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Object Classification Based on Multitask Convolutional Neural Network
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Abstract This paper proposes a multitask convolutional neural network (MTCNN) based on fine-grained images
and multi-attribute fusion. The network mainly includes the following key links. First, the label input layer is added
to the network; the input multiple labels are copied and separated, and then matched to multiple tasks with a fully
connected layer. The Softmax loss function corresponding to the number of labels is added to backpropagate
multiple tasks. Then, a fine-grained image in the original image is extracted by the combination of saliency detection
and corner detection, and used as the input of MTCNN. The target features extracted by the neural network are
more unique and distinguishable. Finally, the MTCNN uses the nonlinear activation function PRelLu to further
improve the classification accuracy of the network. This paper uses the MTCNN to perform multi-task parallel
training in the Car Dataset and achieves a 10% improvement in the classification accuracy over the traditional single
task. The results show that the MTCNN has high generalization performance and the accuracy of image
classification is obviously improved.
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Fig. 1 Structure of MTCNN
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Fig. 2 Detection of image detail areas. (a) Original image; (b) saliency detection; (c) corner detection
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Fig. 3 Fine-grained images
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Fig. 4 Accuracy changes of car-type and car-color datasets under PRelLu. (a) Accuracy changes of car-type;

(b) accuracy changes of car-color
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Table 1  Group experiments of Car Dataset

Dataset Model Class Train Test Accuracy /%
Car-multi(type) MTCNN” 2 1599 697 90.23
Car-multi(color) MTCNN" S 1500 693 80.75
Car-multi(type) MTCNN 2 1599 697 81.03
Car-multi(color) MTCNN 5 1500 693 76.18

Car-type AlexNet 2 1599 697 77.75

Car-color AlexNet 5 1500 693 75.06

& 6 Al LLEH, 7 MTCNN [ 5256 b, % T
TG B 1 4 2T S ROk i o

81.03 % M 76.18 % » ¥ 4= AU N 4 4 B €5 43 50l A Ky P
MES AT I G, R E R Em N 77.75% M

231502-5



WMot 5 ot B ¥ o o R
85 95
80 =~ - T o 90 R
75+ 85 | AT
£ T0F < 80F ’
~
? 65 275
£ &
Z60r 270+
<551 MTCNN-Car-type 265
- - -Car- N - = - MTCNN"-Car-type
50l / - e - MTCNN-Car-color | - & - MTCNN'-Car-color
J : gar-ty%e 60 [ ¢ —=— MTCNN-Car-type
45 ~ar-color 55 - —e— MTCNN-Car-color
40 1 1 1 1 1 1 1 1 1 0 1 1 1 1 L 1 1 L
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Batchs
6 MTCNN % Car Dataset B4 B 254k

Fig. 6 Accuracy changes of MTCNN training for Car Dataset
75.06 % . £ MTCNN B 1E H T & > 4E 55 /9 0 3
K AR B R T, XA ER T A PReLu #0%
PREUH R RS R T LIS, R T 25 2
() 75 5 |y e =2 A8 2 AR ] 0 I i ] ] Bsf 75 381 1
Wik Z A @t .

Hi &L 7 BT RLE L 7R FH AiDORLRE G AT O g A
Ji MTCNN " A8 B2 A KR B i 42 71, X5 T 42 B
T B I Y g RS BE 43 A E) 90. 2324 A
80.75% .7 MTCNN Ryl - 42T T 420 ~9%,
X RS H) AlexNet A4 102 ~15% & T

5 1
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Batchs

7 MTCNN" l|%k Car Dataset ({45 281k

Fig. 7 Accuracy changes of MTCNN" training

for Car Dataset
3.2.2 MTCNN # ¥ &

X AlexNet (945 #4 i 47 #F — 20 oot 2 1Y
MTCNN 7 B G oy K rp sy 70 B 1 &802) . ¥
MTCNN [f] GoogleNet-vl I VGG-16 #iE 7E Car
Dataset [ HEA7 X5 b 3K . 70 260 700 2 4 201 0 1 DI S e
AR SR 1A 78R W 454 R 1)1 25
MRS 56 P, batch size 1% € 0 256, H 1B AR IR 4L
Batchs 45 W 45 I 25 A8 i 188 S50, o 2R S5
Je VR W) B S5 MHAEE R 3k 2 s .

2% 2 Car Dataset fEA R M4 T IR

Table 2 Performance of Car Dataset under different networks

Dataset Model Net-Deep Batchs Model size /Mbit Accuracy /%
Car-multi(type) MTCNN" 8 2000 217 90.23
Car-multi(color) MTCNN"* 8 2000 217 80.75

Car-type AlexNet 8 1500 202 77.75

Car-color AlexNet 8 1500 202 75.06
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Car-color GoogleNet-vl 22 2500 48 78.78
Car-type VGG-16 19 3000 527 88.56
Car-color VGG-16 19 3000 527 77.17
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