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The reconstruction of the color object hidden behind the scattering medium is very important because the human 

eye is much more sensitive to color than grayscale. Traditional methods are still difficult to reconstruct an accurate 

image of the hidden target from one single speckle image. In this paper, a single-shot color object reconstruction 

technique is proposed by designing a Color Anti-scattering Convolutional Neural Network (CASNet), which is 

trained to output the color and structure of the hidden color target from the input of a single speckle image. 

The proposed technique enables us to reconstruct the target with accurate color and structure from a broadband 

speckle image, and the average PSNR of recovered targets with complex structure is higher than 24dB. Efficiency 

and accurateness are verified through experiments. 
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. Introduction 

The image recovery of object hidden behind scattering media is im-

ortant for biomedicine, degraded environment imaging and astronomi-

al imaging [1] , etc. Traditional methods recover the object from several

multi-shot) speckle images or a single (i.e., single-shot) speckle image

2–11] . The multiple-shot can recover the accurate object whose cor-

esponding speckle images are in a broadband spectrum [11,12] , but

t is not suitable for dynamic scattering media due to its time consum-

ng. The single-shot can be used for dynamic scattering media due to its

igh data acquisition speed, but it can only recover the accurate object

hose corresponding speckle image is in a narrow spectrum (i.e., less

han 20 nm ) [2,3] . Therefore, an additional reference source has been

sed for single-shot grayscale object recovery using a broadband speckle

mage [8] . 

As we know, the contrast of speckle images is inverse-proportional to

he spectrum bandwidth of the light signal, and a low-contrast speckle

mage reduces the recovery accuracy [2,3] . However, the low-contrast

peckle image is inevitable for color object recovery, because the spec-

rum of color object is in a wide range (i.e., ranges from 380 nm to

80 nm ). To alleviate the influence of the low speckle contrast, tradi-

ional single-shot color object recovery methods are assisted with the

eedback signal, system property or additional hardware [13–17] . The

eedback signal-assisted method requires a reference source in each

easurement [13] , which is inconvenience in real application. The sys-

em property-assisted method requires an absolutely stable optical sys-

em [12,14–16] , which cannot be used for dynamic scattering media.
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he hardware-assisted method requires additional prism and coding

emplate [17] , which has a limited field of view (FOV) due to the con-

traint of the optical memory effect (i.e., OME). 

In addition, the recovered targets are relatively simple objects [2–

3] , such as characters, simple graphics, or images with strong structural

onsistency, etc. Traditional physical model-based methods are still dif-

cult to recover complex color objects containing rich structural details,

uch as texture and color varieties. As aforementioned, most traditional

ingle-shot color object recovery methods are inconvenience, inaccurate

r target-limited, because the color object recovery requires to obtain

he structure and spectrum simultaneously. Deep learning-based recov-

ry methods perform better than traditional physical model-based re-

overy in accuracy and efficiency [18–23] , which show great potential

n single-shot color object recovery. 

In this paper, a color anti-scattering convolutional neural network

i.e., CASNet) is constructed, that maps a single low-contrast speckle

mage to the hidden color target. Designed based on the separability

f spectral dimension in the scattering process, CASNet has good target

tructure recovery ability and high computational efficiency. A series of

eal objects in the life scene are recovered with at least twice of the OME

ange, and the average Structural Similarity Index (SSIM) of recovered

mages is larger than 0.86. 

The rest of the paper is organized as follows. Section 2 illustrates the

rinciple of CASNet. Section 3 gives experiments. Section 4 concludes

his paper. 
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Fig. 1. The Color target imaging and recovery process. 
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. Principle 

The schematic diagram of the imaging and recovering through scat-

ering media is illustrated in Fig. 1 . In the imaging process, the cap-

ured speckle image of the target is the composition of sub-speckle im-

ges, which are formed by imaging the original target in different bands

hrough the scattering media. The number of spectral bands is denoted

y N , which equals to 3 (i.e., red, green, and blue) for the color target

maging. In the recovery process, an encoder with three independent

etwork structures are employed to extract features of red, green, and

lue speckle channels, because multi-channel speckle images are phys-

cally separable [16,17] . A subsequent decoder is used to fuse the ex-

racted higher-level features and restore the structure and color of the

riginal target. The theoretical analysis and the neural network design

re detailed as follows. 

A. Theoretical analysis 

On the one hand, speckle images of the objective target outside the

ME range can be regarded as the composition of sub-speckles gen-

rated by sub-targets within the OME range. On the other hand, the

peckle image of each sub-target is composed of speckle images with

ifferent spectral bands. The number of sub-targets is denoted by M ,

nd the resulting speckle image can be expressed as 

 𝑀𝑁 

= 

𝑁 ∑
𝑛 =1 

𝑀 ∑
𝑚 =1 

𝑂 𝑡 𝑚 𝜆𝑛 
∗ 𝑃 𝑆𝐹 𝑡 𝑚 𝜆𝑛 , (1)

here ∗ denotes the convolution operation, 𝜆n represents the n -th spec-

ral band, 𝑂 𝑡 𝑚 
is the intensity of m -th sub-target of the objective target,

nd 𝑃 𝑆𝐹 𝑡 𝑚 𝜆𝑛 is the system PSF of the imaging region of the m -th sub-

arget in n -th spectral band. According to Eq. (1) , both the spatial infor-

ation and the spectral information contribute to the speckle image of

he target, which would lower the contrast of broadband speckle image

2] . Considering the scattering process of the target outside the range of

ME formed by a single spectral band 𝜆1 , the captured speckle image

ecomes [24–26] 

 𝑀1 = 

𝑀 ∑
𝑚 =1 

𝑂 𝑡 𝑚 
∗ 𝑃 𝑆𝐹 𝑡 𝑚 . (2)
onsidering a small target in the OME region and illuminated by a

roadband light source, the captured speckle image is [16,17] 

 1 𝑁 

= 

𝑁 ∑
𝑛 =1 

𝑂 𝜆𝑛 
∗ PS 𝐹 𝜆𝑛 . (3) 

Deep learning has been successfully introduced to recover the hid-

en gray objects beyond OME [18–23] , e.g., recovering 𝑂 𝜆1 
from I M 1 ,

ccording to Eq. (2) . Because Eq. (3) has the same form as Eq. (2) , deep

earning can also recover a small target (i.e., in the OME range) illumi-

ated by a broadband light. The problem of the single-shot color object

ecovery described by Eq. (1) , requires to recover the structure of the

bject beyond the OME range (i.e., the problem described by Eq. (2) )

nd restore the color information with a broadband (i.e., the problem

escribed by Eq. (3) ). Therefore, deep learning provides a feasible way

or the single-shot color object recovery through the following reason-

ble network structure design. 

B. The neural network design 

In order to recover the structure and the color of the target from

 single frame broadband speckle image, CASNet is designed with the

ncoder-Decoder structure, as shown in Fig. 2 . The Encoder is designed

o extract features from the captured speckle image, and the Decoder

s used to recover the hidden target from these extracted features. The

peckle image captured by the camera is selected as the input of CASNet.

he desired color image of the target is selected as the ground truth (i.e.,

T) of CASNet, which is the image in the same scene without scattering

edium. The similarity between the recovered image and the ground-

ruth image is evaluated by a loss function and used to optimize network

arameters. 

Before the feature extraction, we emphasize that most color feature

xtraction methods for non-scattering tasks usually take the three chan-

els as a whole due to the structural correlation among the three chan-

els [27–29] . However, the light signal containing original target infor-

ation is scattered by the scattered medium and becomes a seemingly

isordered speckle image, which greatly weakens the original structural

orrelation between different bands. The spectral bandwidth of all the

hree sub-speckle images is above 100nm, which exceeds the decorrela-

ion bandwidth of the scattering medium, and results in the irrelevance

etween the three sub-speckle images. If the Encoder is only composed

f a single network unit with a single input of the whole speckle image,



E. Guo, Y. Sun and S. Zhu et al. Optics and Lasers in Engineering 136 (2020) 106310 

Fig. 2. The network structure diagram of CASNet. 
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t is difficult to extract accurate features to represent the structure of

he target in different channels due to the irrelevance of the sub-speckle

mages. 

Therefore, the Encoder of CASNet uses three network units indepen-

ently to extract features for the color target recovery. The speckle im-

ge of the color target is divided into three sub-speckle images (i.e., red,

reen, and blue channels). The Encoder is composed of three branches

ith the same structure, which are employed to extract high-level fea-

ures from the three speckle images, respectively. Together with some

onvolutional layers, the Concat layer merges these extracted features

nto one matrix, which is sent into the Decoder to recover the structure-

olor information of the target. Because the red, green and blue channels

f the target, namely GT, are structurally correlated, the Decoder uses

 single-branch structure to fully use the correlation among the three

hannels. The input of CASNet is an 8-bit speckle image with a resolu-

ion of 256 ∗ 256, and the output is a three-channel image with a size of

56 ∗ 256. The depthwise separable convolution is used to improve the

fficiency and promise the accuracy. The dilated convolution is used

o extract features under different sizes of receptive fields. The dropout

trategy is used to avoid over-fitting during training. In the training pro-

ess, mean square error (MSE) is used as the main loss function, and

SIM is employed to guide the direction of network optimization by

onstraining the overall structure of the recovered result. The network

oss function can be expressed as 

𝑜𝑠𝑠 = 𝑀𝑆𝐸 + 𝑤 ∗ (1 − 𝑆 𝑆 𝐼 𝑀 ) , (4)

here w is the weight factor used to balance MSE and SSIM. 

. Experiments 

The experiments use a lens-free optical system as shown in Fig. 3 (a),

hich includes a LED projector (Robot GO M6S, 1280 ∗ 720 DPI), a

round glass (Thorlabs, DG100X100-220, 220 grit), an iris (Thorlabs,

D25SS/M, maximum aperture 25 mm , diameter 8 mm ), and an indus-

rial camera (Basler acA1920-40gc, 1920 ∗ 1200 pixels, 5.86 𝜇m ). The tar-

ets are generated by a computer and then projected by the projector,

hich reach the camera image sensor through the ground glass. The

amera captures the speckle image with a spectral bandwidth of over

00 nm . The size of the speckle is adjusted by the iris behind the ground

lass. The distance between the projector and the ground glass is 100 cm

ccording to the shortest projection distance of the projector, and the
istance between the ground glass and the camera is 10 cm . The spec-

ral curve of the projector is measured by a spectrometer (Ocean Optics

SB2000+), and its spectral bandwidth is shown in Fig. 3 (b). The in-

rared cut-off filter in front of the camera sensor prevents the part of the

rojector’s optical signal from reaching the camera, which has a spec-

rum range of 700 nm -750 nm . In order to make all the scattered signals

each the camera, the cut-off filter of the camera is removed before the

xperiment. The designed CASNet is trained and tested on PyTorch 1.2.0

ith RTX 2080Ti and i7-9700k CPU under ubuntu 16.04. 

The performance of CASNet is evaluated by analyzing the structure

nd the color difference between the recovered image and the ground-

ruth image. The structure difference is described by the Mean Absolute

rror (MAE), SSIM and Peak Signal to Noise Ratio (PSNR). The color

ifference is defined as the average value of CIEDE2000, and can be

alculated by [30,31] 

𝐸 00 = 

√ 

( Δ𝐿 

′

𝑘 𝐿 𝑆 𝐿 

) 2 + ( Δ𝐶 

′

𝑘 𝐶 𝑆 𝐶 

) 2 + ( Δ𝐻 

′

𝑘 𝐻 

𝑆 𝐻 

) 2 + 𝑅 𝑇 ( 
Δ𝐶 

′

𝑘 𝐶 𝑆 𝐶 

)( Δ𝐻 

′

𝑘 𝐻 

𝑆 𝐻 

) , (5)

here ΔL ′ , ΔC ′ and ΔH ′ are respective the lightness difference, the

hroma difference and the hue difference; k L , k C and k H are parame-

er factors that are used for correction coefficients; S L , S C and S H are

he weight parameters that are used to correct the uniformity of color

pace; R T is the rotation term that is used to correct the deflection of the

rincipal axis of the ellipse in the blue region of the color space. 

To demonstrate the designed CASNet, the following experiments in-

lude recovering gray target from a broadband speckle image, simple

olor target of characters, complex color target in real scenes, and color

arget with large different features. 

A. Experiment on grayscale target recovery from a wide spectral

peckle image 

A wide-spectrum gray-double-character dataset (i.e., WGC ) is con-

tructed, where each data pair includes a grayscale target (i.e., the

round truth) and its corresponding broadband speckle image (i.e., the

orresponding input). The ground-truth target is generated by the ran-

om combination of handwritten characters selected from MINIST [32] ,

hich is projected onto the scattering medium by the projector. The re-

ulting broadband speckle image is captured by the camera. Because

he captured image is a single-channel grayscale speckle image, a three-

hannel speckle image is formed as the input of CASNet by copying the

ingle channel to other two channels. The output of CASNet is a single

hannel image by changing the output dimension of the last layer to
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Fig. 3. The structure of the optical system: (a) optical setup; (b) the spectrum of the projector measured by spectrometer (Ocean Optics USB2000+). 

Fig. 4. The recovered results of the untrained gray targets from broadband light signals by CASNet: (a) the gray speckle image with wide spectrum; (b) GT of (a); 

(c) the recovered result from (a). Scale bars: 50 pixels. 

Table 1 

The average MAE, SSIM, PANR and value of CIEDE2000 of the testing 

sets. 

The untrained testing set MAE SSIM PSNR CIEDE2000 

The WGC dataset 1.6893 0.9517 33.9866 ———

The CDC dataset 1.8287 0.9609 25.4485 1.0144 

The CCT dataset 5.6942 0.8654 24.7228 2.7146 
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56 ∗ 256 ∗ 1 according to Fig. 2 . The constructed dataset contains 8000

argets, where 7500 and 500 targets are used for the training and the

esting, respectively. It should be noted that all the testing targets are

ot used in the training. 

The experimental results of the testing set are shown in Fig. 4 . The re-

ulting speckle images have the low contrast due to the broadband light-

ng as shown in Fig. 4 (a), which are used to recover the corresponding

idden targets. The recovered targets shown in Fig. 4 (c) are well con-

istent with the ground-truth targets as shown in Fig. 4 (b). The over-

ll structure and local detail are accurate. The average PSNR and SSIM

f recovered images are respective 33.98dB and 0.9517 as provided in

able 1 . 

B. Experiment on the color characters recovery 

A color-double-character dataset (i.e., CDC ) is constructed, where

ach data pair includes a color target and its corresponding three-

hannel speckle image. The color target is generated by randomly col-

ring two characters selected from MINST [32] , and the corresponding

hree-channel speckle images are captured as the input. Similarly, the

andom 7500 GT-input data pairs are taken as the training set and the

ther 500 groups as the testing set. 

The recovered results of the testing targets are shown in Fig. 5 , where

ig. 5 (a)- 5 (c) are the speckle images, the ground-truths, and the recov-
red results, respectively. Although the contrast of the speckle decreases

ignificantly due to the broadband lighting, both the structure and the

olor of the target are accurately recovered. The average PSNR of the

estored images is 25.4485dB, which is slightly lower than that of the

rayscale target because the recovery of the color target is more com-

lex than that of the grayscale target. The recovered color target only

ontains a small part of discontinuous structure and color deviation for

ome special cases. For example, the upper half of the number 6 in the

ecovered image is structurally discontinuous in the fourth column of

ig. 5 and the partial edge of the number 4 is incorrectly recovered as

lue in the last column in Fig. 5 . 

C. Experiment on the complex color objects recovery 

The commonly used characters, simple graphics and structural sur-

ace are relatively simple scene [2–23] . It is still difficult to recover

idden targets for complex real scenes. A complex color target dataset

i.e., CCT ) is constructed, which contains the target in the ALOI dataset

s the ground-truth [33,34] . These complex targets have more compli-

ated structure and color than the handwritten characters. The corre-

ponding speckle images are constructed as the input. The number of

ata pairs in the training set is increased to 23,649 pairs due to the com-

lex structure. The testing set contains 848 data pairs without training.

t should be noted that the objects in the testing set never appear in

he training set. The experimental results of the testing set are shown in

ig. 6 . Fig. 6 (a) shows the speckle image of the three channels, Fig. 6 (b)

hows the ground-truth, and Fig. 6 (c) shows the recovered image. 

Most structure and color of the target are recovered. Unlike previ-

us experiments with two-character targets, blurred edges appear in the

ecovered results for these complex targets. The blur phenomenon is

ainly caused by the rich details of the targets, the low contrast of the

peckle image, the abundant types of target, and the inconsistent size of

he targets, etc. Compared with the results of the previous two exper-

ments, the average MAE of the recovered images increases to 5.6942,
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Fig. 5. The recovered results of the untrained color targets with two characters: (a) color speckle image, and the images above (a) are the red, green and blue 

channels of the speckle image; (b) GT of (a); (c) the recovered result from (a). Scale bars: 50 pixels. (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.) 

Fig. 6. The recovered results of the testing set of the CCT dataset: (a) color speckle image; (b) GT of (a); (c) the recovered results from(a). Scale bars: 50 pixels. 

Fig. 7. The testing results of the CDC dataset recovered by the model trained with targets of ALOI: (a) GT; (b) the recovered results. Scale bars:50 pixels. 
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hile the average SSIM decreases to 0.8654 and the average value of

IEDE2000 increases from 1.0144 to 2.7146, as shown in the Table 1 .

onsistent with the experimental conclusion in Ref. 23, similar experi-

ental results are obtained by recovering the targets from the speckle

mages, which are collected through four scattering media with the same

ptical properties. 

D. Experimental analysis of network’s requirement for feature sim-

larity and recovery speed 

It should be emphasized that the training set and the testing set are

equired to have consistent features, because deep learning relies on

nown data to learn the relationship between the input and the output.

herefore, it is difficult to recover accurate color target with inconsistent

eatures. For example, CCT trained CASNet is tested on CDC . The testing

esults are shown in Fig. 7 , where Fig. 7 (a) and 7(b) are the ground-

ruths and the recovered results, respectively. 

As shown in Fig. 7 (b), there is a heavy blur of the recovered targets

ue to the large difference in the features of targets between the training

et and the test set. The trained model needs to solve the unknown line-

ike structure from the known mapping relation, which greatly increases
he difficulty of the double-color-characters recovery. For example, the

ine-like structure of the numbers 1 and 6 in the first example in Fig. 7 is

lmost absent from the complex targets in the training set. 

The training set of the CCT dataset is used to test the recovering

peed of CASNet, and the results show that the average Frames Per

econd (FPS) of CASNet is up to 45. The timeliness of CASNet is good

nough to meet the requirements of real-time recovery. 

E. Discussion 

According the experimental results, we have the following discus-

ions. 

(i) CASNet is able to reconstruct hidden targets from a single frame

f broadband speckle image, which has been proved by experiments on

ultiple targets such as gray double characters, color double characters

nd complex targets in ALOI. 

(ii) CASNet can still reconstruct the overall structure and approx-

mate colors with blur edges, even for the complex targets in the ex-

eriment of the CCT dataset. As the complexity of the recovered target

ncreases, the consistency of the structure-color information between

he recovered image and the ground-truth of the hidden target declines.
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(iii) CASNet needs similar feature information of targets in the train-

ng set and testing set to realize recovery due to the dependence of

earning-based methods on data, otherwise it will lead to a significant

ecline in the quality of the recovered images. Meanwhile, it should be

oted that the learning-based approach can still build mapping relation-

hips that are not relevant to the scenario, and the premise is that the

mount of data contained in the training set needs to be sufficient for

he algorithm to learn all the features and details. 

(iv) It should be noted that, the complex target recovered by CASNet

ppears the phenomenon of edge blurring, due to the large amount of

arget details contained in the low-contrast speckle image and the lim-

ted sensitivity of the industrial camera. On the other hand, the variable

arget size and object type further increases the difficulty of accurately

ecovering the target edge. This is also difficult to solve for the existing

raditional algorithms. 

. Conclusion 

In this paper, deep learning is introduced to recover the hidden color

arget, which enables a single-shot complex color object recovery under

rue broadband illumination. This breakthrough, recovering the color

arget with rich details from a single-shot speckle image possible, is an

mportant step to eliminate the interference of the scattering media, and

lso provides an opportunity for imaging through dynamic scattering

edia. 
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