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Abstract Object detection is an important research direction in the field of computer vision. In recent years,deep lear-
ning has achieved great breakthroughs in object detection which is based on the video. Deep learning has powerful ability
of feature learning and feature representation. The ability enables it to automatically learn, extract and utilize relevant
features. However, complex network structure makes the deep learning model have a large scale of parameter. The deep
neural network is both computationally intensive and memory intensive. Single Shot MultiBox Detector300 (SSD300) .a
single-shot detector, produces markedly superior detection accuracy and speed by using a single deep neural network.
But it is difficult to deploy it on object detection systems with limited hardware resources. To address this limitation, the
fusing method of weight pruning and filter pruning was proposed to reduce the storage requirement and inference time
required by neural networks without affecting its accuracy. Firstly,in order to reduce the number of excessive weight
parameters in the model of deep neural network, the weight pruning method is proposed. Network connections is
pruned,in which weight is unimportant. Then,to reduce the large computation in convolution layer,the redundant filters
are pruned according to the percentage of effective weights in each layer. Finally, the pruned neural network is trained to
restore its detection accuracy. To verify the effectiveness of the method,the SSD300 was validated on caffe which is the
convolutional neural network framework. After compression and acceleration, the storage of SSD300 neural network re-
quired is 12. 5 MB and the detection speed is 50 FPS. The fusion of weight and filter pruning achieves the result by 2X
speed-up,which reduces the storage required by SSD300 by 8. 4 X, as little increase of error as possible. The fusing
method of weight and filter pruning makes it possible for SSD300 to be embedded in intelligent systems to detect and

track objects.
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Fig. 1 Schematic diagram of weight pruning

LUNESIRESTPTNN SRl TTIANE LE 2Bl R s & P a2
TCHIAECR N AUE w B EC H e

C=N,-1 * N, D

22K S B RCE A S CL 8RR T 2 T AR
B w DVRAEIE KAFTE A FARE DB CL i 455
J2 19 F L B2 9

== (2

S e ) S A ] 2 BT o K MR A A LA
ol 22 00 255 FR) F00 R D 5 6 i 22 1 46 3 4 1 4 LA 5 R 2 e
BT 3 RPN 1 225 20 AT IR T A2 G AR L R I 4R 5E A

AR

4

1

P2 AT I e R R
Fig.2 Flow diagram of weight pruning
32 BB B AR K AR g B, SR R 04 BN A7 A A X
AL R AR A AL, I8 A A 2 — A~ IR A 7
FEREBE 0 B R [ Y A% AR ST T 4% AT A7 % (Com-
pressed Sparse Row,CSR) #§ 2, CSR J& [k 3 45 #fE (%) 7 B 46



274 B N N = R

2019 4F

A7 il 5 95 28 3 R AT 2R BUE 9 5 LU AT (i A2
BOE S A I T B BT AT A B 515 D BB X B B BT AR S
T 00 A% 278 B — 47 B35 — A~ 38 2 50 32 70 B fe L 1 A S 46 At 7%
AL E AT A BOR Z AN LB AR R A B, CSR f74iff #% L
P 3 BT 7w o s g 8 [ B9 AT 50 A7 Bt A X5 BEAT Al 20+t 1 D HL
{E. Hoh 20 RAEEREANB HATHE

El -8 74
4
TR | PETomefins
ofl1[2[1]3]0]3]7%
ozos'::> AT
TToToTa 1[sof2]s]1]a]zm

B 3 CSR 77 fif s 20 B A

Fig.3 Schematic diagram of CSR storage format

3.2 BREMBAE

A TR T B2 1 28 0 45 v A i i A e, R 2 R A TR
X AT AT Ak B AR BCH o b X A A5 R A e )
fiEo o T EE 2% E b bR HRE 9% W S B B eI i A AR
BRI B2 LR 2 M TR SR LA
RV ) 2 AL Y /N R S R B RURAE DL B BUZ
AR P89 5 B B BN b swr o s BB BUERAE
A= R R AR T B9 95 L T BB B A B s s o
AN H R AE 12 3 G 2 R — A = 4 B A A R, A B R
A2 8 B 0 AR AE [ B o AN B 4R 0 Dk,
ey R/NHY TR B AL, BRUZ @ BT R S B 4y

= () R () B
G=k; * ki *n; * hir1 * w1 * nig 3
W=k, « ki *n; * ni @

TONT 9 T A4 2 B A B0 T s e i AN 06 2 1 R AE L T
B B8 B R R B R R A S Ho R 4 FR .

ERE: i
09000
0000, 000
W 09009 W 0 " 0000y W
L IAL L 11
09090

Pl 4 A BURZ M ol Jit 2 ]

Fig.4 Schematic diagram of filter pruning
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Fig.5 Relationship diagram of weight spasity and mAP
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Table 1 Training result of weight pruning experiment
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Table 2 Training result of filter pruning experiment
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