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Abstract: The complex environment of construction sites, the difficulty of obtaining images
containing rich information and the high cost of image annotation make it difficult to build deep
learning construction machinery image datasets based on computer vision. In order to build a fast
and high-quality deep learning image dataset of construction machinery in the construction field, a
method of generating and automatically annotating images of construction machinery based on a

3D modeling engine was proposed, and an excavator dataset named SCED ( Synthesized
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Construction Equipment Dataset) was constructed with an excavator as an illustration. Firstly,
the target excavator equipment was modelled using the 3D modelling engine UE4, then the
original model was captured from multiple angles and regions utilizing UnrealCV tool, automatic
semantic segmentation and mask image generation were achieved using a self-written module, and
the bounding boxes of excavator instance were automatically annotated, generating a dataset
containing 10 000 images. The target size, number and construction effort were compared with
existing publicly available mechanical datasets, and the construction efficiency and cost were also
compared., and finally the quality and effectiveness of the image dataset were verified. The results
show that the construction method is more efficient and less expensive, and the SCED image
dataset is richer and better generalised, with better detection results for small targets. The
research findings can provide a reference for the construction of deep learning image datasets in
the field of building construction in the future.

Key words: computer vision; deep learning; building construction; construction machinery; syn-

thetic dataset

0 3

Wit o T R ATL A A2 A ) PR i DA R SR T i
HPE T BT AL e B AR B 2 ) sk H
PRl H AR & 29 T &7 40, U HAE AR T
PR A TR TR B 2 ) 5 AL B R Y
AT A& REPRA TR T W 2R 5 g, K
FH AR I 5 32 5 T TN 28 A iE A RS | kT
PG R ST U i R K B 5 58 B 3 3T OB
SCAy BB R K U5 U L S T 2 Rk
R R TS i 4

Jy s AR SRR, R 55
W2 L0 TR MACR MRS . P& TR T IR 2
21 E ARSI 5 3 8RB R TR A S AR AR
T2 B AR P A B A B A PR L T R A . B X
REE R IR B A N B E &7 TR
HAFFET, VGG | R-CNNM [ ResNet"" & Det-
Net"'* 25 M\ 451 $12 B 28 M B E A7 17 340 5 4097,
IoU-Net 5 UnitBox M ToU % 3 Jy w17 T 1k
2 ¥F, Focal Loss, Skrinkage Loss M Repulsion
Loss X Loss 5k #4717 20t 42 7h AR 5B |
T T HARK I B R8N B R R A (HAE R
B AR H v T i A GRS A T A DG S
WM A . An &0 4 W T 356 R A B B8 48
A NRE AR S SR A A O R =
AN, 5 AR5 7 e AT R R AR T R IS
LT A SRt T A O 4 0 Al S B 5 A G T
T LR A 0 ST (H A A A AR ok R R
— By R S BRI A AV

[

TEREFUIE T35 T « th T B AP fR 2 %
N AR S 45 AR A 1 42 T 0O B 3 61 45 ik
PR 3 LR AE A Pl PRI 21 10y s 28 L AR AR LA
LG et . Aemit T LA 15 8ot 4 4 1 07 T,
W BT AL 2 4 | RS R AR A 2 A O R
ERDFAA TS S S Tl AR SR —
o i) S S T AL AR ) TR 2 > P BRI S A T
VR A BT E G ST Y SRR R 2 R b B I
Frefa - AT A 3l A 22 7 (0 B 0 1 B 3 v 2 LA
JAS B i 22 B A PR RO 58 BUHE A5 1] B0 A Az 552 30
Jil T AL, P 15 K B 1) 3 IR S A

1 ER¥EEHERZE

AR SCP A T = 4R R Y i U T LR R
BAREMETTEE AT 2 DL O HARPLIK =
YR 1 ST 5 22 AR LA R A SR AR 5 HERD 2]
BA NG @ Z T W R ER S B L Rl S L
Fe A SR TE SR A2 B

58 I G B AR B R A i TR AR AR DU
BRI S HELR 5 B 28 IF 7 A MOCS! B JR {11 3%
ACID AR A A T B0 4R 2 4k B2 1 e 48 o A1 AG: T
BORHIXT . BAREOR B SR 1 s,
L1 =Z#EEFEREEKE

E U = e A S S AR S B UE4 A
U3D & HAfmi . ASCHE B A RUFIG PR AR AL S
H Ui AP UE4 518 (& 2) 5 UnrealCV-
AR TR il i [ R 5 5 O R
NS G 77 ik 52 B 2 Fh ol SR T PIL BB 2 Y
AL,



102 EAAFE TRFIR

2022 %

_________________________________________

—

=w

uuuuuu

ERBHEHSTARRBESRES

B 1 BRARBLSRE

Fig.1 Technical Route and Processes

it i

LET ] TAARRKLEARARRRRERRRRRRRRRRRL 111}

BEE2z 2

B2 UE4ZESIERTENAE
Fig. 2 Interface and Features of UE4 Modeling Engine

1.2 #HBBIE5EKGERK

K UE4 B o785 s A 944 ] Twinmo-
tion R FH it T AL AR ASE 8 30 47 22 IR 1% 1 — 2ff 455 7R 4
57, i3S UnrealCV 41445 A g A5 523 EF X H AR
HLARAR Y 11 22 £ 13 B4 58 S A7 TR LA B ik 1 R 1) 3
SR HEAT 20 M O AR R SRR AN 3 s,
20 f0 BUR 7 R it Camera 41 360° 3028
FRALBEIT 5 i 10° B0 1 5K SE B, RO 78 90 K 3 Bk

£ Hlocation=(x, y, z)
11‘Z§P0S‘"{§?é?rotation=(pitch, yaw, roll)

B3 sHARKRE
Fig.3 Principle of Multi-view Framing

T AL BR 5 R LAB AR R S, T

(DB 5 = AE AR AL b A7 8 A bR (g s o
zo) o JENL — S YR AR BR R TR OPL BB A S
(pitch, yaw, roll) i ¥ 4 (E 11 2 0. 6 S B35 20 14
Camera 5 HUBRM L 2 1 = BlE 196 £ o
5 WEm g de .

()4 B 2 Camera fER H AL BRI LS R
(x,y, z, pitch, yaw, roll), | Ak F5 % e 56 & UL T
e
x=rsin(§) cos(p) +z,
y=rsin(®sin(p) +y,
z=rcos(9) +z,
pitch=0°
yaw=0—90°(5°<0<50°)
roll=180"4¢(0°<<¢p<360°)

K0 BRR 5S°H—ME (3L 10 4D 50 B 5°H—ME
(3L 72 40 B — Al e g HARBLACEE N 720 A4S0 £
HEATHUR

PR B B 2225 B HLCE B A EHR AR 2 A
PRUZR BB R RSCR JRR  1,

1.3 BE®BBmtRE

TR 7 > [RGB B b T 7O RS 0 2 D 0 die
EREN — N EERE . LG kRS AT
sl BOHE 1B 1 O 20 1 92 R EAT AR T X — i 7R
B 2% g BT AR AR TE AR g — N A B
AL A AR T T M R 2 T TAER0R 5 G EE
LR E .

ASCFI ] UnrealCV 5 B gL BL & UE4 £
RUA B YA 09X G )& 1k S B0 T PRIR 52 48] 43 K1 9 4
b A . A LA K Bing S R 48 RG]
P FEBRIER SR/AE. BT AGIAZR
R R 9 AR A o N P R Y B




F 4 FEARVE B @A ARG IR LS ST AR IEE SRk 103

1 BERBEHIRETR
Table 1

JEUIR P 1%

Image Output Effect Display
R B4

55
70
=

6=50°
(/;2310"

6=20°
¢=340°

0=50°

gpzli—)e

=15°

gp:&—)o

0=30°
=115

0=45°

90:1750

BIIAAL S IZ IR P 2R 3R [R5 70 5 1 42
PEMLAE Ao F BEALIEE 4 MR 3 58 T7 3% CHLAR
R/NBERLAR L 0. 1 4% ~1. 2 4 \RGDB 1l 18 28 e bl
KT B AR AL SE BE 3558 TR iy 1 Rhal 2 F, 595 5
R BEDL 0 s FLIR] mask £ FBE K/ 9 A% adE A7
BEHLLL A ML E R 1~3 K, 13 3] — ik B A 1 [ HE
PRIE R & BAZ P B (BT )

T ORI PR R B R S T R S R — 2R
P T B A R B R 1B AR S A FIAE o i 5]
M A KURIBR - FLAAANGE: R SR ISR R 7 5
4 F- 2 5 AL R I A B LA v 0 T S5 57 JRE L A 0
{EL5E B - DAL FRIAE 0 2 mp ol 50 JBE (RO e (IR 5 BE AL L A
A FRIAE A A 20 S50 2 s ST B0 5 B 10 1T 4%
5 7R

B4 BiHNWpEBEGSEGEH
Fig. 4 Masked Image and Image Synthesis of
Target Machinery

5 BEgEamRTA
Fig. 5 Examples of Image Synthesis

2 HIRSERMEREIER

TG FE B PELAR A 1 ) R AT B 1 R
5HMM, BT IREE T INGE RGNS, %
iR 2% MOCS ¥ 2 4 1y EfficientDet-D5M) i
TR H AR KR A R o DI 2k B B A R SE R
512512, 3 F FH 7K ~F- 80 5 A1 A 1 Ak 0T B8 2 47 38
AL B, i COCO Il 2k AL HE , Y1l 2k 2 4L batch-
size H 16,2 3 % 0. 001, 4> %I 5 3 4~ B 4 60
epochs, ffi 1 2 Bt 3090 & &, 3T % 186 h, K JE
XL 4h 5 W 28 2, EfficientDet #5171 B 2% 3] {1 3]
i WA 6,

MF 2 W LLE SR AR SO v 57 19 8Os 4R
A ACID 5 MOCS g £ E 2 M fats L 23
H IR, 00 SCED iR 2K .

IR — A it T B0 3 WA Hh 43 3 A AR 021,189
T P 5 (TR 7)o Al e S A6 T 1) A s SR £ E
Sy A H bR 20 AE R R H L il UL SCED 13z 1k
P HE R 4.

e LN R AR R TR e /R ENIRC &N R 3
i T 1A P &b A7 8 468 5 i 5 T R B 2 20 1 H A s
FEMZ AR ERE . e AR MOCS B4 5
BT /R A ACTD a4 1647 58— 5 Uk 4b 31 R o —
S K A S ST B 45 SCED AR i B — 25 31 1 A
B4 » i B8 EfficientDet 52 BY fT 35 B 418 48 (1 4% X



104 EAAFE TEFR

2022

®2 BEGBEEBEILL

Table 2 Accuracy Comparison of Image Datasets
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Table 7 Accuracy Comparison After Small
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