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Abstract With the maturity of UAV (unmanned aerial vehicle) technology., vehicles equipped with
cameras are widely used in various fields, such as security and surveillance, aerial photography and
infrastructure inspection. It is important to automatically and efficiently analyze and understand the
visual data collected from vehicles. The object detection algorithm based on deep convolutional neural
network has made amazing achievements in many practical applications, but it is often accompanied by
great resource consumption and memory occupation. Thus, it is challenging to run deep convolutional
neural networks directly on embedded devices with limited computing power carried by vehicles,
which leads to high latency. In order to meet these challenges, a novel pruning algorithm based on
iterative sparse training is proposed to improve the computational effectiveness of the classic object
detection network YOLOv3 (you only look once). At the same time, different data enhancement
methods and related optimization means are combined to ensure that the precision error of the detector
before and after compression is within an acceptable range. Experimental results indicate that the
pruning scheme based on iterative sparse training proposed in this paper achieves a considerable
compression rate of YOLOv3 within slightly decline in precision. The original YOLOv3 model
contains 61.57 MB weights and requires 139.77GFLOPS (floating-point operations). With 98.72%
weights and 90.03% FLOPS reduced, our model still maintains a decent accuracy, with only 2.0%
mAP (mean average precision) loss, which provides support for real-time application of UAV object

detection.
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Fig. 1 The process of iterative sparse training

T AU I AR A

2.1 MEBEH

FE LR B A TR A R R RS B Y
iy 0 B B R L RS, YOLO R 84S A B
BZ WG R 2 — YOLOv3 f % T ResNet™!
14 5% 22 FEAEURT PPN (4 22 RUBE A6 0 JELARL, 7 f o5 ok
FEOL B HTAR T o i — 2D 88T T AR IR B L G 3 n 5
T XN B AR IR EE 1 i 2 iRk YOLOvS M
YLERY ZEERI R 1 X1 B 3X3 Bl Sk
G KB L FRATTHE B A 3K FE 19 S5 H R Sy — A BRIT R
g CR B AER IS4, YOLOV3 51 A T 45 iE 4 7Y
SRR SR 3 A T) RUBE 1 R A0E T 2 A7 A6 0 LA e

H AR ROEE AR A K 18] BT AR SCHE Rl S AL S T YOLOv3
PEAT A LL Zhang 258 A 7ESCHR[43 17 2 T YOLOVS-
SPP3 (spatial pyramid pooling) J & i1y T 1E, 6] &£
B AL AT A SRR 2 K50k B /D o R SRS
L=y
2.2 HiEEE

B 1 o H AR A b AR ok £
Y2 BUASE AT LA 25048 FHASE 8 P 8 119 77 . Mixup
S — FPHT Y 5CHIE 1 i S Wl o X 2 sk I 2R 1A
PG ATAR AR G 2R X 1 28 W) 265 k2 2] 1F D A i) 5808
AL e X 4% %o s [A] 30 3l iz AR Re O L A B T4 T



886 HWHIMR SRR 2022, 59(4)
E3it] B R i
Convolutional 32 3x3 608x608
Convolutional 64 3x3/2 304x304
Convolutional 5 Convolutional 32 1x1
- 1x | Convolutional 64 3x3
Convolutional .
1x1 Residual 304x304
¢ Convolutional 128 3x3/2 152x152
- Convolutional 64 1x1
Conv; il;tlonal 2x | Convolutional 128 3x3
‘L Residual 152x152
- Convolutional 256 3x3/2 76x76
Convolutional -
1x1 Convolutional 128 1x1
¢ 8x | Convolutional 256 3x3
C che— Residual 76x76  —
R Convolutional 512 3x3/2 38x38
¢ Convolutional 256 1x1
C \utional 8x | Convolutional 512 3x3
onvi)xultlona Residual 38x38  —
Convolutional 1024 3x3/2 19x19
Convolutional 512 1x1
4x | Convolutional 1024 3x3
Residual 19x19
¥
Conv;))l(ultlonal c Conv;)}(l;tlonal c Convolutionali
W3 v
sy Convolutional
1x1
Upsample
Concatenate
Conv;)}(ulnonal Conv;)}(l;tlonal Convolutionali
5 v
g2 Convolutional
1x1
Upsample
Concatenate [€
Conv;)>l<ult10nal < Convg)itgtlonal < Convolutionalt:
T 43 323

Fig. 2 The network structure of YOLOv3
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Fig. 3 The network structure of YOLOv3 after pruning
B3 YOLOv3 3945 1 W £ 25 44
2.3.3 JHIABIEL 2.3.4 A

JZ B Z 5 BRATTAR B T A X AR A 1 X 4 25 4
LM ) 3 o) 3 G B A X LA T i — BB W
E A R B R R A, R TR B B R A 38 G AR A E
TEHCA LA [ B AT DA SR 4 SR BT RBR A X R
(18 [ (L 7, Ay (57 L 308 B A i 2 S22 g 4 A B 4w,
BN BCE R BEE B R R ELHE
15 88 22 /0 L A9 f 38 5 () Bt W DA 5 0 4 )2 X
Ny B EAE 7o, HALY y <<my oy <<m, [R)ES 2
B, 323 3 R DAY L. B A K B R R S Ok
B WS L, TR U 38 3 B A e 3R AT 38 2 4 BT A e I
Yr0a y BISY A LR 30 %60 Y LB 5 S R BT A R
IR ACIAT A B L BT A GO A R A T
BT SR FRORS BE T W T L S o O M 2 [ R L M T
A5 BIRS BE 0 R B/ N B R AR AR AR

TEPAT 58 — W2 B9 B 08 18 9 A 5 . 8 2 s
AR A BERR , — R e ARG JRE 45 % T LA i
J 252 1) A b o 1] A A SR AT 2 ol ok ik AR i U
GRIEAT BTRCRY R AR — WY B2 i e 0 i
T8 S HM22 BT R e BORS BE 0K A BEARS R M R — K
LA A B VI 25,

3 XBERELHM

AR SCHRE T 3 T 3 AR I e ) A B A
5 e S UE B 20 ik AT AR A5 ORS E R  E Sif A Y
G ) A5 AR HL v, A AL I 25 3F B% 4 55 F Pytorch HE
R 55 2T K Intel® Xeon® CPU E5-2640 vA@
2.40 GHz,128GRAM, 4 #t GTX 1080 Ti.



B AT IR U SR AR TR AL F A e I 4 3

889

3.1 HW\EMITMIER

VisDrone-DET2019"" J& — A~ #it 1 i1 7 A #L H
o A 00 7 T B0 B s B A0 8599 TR A BN
BLAF- 5 AN [A] g B AN RO BR 2R T R i R v
FALE N HETEWNR 10 4255 (pedestrian, person,,
car, van, bus, truck, motor, bicycle, awning-tricycle,
tricycle) o f&— A B A Pk 80y B 4 L Il g AR
6471 5K B UEER 548 5K (LS 1580 5K, i T I
EEAR I AR TFTRCT 0, DA ot A S A5 A0 3 2 2 T 1)1 2k
AEVNZR IR VA 1.

PRI AL bR vfE 5 SCHR 43 ] R F — 80, TR T
TEPPAR A AT HER N 608 X 608 14 R T HLALM S 4
7 .31 53 & (floating-point operations, FLOPS) 3%
It H (intersection over union, IOU)ZE 0.5 T~ B4 B &
15 #5 Fl-score Ml ¥ 4F B 4 {H (mean average
precision, mAP) DL M AR R 45 i K i S8R R
A A TF I i R A AR AR bR O T A T I A % 1 Al
BEAYTE A6 43 B2 09 P Ge , Fo AT 2 O+ 58 i R 46
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Fig. 4 The effect of data enhancement
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54k FBL R X YOLOVS b B8 it 47 T {4k,

2 1 PETH AT 4> 9 7R Zhang 25 A AE SCHk[43]
B 45 5 AT 3 2678 YOLOv3 b ifi: 9 2% it 28 5

Table 1 Test Results Comparison of Benchmark Model
x1 EAESERMKEREER
Al it A/ pixel Z 4= MB JH5 8 /GFLOPS mAP/[% Fl-score/ %
YOLOv3-SPP1[#] 608 62.60 140.36 22.9 36.9
YOLOv3-SPP3L*3 608 63.90 151.72 23.3 37.6
YOLOvV3 608 61.57 139.77 25.1 35.2
YOLOv3+ Mixup 608 61.57 139.77 25.3 36.1
YOLOv3+ Mosaic 608 61.57 139.77 25.8 36.5
YOLOv3+ Mixup+ Mosaic 608 61.57 139.77 26.5 37.0
YOLOv3+ Mixup+ Mosaic+ Tricks 608 61.57 139.77 27.5 38.1

TE « SR AU 32 7 8 Sk A0 34 50 5 AR DG At A6 T BEAS A 1 51 9 JiE i R AL I 45 2R
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Fig. 5 The scale factor change curve of CR module
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Fig. 6 The 7 statistics histogram before and after
channel pruning sparse training
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FATH I B EAS T E R8T 7 B8 T 608X
608 %y A7 Bk R T BB AT 5 BRI ROR &L 0] LR

1 0 e 16050 46K 22 B0 % 8 4 i L
RN

Table 2 Comparison of Model Compression Performance Under Different Pruning Rates

R2 TEERETHEREFEREX L

Y i Alpixel  BEE/MB  SHEWHER/Y HERIGFLOPS HERWHRIY mAP|%  mAP %%
YOLOvV3_baseline 608 61.57 139.77 27.5
YOLOvV3_prune_70 608 7.40 87.98 42.93 69.29 27.5 0
YOLOvV3_prune_85 608 1.66 97.30 21.60 84.55 27.2 —0.3
YOLOv3_prune_90 608 0.79 98.72 13.94 90.03 25.5 —2.0

SlimYOLOv3-SPP3-50[13] 608 20.80 67.45 65.17 57.05 22.6 —0.7
SlimYOLOv3-SPP3-90043! 608 8.00 87.48 21.30 85.96 20.6 —2.7
SlimYOLOv3-SPP3-95043] 608 5.10 92.02 14.04 90.75 19.1 —4.2

T RS R R BT R3O 85 00 2545 P fiE £ 4f

Table 3 Comparison of Model Compression Performance Under Different Resolutions

R3 FRSPETHEBEL HEEX L

A fiy A pixel SR MB H# #/GFLOPS mAP/[% Fl-score/ %
YOLOV3_prune_85 416 1.66 10.11 17.5 27.9
YOLOV3_prune_85 608 1.66 21.6 27.2 37.5
YOLOv3_prune_85 832 1.66 40.45 30.1 40.2

SlimYOLOv3-SPP3-90"43 416 8.0 9.97 14.5 24.4

SlimYOLOv3-SPP3-90[43) 608 8.0 21.3 20.6 32.0

SlimYOLOv3-SPP3-90143) 832 8.0 39.89 23.9 34.0
H BAREUE R 4 B 608 I 25 A M e f i

(a) YOLOvV3%

(b) YOLOV3 prune 85M%%

Fig. 7 Test result of model before and after pruning
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