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R — A1 YOLOv10-DLC H FR A% 5 1, B HRA AT Al & 2241 43 S H (C21-DBB) , 4 i 58 75 I 4% X6 A /] RLBE
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Improved YOLOvV10 algorithm for daily object detection oriented
towards home service robots

Ge Xiaoliang"?  Zuo Yunbo'”* Chen Sai'? Wang Shaohong"? Miao Zhuoran'*
(1. Key Laboratory of Modern Measurement and Control Technology, Ministry of Education, Beijing Information
Science and Technology University,Beijing 100192, China; 2. Mechanical Electrical Engineering School, Beijing Information
Science and Technology University, Beijing 100192, China)

Abstract: Against the complex detection challenges posed by the multi-scale, multi-category, and dense distribution of
objects in the daily item recognition task for intelligent household service robots, an improved YOLOv10-DLC object
detection algorithm is proposed: By designing a diverse branch module for feature fusion (C2{-DBB), the algorithm
network's ability to detect objects of different scales is enhanced; By adopting a combined module of fast spatial
pyramid pooling and large kernel separable convolution attention (SPPF-LSKA), the algorithm network’s ability to
understand the spatial structure of features is improved, and the key features of objects are highlighted; By using the
content-aware feature reassembly (CARAFE) operator, the accuracy of detail reconstruction during image upsampling
in the network is improved. Experimental analysis shows that the improved YOLOv10-DLC algorithm has improved
the accuracy of object detection, with its mAP value reaching 94. 3% , an increase of 3. 6% compared with the original
algorithm network model.

Keywords: deep learning;daily objects;object detection;improved YOLOv10-DLC
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TRBE S ] PR By PR & R gl 1 B AR A I B vk Y
i, DL I DX R TS0 PR Bk D, A0 DX S AR
% M 4% (region-based convolutional neural networks, Faster
R-CNIND 48 S 36 SR o HE 5 K5 B2 -7 14 50 i B A 0 25 4
B S HE A M 2% (single shot multibox detector, SSD)™ |
YOLO 80 45, K i) 530 7 76 o 8 1k RS2 it ek b S T 2
e, Ho , YOLO Z 90 G A o 31 3 9 40 00 HE 22 #0480 5 1)
BRI B SE AR A I S ) F A

VT AR BT B A 55 T By B AR A T B) R, 5 E AT
AR BEHAT T Bk k. A2 KRB H AR R Oy T, 5K B
SR Y CAFR-YOLO 53k i 1 B0 3H 3@ 38 ik & 151 %
Y i RLRE 47 AIE B 40 B Bk (channel attention-guided feature
reorganization, CAFR) il 5] A A 28 JE 4% ! (deformable
convolutional networks v3,DCNv3) , i} 2 8 5 T F5H XF A
A RUEE H AR ORI E Jy . SCRLVT 45 26T YOLOVSs #24l
2 RUBE A 3303k 30 3 T30 R ALE il 5 SR W O Ak 22 RUBE R AIE
P B, TE ORI 1 AL 1 [R) B 2 o T ARG BE . SR I U
R HE S B R IR R T PR AR, S BOT R 3, SE R
AR, TERFE R Y 5 O T, A by 3R R 5 AR TR R
WEA —E AR . ARG S T YOLOTT #2404
T L A AT, 5] AT AR TR A BRI = 43 3 AR B T L
il A H T2 TR X b 3R 40 2637 Bt L W A 2 T R I A 0 5 A
EYSRAEEZE S . WS PUN S IR i A SR E T S
%, M YOLO-DA %3k il if K-means+ +
RAHHHE . VariFocal Loss I B iz % )2 50 90460k [ 38 1
BRGE R T VLR 5 I3 A 0% 404k 2 5 1) A0, 0 JEC 0L 1)
fif 4 7 5 ™ 4% (bidirectional feature pyramid network,
BiFPN) By G5 /438 fin 1 BB 52 Z B, 7 HC Al 45038y T, X %
P S5 L X U TE 2 38 b 5RO RR AE ISR W . 2 R
ST 2 RURE ARG A 45 A 1 L B A AR 0 e s T ML T
BB ME LA R 5 IE R S5 AL 4R N T R . B I
SRV X B E BRI R MF-YOLO 3%, %11 C2f-2
PR BB (C2E-CAST) R 11 40715 fih & B2 2R (surface
detail fusion module,SDFM) , B T K 4 (1) 22 R F#H1E @l
GRETT, BAAXS B ARG T 0/ B ARk B A W LA (H
AN TR RUBE H B 8 A 28R AT R T

g ErR AR EEAELU FTAR . DA R L
Tk [) I e Jit B A 2 RUBE L 22 28 031 0 8 4 O A1 5 I A A
FA) AL B 3R 5 2) 22 Bt B v 5 M e S e B AR T R R
FEOHREIF AR, TR A D) HETA XK B EIEKE
A DU B A 5 /D, LR R 5 3 B CN B3 4 28 LR
PO MB R EETE ER R AEA.

Bt bR )AL AR SCHE T YOLOVL0 559k, 32t — i
7] G E IR 55 37 5 9 ik 1) YOLOv10-DLC H b A6 5 2%
FEBTERANT : 1) W TR AE Al A 22 B 43 325 B (C2f-diverse
branch block,C2f-DBB) , 3 i 2 73 32 il 5 5 W 412 i A ] R
H AR ARSI RE ) 5 2) SR B 3 25 ] < - 3t AL 5 R A O3 2 4
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T = ) M 45 & 9 A B (spatial pyramid pooling fast-large
separable kernel attention, SPPF-LSKA) , % i H b5 JCHERRE ,
B Xy 52 275 Strh N BAR DRI BE 75 3) 51 N A B RRAE
H4H B T (content-aware reassembly of features, CARAFE)
b bR A AR AR T AT AR, TER AR R O R
AR E R A TE Y RO 4R T B 3 (mAP) i F
94. 390 ALJFUREARTE 3. 600 . JF HWURIKF] 310 fps. A 24k
TR RCT 2228 S RIS B FNRBOR
1 ®Hixkigit
1.1 YOLOv10 A 454

YOLOvI0 & YOLO RFIFIET 2024 44 i) — 4>
R AR A, H P S5 1 s .

SCDown

Conv(k=1,5=1)

One-to-Many Head

One-to-One Head

One-to-One Head

One-to-Many Head

PsSA

Backbone Neck

Head

1 YOLOv10 R2s gkt
Fig. 1 YOLOv10 network structure

YOLOv10 %% 5% I« 22 T -30a8-3k 47 = Br 2 R 45 25
F . 32T W &% JE T 18 5 b5 B B R I 4% (cross stage
partial network,CSPNet) , il & 4 . H i & S, &
B8 R AE BRI 25 ) ¢ Rl . SRR o BR AR R G 9 %
AL Z R ER G BOR . Sk 88 0 % = PO A 5 K3
— B3 BE A YIRS B — 3T 2 LR & B E S,
A 3 B ] — X — 3k B o e AL T , TG T AR B KA 30 (non-
maximum suppression, NMS) J5 &b B , 3 504G ) K5 B 5 52
I
1.2 KA YOLOvIO0 B R#e & %

FKBEMR S5 Y 500 W BA W3 1 AR 25 AL AR AE , b
AN AR R I RBEAR — B84 5 O fh 28 80 19
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F3 R B BRI B R R TR B B K . R A M L AR ST
X YOLOv10 29k 0 i F ek gk, s 3 5 19 YOLOv10-
DLC M &5 aniel 2 i .

One-to-One Head
One-to-Many Head

One-to-One Head
One-to-Many Head

[ C2CIB ] [ CARAFE J [SCDo\m]
v T v
Backbone Neck Head

A2 it YOLOvVIO-DLC M4 4544
Fig. 2 Improved YOLOvI10-DLC network architecture

AR SCHE R 2K BT C21-DBB #3831 &2 70 2 45 0
HE S BB AR SR AL 2 4 5 W AR 1) 2 RO JR) 3B R AIF 412
L, b e 8 ) 0 P 00 R AE RS s 7E M) 4% o 2 4 i SPPF-
LSKA 5l AKAZ & S HLH] 40 Fe 5% 32 57 19 [7] B 55 20 AR5 AF
AL A 5000 i A 0 g 5 v B S R R e N B AR Y
5 P 5 70 P 28 i T i Bl A CARAFE P28 B b SR pe, 3
A 2 T 400 SRR A A TOU0 B A A, 7 R A T A A AT
T EHME TE T RO AR I G AR AR RS . AT X R Y
CRAEMG IR — LT SCRE AT W R SRR
A R R R A ORI S TR R R Pk
o I ) K

DC2-DBB # 5 {1k

LA A AT SRR EEREE
A5 HLoy A 2 B8 0 4FF 50, X R A 4R 22 RUBE SRR AIE 1Y B
iR TR R, JR A R Cof BB Mk E B
BottleNeck Jffi 8045 B ofe 42 BURRAE , (B L N 30 10 85 2R i 5
TR BRI A J2 e 2 B B0 38 B 5 508K, RBURRIE AR
W 22 ME DL FE A R BOR AL A& R R R EE R BAR (5 8. & 5
TR . A TR — ), 5 4 2 RUOBE H AR Y
RS R IKRE T ARSI A ZRES L EE BT TR IE LA
Z RS B (C2f-DBB) .

E 3Ca) iR 8 YOLOv10 " C2f Ay EE PR B 2544, iy

FRERHZE HEE—E EREZ Split Tr v 2 K& N
4~ BottleNeck RSB HAG B . &l 3(b) T 78 A BottleNeck
T TR B, v % 25 B AR A T 4% A5 5 8l 2 S o s A I

Input
Input
§
I Conv
BottleNeck BN
Activate
Conv
BottleNeck BN
Activate
Add
Output Output

(a) Beth iy (b) BottleNeck &5 #4J
(a) Overall architecture (b) BottleNeck block

K3 Caf 45ty
Fig. 3 C2f structure

Z R4y F AL (diverse branch block, DBB)'"/ R T
ZIAT G S5 I R 58 3 22 43 37 B AR AR BUAS [8] 1Y) J% 32
HY RN 22 ROBEARRAE . B 1 0R TR Y 2 R (5 B R aE /e .
TERER B ARG L5, i 4 fros, HEHn,
20y 3B Z2 R A B BB TT R G I N A B R, S
eI AE M 4, R T 2200 SR B0 PR 1 R AR A0
Pl 4(b) i

KxK RepConv

Add
v
Output Output
| |
(a) VIZrgit (b) HEFLH

(a) Training architecture

€l 4 DBB B2y
Fig.4 DBB module structure

(b) Inference architecture
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225 B AR S BERRAE  FEAIC T A 26

2)SPPF-LSKA # 8 1k

TR 28 0] 4 57 3% th fk A B (spatial pyramid pooling
fast,SPPF) f& YOLOv10 M % b iy 56 #4614 , 7£ SPPF )2
A T3 A 3% 2 Y R O A AR B IBUCRRAIE LI b
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(a) Overall architecture

& 5 C2{-DBB %54
C2f-DBB module structure

(b) BottleNeck block

Fig. 5

PRI B T LR AE 5 B 2 T SR R R B R ) el
BOIL RS . T e b 3R ()8, 4 KA 4 8 4 TR (large
separable kernel attention, LSKA) 7 & J1 WL 1™ 4 ik 3]
SPPF JZ I8 s 18] 6 B 7 i AL AL 5 19 SPPEF-LSKA Z5 44
B,

4 .
LSKAl— I [SPPF-LSKA 1
1 .‘,\ L
1 1
----------- B EAE -
- -Conv
LKA l— T o !
| L
I 1 1 l - 1 1| Maxpooiza 4
(2d-1)x(2d-1) ! ] \
I DW-Conv 1 1 (2d-1)x1 ! N | !
1 . - DW-Conv 1 '\‘. i
l 1 ! l - i1 | MaxPool2a 1
1 1 ‘.i 1
(Kld)x(k/d) 1 I . \ ]
1 DW-D-Conv 1 1 1x(kid) 1 i . 1
] 1 1 DW-D-Conv L k MaxPool2d b
[ e e -
- r ) .
3 ] ] o\
! 1x1 1 1 1 I I
i o [ ] (Kdyx1 | . 1
1 I | DW-D-Conv 1 I 1
- 9 I 9
I | (] P 1
! 1 1 I 1 I
1 3 < 1x1 1 . 1
1 1 Conv 1 !, b
[ i b = 1 ' 1 '
1 1 ] 1
1
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] 1
] V
)

[ 6 SPPF-LSKA #5345 {4
Fig. 6 SPPF-LSKA module structure
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F(‘ _ A(‘ ®F~(‘ (4)

Hor, 2° FoR R ERIG E SRS T 0w H
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FRAE F 3R 2 2XCF0 J 28 87T g1, LSKA ¥ K% 8 1
(large kernel attention, LKA) RN )Z 3N 4 2 B)ZH
P —4EEFE . LSKA & LS Se il 1 — 24 5 R %
HEAT 25 6] 43 B R AR 5 R A5 3 B9 R AT 181 A ke 3 0 1
o S K B BB T T DA AR BT ok sk B A B T 2% T
e CHb AL B BT 1 A TR A R . BRI i e U U7E LR
AR T, £ F T8 2 R RHE 0 &2 B
FRLUE T RHERLE .

3)CARAFE LR #¢

PR R AE B 4 B (CCARAFE) M fift ol T 1% 4 4%
fIE b SRR Ty i 7 R B A T RN IR AR T Y R R
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Fig.7 CARAFE schematic
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Hei, W, BARZENELANE. X, 25 R0
TEE s X o R AHAB XIR M 1R R AT, by, 2 A W
BN,

KL, ¥ CARAFE B+ YOLOv10 Ha] D) i
TG B o S [R5 AR U8 A8 7, I 448 g 485 A
Xof 49 A 0 5 SR ) 5 R R A g

2 XWRITS5SH

2.1 XENEERE
SIH R RS B A0SR 1 Fras . A SO A o He S 86
YIAE T B R HEAT , DL R4S SR (0 AT b

®1 LTHRFRBERE

Table 1 Experimental environment configuration
2 [
CPU Intel(R) Core(TM) i7-12700
GPU NVIDIA GeForce RTX 3090
ARG Windows 10
WBE Python 3.7
2 HEHR Pytorch 1.13. 1
i 3R 5 CUDA 11.6

2.2 HiEEMBRESRITSN

DRt S i 54 7%

S 36 AR R A 52 2 IR 55 ML s i 28 R 37 5 e ) 4G T
PERE A SCHY I 1 T 1] 52 JEE 37 S 14 A 3% 0 A T 80 A
MR AR 8 5 5 0 20t S 4 o o J6t o Pl SR A
YN AR N TR R RS A S 32 N R E NN AR SR TS
WZIL HAR L BERE T IFAS BB 2 RUE (2 S YRR
FAL 5 E (L fiE

B HE R DR FEARBIL S A0 5 9 46 R 42 L B A R4 B A
BE DEIRAE L H bR/ 2 HBR OIS TE o O 38 i 45 B0 %)
FLSCERSEAIL Sl ) R T SR T BE DL 80 5% | 4 L R P S B
IR SRS AR AN A 8 s . Bus AR AR 9 000 Rk
B, 4% 8+ 1+ 140 20 il Zrde ik 4 5 B

. BT | gEms msSmGRS

FamER

KPR JREE NG AT
B8 RO 3R 5

Fig. 8 Data enhancement

)RR LA 5 I B Gt
2L T Bl S 4k b 5200 g Y R K0S 9201 4
B Jorp MR 18 6 5 % 5 57 2 0l S 1 W o 1 AR

Bk (2R Z A HL ) e Ak PRI OR 2 A2 1 i 4
SRR H S B R TR 1% 3% 5 20T Y S A8 R 1 A
BB

*2 HELEBYRBEEXRITER
Table 2  Statistics of the proposed daily-object dataset

Yt 20 LS FGakE S 4
B IFRE GAE 2317 11 457
SCH AR NG A 2194 14 263
MNP KB E YRS 2 583 10 129

JofiEs T BRI A 2 645 12 984

HRAZR®E  FERRE.WEkE 1892 5 280

Bt 9 264 54 113
DBARE L AR =L

A FE i 20 1 A 3 ) RO R T SR T R T T AE 4
THHBR R B R R SR

(D) HFRRBE, B BB PR W « H, bREAHES SN
w b, MEHRRE s 8 XN
s=(weh)/(We+H) (8)

B HAR RERI 43R 3 25, Small (s <C 0.01) , Medium
(0.01 << s << 0.05 15 Large(s = 0.05), 4> 4l 5 te ol
25.8%.56. 0% F1 18. 2%,

(2) MG B AL BE LK R B H AR b SE BB n R
ok EG BE R Gt o I (E RN ST P95 435
5.84 #1110,

ERGHRN ABEEEAFRENZRES NS S
WERE BB I A TE AR R T M E
2.3 HERFMIER

A S K B (AR 48 bR AR ) 28 (precision, P) 4 [1]
K (recall, R) .1 E (average precision, AP) . i & &
(giga floating-point operations per second, GFLOPs) Pl }&
i &b 3 73 % (frames per second, FPS) %%, W= (9) ~(12)
B o

TP

P= TP+ FP %
TP

R=Tprmn (o
1

AP:Jp(x)dr an
0

mAP = %EAP, (12)

2P TP SRR K 3 B8 5577 78 09 A2 05 4 i 1 4 A B it

FP 7R 2 5 1 A A7 78 B Bk 4 I oy A= 36 0 o 9 A AR B

FN SRR 3852 B AFTE AR DU Sy AS A7 75 0 A 15 ) ol B AR A

B s N FoRHEHEL

2.4 EF ik YOLOvVIO-DLC B4R#& Y mh st R 33t
BT ERTRAEE, B E U TGS %55
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(epoch) 2} 100, 3t AL B K /N (batch-size) fy 64, B i AR SF R
640X 640, 9] lh 23 > 2k 0. 01, TR S UL B T XF YOLOVI10
MIEARTL AT NG, it —2 A UL B S (8] etk T vk 3t Do) 4%

PEREIRLI , 23 X6 B Ak 0 3 4 DAk 0B A 9 i S 3 4 L
S ZERANZR 3 fran, o, CD 483 C2f-DBB filk, SL L%
SPPF-LSKA ##Ht,CA 1832 CARAFE e,

R3 TEBHFEZHRHURI L

Table 3 Comparison of different improvement methods

15 CD SL CA P/% R/% mAP50/ % GFLOPs FPS/fps
1 — — — 88.7 86. 9 90. 7 6.5 317
2 N/ — — 89. 8 88.5 91.7 6.5 345
3 - J — 89.3 87.6 91.3 6.5 332
4 — - J 90. 1 88.7 92.2 6.8 289
5 N NG - 90. 8 89.5 92.9 6.5 351
6 N — J 91.9 90. 8 93.8 6.8 304
7 — J N 91. 6 90. 4 93.5 6.8 296
8 NG N N 92.5 91.2 94. 3 6.8 310
f2¢ 3 %0, Bl 5] A C2-DBB(4H 2) 8] SPPF-LSKA (l)g
(4 3) B, B RITEAE S 6. 5 9 GFLOPs i3 & 1 48 10 i 42 08
T.mAP50 48342 T+ T 1.0% 5 0. 6% . I H FPS 13 5 o
THF. FIN C2(-DBB 8 o I 25 % 2 4 3R B 42 2,05
S S A JBE £ L O 7 HE TR B B 40 9T A il - YOLOVION
FRAY S S5 R, AT A 3G 5 R AE B8 ) 19 [R) B sk G T BH 0 A I YOLOVI0-L
FRIF 61 s SPPE-LSKA I F1 K i 4 -2 BUE R 7197k T 2% o e
IR 32 B A7 R ] TR S R R T A S TR A e L
I'ﬂf‘aﬁy\ﬁﬁi? mF 42T 0.7%. FIA EA‘RAFE(é% DR B o R 2
SO T PR ELR 0 A R BE DL AR A T Fig 8 Comparicon curve of aceuracy
A b S R R RE S 5 0 BB, OF HL R 1.5%
B mAP50 K525, 1.0
SO A B B T B R AOR . L C2f g
DBB 5 CARAFE W4 & (41 6) 0 il . H Bk A 42 T+ B 19 07
AVEBERT ZF PG 2 M 2.5% . KN C2[- mgﬁg Z
DBB $2 I =5 30 5 o R IE#E 8 i CARAFE 17 R 04 fi ~== YOLOV10n
A 15 35 T 11 3 5 T 4R 1 7 0 EUMH e T A6 o - YOLOIOL
B R A RRAE I8 S5 IR & L SE B T M0 R AR AE A i 5 TE it 01t k%
T B0 BE T AR . 2.3 AR B BN R 41 4 (41 8) 7 (LB " W % T
Jm i B RSB R, L 310 By FPS mse itk k3 T i
04, 394 i) 5 O K 5 . 90 WF T % o0 Oy K 0 5 B 5 Mo AR
Fig. 10 Comparison curve of recall rate
Bk,
FT R E B YOLOvI0 8 5 M 68 78 10 1 4 Bir,

AR SO T 4 B atE T 58 RS 0 S L 3 Il R YRS BE il
LBl 9~11 FiR .

H 1, YOLOv10n, YOLOv10-D, YOLOv10-L., YOLOv10-
C FI2 345 F1%F B 9 YOLOvI0 Ry JiE il 45 %0 | #oph 5] A
C2{-DBB #E 5 B AL 5l 5] A SPPF-LSKA A5 [ 455 4 |
iG] A CARAFE b RbE G T BB R R AR SC fie 48 1) o ik
FERL, B 9~11 AT %0, Btk JE A9 YOLOv10-DLC B3k 8
HUTERG B 2 73 [l 20 00 - 350G 5 5 TG 42 T AR X B g, R B
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T EE WM I YOLOv10 J5 16 45 B 5 ok i3 55 10
YOLOv10-DLC #5048 0 5 R , 78 0 28 42 v B AL 4 H—
HREAR AT AT AL SR X E, W 12 013 BT

B 12 B B A O TR T T L A T dE B
TGP A 1 A 250 2 AR B 55/ H AR A K BE 9 A
Tk, A X L, P 13 3 Sy A O (S A i L
Z R R I A R A B s TR

SR U ol O AT S i A = g =
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Fig. 11 Comparison curve of average accuracy

P12 TR R A i A 2R

Fig. 12 Original model detection effect

P13 koot i A A AR

Fig. 13 Improved model detection performance

YOLOv10-DLC #58 7 [K 55 58 ) (1% Jg& 52 BT | 5 78 0 AR AiE
BRI DL RO A AN AR M L M E R R EY
SR [ REE R 250 09 £ H bR R R AE SE L T RS 40
B A R LA A U 5 R B A e L R R
2.5 EF A YOLOVIO-DLC BAR#& XS b B fib & 5%
T AT S R 9 YOLOv10-DLC 3592 M R
I HLF R 30 UE 7S SCUCHE B9 AR A 0 B3 v A AT Il H AR
R A58 32 A A G BE R BE L R AR SR B, BB T SSD.
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Table 4 Comparison of different algorithms

L7 mAP50/ % FPS/fps
SSD 78.5 125
Faster R-CNN 82.2 78
YOLOv5s 85. 3 242
YOLOv8n 88. 4 284
YOLOv10n 90. 7 317
YOLOv11n 91.4 310
YOLOv10-DLC(A ) 94. 3 310
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Table 5 Comparison of different methods

LT mAP50/ % FPS/fps
SCHkL12] 91.2 293
Hk[13] 89.9 271
ATk 94. 3 310
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