on the

unique properties of text sequences in images, Choo et al. [12]

proposed a text-specific deblurring approach. As for shadows

in text images, Bako et al. [13] matched the local background

color with a global reference to produce a shadow-free output.

Kligler et al. [14] proposed a more general method to realize

unshadowing and text binarization via visibility detection of

point-set from the image. The text image enhancing methods

above have achieved visually pleasing results for their spe-

cific tasks, however it is unclear whether they are still effec-

tive with reflection-contaminated text images.

3. PROPOSED METHOD

From text images with reflections, TIRe Network recovers

clear text by focusing on the removal process mainly within

reflection-contaminated regions through localizing and cor-

rect text by embedding comprehensive text-specific priors.

3.1. Network architecture

As shown in Figure 2, TIRe Network is composed of two

parts, reflection localization and reflection removal networks
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Fig. 3. The reflection masks localized by the reflection local-

ization network.

with the guidance of textual feature prior, respectively. Except

that the part for text prior is largely based on the existing text

recognition network, the two networks share a similar mirror-

like generative framework with the encoder contracting the

feature channels step by step to capture the context informa-

tion and the decoder to obtain the final results.

3.1.1. Reflection localization network

Due to the various regional transmission properties of the re-

flections, the contamination caused by reflection usually oc-

cupies a limited part of the whole image. The missing infor-

mation in these regions cannot be well reconstructed by solely

minimizing the global loss on the whole image, which may

lead to unfaithful solutions such as blurry region, especially

for the text images that have higher requirements for recogni-

tion reliability of the final estimated results. Previous work [5]

has already shown the success of weighted regions scheme in

reflection removal problems. It not only reveals where the re-

moval process should focus, but also improves the represen-

tation of attention interests. We integrate such a mechanism

into our framework by embedding the reflection localization

network into the whole estimation process as follows:

M = Gl(I), (1)

where Gl and M denote the reflection localization network

and the estimated reflection map, respectively. As shown

in Figure 3, our reflection localization network can well lo-

cate the regions covered by reflections in most regions, and

the sparse mis-classified pixels will not negatively affect the

next step processing.

Adversarial loss. To roughly estimate the missing informa-

tion covered by the reflections, we employ the Conditional

Wassertein GAN [15] as follows:

Lm
adv

= min
Gl

max
Dl∈D

EM,M∗∼Pr
[Dl(M,M∗)]

− EM∼Pr
[Dl(M,Gl(M))],

(2)

where Dl denotes the discriminator network, D is the set of 1-

Lipschitz functions and Pr is the real data distributions. Our

discriminator takes an input image with a size of 64 times

96 , composed of 6 strided convolutional layers followed by

the ReLU activation function. In the last layer, we use the

sigmoid function to generate the final classification result on

data authenticity.

Besides the adversarial loss, we also adopt theL2 distance

to encourage a straightforward but accurate reconstruction for

the target mask domain. Then by combining the aforemen-

tioned terms, the loss functions for the reflection localization

network are concluded as follows:

LRLN = λlL2(M
∗,M) + βlL

m
adv

. (3)

3.1.2. Reflection removal network

To make the reflection removal network focus on the regions

covered by reflections, the reflection map M estimated in the

reflection localization network and the original mixture image

with reflection I are concatenated into a 6 channel tensor as

the input to the reflection removal network as:

B = GR([M, I]), (4)

where GR and [·, ·] denote the reflection removal network and

the concatenation operation, respectively.

Local context loss. As we discussed before, the regional

property of the reflections makes the global loss on the whole

image less reliable during the text image recovery process. To

address this problem, apart from the concatenation operation

at the first layer of the reflection removal network, we also

adopt the local context loss as follows:

Lc = ‖M� (B−B
∗)‖1, (5)

where � is the element-wise product operation and M is the

reflection map obtained from the reflection localization net-

work. When the reflections occupy the whole image place,

Equation (5) will degenerate into the common global loss.

Text consistency loss. Existing reflection removal methods

usually aim at estimating the recovered images with higher

PSNR and/or SSIM values by using different pixel-wise loss

functions. However, the pixel-wise loss functions cannot cap-

ture the high frequency components of an image [16], which

are closely related with the text edges. On the other hand,

since we aim at estimating information for high level com-

puter vision task, it is more reasonable to define the text sim-

ilarity in a compact feature space rather than the image pixel

space. To solve this issue, we embed the specific text priors

into the estimation of the background layer by optimizing the

whole network based on the feature level differences. This

module further regularizes the generating process of reflec-

tion removal network only in the training stage, without ad-

ditional computation cost in testing stage. We adopt the clas-

sical text recognition model as the the text prior network to

extract the feature level differences as follows:

Ltct =
∑

c1

||Fc1(B
�)−Fc1(B)||1+

∑

c2

||Fc2(B
�)−Fc2(B)||1,

(6)

where Fc1 and Fc2 denote the c1-th and c2-th layer feature

from the CRNN model [17].
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Fig. 4. Samples in the training dataset.

We also adopt the adversarial loss similar to Equation (2)

as follows:

Lr
adv

= min
Gr

max
D∈D

EB,B∗∼Pr
[D(B,B∗)]

− EB∼Pr
[D(B,Gr(B))].

(7)

By combining the above terms in Equation (5), Equation (6),

and Equation (7), the loss functions for the reflection removal

network can be concluded as follows:

LRRN = λrL1(B,B∗) + βrLc(B,B∗)

+ γrL
r
adv

+ θrLtct(B,B∗),
(8)

where L1 denote the classical pixe-wise loss function and λr,

βr, γr, and θr represent the weighting coefficients to balance

different terms.

3.1.3. Overall loss functions

By combining LRLN in Equation (3) and LRRN in Equa-

tion (8), the overall loss functions for our TIRe Network be-

comes:

L = LRLN + LRRN . (9)

3.2. Implementation and training details

We have implemented our model using PyTorch. The com-

plete training process of our network can be divided into two

stages: 1) We train the reflection localization network and text

prior network to convergence; 2) We then fix the text prior

network and combine them with the reflection removal net-

work, and the entire network is fine-tuned again, which grants

more opportunities for these functional parts to cooperate ac-

cordingly. The learning rate for the whole network training is

set to 5 × 10−5 for the first 40 epochs and then decreases to

5× 10−6.

3.3. Training dataset

Due to the data-driven nature of learning procedure, as is

pointed out by previous works [4, 18], the building of a

proper training dataset is of great significance to the reflec-

tion removal problem. To guarantee the diversity and training

quantity of text images, we build a background text image

collection integrating the existing in-the-wild IIIT 5K-word

dataset [19] with 10K synthesized text images, as is shown

in Figure 4. Specially, the synthesized images are generated

by our own with sequences randomly selected from dictio-

nary of commonly used words, blended into arbitrary back-

ground scenes cropped from the COCO dataset [20] with ran-

dom skews. Following the synthesis procedure in [4], we cap-

ture 300 images with real-world reflections and acquire their

corresponding regional masks with a threshold scheme. Then

we obtain the final training dataset of 10k images by adding

the reflection images to the background text images with var-

ious parameters, (example images from the training dataset

are shown in Figure 4). As for the real data in testing, we cap-

ture 200 images containing text in complex real-world sce-

narios, where the corresponding reference images are not per-

fectly aligned. Then the testing dataset for both visual quality

comparison and recognition experiment is built by integrating

such real samples and synthetic samples with equal quantity.

4. EXPERIMENTS

We first compare the visual quality of our method and state-

of-the-art reflection removal approaches, e.g., WS16 [2],

NR17 [8], CEILNet [3], and ZR18 [10]. Then, another ex-

periment on the text recognition accuracy is conducted to in-

vestigate whether our proposed method can contribute to the

high-level machine vision tasks. At last, we conduct an abla-

tion study to verify the effectiveness of the reflection localiza-

tion and text consistency loss in our network.

Visual quality comparison. We first show the examples of

reflection-free text images recovered by our method and other

four methods on real-world testing data in Figure 5, to com-

pare their performance in terms of visual quality. As shown

in Figure 5, the non-learning based methods WS16 [2] and

NR17 [8] cannot effectively remove the reflection in images,

with WS16 even further degrading the image sometimes (e.g.,

the reflection region in the second row). The state-of-art data-

driven method ZR18 [10] handles the reflections better but

still cannot realize complete removal, and the CEILNet [3]

also introduces artifacts into the text images, particularly, the

deformed shape of letters caused by over smoothing and dis-

tortions (e.g., the letter “m” in the fourth row). Only our

method can better handle the regional reflections (e.g., the

first row) and recover text content with higher sharpness and

contrast (e.g., the last row).

Quantitative comparison. Since we mainly consider the im-

age captured in real-world scenario and aim at removing re-

flections specifically to make texts in images more recog-

nizable, the classical pixel-wise quantitative evaluation met-

rics for image quality (e.g., PSNR and SSIM) are not suit-

able to comprehensively evaluate the performance of our text-

preserving reflection removal. Thus, we adopt the text recog-

nition accuracy of the estimated results to better investigate

whether our method can improve the performance of high

level text recognition tasks. As shown in Figure 6, for the
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Fig. 5. Examples of reflection removal results on the evaluation dataset, compared with CEILNet [3], ZR18 [10], NR17 [8], and

WS16 [2]. More results can be found in the supplementary materials.

Fig. 6. Images processed by our method with corresponding

text recognition results underneath, compared with original

text image with reflection, CEILNet [3] , and ZR18 [10].

word “REGENCY” in the second row, other methods cannot

clearly recover the reflection covered letters “REG”, which

are mistaken for “FIN” or “ROM” in recognition, while our

method can make more letters correctly recognized after re-

flection removal.

Table 1 shows the numerical result of text recognition by

pre-trained CRNN [17] with no lexicon on our testing dataset,

and the accuracy is calculated on word level rather than let-

ter level. We can observe that the regional strong reflections

cause great performance drop compared to the 78.2% accu-

racy on reflection-free IIIT-5k text image dataset. Then, our

method also obtains a remarkable accuracy gain of 11.8%

compared to the original inputs, higher than other general re-

flection removal methods, which can also be inferred from

Figure 6. This gain in text recognition verifies that our method

can better recover the reflection contaminated text images on

the whole.

Table 1. The accuracy of text recognition on text images with

reflection (TIR), reflection-removed images by the method of

CEILNet [3], ZR18 [10] and ours.

TIR CEILNet [3] ZR18 [10] Ours

Accuracy 0.463 0.535 0.485 0.581

Table 2. The accuracy of text recognition on full model of

TIRe Network, the model without reflection localization and

model without text consistency loss.

W/o local. W/o text consist. Full model

Accuracy 0.556 0.494 0.581

Ablation study. To validate the effectiveness of our proposed

regional reflection localization scheme and text-specific

feature-level consistency loss, we also implement ablation ex-

periment on models without those functional modules. The

quantitative results on recovered text recognition are shown in

Table 2, the text consistency constraint shows more contribu-

tion than reflection localization in the improvement of recog-

nition. Cases of estimated reflection-free images are shown in

Figure 7, where we can tell that our specific designs enhance

the performance of reflection removal.

5. CONCLUSIONS

We present a stacked framework to specifically solve the text

image reflection removal problem. Different from existing

methods which regards the mixture image as a whole, our

framework can better handle the regional reflections by in-
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Fig. 7. Examples of reflection removal results by our full

model compared with models without reflection localization

or textual constraint.

Fig. 8. An example of challenging cases, where the color of

text resembles the reflection color.

tegrating the reflection location into our framework. On the

other hand, due to the embedding of the specific text priors,

our framework can better keep the consistency of the text con-

tents. Verified using the newly collected dataset of text images

with reflections, our framework achieves better performances

than existing methods for both reflection-free image recovery

and text recognition.

Limitations. There still exist several extreme cases where our

method achieved limited success in text recovery. Figure 8

illustrates a challenging example where characters with color

hard to distinguish from the reflection. Our future work will

attempt to deal with such cases and we also plan to extend to

other types of scenes besides the text images.
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