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Abstract

Addressing the challenges of target detection in complex incineration scenes, which are prone to back-
ground interference, target deformation, and sudden illumination changes, this study proposes an en-
hanced detection model based on YOLOv10. The model incorporates a Gather-and-Distribute mecha-
nism to reconstruct multi-scale feature fusion paths, employs deformable convolution (DCNv4) to
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enhance geometric representation of non-rigid targets, and adopts a Wise-Outer-MPDIoU loss function
for geometry-aware bounding box optimization. Experimental results on a self-constructed incinera-
tion dataset demonstrate that the proposed method achieves a mean average precision (mAP) of 85.7%
while maintaining high inference speed (359 FPS), representing a 2.1% improvement over the baseline
model. The approach significantly enhances robust perception and localization of incineration targets,
demonstrating considerable academic value and engineering application potential.
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Figure 1. YOLOV10 algorithm architecture diagram
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Figure 2. Improved YOLOV10 algorithm architecture diagram
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Figure 3. C2f-DCNv4 network architecture
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Figure 4. Gold-YOLO network architecture
4. Gold-YOLO I#&£E#:)

1|47 7%, neck i AL #5backbone bR BU[{1HF4E B2 B3 B4, BS, 3 B e R ™™ | N fbatch
size, C ZJHIEE, R=HxW . P3. P4, P53k H Backbone filid B L1 N AR A M2 RIZHRHER,
F TR A [ RBE ) B ARP3 7 Hr e s TN A%, PSRRI TR HAR). N3+ N4, NSFAENeck it

A BB G 1) 2 R R ES Y, X SERRAE 2506 NG Sk (Head)i AT PN«  7ESEBREEE 1, Gather-
and-Distribute/itf£ H = ME 8 TR TN FAMS ITES ZRAEXN 55, IFMIUAT 2515 BRlE, Injectll 58
BOREIERHE R Z R EE . gather I FEEFEHD . 158, FAMMARZWEEEMXFHRAE. A8)5, TFMidE @t
AR RS R ERER. EREERERE, injectBi X L5 Hdistribute 2 5 Mevel 1, 1
f] B B T E AT IO, NTTHE & 7 SR e

T GBS RT AN [F) R/ R RE ST, GDELHURH TIN5 3, low-stage GDMlhigh-stage GD-

fElow-stage GD43 3 H, Low-FAMAILow-IFM 4} A2 (KT BCRFAE X B AN B A5 Bt A Bk . 78

Low-FAMH', Hlaverage pooling N RFEAFEI— g — KN F,  » EFER,, = %R HAR KN TLow-IFMELHE

ali gn

Z R E S H 1 EF Block (RepBlock)F—A splitfff. AR, RepBlockHX

Ellgn (channel =sum(Cp,,Cpys,Cpy, Cps )) BN R F,, (channel = Cy, + Cys) » SRR HTIBIE4E L split/i
mj P3 *D En/ P4 ° ﬁDF:

F,,, =Low_FAM([B2,B3,B4,B5]), (1)

F e = RepBlock (), )

F;n] PS’Enj P4 _Spht( fuae) (3)

DOI: 10.12677/csa.2025.1510249 47 THEAURF 5 R


https://doi.org/10.12677/csa.2025.1510249

BN

fEhigh-stage GDZ3 3 1, High-FAMAIHigh-IFM 73 7] & =i B BOARFAIE X FF BT =B B A B Rl A ARk
High-FAMFILow-FAMP#AE—FE, 8Id 42 R T3 N REERX 55 KA, HARK/NA R, =%R - High-

IFM 35 £ Mransformer blockfl—{ split#fE . BAR@FE =20
1) High-FAMI %t £, il id transformer block@l 5432 F, s

align Sfuse
2) F,, it 1x] BRG] sum(Cpy,Cps) s
3) WHBIEHHTsplitBRAER 2 F,, I F, o
BT

F

align

=High FAM([P3,P4,P5)) Q)

F

e = Transformer(El,ign ) (%)

F;nj7N4’F;nj7N5 = Split(ConV x 1(Ffuse ))

A B transformer il A AR B4 FE £ AN HE B (i transformer block, & block £ — > multi-head attention

block. ffn. residual connection.
3.3. Wise-Outer-MPDIoU

JR I YOLOV10i%& FCIoU Loss, %4k & Nk U FHEE & 5wk, wlED I E ARG FE 5154
PEAGTEAR . FEAE e B ARkl (1 SEPR S, BOREM RS ZEATT, Hifi, &30K Wise-IoUv3 [8]. Outer-
ToU [9] M Fh451 2% B B SO A B A — PR i R R B, A 2R & 1 Y s I TR 1 %2
3.3.1. Wise-IoU

Wise-IoUEZ: St loU 5 Ak 1 51 NSRBI, G2 Rt Hov3RoRI T HESE B i AR R R EE R
Hor, I (6)~(8)BNASHHERS L OIE X IR, T FE T FME [ U 5k

_ Ly
p= L,,, [0, +0) (7
[’WbUV3 =7 Ly ()

Heh, g RMER R E R, HI S L, MBI R RO R 24 B il e TR AR, AR R
TR RE U RS . B £, SCIRHRIHT, 5B v T [R5 N, 5 B I 4 1 32 A ok v A i
HEA &
3.3.2. Outer-IoU

RS i Outer-ToU 5 2K b8 £ 4 BUIAAE 1T HIoUH K . Outer-IoUdEId 5] N A] 4 A4 BIAE 11 H IoU$7 2%«
M EIAE RSP R, RS B ToUREAR DLW 8l RSFRORET, TN S ARToUREA LA B,
i R Fscalesh A VR HESHEIAE RN, AEAE Y 7E LR IR FE 1 R A s SR A 10 FAEAE IE 25

Outer-IoU AIHE U1 AT 2N
WMAE: B, = (x{’,ylp,xzp,yf) )

HIHE: B, =(xf,p 35,05 ) (10)

DOI: 10.12677/csa.2025.1510249 48 R HURLE 5 R


https://doi.org/10.12677/csa.2025.1510249

BN

inter __ P g
x"" = max (xl , X )
inter __ P g
Y= max()’l N )
an
inter __ P g
Xy —mln(xz 5 X3 )
inter __ : 14 g
y2 _mln(yzayz)
outer _ P g
X =min (xl s X
outer _ V4 g
=min ( )
A _ 0 inter inter 0 inter inter yl yl ’yl 12
rea,,,, =max\u,x, X xmaxiy,y, - outer P .8 ( )
X, =max(x2 5 X3 )
outer _ P g
yZ _max(y23y2>
_ outer outer outer outer
Areaauter _(O’XZ X )X(O7y2 -0 )
Area,
Outer-lou = ——< (12)
Area outer
‘COuter-Iou =1-COuter-IoU (13)

4. FWAEERERRR
4.1. SER¥E

4.1.1. TWHBERSHIGE

T35 % FHRTX 4090 (24 GB GDDR6X) 5i9-12700KF41 4, %% Windows 105 #fF#%i% FPyTorch
1.13.0 + CUDA + cuDNN, Python 3.8. JlIZ:Hf LASGD AL 4, Batch Size 16, HI4h2%%>1%0.01, E
FEIK0.0005, #HE0.937, F AT 2640 x 640, %4200 epoch.

4.1.2. RELEMNIEHR
AV A 28 AR A P 5 S 1, i BUmAP. 55 (GFLOPs). S# & M) M i (FPS) Y T HEHx ,

HatHE A r
po_ TP
TP+ FP
R—_1P
TP+ FN
1
AP=[ P(R)dR
mAP:%z;API. (14)
FPS = N?mber (15)
1me

4.2. XtHESERE

4.2.1. EEANHIELE L

NIUEGDYE R IR EA %M, PLYOLOVIOAFEL BT X RS20 . K145 R E7x: SIAGDJE, mAP
1585.7%, BILLHETF2.1%, TMSE. CBAM. BiformerfI4& MK T1.5%; [FI GDIL A >k2.52 M#i4M 244
1528.6 G FLOPs, ARG 5 SEmf ik, 5 3-a ARkl g 5 .

DOI: 10.12677/csa.2025.1510249 49 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.1510249

BN

Table 1. Experimental comparison results

1. LR ER

Network SRR /% ZHE/M FREHEE
YOLOvIOM 83.6 37.5 29.1G
YOLOvV1OM + SE 84.6 373 287G
YOLOvIOM + CBAM 84.2 374 282G
YOLOv10M + Biformer 84.4 373 279G
YOLOv1OM + GD 85.7 2.52 28.6 G

4.2.2. EEhSELG

NIGAE AT PRSI A 2, fEYOLOVIOREZ: IR HA LI LS E R 1% a5, K2435
N A DCNv4 . GDVER /1 K Wise-Outer-MPDIoUJi5, ¥ & 51 H E1/ME F %, mAPIEF2.1 pet,
T A RS IR ARG B2 5 SN P e R0 5K

Table 2. Ablation study results
2. iHRASLIGAR

Index Model  DCNv4 GD  BiFPN  Wise-Outer-MPDIoU ~ MiR/F-s™!  ZH&EM) “FHIFEE (%)
Exp.l  YOLOvIOM 355 2.37 83.6
Exp2 YOLOVIOM 347 2.41 84.6
Exp.3  YOLOvIOM v 359 2.52 85.7
Exp4  YOLOvIOM v 364 2.48 85.1
Exp.5 YOLOvIOM v 352 2.51 85.3
Exp6 YOLOVIOM v 332 2.54 85.4
Exp7  YOLOvIOM v v 313 2.56 86.0
Exp8 YOLOVIOM v v 324 2.61 86.6
Exp9 YOLOVIOM v v 330 2.58 85.8
Exp.10  YOLOVIOM v v v 332 2.63 87.3

4.2.3. FEIEZE EL IS
SEIGRI(ER3), B ERIYOLOVIOTERE T 5 F R 7. R —SHEHHEET, EmAPA
F87.3%, % YOLOV8-M#ZTI3.7 pet, 31T Faster-RCNN. SSDE54 FIARAY, B6AIF T A5 E 1A bk .

Table 3. Algorithm comparison experiment
*® 3. BAISER

7Y i SHEM) LIRS E (%)
Faster-RCNN 52 283 56.1
SSD 82 334 57.4
YOLOvS51 153 232 83.5
YOLOvEM 66.2 11.1 83.6
Ours 332 2.63 87.3
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