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Abstract: Face recognition has been rapidly developed and widely used. However, there is still considerable uncertainty in the computational intelligence based on human-centric visual understanding. Emerging challenges for face recognition are resulted from information loss. This study aims to tackle these challenges with a broad learning system (BLS). We integrated two models, IR3C with BLS and IR3C with a triplet loss, to control the learning process. In our experiments, we used different strategies to generate more challenging datasets and analyzed the competitiveness, sensitivity, and practicability of the proposed two models. In the model of IR3C with BLS, the recognition rates for the four challenging strategies are all 100%. In the model of IR3C with a triplet loss, the recognition rates are 94.61%, 94.61%, 96.95%, 96.23%, respectively. The experiment results indicate that the proposed two models can achieve a good performance in tackling the considered information loss challenges from face recognition.
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1  Introduction

Computational intelligence in face recognition based on visible images has been rapidly developed and widely used in many practical scenarios, such as security [1–9], finance [10–19], and health care service [20–29]. However, limited by lighting conditions [30–33], facial expression [34,35], pose [36,37], occlusion [38,39], and other confounding factors [40], some valuable information are easily to be lost. Dealing with information loss is an emerging challenge for face recognition, which is few addressed in the previous studies. It is emergent to find a method for generating new datasets for tackling this challenge. Multi-sensor information fusion [41–50] analyzes and processes the multi-source information collected by sensors and combines them. The combination of multi-source information can be automatically or semi-automatically carried out [51–54]. In the fusion process of faces images, some valuable information for face recognition is possibly lost and in turn, can generate a more challenging dataset for us.

There are three main categories of sensor fusion-complementary, competitive, and co-operative [55]. These categories make multi-sensor information fusion more reliable and informative [56,57]. Such fusion has been widely used in the field of transportation [58–67], materials science [68–77], automation control systems [78,79], medicine [80–85], and agriculture [86–95]. The fusion strategy aims to create images with almost negligible distortion by maintaining the quality of the image in all aspects when compared with the original or source images [96,97]. Through the fusion of different types of images obtained in the same environment, the redundancy information can improve the reliability and fault tolerance of the data [98,99]. Visible sensors capture the reflected light from the surface of objects to create visible images [100–103], while infrared sensors obtain thermal images [104]. There are already many studies on the fusion of visible and thermal images [105–118] and such fusion has been integrated with face recognition [119–121]. Thermal images have some problems such as low contrast [122,123], blurred edge [124,125], temperature-sensitive [126–128], glass rejection [129–132], and little texture details [133,134]. The fusion of visible and thermal faces images will blur or hide some valuable information and therefore, can be employed to generate a challenging dataset for face recognition.

The objectives of this study are 1) to utilize information fusion technologies and generate more challenging datasets for face recognition and 2) to propose two models to tackle the challenge. Organization of the whole paper is as follows. In Section 2, we will introduce four fusion strategies (maximum-value fusion, minimum-value fusion, weighted-average fusion, PCA fusion) and complete the modelling approach. In Section 3, the proposed models will be performed on the fused challenging datasets and the model sensitivity will be evaluated by a cross validation with changes in the weights. Competitiveness and practicability of the two models are also discussed at the end the paper.

2  The Modelling Approach

2.1 Problem Formulation

In this experiment, we used the TDIRE dataset and the TDRGBE dataset of the Tufts Face database, which respectively contains 557 thermal images and 557 visible images for 112 persons [135]. The 1st person has 3 images, the 31st person has 4 images, while each of other persons has 5 thermal images in the TDIRE dataset. Each person has the same number of visible images in the TDRGBE dataset and thermal images in the TDIRE dataset. First, we conducted face cutting on the total of 1114 images with CascadeClassifier from Opencv. Then we combined thermal and visible images of each person in the dataset to form a challenging dataset, which includes 557 fused images. Finally, we used the TDRGBE dataset as the training set and the fused dataset as the testing set to treat the problem considered in this study.

During the process of image fusion, we employ four different strategies to form a gradient of difficulty:

1)   Select maximum value in fusion. The fused image is obtained by selecting the maximum value of each pixel from the corresponding position in each pair of thermal and visible images, as follows:

F(i,j)=∑i = 0m∑j = 0nmax(A(i,j),B(i,j))(1)
where A(i,j) is the thermal image and B(i,j) is the corresponding visible image.
This strategy selects the maximum value of pixels to enhance the gray value of the fused image. It enables the fused image to prefer the information from the pixel at high exposure and high temperature. So, lots of valuable information will lose after fusion and render face a challenge for face recognition.

2)   Select minimum value in fusion. This is a contrary strategy with respect to 1). The strategy selects the minimum value of pixels to decrease the gray value of the fused image. It may lose lots of valuable information. In our experiment, it enables the fused image to prefer the information from the pixel, which is at low exposure and low temperature.

3)   Utilize a weighted average in fusion. The fused image is obtained by calculating the weighted value of each pair of input images at the corresponding position with an added fixed scalar γ, as follows:

F(i,j)=∑i=0m⁡∑j=0n⁡W1∗A(i,j)+W2B(i,j)W1+W2+γ(2)
where A(i,j) is the thermal image and B(i,j) is the corresponding visible image. W1 and W2 are the weights allocated to A(i,j) and B(i,j), respectively. γ is a fixed scalar. In our experiment, we specified the W1, W2 and gamma equal to 0.5, 0.5 and 10 accordingly.
This strategy changes the signal-to-noise ratio of the fused image and weakens the images’ contrast. Some valuable signals appearing in only one of the pair images will lose, which forms a challenge.

4)   Utilize the PCA (Principal Component Analysis) algorithm as a strategy in fusion by swapping the first component of the visible image with that of the corresponding thermal image, as follows:

F(i,j)={P1(i,0),j=1P2(i,j),j≠1(3)
where P1(I,0) is the first component of thermal image and P2(I,j) is the corresponding visible image without the first component.
The strategy reduces the image resolution and some information on spectral characteristics of the first principal component in the original images will be lost. This also forms a challenge.

2.2 IR3C with a Triplet Loss

Compared to general performance metrics, IR3C [136] is much more effective and efficient in dealing with face occlusion, corruption, illumination, and expression changes, etc. The algorithm could robustly identify the outliers and reduce their effects on the coding process by assigning adaptively and iteratively the weights to the pixels according to their coding residuals.

Details for computing the residual value and update the weights are summarized in Fig. 1.
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Figure 1: Description of IR3C algorithm. W(t) is the estimated diagonal matrix. δ is the parameter of demarcation point and μ controls the decreasing rate of weight from 0 to 1, we initialized δ as 0.6 and μ as 8. Then they will be estimated in each iteration

We improve the IR3C algorithm with a triplet loss [137] to tackle the above challenges, as shown in Fig. 2.
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Figure 2: Triplet loss on a pair of positive face and one negative face (in the purple dotted rectangle), along with the mechanism to minimize the loss (in the green dotted rectangle)

As shown in Fig. 2, the strategy of triplet loss is minimizing the loss among similar images (anchor images and positive images) and maximizing the loss among dissimilar images in Euclidean space. Margin is a threshold parameter to measure the distance between similar and dissimilar image pairs. In our experiments, we set margin as 0.2.

2.3 IR3C with Broad Learning System

Broad Learning System (BLS) was proposed by C. L. Philip Chen to overcome the shortcomings of learning in deep structure [138]. BLS shows excellent performance in classification accuracy. Compared to deep structure neural network, BLS learns faster. Therefore, we improve the IR3C algorithm with Broad Learning System to tackle the above challenges, as shown in Fig. 3.
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Figure 3: Broad Learning System with increment of input data (images after IR3C encoding), enhancement nodes, and mapped nodes. Here, Am,n means the original network contains n groups of feature nodes and m groups of enhancement nodes

3  Experiments and Discussion

3.1 Model Performance of IR3C with BLS

We employed four fusion methods to challenge our models. In each fusion method, we will display 36 results and divided them into three groups. In each group, the first column is thermal images, the second column is visible images, the third column is fusion results of the previous two columns, and the fourth column are correctly recognized images with green borders to distinguish them from the other columns.

Fig. 4 shows the experimental results of Select Maximum value, where “CORRECT IMAGE” means the image which is successfully recognized in our model. In this fusion method, the pixel with the most immense gray value in the original image is simply selected as the pixel of the fusion image, and the gray intensity of the fused pixel is enhanced.
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Figure 4: The experimental results of Select Maximum value

From Fig. 4, we could find that the fusion images have less texture information. Selecting maximum value reduces the contrast of the whole image heavily. The recognition rate of this method is 100%. Compared with pure IR3C in [119], where the recognition rate (93.35%) is lower than ours. It shows that our model can tackle the challenge of information loss.

Fig. 5 shows the experimental results of select minimum value, where “CORRECT IMAGE” means the image which is successfully recognized in our model. In this fusion method, the pixel with the smallest gray value in the original image is selected as the pixel of the fusion image, and the gray intensity of the fused pixel is attenuated.

[image: images]

Figure 5: The experimental results of select minimum value

From Fig. 5, we could find that the fusion images have less texture information. Selecting minimum value reduces the contrast of the whole image. Due to image alignment and clipping, some valuable information is hidden. The recognition rate of our method is 100%, performing better than pure IR3C in [119], where the recognition rate of their experiment is 58.056%.

Figs. 6 and 7 show the experimental results of Weighted Average and PCA, respectively, where “CORRECT IMAGE” means the image which is successfully recognized in our model.
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Figure 6: The experimental results of weighted average
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Figure 7: The experimental results of PCA

The Weighted Average algorithm distributes the pixel values at the corresponding positions of the two images according to a certain weight and adds a constant to get the fused image. In the experiment, we set the weight to 0.5 and the scalar to 10. It is easy to implement and improves the signal-to-noise ratio of fused images. From Fig. 6, we found that the fusion images have more texture information from thermal and visible images than the former two methods. It is clear that the weighted average preserves the information of the original images effectively. However, some valuable information has still been weakened in this method. The recognition rate of this method is 100%, which is competitive with the recognition rate of pure IR3C (99.488%) in [119]. From Fig. 7, we could find that the fusion images keep the vital information from thermal and visible images compared with the select maximum and minimum value. It is clear that PCA preserves the information of the original images effectively. Nevertheless, lots of details have been weakened in this method. The recognition rate of this method is 100%, which is competitive with the recognition rate of pure IR3C (98.721%) in [119]. All the results in Figs. 4–7 shown that our model has a good performance in dealing with information loss.

3.2 Model Performance of IR3C with a Triplet Loss

We challenged our model with the same four fusion approaches as in Section 3.1.

Fig. 8 shows the experimental results of Select Maximum value, where “CORRECT IMAGE” means the image which is successfully recognized in our model.
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Figure 8: The experimental results of select maximum value

From Fig. 8, we could find that the thermal images have less information than visible images. In the fusion process, the value of pixels in thermal image are larger than that in visible image. Hence the fusion images have lost abundance texture information. The recognition rate of this method is 94.61%. Compared with pure IR3C in [119], where the recognition rate (93.35%) is lower than ours. It shows that our model has preponderance in overcoming the challenge of information loss.

Fig. 9 shows the experimental results of select minimum value, where “CORRECT IMAGE” means the image which is successfully recognized in our model.
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Figure 9: The experimental results of select minimum value

From Fig. 9, we could find that the fusion images have lost some texture information. Selecting minimum value reduces the contrast of the whole image heavily. The recognition rate of our method is 94.61%, performing better than pure IR3C in [119], where the recognition rate of their experiment is 58.056%. It indicates that our model has improved the recognition rate greatly by solving the information loss.

Figs. 10 and 11 show the experimental results of Weighted Average and PCA, respectively, where “CORRECT IMAGE” means the image which is successfully recognized in our model.
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Figure 10: The experimental results of weighted average
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Figure 11: The experimental results of PCA

From Fig. 10, we found that the fusion images have contained more texture information from thermal and visible images than the former two methods. However, some valuable information has still been weakened in this method. The recognition rate of this method is 96.95%, which is lower than the recognition rate of pure IR3C (99.488%) in [119]. From Fig. 11, we could find that although the fusion images have maintained the primary information from thermal and visible images compared with the select maximum and minimum value, it still loses some valid information. The recognition rate of this method is 96.23%, which is lower than the recognition rate of pure IR3C (98.721%) in [119].

Despite the less competitive recognition rate of weighted average and PCA, we think the results are receivable. Compared with our previous work in [119], we adopted more images, 557 thermal images and 557 visible images are used in present work. All the results in Figs. 8–11 shown that our model has a good performance in dealing with information loss.

3.3 Analyses of the Sensitivity

The recognition rates of the above four fusion techniques are shown in Table 1. In order to validate the sensitivity of parameters, we also conducted further experiments on our model. We change the iterations of IR3C, triplet loss, and BLS, from 5 to 50 (interval value is 5). After that, we got 10 points in each model and draw the curve graphs in Fig. 12. The recognition rates of variant iterations are shown in Fig. 12, where we changed the iterations.
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Figure 12: Recognition rates of variant iterations

From Table 1 and Fig. 12, we found that PCA and weighted average maintain more valuable information than the other two methods. It is reasonable that PCA and weighted average contain the information from both thermal and visible images. Besides, although the four fusion methods posed challenges to our model, it still performed well. It shows that our model has good robustness for different fusion strategy. We also found that IR3C with BLS and IR3C with triplet loss can achieve high recognition rates in several iterations. Afterwards, the recognition rates maintain in high rates with relative stability.

Fig. 12 shows that IR3C has a preponderance in robustness. However, when facing the challenge of information loss, the recognition rate of pure IR3C is not satisfying. After we developed IR3C as IR3C with Broad Learning System in [138] and IR3C with triplet loss, the recognition rates improved greatly. From the curves in Fig. 12, we found that IR3C with BLS and IR3C with triplet loss can achieve high recognition rates in several iterations. Afterwards, the recognition rates maintain in high rates with relative stability.

3.4 Competitiveness and Practicability

Most previous studies focused the advantages of image fusion to overcome the shortcoming of a single image and face recognition was majorly based on visible images. Since capturing visible images requires external light, the environment’s illumination may dramatically affect the accuracy of face recognition [139,140]. Thermal images, particularly in the Long-Wave InfraRed (LWIR, 7 μm–14 μm) and Mid-Wave InfraRed (MWIR, 3 μm–5 μm) bands, are utilized to address limitations of the visible spectrum in low-light applications, which capture discriminative information from body heat signatures effectively [141–143]. A subsequent challenge is that some valuable information for face recognition is possible to be lost in the fusion process of visible and thermal images. Such fusion is utilized in this study to generate a challenging dataset for face recognition and we proposed IR3C with triplet loss to tackle the challenge in improving the recognition rate of an image in the case of information loss.

Differing from the previous studies, we used relative rough fusion methods (select maximum value in fusion, select minimum value in fusion, utilize a weighted average in fusion, utilize the PCA in fusion) to challenge the two models for face recognition. The corresponding recognition rates of IR3C with BLS are respectively 100%, 100%, 100%, 100%. The corresponding recognition rates of IR3C with a triplet loss are respectively 94.61%, 94.61%, 96.95%, 96.23%. Alternatively, the false alarm rates are 5.39%, 5.39%, 3.05%, 3.77%. It means the PCA fusion and the weighted average fusion maintain more valuable information than the other two methods. This is reasonable. PCA and weighted average contain the information from both thermal and visible images. Selecting the maximum or minimum value in fusion only chooses information of each pixel from one image, which leads to more information loss.

This research is also a continuous work of Wang et al. [119], where we used 391 thermal images and 391 visible images from Tufts Face databases. All the fusion strategies are included in [119], among which three recognition rates after weighted-average fusion, PCA fusion, maximum-value, and minimum-value fusion are 99.48%, 98.721%, 93.35%, and 58.056%, respectively. Benefitting from the BLS, recognition rates after these four strategies have been improved as 100%, 100%, 100%, and 100%, respectively. However, in the model of IR3C with a triplet loss, the recognition rates of the presented model after weighted-average fusion and PCA fusion are 96.95% and 96.23%, lower than the previous IR3C model, where the recognition rates are 99.48% and 98.721%. We think it is acceptable we used 571 thermal images and 571 visible images from the datasets. We found that these unrecognized images did not align well, and much valuable information was hidden. Some important information was not selected. It shows that lots of information are lost during the fusion process.

We not only developed IR3C as IR3C with BLS and IR3C with a triplet loss, but also analyzed the sensitivity of the model in further experiments. We altered the iterations of IR3C, IR3C with BLS, and IR3C with a triplet loss. Analyzing the curves of recognition rates, we found that our proposed models can tackle the information loss challenge steadily and reach high accuracy after several iterations.

The model can be further improved in the subsequent studies. During the experiments, we met some difficulties. Selecting hard triplets frequently often makes the training unstable, and mining hard triplets are time-consuming. In fact, it is hard to select. We suggest choosing mid-hard triplets in subsequent studies. IR3C has less requirement on the sharpness of an image. It can be applied to cheap devices with low-resolution. Besides, it performs well in face occlusion, corruption, lighting, and expression changes. We can use it to recognize a face obscured by a mask or in a dusky environment. With the help of BLS, we can train the model quickly. This presented a good basis and so we suggest to further improve the subsequent studies.

Various factors affect visible light face recognition rates, such as expression changes, occlusions, pose variations, and lighting [144–148]. Since the Tuft dataset we used in the experiment was collected under good lighting conditions, face pictures under low light conditions were not used in the fusion. Therefore, visible images contain more information than thermal images in this dataset. Previous studies have shown that fusion images can be applied to mask face recognition and low light [148]. It shows that image fusion based on thermal and visible images can significantly improve face recognition efficiency. In the next work, we will try to reduce the influence of secondary factors in the experiment. We will use more images from different environments for further research, such as occlusions, low light intensity. Through these subsequent environments, we hope to further explore the robustness of our model. We further analyzed the fusion images with wrong recognized results and found that the CascadeClassifier used to align the face region of different images was not perfect. This also resulted in distinct facial contours of the fused images, which means facial features were changed. Therefore, we will improve the method of image alignment and the fusion strategies in the subsequent studies.

4  Conclusion

In this paper, we propose two models, IR3C with a triplet loss and IR3C with BLS as a model to tackle the information loss challenge in face recognition. To generate a challenging dataset, we use four methods to fuse the images. In the model of IR3C with BLS, the recognition rates after the treatment with four fusion methods are respectively 100%, 100%, 100%, and 100%. In the model of IR3C with a triplet loss, the recognition rates after the treatment with four fusion methods are respectively 94.61%, 94.61%, 96.95%, 96.23%. Besides, we conducted sensitivity experiments on our two models by constantly changing the iterations of IR3C, BLS, and triplet loss. Experiment results show that our two models, the IR3C with BLS and IR3C with a triplet loss, can achieve good performance in tackling the considered challenge in face recognition. Nevertheless, the Tufts database was obtained under fine lighting conditions without corruption, making visible images contain more information than thermal images in the experiment. Further researches in more complicated environments and conditions are still necessary. This should be a next research priority.

Data Availability: All the data utilized to support the theory and models of the present study are available from the corresponding authors upon request.
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Table 1: Recognition rates of each fusion technique

Strategy in fusion Total IR*Caccuracy IR*C with a triplet loss IR*C with BLS
accuracy accuracy

Select maximum value 557 66.25% 94.61% 100%

Select minimum value 557 81.69% 94.61% 100%

Weighted average 557 86.18% 96.95% 100%

PCA 557 91.92% 96.23% 100%






OEBPS/Images/CMES_20517-fig-8.png
Group 3

Group 2

Group 1

A B> QAO@O

OO0 xXmwO —=>2<<Ouw

CECEEEERT T

LDODwn—02Z — =2 <<Uwuw

BB D D DD @D D D

> =0 —m aw - > <O uw

B eI -1

FTwoe>S << 4 — > << U w

Hﬂﬂﬂﬂnnﬂﬂﬂﬂﬂ

OO0 xromcwO - —=>< O w

LDODwnw-—02Z —=><<0UOw

PO OO OOORRDDD

> -0 — M 4w — > <O w

COCOOOCOOO0®

FTwoe S < d —=2<<0Ow

ccooeccse0es

OO0 xXxmuwO k- —=><<Uw

seeoescveass

LDODwnw—0=Z — =<0 w

DDDD D DO DO






OEBPS/Images/CMES_20517-fig-6.png
Group 3

Group 2

Group 1

3B PIOOO DD B > >

O0xoewoO k- —2>2<< O uw

POOIODDD Y P

wLOwn-—02Z —=2<<0U0wuw

P PO D DD D DD D

> =0 —m Jw — > << U w

s oF OF SEYSR - B 2 R B K- K- By

FITwoe>S << 4 — > <O w

BOBICE D6 e e

OO0 @xXxocwo —2<<Ouw

DHDUSS @D

LDODwn—02Z — =<0 w

@GaOdoeeew

> — 0 —0mn dw — > << U w

GOGOOGOMOOE

FTwoe S < d — =<0 w

€ €€ 4o oo oy

OO0 xomcuwOoOh+ —=><<UOw

€ € € ¢ © © & o el ef € o)






OEBPS/Images/cmes-logo.png





OEBPS/Images/CMES_20517-fig-12.png
rate %

rate %

IR3C + Tripletloss
IR3C + BLS
IR3C

Max Value

100 A

80 1

f-\___/ﬁ—

0 20 30 4 50
iteration

Weighted Average

100

80 4

e

7

0 20 30 4 50
iteration

rate %

rate %

Min Value

100 -

m.

——

0 20 30 40 50
iteration

PCA

100 1

0 20 30 40 50
iteration






OEBPS/Images/CMES_20517-fig-2.png
- S,

¢ N
' Input
[} i i I
i X image matrix
: anchor after IR’C encoding:
. E {
: Xnegative 2 . {
I . H I
I . . I
] . - ]
" : : Xpositive
) J T — ;— ——————————— .@ ———————————— T - ——— - -
pmTEEEEEEEE B 2 B 2 | Aniii ~a

weights weights

(4
e

A e e e . . — — — — — — — —, ———————_ L . 7
@ Calculate £
,f S U U U U U U U U U U U U U U U U U U U U U U U UV U U G G G ———— ~.\
' 2 \‘
: d(a, p) = |Ifo (xanchor) = Jio (xpositive)l | I
I ]
' d(a,n) = [|fe (Xanchor) — fo (xnegative) I i
: i
I @ ]
[} ]
' :
i [ L = max(d(a,p) — d(a,n) + margin, 0) ] !
\\ ,,
W o o e S D . G D IS SED I GE GED GED GED GED GED GHD GHD GEN GNP GHD GHD GHD GED GHD GED GHD GED GND GED GHD GO GED GND GHD GED GND GENN GND G -
e e e e e e e e e e e e e e =
i/ Output Y
[}
l i
I I
I I
: I
]
: Xpositive :
1 I
\ Xnegative ,'






OEBPS/Images/logo.png





OEBPS/Images/CMES_20517-fig-10.png
Group 3

Group 2

Group 1

BB B DD D SOOI B

O0@XmuwO —><<Ouw

BB BP0 D D DD ¢

et

FTwoe>S << 4 — > << U w

vooveeelRnan

OO0 xXxmewOoO k- - > << 0w

L

wDn—0zZ . —S<q<0uw
PO OO

> =0 — 0 4w — > <O w

QQQQ"'@..'

FTwoe S <4 — =<0 w

DOOAOCOOINOOOD

OO0 xXxmuwOoO k- — > << 0w

' & @...%A% §)






OEBPS/Images/CMES_20517-fig-4.png
Group 3

Group 2

Group 1

PP IOOOD B OB

OO0 xXmuwO —=>2<<Ouw

PRSI OOOD PP

PP PO D DD D DD D

SR B SR - 4 - A- A% & K- k- Ky

FITwoe>S << 4 — > << U w

PODNeSacCeed

OO0 wO —=><< O w

£ €l @0 (@D €0 €0 4d 67 81 8 €

LDODwnw—02Z — = <<OUw

@Gadgoeeee

> =0 —0m aw — > <0 w

GOoGOeeMOeae

FTwoe>S << — > <0 w

€€ €4 oo

OO0xXxocwOoO - —=><<Ow

CCEY SIS E






OEBPS/Images/CMES_20517-fig-7.png
Group 3

Group 2

Group 1

OBk 5 © O

OO0 @xXxmuwO

EDEFE O O

SRR

— =200 uw

OB R ORI

DD D

> -0 —m Jw

FTwoe>S << 4

0 0 €161 6D N @ @5 53

OO0 xXxomewOoO k-

o

D DL-D{D D

—=><<0UOw

—=><<Uw

—=>2<<Ow

i D Di @ @ @ B @D

@

> — 0 —0m Jw

F T woe > <<

@ @0t

OO0 xXxmeuwOoO k-

-

— =<0 uw

e e e

— > <O w

— > << w

¢ )
1 % % & i

— =<0 w

@ @erie L 07 N § SEEEY:

LDODwnw-—-—02Z

mﬂfaa, e ¢ ¢

»






OEBPS/Images/copy.png





OEBPS/Images/CMES_20517-fig-9.png
Group 3

Group 2

COORERERECC T

7 O O OFR ST YRS W O

OO0 xXxomcwOoO -

;.8 % O O Y B D

> -0 —Mmn Jduw

FTwoe>S << 4 — > << U w

oo eeBBBDmG

OO0 xXrmewOoO k- —-—><< O w

VOOV

F T woe > << — > << U w

[l 3]0 00| @ @ @63

Group 1

DDA @ ® D

OO0 xocwOoOhk —=><<Uw

VDDA DD POV ODDD

\|

oD

\ \ \





OEBPS/Images/CMES_20517-fig-11.png
Group 3

Group 2

Group 1

% A BRI oW v D D O

% B A e e e 1D DI

wdD®n-—0Z —><0uw
BB DY D D D
>—0-—mJuw — =2 <<Uuw
EE B ] - -1l

T woe S << — =<0 w

5 @ DB D D D

OO0 xocwOQ - —S <O w

5 OB @t €O E e e

FUS.lON |MAGF_
PO OO
> =0 —0m Jw — > <O w

COCOLOOOOB®

FTwo S << —><< 0w
" RNl . o S
DID @O | DD
ety

e LS

C3

& A.-..\._,ﬁ.,i....,m_ S E G

D) &D

Qo

\






OEBPS/Images/CMES_20517-fig-5.png
Group 3

Group 2

Group 1

B D DD O D DD D D DI

OO0 xocwOoO -

— 20w

B B D D DD DD D D DD

wLDOwnw—02Z

DD DD D

— =2 <<Uwuw

> -0 —m o w

O 'DDD D

— 2 <O wuw

ESESE SR R B - Ry

FTwoe>S<Cd

0 © 0o

OO0 xXxomcuwoO -

— =<0 w

Lot

—=2<<0uw

DDA OODOS

F T woe > <4

ORI

OO0 wOoOk-

w

8.8 ...A:, OBl SO

— =<0 w

6 o

—=>< 0w
& & o,um






OEBPS/Images/CMES_20517-fig-1.png
o T - - - - -y,

o WD WD NN WS N WS NN WS WES NS WS NN WS NGNS WEN GNS WS SN WS SN SN SN OGNS NS SN SN NN SN NGNS WSS SN WS SN OGNS NS OGNS SN OGNS SN SN SN NS SN NS OGNS WSS SN SN SN WS W Wy

4

Input |
1
1
query image datasets Y (1,2 .- ¥n ) training image datasets D = [r}, 15 .1 |
with corresponding labels 1,1 ...1, with corresponding labels Ly, L; ...L, :
1
1
!
A e - o 1 o 1 1 5 7 2 5 2 2 2 S 2 S T 2 2 2 2 2 2 S S 2 2 2 o 2 2 S 2 2 2 2 T 2 T -’
," -------------------------------------------------- -\\
) normalized Y with unit L-norm i
I
| normalized D with unit l,-norm !
1
! initial ol as [2;2;..;2] :
| ]
N e e e e e e e e e e R4
Calculate residual e®, a'®
( start from t=1)
/”’ N\\\
’ \
! \
" e(t) =y- Da(t) “
: wp (e(t)) L 1 +1 :
I i )2 B I
: exp (e M !
1 1
i H i
I 1
: = i
1
i =0 e) :
: 8 = Contijiue until
: po(®)) = Aley|” + b, (B = 2 or 1, initial A = 0.0001) s 0.05
i w 0.
1 1
1 ﬂ/ 1
1 1
i ( ) i
O
1 LTI 1
1 1
i @ i
1 1
I 1
i +1) _ :
.‘ weso—woy, ,
\ WeT, }
y;
\ J
\\~~ _______________________ —‘II
4 Output }
: utpu !
1
1
: IR3C encoding images i
i i
\ )





