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[ Abstract] Customer feedback refers to the feedback of customers who use a product and then give back a comment about the
product. Feedback analytics services use customer generated feedback data to measure customer experience and improve customer
satisfaction. Feedback data is collected, then, key performance indicators and feedback metrics is turned into actionable information
for website improvement. This paper studies the core technology of feedback analytics services based on facial expression recognition
and eye tracking for Web page browsing. The research has built a website that has a function to recognize human expression. The
accuracy of expression recognition can reach 90%. The research also explores three different deep learning network structures and
tests their accuracy of eye tracking. Instead of the help of high precision and expensive instruments, the research obtains the face
pictures through the front camera of the laptop computer and uses the depth learning method to analyze the eye tracking. The
accuracy of the best network structure among the three can reach 49.60%.
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Fig. 1 Emotion recognition in—depth learning network structure

diagram
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Tab. 1 In—depth learning network test results %
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Fig. 3 Display order of observation points
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Tab. 2 Interpretation of variables in network structure
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Fig. 6 Training results of inputting initial image
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Fig. 7 Training result of inputting processed image
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Fig. 8 The second type of network structure

H &l 9 T LT 48 & 310 I K 48 9 o >R BE Ik 3
49.60% , 3X /™45 5 F AR nTHEXT EL 1) 9 45 25 44 11 i
B 5 15.95% 1 16.16% 10 ELIE 9 Bk 45
SRASCBEAT TN () A7 R 2 AR T 67 2B X
S, AR TR AT 58 2o TR B 2 > TR ) 4R T A5
MR X B 2, AR AR T IS B T4
Wi, R T BT 49 115 TR A5 R s A B 22
KILFIME, BV 1.602 A~ Hf, S8 T A SCRT R T
BEHEA 5XT A-BRANL, 16 AR FH Bk B A AR 18 B 2k

ATE LT, 22 1.602 4~ B R AN SR HAR

0.6
0.5
0.4
0.3

©
Z
5]
~

0.2]

0.1

0 2 4 6 8 10 12 14 16 18

0.50 E== T
0.45 '

<
'S
=)

Accuracy

0.35
7030
0.25
020

B 9 E- MM B EMMIIGER

Fig. 9 Training result of the second type of network structure
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Fig. 11 User feedback collection process

4 HRiIE

ST BN BRI 28 B2 9 FH P PR AR —
AL R T S DI A (B T 4R, A G T
PIBRFFE R EZE A RIR AT

(1) 38T [ N ARG SCHRGEOR) 32 TR K A
el , AR SCHENT T —A ] DASE BT R TR s

(2) TEBAT o B2 AN A R S T AR R B
JEF A AT A HER 1 AR S B (R B 50 T, 3
TR 27 2] SEPLER Rk 49.60% [ALZRIB 15

BE AN, TR SRR AR 23 B B R 34 22
P2 RG2S . Horb 1 R ) B R
RO GRS TR Z AR A B A S T
ANEE B UIROCR (R EMTS R g 56 4238 B AE L PRI IR

I3 IX n A — )"

Bk A Bk T

[P e e PN oad

HSESER I ELR . 1240 1k X a2 — A Ak
R AR ; TR TR HE = ) BB B B AR LR
Ve IUE LRI S ATH R i 1K, 80T 0 8 0 o A 2 P 2 45
MRETT IR R AR v mUE AR R IR AR SC A
RERE 5 IR IR AR RIE SR AT 2 1 4

&% 3k

[1] milfe. BT 4k Gabor 284t 5 3 4 1] B HIL Y A A5 UM WY
[D]. R KA, 2008.

[2] Htffsk ST NRERIFRGID]. HUH TR 2015,

[3] HE. BT HERE I HEITERAID]. T¥. T
2%,2015.

(4] FREE FETIREES I MR RGGDNEIR [ D], KE KEL
K2#,2017.

(5] @, m3c. AR miRa REIIN ARG 1], HEIL%H,
2000,23(6) :602-608.

[6] MG, VORI, WLk R ER BOR S HAE AL T T[T ]
WL B (2R |, 2002, 29(2) :225-232.

[7] KOTSIA 1, ZAFEIRIOU S, PITAS L. Texture and shape
information fusion for facial expression and facial action unit
recognition [ J]. Pattern Recognition, 2008 ,41(3) :833-851.

[8] LUCEY P, COHN J F , KANADE T, et al. The extended Cohn—
Kanade dataset (CK+): A complete dataset for action unit and
emotion— specified expression [ C ]//Proceedings of the 3™ IEEE
Workshop on CVPR for Human Communicative Behavior Analysis
(CVPR4HB ), CVPR 2010. San Francisco, CA, USA: IEEE,
2010: 94-101.

[9] HUANG Qiong, VEERARAGHAVAN A, SABHARWAL A.
TabletGaze: Dataset and analysis for unconstrained appearance —
based gaze estimation in mobile tablets[ J]. Machine Vision and
Applications, 2017, 28(5-6) :1-17.

( EHEE 62 1)

[2] HOLLIDAY A J, KAY J A. The use of infrared viewing systems
in electrical control equipment [ C]//Conference Record of 2005
Annual Pulp and Paper Industry Technical Conference.
Jacksonville, FL., USA.IEEE,2005. 291-295.

[3] BAEKJ, KIMJ, YOON C, et al. Part—based hand detection using
HOG[ J]. Journal of the Korean Institute of Intelligent Systems,
2013,23(6) . 551-557.

[4] LEEJ P, LEEJ Y,HYUN C H. Coin recognition and classification

using digital image processing[ J]. Journal of the Korean Institute

of Intelligent Systems, 2012, 22(1): 7-11.

LIN Qing, HAN Y J, HAHN H S. Lane detection in complex

—
wn
[

Environment using grid—based morphology and directional edge—
link pairs [ J]. Journal of the Korean Institute of Intelligent
Systems, 2010, 20(6) : 786—792.

SR N, FAE, GF ST RFE R M A g Kk AR K
BILLAN EbRFEI [ T]. LDAMEAR 2014,36(1) :47-52.

(7] W7, GG, B 3L T o0 ff B 7 B =4 Otsu /- BI535[T].

LRI 51 &R S8 ,2017,36(1) : 119-122,126.
[8] JAFFERY Z A, IRSHAD. Performance comparison of image

[6

[

segmentation techniques for infrared images [ C]//12" IEEE India

Conference (INDICON)-2015. Delhi;IEEE India Council, 2015:1-5.

[9] JAFFERY Z A, DUBEY A K. Design of early fault detection
technique for electrical assets using infrared thermograms [ J ].
International Journal of Electrical Power& Energy Systems, 2014,
63: 753-759.

[10] FAN Songhai, YANG Shuhong, HE Pu, et al. Infrared electric
image thresholding using two — dimensional fuzzy Renyi entropy
[J]. Energy Procedia, 2011, 12:411-419.

[11]LI Ying, MAO Xingjin. An efficient method for target extraction
of infrared images[ C]//WANG F L, DENG H, GAO Y, et al.
Artificial Intelligence and Computational Intelligence. AICI 2010.
Lecture Notes in Computer Science. Berlin/Heidelberg : Springer,
2010, 6319; 185-192.

[12] RIpHE. BT R HAR 1 3K R K AR R K 7312 W
LB S HARATSE[ D], W 77 2 oR%:,2017.

[ 131 XUA. Boen T s e A7 R FSE [ D], B S bR
2,2012.

(141 A SO0, A58 fe % 8 43 1 B AE e b1 | sl b
[J]. AHLS N T, 2011, 30(18) :38-41.

(15X, 2575 — P2 A0 T15 SEEREE T A0 B PCNN 45531
SBR[, NS B TR, 2018,46(2) :375-381,406.



