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Human Group Classification Model Based on Multi-Model-Integrated CNN
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Abstract: Effectively identifying the different group of human in an image or video is an important'part of intelligent
image analysis. It is how to obtain “effective features” in the image. Based on the convolution neural'network model, this
study proposes a multi-model fusion convolution neural network method. The model trained by“‘ImageNet participates in
the initialization of the weights of the neural network model, achieves more effective features on the premise of
effectively saving time and resource calculating costs. Experimenté’prove that the model can maintain the recognition
accuracy of adult males, adult females, and children in natural scenes at about 85%, which improves the accuracy and
reliability of group classification.
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R G S 0 T 5. RS E A e g guge R WBUSRREASL FUIZRBR R th M RIATAE
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R A SHe b L s Xception, InceptionResnet v2, Det“el\etZOl, NASNet-
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VGGI16 0.713 0.901 2048, 1536, 1920, 4032..:H4 % /S [ i) 94 26¢ i Hh O 451
VGG19 0.713 0.900 I A7 (A7, TR K BB R 5 TS, R
Inception 0.779 0.937 » TN B L1 4 FeF 1 N S I
preepion o7 oy e mfj;m/ PIERB AR,
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- - @ FIHI TN ZR AR AS [ J2 S5 4, #EAT AR A ZR BRI 48 (V1125
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S, VF AR REAR UG 0 S bR a2

® MBI 2K R EL loss function(if & 7E BN ZRFEA IR K%
AR cost function(if B 7E A AREARZFEA LRI, THE H M
EINGIRBHRZE;
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[155) A AT
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F—score:(l +,82)>< (11)
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U 2 R e
P+FP*T1 73 A RY IR [m] A 5 S
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HIRE 17, recall =

TP+FN
LA I RE .
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SHAEL e 0 ST B R R RN A [ R v R, R AE
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THRESEERH, XA B R A BRI, fE————
F —Score ‘

fE N, FRAT T A S I PR R AR A ) 225 SR f iy FRARL

TR B — BERLE AR U o SRR I HalE, R
R 9L 9 0 T LA 237 8 I B 0 T4
PE LS AN B IR 2 6 (RUA B 2 45 52, AT 40
BT DL IR0 55 17 0L, i 236 O MR A7 i 25 9
SRR AL S B IR ACHE . 3R 2 FRom MTRVE FE B 15 3
AN RS RAE MRV 55 At AN [ S (1 2R IR 7).

MG 2 $E AL HRE, EFRAE child MRS
F % = i) Inception ResNet V2 #%7 man fil woman
AR RS B R A = B NASNetLarge #78 H
Inception ResNet V2 7E woman #5554 I A& iff R AH X
FA AR =, BT LUIERETE child KR 7E 80% LA |,
woman A5 i ZEAH X H2 = A Y Xception, InceptionV3,
DenseNet201. frZfl & 158 11| Zki%4%: Inception_ResNet
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V2, Xception, InceptionV3, DenseNet201, NASNetLarge.
TEAH T i 2 UOHT5 AL N Merge Model_V1.

K2 AR HRE RN AR SR (%)

LT Child Man Woman
VGG16 76.83 60.85 47.53
VGG19 72.10 49.00 53.57
MobileNetV2 85.97 64.04 79.70
Inception_ResNet V2 90.23 73.30 79.42
ResNet50 79.95 71.94 79.29
Xception 83.17 72.98 81.13
InceptionV3 84.92 { 1.42 81.64
DenseNet201 87.41 71.91 81.66
NASNetLarge 87.50 . 73.86 82.96

L
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TEFEAEE EFIF Merge Model V1 3HAT %55 2]
TriaE R, W 4. B 5 PR o g5 IR, T RAR
BT N1 B P FE ARABAE AT N b i, AU R
R TP R B HA 1 SC AR ok B 5 B, AR &
o E bR 32 O AR B, NEE SRR, AR
2850 T AR T 1 43 R AL 2 AR HEf 1Y, IR R 1E
BRI T RES NS, o5t S s
Merge_Model V1 I ZxM 4515 7RIl 275 5 B R4 1
MAE g 2. HERf A th &A1 F1oh 2k, anl&] 6. A ith
LeHIPLE FE L] PLE H, Merge Model V1 AR %H
RAEEME IR, *ﬁﬂ?@ﬂ%?#ﬁﬁ? ) 4gH:

5 divbRE L -

A TS 2 B T 2R 90U 1 485 5 b 5
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4 R A R R SR 13 8, 0 2 MR TR 2501
773X, R 4 J53 S48 SR AL B 7 3004 A 2460 1
EA PO P BB R P, B St B 7
TR b o 4D i L) 5 PR K S AR ) B3R
T, A R A5 P 0011 25 B R S R B
FE], 5 I 25 1| R BRI 18] K AR, Sy (A 2
SR DU BRI [ S 00 45 SRR 1, AR %
T BRGSO Kb R T RSE Lt L
3R A B M T 34 7T LU R TE 85% 54, TE% 18
PR B R R (15 0L R, AT F 28 TAEWF AL
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