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Abstract
Facial expression recognition is an important field of image recognition. Traditional facial expres-
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sion recognition is mainly based on manual extraction of features, which has the problems of poor
algorithm robustness and susceptibility to interference by face identity information due to rich
facial expressions, complex background and large range of differences, as well as the current situ-
ation that traditional convolutional neural networks are prone to overfitting, gradient dispersion
and gradient explosion, etc. Therefore, this paper proposes a multilayer feature fusion using dense
convolutional neural network without Back Propagation (BP) for face expression recognition algo-
rithm. The algorithm applies a modified HSIC (Hilbert-Schmidt independence criterion)-bottleneck
instead of the traditional BP, which has many unique advantages. In the feature extraction process,
in order to make full use of the obtained feature images, the convolutional layers are densely
connected and attention mechanism is introduced, and finally the classification results are ob-
tained by the softmax classifier. Compared with the traditional BP algorithm of convolutional
neural network algorithm, it not only effectively reduces the overfitting phenomenon, but also has
faster model convergence, smaller computation and smaller memory consumption, which proves
that the structure of non-back propagation dense convolutional neural network model is effective
and the proposed classification optimization method is feasible in the face expression recognition
problem.
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1. 51§

FEVHENAL TR, EBURIRER H a e, ARG RN T it SR . AR 7] 7
ARE AR ) U &, AT EE BRI RSN R 8, R 7 S EE N B R AE S N ke
TEAERI AR IHRRE . SEE 3% 4 0 FE 225K Mehrabian $HH[1], fEARMBH®ARS, BEdES. 55k
16 0SB0 TR E BE R 7% 38%, M@t N REAEREEEN HHT 55%. FEOH
%29% Ekman F Friesen it KESEIG[2], LT ANFANFEARE: @, £ mid. FHin. B
4%, 2013 4, Shaohua Wan 55 A ff ] Gabor ZZHRIEHURFE[3], FRAK 1 AKE AT R HER 2 1)
M. 2015 5, Al E AR H A0S 5 f# (Empirical Mode Decomposition, EMD) AR [4]3847 AR R
Al ¥ Z4EER A B AR R AR, JHEH EMD B HIER AL BT 0. Lin 55 NK
Riesz 3t 5 m i — Joi SR LA SR A N e i A S5 A (5], X BT AP IR EAT NI R IR R, 2l 1
s R AERAZE . 5340, Shin &5 AR RSZ 43 & 0 A0 2 B o A AE 1 IR AR P B3R AT A IR [6].
Lajevardi 55 ¥ =4E R (5 G RIT N —4EHFE[7], f8H Lob-Gabor JEH & HURFE,  JF BLAE A S 5051
ST BRI R AT 73 2K R NERIE RS AR T IR E S R KRR EAREE NN T, HiEE s
7 HAS A .

LB B, IR BES SIENNLES 5 S S — AN e, 2RI 2 kv . IR BE S SR A5t A
AERTE B 7T R ERSES IRBES ST NIRRTz B BB A RN 55 oK 1 Bt BEZKSF, H H AT
J5E 5 2 SR () 22 I ) A% PR T Al E AR 5 B R AN A BR8] [9] [10], AFF A A i# 22 I 25 145
SAERRIERE, RIS BEAUEREE T PR 5% (Stochastic Gradient Descent, SGD)&5FH I B T F 55092 BE#E 3% B 18]
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AR ENAE, HAEREFHREAMIE R GG 2 B SHEE B YR B EEERIER) )&, 2019 4F, Wan-Duo
Kurt Ma %5 A\ K GETHRHIE S5 % NFARAE Z RN AH SRS E R 70k 11, ARBHR G S i3RI 25, Hi%
TTFAE S F% ()5 AR 28 X 26 DL S AR A1 B FH X 4% R 1 25 SR 5 ) 7% ff(Backward: Propagation, BP)H% (1) 45
Bk —EZ. Kk, ASCHE TSGR HSIC-Bottleneck 77 V2 7E #E 18 A1 SRR b B AR 20 0 25 A6 1 I
MARRREE, [FIRN 7 iR S IR G RFE, £ % FPN (Feature Pyramid Networks), KHZ 4
PG ARG, FERE MRS A F R I RHE EIZE channel 4E[E EEATHEEE, IR T4 2 RHEE DR
HIRCE, TERT MR AR R A S G2, HAR 2 I el i pr A 2 04 R PR R, ek
T2 (R ) FH A BB PR RRAIE

TEARSCH, 8 I B KA R Z 1 i S5 25 2 18] 1) A5 S (Mutual Information), H fx/IMbFEiEZ 54
N E) A ELARASE, SR e 0 R R B 2o, SRR AT DAFH fe /b BB N RRAE SR I A s, 25 3 T AR )
fiE, fEAFEEZRAAE B AL, m T B A I RE JT, R TRz A, MR ERAISERR
Bk T AR IR 757, 5 2019 4F Wan-Duo Kurt Ma %5 A4 H i) HSIC-Bottleneck HVA[12]4HLL,
AR AT trace VEARBAT I LA 2 H AR 8,  HAERPEZ [BMARHEEH, JFoIANE=R I
i, IXFE AT DORHBOR B2 B S RN S B A 25 6, AR SR BCE I 28, RHROR B AR AN i
PR 00 205 SR TS S Ik v o« AR SRS A ] FER 2013 BB 237K, 5A% 5 S m bk BEAL R SR AR B, 7R
i B AR A R RS Slos L B B4 vy, HzAkBehnsg, tHEEMNAE S KRR .

2. EREERNERHEMLE

H AT N A8 B AR e 22 X 2% 32 AL 772 SGD S5 AH G IR FE T IR EE[13], (AR &A7
KRR AR E I KT 1), 4R FRAE S A — NI T B S, KRB EERE
A B ZH, KPR THEBRMIBEEH TGS HE . ITRE R & R EE RSN,
SRR BEAL TR EEE A (G BN — E DR — DR P, R IRR BT R —
BNMLo FE S A P A% 3 B2 — N B BN A5 G AR 2 1) Il i S AR AR AR S5 T 2 iR 22 R, X AE
EVFERER R A G ERI[14] [15]6 53— in) 2 75 71 ) A% 36 A0 R el A& Ffad f vy, A SRR R 2 L2 1)
[16] [17], kAN IrAE 32 Ve vt S0 ELAE oF BAT AR F Iy 06 5000 1k S AR 58, S IRSR[18]. AUk,
ST NG B ) S n) AL 7 AT R © 4 DNN (Deep Neural Network) 454 2 75 fif o 1) S22 7] J,
FEIATEJHBERE KR

2019 £, Wan-Duo Kurt Ma 55 A4t 19— FCE S AR IOJ595( 1], 51 7 HSIC FE&, {d e
R AN AT 5 58 o 2T RIS TR REIREL . BEEEIRNEIL R IR A, W] DAL R I B B )
BUREE RO, RTRAER AT 2 AN E, (HRAE B AR A AR A 20 0 28 Hhont /NP A2 I 7 28 R A A% St
SOAERBRINRFIEA LI — € 28 . BRI, AR SCHEH —Fhidod (1) HSIC-Bottleneck 77 RANE AL 4t [ 1)
RIS, BT A KOS A% 70, F JEEH0H s Wiy AR A% Ay 7Rk A1 %5 %% (8] (Reproducing Kernel Hilbert
Space, RKHS) LR E, SR 5 FRALIE W7 22 55 1 SRR S A ar v, AR S5 AR S M ) 7 B4 AT DA 3]
JE STV S AFINSE I () H AR R B . FESE PRI, RIEFEARHE R MG L0 %Ay 25 1, dEnd
RKHS N AE E 43 8 LA Gram H5FER R Ak TH R 2

& B (Information Theory) [19]/& % I HE AR EMF T 3EAL . 5 B (Information Bottleneck, 1B)
JRM[20TMERE T e/ T o Geit IS, 3o 1 e LA BT 48 T it B 75 00045 25 DR B IR OC T N B4 2
ZIRR SR, AT BT 53

min 1(X;0,)-BI1(0;Y)

i
Pojlx - Py|o;
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Hor XY 5r RN NRIRRAE, O, F /s B35 i MR M, g FRonhitg I H AL 1(X50,) 5 1(0,:Y)
DHFRRX 50, 20UKO S Y ZHMMWEAGER . WARATE W, 1B EZLRE 774 N\ B 1 RFAE
RN, BEGEUZ O T AR A5 S, RIZECR BE POl A 75 00 S A5 B [F) B B BRTERIME B, R B
IEINEICYIWS ERSRRERIT S

Sehrrf, TR ZEE SEIB ML NG 5 REL NGS5 5), BRAER M4 i
REES, BUEERI(X;0,) RTEME, KV 2 S0k N BT 0 A HRAE, XA Ry
Je B mdE, (FOXAES BT 048 RN AS [5) 5 35075 30 B 45 RN [A] o Z004/I D 5 e K] 35 8 ORI e 8 4 8 2
V6] L R 28 B8R A 22 0 i 2 T AR ] A SCAdE ] HSIC ARBE IB HARTP I EAE R, 5HAS BT
%HMC%%%?WEE%EOM)%%%%ﬁﬁ%,ﬁ¢lﬁ%ﬁkﬁﬁ%ﬁ%o

HSIC & RKHS [12] #5045 53 A 2 18] ()28 W77 22 5 1) Hilbert-Schmidt Ju%k, w1 F=UR:

2

HSIC(P,,,H,G)=|C,,
=E\ [km (m,m')ky (y,y')} +E,,, [km (m,m')] E\ [kn (n,n')]
-2E,, {EM, [kx (m,m')] E, [k" (n,n')}}
Hfime M,ne N WMINEAE, N WFEARIRZE, &,k (REZEE, H,G EZRHRAREN, E,, #R
MN FEE, i b AT A PR 2R IA K
HSIC(B,y,H,G)=(I-1) " (K, HK H)
Hor, | REFFEAKE, K, eR™ Ky eR™K, =k(m,m,),Ky =k(n,n,),HeR" R—Arhtsx B
AURAEHLE, o FORMFERIE, KRR RN A SHEARERA 5, JUHE &S m 4R 1 MEA
b
FE—ANHT B ASBEGEZ A PR AR I 2%, BOHUR B R FEAERE N (1,d, ) » Hefie {1, n), R
TRER i A BRGEUZ ST HOR, AR batch-size FIREGEUZ S AR RE K/NA (b,d,) » Fot b 9 batch-size K/,
FERLFT 1B JRI 5 H bk ot R, A6 HSIC A LA BT 45
Z; =argmin HSIC(Z,, X )— BHSIC(Z,,Y)

Horh X OuAEE, Y ObREEAE,  p R oA B H SRS, U HSIC (94 AT 40 R Ko
HSIC(Z,,X)=(1-1)" tr(K, HK . H )

HSIC(Z,,Y)=(1-1)" tr(K, HK,H)

EERH T R AR BRRE i  Z, RN T B TUAR A B AN S i R iR KR R Tk B TP
BUARREOUT 2 Z) I8, TR ZE P S B 2R E, HEER T B S rIURER.

3. WHHIHRESRMZ ML

FEALSE CNN FIIN L8, 3R 2 SRBURRAE RIS, Aol B i AL G i) — LRI, RHR R RHE
FALE R 1 s

FE AR TR 7> (0 R SRR R R AU Ot B, R UG IN 2058 20 B4, 491 a0 5% By B 4
MU, AR BRI AR AE T ML 85 3R A P 2 o

M 7E $5 i 8 73 A6 B2 SE IR B RFAE AL SE i 5, AT REAGI 21 5 B RO A8, 0 NG sSE o vey 42 14
SUHURFAE, RER I B RF AL AT ARG S5 R A0 3 o
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Figure 1. Visualization of shallow features
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Figure 2. Visualization of middle layer features

Bl 2. iE RAHE T AR

Figure 3. Visualization of the final layer features

B 3. BERBETRNIRE

RT3 M R R 22 e, 4 RS ROREE B 7E channel 48 FERE 7 HERE . AT 24V F 2%
BB, (A EER T 5 EER, EPHN A I R R A S R R 7550
LR R, R BRI 10— R S T R, B — R ER 2 B BT R 1 IR
AR E TN, T4 SRR 5% 2 S RFTE 2, B3 T BRI 4 2 I 37
B, FoA R T ARG BRASAE, A e BB R St ] 4 R
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Figure 4. Diagram of the structure of the dense connection block
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TR E PR GBI RHEEBOR, BZEFEUN, ANIR R EEBURR,  (E A (AR R AIE
RIEAE R, MEIRNBRRRAE RSB, BB, AT DR G M RIE D A I B AR RS, {H4H
THRFALRIE A PRk o Ik, AR FPNCREAS R RS R B REAT Bl A, X SO (E R AR = 2
URAEHEAT LoRFE, RS R MRS &, Lm0 WA SCRIRHMIER R, 7820 A S i e
(IRFE, FFSIN attention MU, FEBHERIRF ZBT)Z — € IOBCEAE, IXPEERRR KA AL 9 HT I BT )= 1)
St hnaE 5Ok AN ARSI PR SRR EE RIS A 2 SR AR R AR R0 o e AT R 48 5 R AT R IR e »
R 5 Pos

accuracy loss

A

— Layerl1-fc —

t

Layer10-global_pool
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=
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Figure 5. Diagram of the structure of the feed-forward network

5. AR LEHaE

HHE S aT A, Mg 3 4> block, HH block SR B ALY, —/NMFH % B 1 oy H ol
FPN #HATRLE, REEE 2R P R4 4 mE . layer 11 FEEINUGIRR, S@d2E%EE
AT REANEE AL R 1A 5, DAUB B HEYE BRI RCR, AN AT ERITRE R H,
TN ERPILE B layer 11 AN
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AT 5558 2 FE T Python 1 5 1 Tensorflow HE4E, KA Tensorboard #4445 5t AT v MilAk, HEfF
F-4 CPU XM Intel Core i7-9700k, GPU K Btk NVIDIA GeForce RTX 2080, &1#A4 8 GB.

4.1. FEETAIE

AICRHAT 2013 £F Kaggle LEIRAIf FER2013 ATFAE4E, B csv UAFRITEARAF, Hdafs 2
AR RN BRE. ABEOIZR. BRIk, Wik, BdEreAnRplink 6 frox.

emotion

pixels  Usage

3

4

Figure 6. Example of data sample
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0
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T0B08272585860635458604889115121... Training

151 150 147 155 148 133111 140 170 174 182 15...  Training

231212156 164 174 138 161 173 182 200 106 38... Training

2432363032231920304121223234211... Training

400000000000315232848505884... Training

6. HHRHEARA

BB R NG TPREMMRE =07, HAhIlgededdl 28708 2%, JFASEMMAES
3589 2%, IZRdE. PR, MRELIEFEA TR B 7 Fros.

pixels emotion

pixels emotion

0 708082725858 606354 58604889 115121... 0 e -
1 151150 147 155 148 133 111 140 170 174 182 15... 0 758673265445735567771010... 3
2 231212156 164 174 138 161 173 182 200 106 38... 2 2322402412392372352461172424221312... 6
3 343236303223193030412122323421 1., a 20019714913915689 111586295113 117 11... 4
4 4000000000003 1523 28485058 84... 6 40 28 33 56 45 33 31 78 152 194 200 186 196 20... 2

pixels emotion

0 254254254254254 249255160258 53 7077 ... 0

1 156184 198 202 204 207 210212 213 214 215 21... 1

2 6911861 609612110387 103887090 115 12... 4

3 205203236 15783158120 11694 86 155 180 2... 6

4  BTT9746674967780808483891029184 ... 3

Figure 7. Example of training set, validation set and test set data samples

7. GRE., IEE. R EHURREARRA

IR JFRSE. RSEEHE AR 2RI 704 BT B 8 s
W AR PRI N EG, I35 48 x 48 MKJEE, S 7 Fikls. B, K
Bl mE sk, xR EGOR B 9 Brs.

4.2. SKWEERSH

v L

N
AN WVIANY L\\

FEAR LG v B AL T AR A5 FH AR (7] 2 B0 00 N B0 A% 53¢ s 1) % B T 0 0 5 5 e I 1) A% 3 £ 190 245 1) 1
RE, AEGE M2 IS SO B T Adam ARAL 2, I HIINR 1 SR AIAS R B0 A4 2 6 BUSEHR ) TR S %
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Figure 8. Histogram of label distribution for training set, validation set, and test set data

8. MIZE. Wik, MAKHETRLETHETE
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e RSk A
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¥ )

Figure 9. Example of 7 expressions in FER2013 expression library
9. FER2013 & 1HEE 7 MER1BTH

N T BGUE A SCHR AR S AR R SR, A8 AR 3 I R PR TR 48 A 8 I ) 4 47 )1 2 4D D) 4 1 i 2R R 453
AL 10 AE 11 Fis.

TEE 104 B 11, BEARRRFROR ISR EL, JEUI1ZR 10,000 25, AR B R R HER R R ME, &
AMEFZHIER] T 0.9946. M 100 & 11 Pl RUE H, 44 BP HIELE 10,000 iR AEFIWEL, TiidEf
AL 3 HVRAE 2500 S IHAFIER, FBR FALHR I 4 BE T m i AER 2, FURSIGE R, X 2R A
SCHE AR AL R LA 22 BRITAR BARFAES B, B 62 MRHE S5t A DGV TE 5, ZE kD v S & 1 R
P 7 BRSIOR L . FEAE G R IR AR BRI SRrh, tH RS AR EEIR &, BT S T RO U e i S A
B, A FEEmRNE S HEZ T, $2H A HSIC-Bottleneck 7] LARAMII A — 2, foirsdZ ik,
HA AT, SCBIAT UM, EAFMiem T HE R . 7R A [R50 rAR 25 A AR Ha i (1
HER AR 4] 12 Fros o
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Figure 10. Accuracy curves of non-back propagation networks and BP networks with the same structure and parameters

10. EFBEREHESHNIER EGEMNLES BP MK ETHRECHHLZ

Loss value
1.01 —— Without BP
—— Use BP
0.8 A
0.6 A
0.4 1
0.2 A
0.0 |
0 2000 4000 6000 8000 10000

Figure 11. Curves of loss values of non-back propagation networks and BP networks with the same structure and parameters

11. EAHEREHE SRR EEEMNLZES BP MEIRAEE L

Accuracy

1.0

0.9 1

0.8 A

0.7 1
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057 —— 1 block
—— 2 block

0.4 —— 3 block
—— 4 block

0 2000 4000 6000 8000 10000

Figure 12. Accuracy curves of different number of dense convolution blocks
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FEFE 12 FPRARARARR IR D H 3RIIIZR 10,000 28, HAAPRARRAER . AEIHAT DAE Y, fEREH 3
AN G BRI ROR R, AEHER R T i I R U SO BE SRR, AR 4 DS BRI S 25
BN, T EUERL OO A A P AN [ AR 85 B BB i SR e 13 PR

Accuracy

1.0 — elu
— relu

09 — tanh

0.8 A

0.7 A

0.6 A

0.5 A

0.4 A

0 2000 4000 6000 8000 10000

Figure 13. Accuracy curves when using different activation functions

B 13, ERREIRE RSN ERRE L

ML 13 R AT Y, A tanh BRECRT elu bR EUAS 2045 RILTF—FE, (HAU relu EBERILF. FR
[ A R R AR A AN I 22 ST R, BRI 2RI R v iR BN 4] 14 o

Accuracy
1.0 1 v—q <t
7 7\
0.9
0.8
0.7
0.6
0.5
— Ir_0.001
041 / —— Ir.0.005
Ir_0.0005
0 2000 4000 6000 8000 10000

Figure 14. Performance of non-back propagation algorithms when using different learning rates

14. R EARBEEEERBARF S RITHIRN

M 14 BT, 222255 0.001 5 0.005 AR WA 2 L AH TR, (H 4% ) R E A 0.005 B,
BRI R IR, 4% 2] %0 0.0005 BF, AR SIOH FE B AU . 2 >0 He B0 B 18/ i) (SRR 1) e A &5
R R, 5 ) B RO AR A R TR, Rk, A SClEid ZH 2 RS, 5
B 7 BUETASARY (YSe SACH R RV AL Y R BLRE ST 1025 2T 2R

A SOKs FE TR & R B G R AE R 572 5 Alexnet, Inception v2, Resnet 50 #E/T T Lb&%, 2230 %
¥15 0.005, batch size 3324 128, TEAHH AR R A EREE K s 1) 45 & 15 frs.
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Accuracy
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Figure 15. Accuracy curves of different models using the same environment and parameters

B 15. (EAERKFE RS R ERER ETHRE L

ML 15 HRTE Y, A SR H I S A SO B A 5 b A B2, 5 I A& 4% 4 B, HSIC-Bottleneck
P B T BN TC RN I B RAE 5, 1X R W HSIC-Bottleneck H b5 A B T H HUE F4FAE (19 73 A
ST, FER S HARSAE R, HE MR S Hb R A EE R E A 2 . KR
FRIE P AT I 1R SAE DR ER B e 2445 R ane 1 Fr

Table 1. Detection speed and average accuracy of different models on the test set

= 1. NEHEEENIRE LRGN A K T 1

Method Per step running time (s) Number of parameters (M) The results in testset
Alexnet [22] 0.243178 60 0.89
Inception v2 [23] 0.565114 11 0.93
Resnet 50 [24] 0.180212 24 0.95
Our method 0.049286 7 0.97

M T HRE Y, ARSI SRR B 5 1R Gt AR AR SRR I HERA R I R KiE S = T is T,
IF BAERBRSIORE ER, tHEEE/N A S HEN, RN T AR I SEE RS A, DLt ik
AT
5. 45RIE

ISR T — P FE TR S m A FE A B A AU 22 0 2% 1\ IR A RN S35, SR Al HSIC-Bottleneck (%
FRGERIBERE S AR5, B eI SR — SRR S N AR B A (1 2%, AT S8 8 53 45 31 5 i H AR DR ) P 7515
&, fEF] HSIC-Bottleneck fE IR H xR, fEBAT R LI IIIEOL T ZRAR AL ML, RJa FIZREr K
WL AETRIG VIR TR D 7 SR AR PR LS R A7 (ORI, 3t P OB MR SR I TERE, ] Adam fiifbds, H
BOA B AL 4% . HSIC-Bottleneck MIZRIMIZ, 7T LA AAS 2 EOTUA,  FF ISR AR 8508 f A b
PLtl 7 Bgel= B A5 2, AR 7 AR U SIOH R, e T T A R R BB BE TR A R AR 17 AL,
KW T AT H R R R ATBINASR R T attention ALHIIHH 2 G AZE W 25 454, 550784y
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