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Improved capsule network method for engineering vehicles

detection and recognition in aerial images

Zhong Yingchun', Zheng Haiyang'*, Zhang Wenxiang' , Wang Bo’, Luo Zhiyong’
1. School of Automation , Guangdong University of Technology, Guangzhou 510006, China;
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3. Guangzhou Ufly Technology Co. , Lid. , Guangzhou 510630, China

Abstract: Objective Electrical power lines construction, plays an important role in the urban development, especially the
high-voltage power lines. Engineering vehicles are composed of excavators and wheeled cranes contexts, which are used in
construction sites. If the engineering vehicle is working on site surrounding the high-voltage power line, its bucket or boom

would probably enter the high-voltage breakdown range when they are lifted, which is very easy to result in accidents such
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as short circuit breakdowns. So, it is necessary to find out the adequate engineering vehicles working scenario near high-
voltage power line. The multiple rotors unmanned aerial vehicle (UAV) is widely used to acquire amounts of aerial images
for power lines inspection. The engineering vehicle information should be recognized from these aerial images manually in
common. The classical pattern recognition methods and some deep learning models like you only look once version 5
(YOLOVS) has been challenged to some issues of recognizing the engineering vehicle in acquired aerial image, such as
inefficiency and inaccuracy. The classical pattern recognition method needs to manually extract the features. Some deep
learning models usually have large parameter scale and complex network structure, and are not accurate enough while the
training set is small. In order to solve these problems, our research demonstrated an improved capsule network model to
recognize engineering vehicles from aerial images. Capsule network improvement is mainly on the two aspects as mentioned
below: one is to improve the network structure of the capsule network model, and the other one is to improve the dynamic
routing algorithm of the capsule network. Method First, we built up an image dataset, which includes 1 890 aerial images
in total. The dataset is then separated into training set and testing set at a ratio of 4 : 1. Next, we improved the network
structure of capsule network through a multi-layer densely connected method to extract more features of the engineering vehi-
cle from the image, named improved model No. 1. The multi-layer densely connected capsule network has 3 layers, 5 layers
or 7 layers probably. Third, we facilitated the dynamic routing method of the capsule network by replacing the softmax func-
tion with the leaky-softmax function to improve the anti-interference performance of the capsule network, named improved
model No. 2. We named the model with multi-layer densely connected network and the leaky-softmax function as the
improved model No. 3. Fourth, we embedded several key parameters on those models. The key parameters are related to
the number of layers in the capsule network, the routing coefficient and squeeze coefficient in the dynamic routing algo-
rithm. Result The aim of first group of experiments is to validate whether the two improved approaches are effective or not.
We compared the mean average precision (mAP) of the original capsule network model with improvement model No. 1,
improvement model No. 2 and improvement model No. 3. All models use the 3-layer densely connected capsule network.
Our experimental results illustrate that the mAP of the improvement model No. 1 is 91. 70% , and the mAP of the model
with improvement No. 2 is 90.01% , which are 2.21% and 0.54% each better than the original capsule network. The
improvement model No. 3 further improves the recognition accuracy, whose mAP reaching 92. 10% . The aim of second
group of experiments is to classify the issue of the number of network layers influence the mAP of those models. The experi-
mental results demonstrate that the number of network layers influences the mAP greatly. When the number of network lay-
ers is small, the mAP increases while the number of network layers increasing. After a peak mAP of recognition shown, the
mAP often decreases while the number of network layers increasing. So, their relationship is non-monotonic and nonlinear.
In the application case, a 5-layer capsule network has the best recognition mAP. Additionally, the various trends of mAP
are not affected by the improvement of dynamic routing algorithm. Furthermore, the efficiency of those improved models all
decreased dramatically while the number of capsule network layers increase. And the parameter volume of those improved
models is not obviously various, which means that the volume of parameter is irrelevant to the target recognition precision.
The aim of third group of experiments is to find out the optimal model with appropriate routing coefficient and squeeze coeffi-
cient. This group of experimental results show that the mAP of 5-layer densely connected capsule network reaches up to
94.56% while the routing coefficient is 5 and the squeeze coefficient is 1, which is an increase of 5. 07% compared to the
original capsule network. Meanwhile, the parameter volume of this optimal model is close to original model. Therefore, this
optimal model has quite qualified mAP and small parameter volume. The aim of fourth group of experiments is to compare
the performance of optimal model with other models. This kind of result shows that our optimal model is better than the clas-
sical pattern recognition model and YOLOv5x model in mAP, and the parameter volume of the optimal model is smaller.
Conclusion Our research harnessed two approaches to improve the capsule network model for the engineering vehicles rec-
ognition derived of UAV aerial images. Our demonstrated experiments illustrate that this improved model has the small
parameter volume and quite good recognizing precision, which is very significant for the UAV to recognize the airborne tar-
get information.

Key words: aerial image of unmanned aerial vehicle (UAV) ; recognition of engineering vehicle; capsule network; dy-

namic routing algorithm; densely connected network



2382

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27,No. 8,Aug. 2022

0 5

[l

Ha, 22 A A TR T [ KA s A Ay
VIR SL, X f P42 B S A 30, 2 A R 22 4 ) G
R — (ERL 55,2018) , 4K, N T
IRAG AL AR 5L 22 Ak, )z R JC AAILEEA T
T8 L ) 1A

ARG AR I AL S E AL A AR N A R
PUA, X Se 44 e it T3 A3 32 W, Y TR
R s i v T B AT I T
2oy B THZ ) BGER B AR )RR A Bl
R EACHL W22 A R B A OO, | o o e I
LARH, TR IR R B R A AR A
X e AHUAT 5 7 v T i F 2 R B4R Ml 9 T
PRI T HERR O, DU L5 Hh T (55

I H EHE b TR R iRm0 7 v B ads 4
A 2P O vE AR o ) O ik (R A ke A
2019) . LB T ik, BB 7 4F A (2013)
P T — R T 91 ) AR A RO R 4
&7 a1 B BE B 5 Kl (histogram of oriented gradients,
HOG) #1351 & AL ( support vector machine, SVM)
XS RE MR A P A TR A AT U, A R AN
(2013 ) WI7E e KL Ak b 2 6] Hough 24 E 2k
P 5 VR 4 g 0 28 B M 42 o T A AR A ) 3R
BRXF I E DA SR R — RN A
REAS ORI = 1 U R 38, TEBR 27 > Ir i Jr
T, IEBYLAE N (2018 ) % PBAS ( pixel-based adaptive
segmenter ) . 7 Fll VGGNet-16 ( Visual Geometry
Group network-16) W Z5 LRI AR LS & S H —Fp 2 T
TRIE 7 2] 1 T AR A4 AR A I 7 32, RR A TE$2 55
RGN S B 174 [ o D A 2 vy P A 0 A 3 (LR X T
BR e RN  IKIBFE— 2 M siGE, H
AT IR AN MG TR G A B
UL, Zhang 45 N (2018) $& Hi fdi /] Faster R-CNN
(faster region-convolutional neural network ) > X Jo A
PR G P A T AR G- AT U, %07 1A RE A 52
IR H AR OISR 32 (E 2 HARE B TR 4, HL
BEORA A AR B X R AT R

WEFE M 45 & Sabour 55 A (2017 ) 4 fift 45 FHLpf
2™ 2% ( convolutional neural networks, CNN) thfk
VEZ RGBS D T4 A —Fh R 28 4544,

R T RIS T 2 (9 RFAE , Phaye 55 A (2018) £2
HHORE R AIE 52 R0 2% 2k g Ol 3 )2 R AE 4 BRI 45
Zhang %5 A\ (2019) $2£ 4 T CNN-CapsNet, 4 CapsNet
1 VGG16 ( Simonyan Fll Zisserman , 2015 ) Y, Incep-
tion3 ( Szegedy %5 ,2016) &5 A, AR BUEME TE 2 (1) FF
fIE ARG T M4 Z A= . Yang 55 A (2020 ) W2
B8 2 A 45 A1 Res2Net AHZE A, Fll FH Res2Net $2 B
KRB Z A HEE . Bhamidi F11 E1-Sharkawy (2020) 45
G TR M8 FIGR 22 P 2 B T —Fh 3 JR 5k 251
PEM 2K ST B 2B A B BIRCR . A T
I i 4B O 265 3 258 I S0 &5 2R B R o 2 18 8K
Afshar 55 A (2020) 4 HPRE S5 R0 25 55 D158 A
G55 20T IR R T IR RS BTN, s
P B 2 B 8 I 2 A% 0 T, Wang T Liu (2018)
St T ShA i S R R B bR Ak R
BT A BRI TR R 2% 19 3 26 PERE . Hinton
FEN (2018 ) $1& HH K Jie 2 X 4% i it R 36 T EM (expec-
tation maximization ) i H1 5512k 0 R 9 G 0 I 2%
B AR R R, W] DA 4 b 3R AR KR R AE . Zhao
SN (2019) MPKE sh 25 8%t B IR TP B9 softmax pRECEY
o0 max-min BREL, 76 H bR RRIE R A ] 510 SR
SR LA i 2 SRR A2, Basu S5 A (2020) W2
PR T R B 9 2% 1) B 1 pR AR 25 R O T M 3 1Y
2R PO AR 2 ) O I 38 PO 45 4 v T e A I 4%
AU RIERA 2, E H R 2 AE/ NS AR A AR G
AR Tz BT, a0 SO (W 4F,2020) |
LA 532 ( Baydilli 1 Atila,2020) \£7 R4 ( Ha
1 Chen ,2021 ) FLCIEEHZ 50 #0 (XM 45, 2021) 4%,
BT 24 Fi & R SR AR U TE AL HL 1 A4
PGP TR g A b AP 7 U MERA 2R S8
B UL SN ARAE AT SRS ], A SCH ) —Fh
BUHE B IR 2 T3 1260 T AL KA 5 rp T
AT, F2 AR L 2 S5 R RN B 2 5
AT IR R N4 25 25 % i Sk rh oG BE
SRR ZR U R SR IS B0

1 BERWEET

RSB I IC AP R TR A iR 5
L BRI 1 TR

MIEL T Al UL, JE AHLATAA RS A 4R
o RS ) S AR SR R R e A A RN



2745 /58H1/2022F8 8

PhERE, XBiEPH, K3, EiK, BEE
ERivHEG b TREEHEN SR HRERE

____________________________

WA PR AU LR Sl (5 ]

=

5 { BEATIURRRIE . 43 BRI —feab }

-

i || s |

HE TR T T

: 1
: H
i S T

$oovt powme

3| 2k ], | YOLOvSx }

| T ——

R .

s

<

0l moemEEes D AnGEERES | [ dimceesis |
o SHEBUNEE ) SEGHEBGB | | W Gt
e B . dEmREE L JRERIYOLOVIEE 1

1 BAZRBET

Fig.1 Design of research architecture

SREAL LA S % B APEA 3 R 2

PR AR CL AR R PR TE R R R
H— AL FN G o S e

A A PRI TR AR R i Bsov it e J 3 ) 4 B v 3
13T WA D7 T8I 8RR E « TSt ) 2% 448 A AR 0 3 0 25 i
MO ) I g A T 0 A 3 ) B vk 8 B R
YOLOvS FhRAY, F 5 20 L Se

IC S FE AT DAL Y B an R 2 1) A s WA it
AR A5 52 ) 0 3R I 40 TN 2% J2 50 3 A ik e B30 G
S HEERTF RPN PERE I 520 53 ) AR SO R AR
V) 40 ) 4 e P A T8 3 331) 5 2 A =01 O 0k
YOLOVS5 (you only look once v5) Jriki#t A Xt He

2 HEEGHES

2.1 EBEGRESHRE

AR EAG A IR 88 “ 481 Mavie 2 Jo AALEE 2%
LID-20c & 75 At 40 A AL R 5, 40 R o3 BE R R
2592 x 1 944 RFR  HREAE A6 51 2 069 1

Mg, AR PowerLabellmg #E47 EG FriE, M
ARG A0 TR 4250 £ 2 A 29801 Excavator it
Bl Crane DL JIE L Tower crane 55 3 F2E),
2.2 BEfSREEA—U

TEAHLATH BR &5 bR i, 45 3 TR 42y
ground-truth DA K6 W A7 it 19 T 8% ZE 55 25 045 8 AN
A7 EAR S BRI 215 BN TE A ML S 1R 15 b 382
Y ground-truth X I AR F-He 3% BT A7 EUER T

Heghts B 5 R SF I3 — Ak Ab B A5 2 %6 07 4 B3R
64 x 64 G Z NI ANUTFAEG T3 AT Hirp—A>
FEBIUNE 2 s,

2.3 BEBHS4A

AR T B SE . 55 1 DB B el AR
AP —A 5 0 G F ekl g, 22 T I X
BN VY R SUNR AN IR Tk & TR S e ]
1 890 WREHR T F iz 5 A4 R 4« 1 (Y LL il
PLoF N GREEAIER . 5 2 DRI EA T E &
EUR S SR —Ak , B3 B 280 b i 1 Je A HLAL D
15 3 B T PG R) A T L, TRT AR R B 4 2, # IR

2383



2384

PEERRBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 8,Aug. 2022

4 1 1M L BPRBE 4R 2 BERL I ZRAE A AR

2592x1 944 64x64

¢ GRS IA—1k RF—
E(ElEEENES] &G H—fb)EH
[SEESEES

K2 EGR B — e

Fig.2 A case of image subblock and normalization

3 REMZRARTERE

3.1 [RIARREM L

CNN T AL B AR 75 K & R ME B &K,
DR A A X2 TR A SRR T e 2 AN A0 1 45 ]
JIEHE X 45 T A AT S50 fife O ] B, IR 0 9 246 Xt 64 x
64 (Z R IR ERUR T UL TR R I 8 25K =] 3 e
TRo WML TN 3 HA AL, S RHE SR |
FCHE T IR B e R e R 2 1

BRI Fad
16 [IZ,l
- 3— (000
3

Vi teres

24 Wij=8X16
Tl

B3 Db e R 2 454

Fig.3  Architecture of original capsule network

_____________________________________

64
LPNESTES

______________________

a9 |

S 3 B ( -

Featn)2 , G B A P SAE S BAR 325,

JEREM 25 2Bk T CNN s FH B Ak )2, 15 el
Ik PR R E B TP 28 B UG RRAE B2 45 3
WEREJZ BB R B RRAE A5 o 1) i 2R VR AR
TR Z N BT )2 A A R
W B A ) i, 2t — 2 IR | BT
b —H it A 220218 22 A i Y )
i B R R AR T BRI SRR T
FE—ERIAOME AR T N 4% 8 FH s 25 5 h HL A R
WALERAE AT 1 BB AR B K& 2% id T
BAREBYNY B 5, TR RN I A
BUTHA UGB AE S N HAREUR M, Rt Al FH
FERZE X TEANUAHAEUR th 0y TR T

2 308 ) 24 A S e 5 R B A b LA R A R
AR (Xi 45,2017, ZE IR G 0 TR 424
SE AR AT DLSE A X e 5 I 4 R AT ek DA — 2D 4
e AR TR IR R
3.2 [RIRRTEMLE A AR
3.2.1 ML ik

TN TR GG B R A B AR
1) RS ARFAE , DRI A SR e 20 O 286 1) B 23 45 FRURRAIE
PRI 28 A Ry 22 J2 A6 RRURA AR 4 B 5%, D 2 U]
G A AR AL

7 PR I 28 TR B () 15 25 e 75 I 28 1 S BOK iR
SN K™ R 2 S SRR AR SR
R FH B A R ) 245 1) Bk BR X 2 07 5K, SE AN [
2 Z A AR AE SR ( Huang %5 ,2017), B 3 2%
HE A R I I R 2 S M BN R 4 IR

Emy o SuReiil
RHIESZI

54
-
it

K4 3 REAERIEAE M 4454

Fig.4  Architecture of 3-level densely connected capsule network
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