2026 4 2B 2 F R February 2026
EardE EIH JOURNAL OF GRAPHICS Vol.47 No.l

T AL B T hE L= B ARt 14 sE G

KE ', AEE, BEAE, BEW ', BER, Wr)| P

L MN—2EREAFRAE, 7&K M 510060;
EHETIAFEARGRAER, K M 510641,
3. IR TERAMFAEERELRE, &K /M 510641)
it E: AIAHARETRRIRETRGXELT, BEANANBRE S ERS S, ZFK. LFE
REBIERMARBE, P TREAIFREFREFREZES, UAIFREDETHAHZA L. i+ Hn

AA(CV)E ARG EHAPE, Btk fe 8 I F R 54E CV H A 46 T B IZAURM B AR H 2, 45— A
MR A RS ENA LT ERBOFEETHAEEAT CVRROGEIEFE ST AR 2537
AT RAMGH LG T BARKRNAF LA IR, B GTANA A TR I % BEUBEERSEH XA
ANKE. Bk, KA KB Mavic 3T RAMATRIGELALGESL, AEZFRGEIIF m%@&%%%
UB-CSD. it % # bt B AR N & £ UB-CSD # 4% & Lt st b 523, MBALGRAZ L., T HREAESH
HEHEERESATESF AN EFRE . &H 6 mAP M4 E % YOLOVS A= YOLOVIO0 (96.1%), YOLOV9
(96.0%), YOLOI11 (95.7%), DETR (95.3%), Faster-RCNN (76.3%)#= RetinaNet (72.1%). 2474 £ %%, YOLO
FIHERATRAMGALG T BARENES L LR KL, BIMELIHOTRE AHIEE T ETLE
ﬁﬁ&%ui&%&%%,%%%ﬁﬂ%éiﬁ%ﬂ%Eéﬁ%ﬁ%%%ﬁﬁﬁﬁﬁ%%%%ﬁmo
x A kI F; LAM; BHARHEM; YOLO; Faster-RCNN; DETR; RetinaNet

FESES: TUTI DOI: 10.11996/1Gj.2095-302X.2026010068
Xk friRE: A X E % S: 2095-302X(2026)01-0068-10

Performance evaluation of construction site object detection under
drone-captured perspective

1 .1 . 1 . 2 . 2
SONG Zhuo', LU Dehui', HUANG Zhichao', TIAN Shiyu', YAN Ronglong”, DENG Yichuan®*
(1. Guangzhou No. 1 Construction Group Co. Ltd., Guangzhou Guangdong 510060, China;

2. School of Civil Engineering and Transportation, South China University of Technology, Guangzhou Guangdong 510641, China;

3. State Key Laboratory of Subtropical Building and Urban Science, Guangzhou Guangdong 510641, China)

Abstract: The organizational management of construction sites is a critical aspect in engineering management;
however, traditional human supervision method is constrained by many environment limitations and low efficiency. In
recent years, multiple government departments have issued relevant policies advocating deep integration of artificial
intelligence with the real economy to promote high-quality and efficient economic development. The accuracy,
efficiency, and automation advantages of Computer Vision (CV) technology have gradually led to its widespread
application in the field of construction supervision. Meanwhile, the drones, which can efficiently obtain complex and

varied visual data of construction scene, demonstrate their application potential in CV-based construction supervision
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tasks. However, the current researches on drone-based construction scene detection are limited, and the lack of

overhead-perspective construction-scene image datasets restricts further development in the field. Therefore, the DJI

Mavic 3T drone was utilized to obtain construction-site images to establish an open-source overhead image dataset for

construction scene UB-CSD. Several advanced object-detection algorithms were selected for comparative experiments

on the UB-CSD dataset, and the reasons for performance differences were analyzed from multiple dimensions such as

model workflow design, computation principle, and task characteristics. The mAPs of every algorithm’s detection
result were YOLOv8 and YOLOV10 (96.1%), YOLOV9 (96.0%), YOLO11 (95.7%), DETR (95.3%), Faster-RCNN
(76.3%) and RetinaNet (72.1%). The analysis results indicated that the YOLO series algorithm constituted the most

optical algorithm for drone-based object detection tasks in construction scenes. By establishing a new open-source

special dataset and conducting comparative experiments, the conclusion drawn provided effective data and

experimental cases to support future safety production management and object-detection algorithm research in the

construction industry.
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Table 1 Survey on drone-captured image datasets
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Fig. 4 Part of enhanced figure groups ((a) Rotation enhancement; (b) Translation enhancement; (c) Scaling enhancement;
(d) Brightness enhancement)

UB-CSD 4L o A L 2 JREE B b
. RERBEES. FHZENL. 2L, RE
e A HLEL 9 Bl T 3735 WL H brd i, 200 H
BT it 3G B 0 £ ZAT N A4, @ Bk H
P AR A ARSI O i B2 00T 0t LI 3 AT N 2 4
B ST T3 50 AT R S AT T Al
FUE AR AE FI 3T Python IR FIMR B 4X
4 Labellmg B % H ArFRvEHE, 374 5 5 H PASCAL
VOC 5 TXT #% 2\ EUG AR ST

H AR O s A A L 5 B, B R s
PR ER VR R 7R 12 B B AR 2 AT % P . A L]
B 4R oy X SAETE B AR A, HAR O X3
H s A e 4 . [RIG3E T UB-CSD 24 4 )11 5
[ SRVE AN 23 H B 43 o v AR = 3 XS i 0L &
i

FRERREOE W 6 B, B8N B AEA
40 296, b N ANt Tl 3h 442 i T2
EEIHPRER, BRES RS B TRE
R RERIZIEAL 4 2810 T ek fE

1.0
0.8
0.6
0.4 :

02 =

0.8

0.4 0.6
X

0 V 0.2
B 5 Hbpdo Ak

Fig. 5 Target center point distribution
S5, RICRAER B AR L e RlR
4 it AL N 8 PR T B B ) AR
55 HOR LR RARFEARBURAR . 175 FEAHE F AR X
KA EI/INT 0.1 B9 LRI/ AR 15 402,
B AR 38.22%: &K AR AN RN EIRE
13 981 4, /A FREH 90.77%, HAZIH
PRELH 71.29%, 2 WHEFR BN &R Eem, FTEAA



R, S5 TN I T35 B AR I RE AL 73

510
20 000 13981+ 630
] ‘1'\ )\ﬂﬁ(
18 000 | k
L WINEER
16 000
14 000
& 12000
& 10000 -
X
28000 |
6000 |
4000 |
2000 | s 2 e
0

K K ; Q¥ KR
W g g N g

& &-‘g\u‘ y\@v W %
¥

6 UB-CSD %44k H AR e REZ g it K
Fig. 6 Statistical chart about objects category and scale in
US-CSD dataset

D38 EAR IR HE P B oK s B 4228/ BARAE /N B AR
R S AT 5 EE A AN 6.88%F1 34.32%, 1K 4=
KN 1.86%H1 9.09%, Far il #E FEAS /T N A I 5
HoAth 6 ZKM9/N BAnEES /N T 50, 0] 20 HXTHE
TR Rl AN A B A s ) 205 2R B 5
22 MONEGEZRME Y

DR FEIE T T A e 13 s 2R T T8 A HLI
B AR B, BT A IIAS FE . R 2R
W 2% 55 2% FE AN G A S5 2 D7 T 48 b8, 9 il i 4%
YOLO %7%1 v8~11 fii A Faster-RCNN. RetinaNet.
DETR 3t 7 Fi 5L 48 UB-CSD ¥ 4 )l 45 )5 #E 4T
WA
22.1 YOLO ¥k 77|

YOLO HiET 2015 FEHEHYIGRA, HAliZ
RANBCHIRAN 2024 4 9 H KA YOLOI11.
YOLO ik A s B B ARLE T-K B ARG AT 55
TR A RN EAT 55, A It — N e 22 ) 24 B Ay s o
HFAERZES . E YOLO 3% R5IEBH K&
RS NS FEE P () B ORAIE 1 FE AT A FE 73 [l 2R 554
W BT R CAO P45 41t KB, YOLO
SRV 2R A7 o X T SIS N BV A Aol FH A 2R A v
I SE R

V7 WA G I 4 B YOLO SEESA I 3E 1 A HE Tl
DU T R BTG ) H O s T, BAYBR /S TE AR RE AR
AP EIRRA R AT 2 . AL, X 4 FhE
3 T AEAS [F) 1 2 v A 2R o 3 ke N 22 o f1E A 5
WS AT REAR R, G0 v8 RAS 1) A ] 4 - 3 P s Ak
B, vo hRAHE B v g FEBR FEAS B R &R . v10
PR AS B 138 2 3 T S ML R e U, T 7R
COCO 8 FH % s 45 ik 2R T 5 AR A AR I 2k

Ro FTUARSCIEI YOLO R v8~v11 MiAR Bk
FF W F
222 R-CNN £H %

R-CNN &L L2 AFE R-CNN, Fast-RCNN
FI Faster-RCNN 89%, J& TP B BUkill s500% o 1x 2K
BIETR R — B HE B WX, P Bk X
AT T RIH S HAR5r 25 . Faster-RCNN i it $2 H
[X 35 73 1 X 2% (Region Proposal Network, RPN)HfE
B SREVE I e £ PR 48 22 g DU THRT I 280 . R
M BORS M A ARAE A5 290 R-CNN SR B R MRS
FEAR T B B AR, AN ik A Wl A5 3 A T B o B
For il 4592
2.2.3 RetinaNet f &

RetinaNet 5% T 2017 SE# R, 5L 5T
BRYE T3 H! T Focal Loss Hii 2k g%, Hatsa!"y

FL(p,)=-a,(1- p,) log p, (D

e p RO BAREA I TNEZeAE, RIE(ERE
o KR IEMRER S H: y 8RR 5 0 RFEAR R
Hil K724, Hpy=1. Focal Loss BREGH T H & W
A BE AN (] ) 1) B A A PR 00 453 K L 0 R A 457
HIFZ A, M T B i B0 M 70 B A 1R 5% B DA
Kl gE /7. Al RetinaNet 8327 TG B S 2004 st
IR S N IS 5 24 I PR B SRR A A R HERR FE , (H
FH M1 VR BUR TR AR BRI R I e s .
224 DETR H ik

DETR s&—#3£F Transformer #5754 14 Hr #Y
oty 2| oty B AR 5% . HAE R FE CNN T 4%
Transformer i fi5 2% FIERS 28 3 #6531 CNN £+
I 28 471 5 HE EU N VG A LR 1 5 2t 28 5 4
TEEIE 4 R AT, A2 ORI ARRIE [ 5 RS 45 08
TP ) ) B ARREE 7 & S g b 2 4 DU T, R 1S
BARITNLE R . DETR 5— kA RET,
FOTRG R f KA ) B0 5 I Ak AR A A0 A HE Tl
M 24 1H K 3 3 = 0L - X AE 846 DETR ksl
TRARE AN PRG035 = J7 BRI [R] I, W] 7890 K 4
BG4 /{3 BXT R 8 B AR IR A IR« 2R H =
HPURITHRE S a5 2R FE T . ISR T S
Ak, X—1E 7S 2 DETR M HHiEEEH >, H
/N B FRAS I REAS ok H FRE

3 SRS

3.1 LWEE
AHEFE T B AN Intel(R) Xeon(R)



74 FEAL B 5 HEHLALIE

2026 4F

CPU E5-2680 v4 @2.40 GHz Ab¥#% 5 NVIDIA
GeForce RTX 2080Ti B ni&fices, Frf BikrE
PyTorch HEZE N4 HIE1T . 2R T 7] H AR 24

5, SEVERMINGSHIEL 2, R “2EME
FITEI ZRAS B TN 2 154 P B0 Ay 2 A BA SR A3 )
TN ZRAUE A

*2 BRNGSER
Table 2 Algorithm train parameter table

IR AL ISR R YIZREAR A FEAR A LG )ity

YOLO %% q 100 16 0.0100 0.9

Faster-RCNN % 10 000 256 0.001 0 0.9

RetinaNet % ‘{%E%Bﬁﬁ&: %0 YE%W&: 16 0.000 1 0.9
R BL: 50 fRRPTBL: 8

DETR 2 100 4 0.000 1 0.9

SEMREFE RN, BT CV RS A
R pPa 4, HRRM 811, 71201 K
10122 PEREIBENLRI 2 N E ok i 4 il 2
L IUEERANI A . ARYE AT AR IR S L P A
KEYNGPAERIN 8.1 1 NEEEEENRE
(RIS K 43 b g, Bz bl B ATL il 43 2 T 20cda 42
NINZREE(10 289 FK). FRIEAE(1 286 7K)S5 4
(1287 3K).

H A I 92 B R L VPAL R AR L4 RS
(Precision, P). 4 [A|Z(Recall, R). F1 1. Pk &
(Average Precision, AP). % & “F 4§ ¥ (mean
Average Precision, mAP)%5 . P | -1l & T 5 # vk
For il e ) H b A BSEAEAE R B AR T R BAEDE
i S B A B AR B RE T o A 25 SR 1) PR
s W RE A RS, WEENRR
K. HIS EARW A B EIEINGE R 2 M8
PR, AH S BRI A A o 200 [A) 38 2R I HS £7
MR, HIEIRE T F1EVLGEEHRE 2 Mfgbs, 1E
AL EVR R B &AM M RE . P, R A F1 FITHEA
W)

P =TP/(TP + FP) )
R=TP/(TP + FN) 3)
F =2xPxR/(P+R) @)

A TP (PR RN T IEFEAS ;. FP

(T BHAE) = Bl i 2 T () SR REAY s FN(IER B PR ) 2R
TN R IR T ) TEREAS
AP B FEAF P-REAE, KitH P-R
LR REZE VAL FEE B AR BRI AR s mAP H]
B HARZRAI AP “F39ME, BP
AP = P(R)dR )

mAP = {iAP,) /N (©)

i mAP [FIRERE AT b S B E R R . AR
KR RARMRREE, L3 mAP@S0 18 15
s 3B AR N T 2 W T 25 SR 28 I ELE 50%
i ) mAP {8
3.2 XfEESCIREER

RSB E e GG, 7 M SR
MARAE B EE TR bR R 3. B 7 N HIE
FHNEFEARE I = 4EREIR SR

mAP St 45 R ER: YOLO &% v8~11 fiiA
LRI e R B, 183 95.7%~96.1%, F
1 YOLO11 N R FHRAKAE 95.7%, YOLOVY 4551 H
96.0%, YOLOvS il v10 B8 & 41 i =il 96.1%:;
DETR H#EFE 45 1) mAP RS /NF YOLO &%, N
95.3%; Faster-RCNN FlI RetinaNet &L yE4 M 45 5 )
mAP W& EE 5 T80 5 FhEvE, 2008 76.3%F
72.1%. FIEARYE mAP 1, H §ic AW e T

Table 3 Comparison on detection performance indicators between algorithms

®3 EIRMMRERIRXTEE

ERFS AR Uike UISTEEL R FE - OKERE EEL 2Pl OREE 1ZAHL mAP
YOLOv8 0.888  0.921 0.981 0.973 0.987 0.994 0.993 0.985 0.931 0.961
YOLOvV9 0.887 0913 0.980 0.968 0.988 0.994 0.992 0.984 0.934 0.960
YOLOv10 0.888  0.921 0.981 0.973 0.987 0.994 0.993 0.985 0.931 0.961
YOLOI11 0.885 0911 0.980 0.970 0.984 0.994 0.993 0.982 0.911 0.957

Faste-RCNN 0484  0.743 0.888 0.754 0.784 0.871 0.812 0.799 0.733 0.763
RetinaNet 0.360  0.654 0.885 0.666 0.838 0.757 0.877 0.705 0.744 0.721
DETR 0.802  0.951 0.973 0.940 0.979 0.990 0.988 0.979 0.979 0.953

TE: ISR R R .
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Fig. 7 Statistical chart about mAP and AP parameter

Wy s Wk AT 55 B K - YOLOv8~v10 & ¥
YOLO11 A DETR HiERIE T =F M Z T L, 1)
A Z LN %ET; Faster-RCNN F1 RetinaNet Jf
KRERMEMFS RS, A5 HIER.

ME R E AR R KRG FE/D H bR 7 H
e A HE B K N R R 45 R P, YOLO %
YIER R R, AP (HYJ#T 88.0%; DETR
SN 80.2%, 5 YOLO HiEfEfE— g 20,
Faster-RCNN F1 RetinaNet X A\ G645 B i AP
EARIER] 50%, JoikieiHER, 7554 8 K H
Fr I, DETR BIELES 2 5 ¥V NSRRI B S
BT YOLO RANFIEMGER, SKERIEE. K
VIR TEFZENHL. 2 MRS B 42 5 S5 H ARAS Il
33 AP {EHEL YOLO RAHMEMZFEART] 1%,
AERERIBMEE RS YOLO RAIMEAFAENE
KZEPE; 1M Faster-RCNN 5 RetinaNet #1215 H )
8 X H¥r AP {1 EL YOLO %7415 DETR H.i%k45 R
P /IMEAR 9% LA E, FEA RS —ik#.

BT N ATE N T3 2 A 3 b i B, B
PLH YOLOVS fiiA#21 YOLO RANFEEREFET L
MU it T 3% SR AT 55 1A%, JLH YOLOvVS
5 YOLOvV10 A &iEMTERERIL. DETR Hi%[H
FE A it L3 R AT 55 R n e 100, (R 430 2 N ks
WJFTH S, 752X DETR #4738 24 ouidk DLARIE 2 9%
IR 2B . Faster-RCNN 5 RetinaNet a3
GEREE, R 2 FENEIEREH T AN
EUE it T3 sk MAE 55, 78 SEBRIE 58 AN 22
KH
33 ERAh

ASLLL YOLO FRFNHHE, X FkRszigss

W R ARE 22 R TIR T, LA BT S B RE ZE R I
ZRKFENA 5 A SR AT e 1 59 SOdk 4 it

1) DETR X} A\ 51 H AR ISR AME . a2 75
frid, UB-CSD ##lE 4 19 611 /N A G125 H br B3t
B 71.29%E FT/NE AR, PSR G R
gt Ja] DA 245 20 e 2 S e T35 Strb o B FR )
R RE 25 2004 . tiik, DETR XA 5 A ks
M RAERI S5 RN E(E DETR St T35 R
ANERA RN EFNE S

CHR[391 A4 TE DETR (I R0 S5 R T F 34
BRSZEG, RN 25 ARG 8 . UK F nfid 2% 22 f R fig
B E R TSGR DETR SERE /N B AR (R 01 B
[F) B v K A RS I P At O — 5 T B . R A
NETETF K B ARAFAE 5 2 (13 ERFAEVT AL 55, BIK H
PRAREL T/ B AR EA B R BRI S SR, M
MAER S 2 k38 iR R AL E i H R e 5
TR LB R H

H 3 = AL R /N B AR R B TR
BERTRE = A SRS . — 7T, I = AP it
RPN OV, Hh N
NRFAE EUG 20 S R 1 SR FE 5 8 DETR 7R
Ab PR % R H b B B B 1 3R B A e Ath — By
BRI sy, Rl TN BRI As /. 55—
T3 BIGR A B R R DAL 4 EUER 2 A B
R FEA M F, 75 % DETR it K &It 2k
BB RIS, & A FAG R s b . AR
5 RN B BRASIAT 45 ME P K

RAE 4T, 7 & Transformer-based 4
IR B 789025 FEA AT 45 1R, BEF 35T
BE AOAFAS I T G A5 B S A 2 vh (1 AR B 2804, JF
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2026 4F

H 2% B H T 2% G B B L A XU A S L
AR A & SO E bR A FIRCE .

2) KT Faster-RCNN 4 RetinaNet 5.y% 1) % {4
PEREAHE . BAR Ultralytics BRI L] YOLO 5%
IR A BRI O 25040 2 S R F — s 72 B2 1 B L
B R H AR, (EASR ] DA_E 35S i ) YOLO
BOEHERERE S BUAWE T YOLO HiEHAHH
X, 3 H UB-CSD #fs S it N TR i &
77 ARG R I YOLO 59 1) BRI B4 1 i
PRAEFEA IR 2 REVER M ZFE ORI F 2 .

FE A TET Faster-RCNN 5 RetinaNet 2
SRR I 2 250 5 S v, AN HET R
BiEF AN A A, HBRBRR Dk,
2 PB4 75 L RPN BEAUAT FPN B 4 H AR
THUIN 2 FAE o RPN A5 AT) SR FH 26 A A 1 F0000 5 [
77, Bh% B REZER . IERFEARA 5%
[R 2R () 52 el 7 AN Be HUAS 454 R 2R 0« FPN B 28 4 4y
Re A O F Il & v 2 R A B 22 (aE B 5 IR 2
FREEIRE S E R UE R, (H5ER T BGM S S5
VENE LMY Focal Loss bR UCRT B B B IR AR 114
3 RetinaNet HEXTIRE TR E . TEIZENL. 1290
Pl EEEMNIZANFRE A EREZLRE RED
Y H R B it L e B HE ) A D R VK T
Faster-RCNN, HEA41F YOLO Hik. Wansn
YOLO 9% FEAf 5T FPN BB S0 1) PANet
FERURITCE ) A0 s PE, HA A YOLO &
EE— 0 4 A F RS R DRI, =)
BU . ARG 5B AR, DR AT AR R A (1) 2
fih Bt — IR T RE

28 L BTi&, Faster-RCNN 5 RetinaNet 5% A
EEAEREET AN T3 5k AT 55 10 3+
FEAY, HH A () Rs e LA Faster-RCNN A4 22 (1)
RPN W %% 55 RetinaNet $i i /] Focal Loss PRA%L, X
TARREE R 5 Sul I EA % 2 550
e

4 MR,

AR RAE 4 ANTE T & JH T
s EG, BT FRIEEE T AL 4R BUER
fit T35 H AR B 5 85 % UB-CSD,  Jf ik #%
YOLOvV8~11, Faster-RCNNRetinaNet 1 DETR
7R Je it HIELE UB-CSD $di 52 )11 25
Wik . St seib g BxFbk, A8 YOLO R
YOLOV8 5 YOLOV10 J& fid & Jo AL 4t T

W BRI B yE; Faster-RCNN 5 RetinaNet %
MIAREWR RAES TR, ATHEE; FR 3 MEE
YOLOvV9, YOLOI1 5 DETR (¥ fg £ IR T
YOLOVS 5 YOLOv10, 1755 & Szkrp H 5IR A0
T RE . Z G A SN B 5t B 7 AFEHAR
K&K &k, N H DETR, Faster-RCNN 5
RetinaNet HiERIME AT YOLO &k R VK5
BRI, FEHR H AR 1) 1T Be 58 48 it

AR FILAFAE— AL, FELET X LR
AR RSB BA — e RN, (HIRE & H ek
DA M mT AT A PP TS %, DRI AR SO0 b sE 0 19
H G RAAERRYE . RRKHET YOLO RIIFE
FUASIR TSR, 30 R IETF I ANt
TS I R S, AR bR H S e AR .
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