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B Z: 4NWARNFENESFHMART RS FEE, 2E—FETFK# YOLOVIO A91E I &% ——DDC-YOLO,
DDC 2 # dynamic. DAF (dynamic align fusion) 5 CG-FPN (context guided-feature pyramid network) BFZ8#HE. B
5%, RITHHAEBINBASER (dynamic convolutional mix block, DCMB), BT EBENASERILBS RESTERSEEND,
BRERENZE—HER;, HX, RENETFHSEHLEMEME, £ RT-DETR (real-time detection transformer) #
YOLOVIOWEF &4, FHRABHEXNFRE (dynamicalign fusion, DAF) EHRIFEIFMENE, EAERGRESENE
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Tree Detection Algorithm Based on Multi-scale
Feature Fusion——DDC-YOLO

ZHANG Zhijie, WANG Qin’
(School of Instrumentation Science and Engineering, Southeast University, Nanjing 210096)

Abstract: This paper proposes a detection algorithm DDC-YOLO based on improved YOLOv10 to address the issues of
occlusion interference and insufficient lighting in tree detection. Firstly, a dynamic convolutional mix block (DCMB)
was designed to enhance the multi-scale feature fusion capability through adaptive dynamic convolution, solving the prob-
lem of singularity in traditional convolution kernels; Secondly, a dual backbone dynamic feature fusion network was pro-
posed, combining the backbone structures of RT-DETR and YOLOv10, and utilizing the dynamic alignment fusion
(DAF) module to adjust feature weights and enhance the model’s adaptability to different features; Further introduced
pyramid context feature extraction and spatial feature reconstruction techniques to optimize the neck network and achieve
deep fusion of multi-level semantic information. The experiment was validated based on the self built dataset Treelmages
(containing 7475 images) , and the results showed that the mAP50 of DDC-YOLO reached 46. 7%, which was 5. 0 per-
centage points higher than the original YOLOv10 model. The parameter size decreased from 2.27 M to 2.26 M (a de-
crease of 0.44%) , and the detection speed (FPS) increased from 202 to 254 (an increase of 25.4%). The improved
model exhibits higher robustness and real-time performance in complex scenarios, providing an efficient solution for for-
est resource surveys.
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Fig. 1 The overall structure of DDC-YOLO
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Fig. 6 Dual-backbone dynamic fusion network
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E T B S AEHE S IE N (context guided-FPN,
CG-FPN) R B[] _E BRI AL SR - R & ks
fEZE DIF SR 5 R EAFEHHE 5 , 1L DCMB R E 5
B H T s A IR R SRR S AR
DCMB fii tH 5 I GARFE IR Pk | i — P SRR fE R

Fig. 10 FBM structure diagram
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Fig. 13 Map of the experimental area
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2.4 HARERMOH

2.4.1 *fEEIAS:

B et EEANIR] C2A TR SO RUR  Z5 SR Wk 1,
DCMB R 5 C2r EERAEEL , $2 1 T A REH ELoR IR AL %
KT Z8E, HmAPS0 &=, N 43. 4%, RIS B R R
fi&. 9 1. 81 Mo ORI DCMB BLHE 1T 3 & %
e 5 s RERHERL & , 7873 i 2 R 2 PR Y
FHIEG R SR IEE . JFEME T —MRIEHS
REGRZEN , IR S EUIR R

x®1 WEEARE Cof EIRATPLH

Tab. 1 Comparison of improvements of different C2f modules

i) K/ % B EZE/% FHEEE/ % =S RHREELIE/ % FRIZEHE/G SHE/M WERF/MB
Model Precision Recall mAP50 mAP50-95 GFLOPS Params pt.size
YOLOvV1O 50.7 442 41.7 24.1 6.5 2.27 5.8
C2f-WTConv? 52.4 42.5 42.8 26.3 5.8 2.05 5.8
C2f-FMB*/ BILS 41.1 42.3 24.9 6.3 2.22 5.7
C2f-Faster?” 52.5 39.9 41.4 25.3 4.9 1.78 4.8
C2f-ODConv'®! 50.7 41.4 415 24.8 44 2.30 5.9
DCMB 52.5 43.8 43.4 27.0 4.9 1.81 5.0

HYOGR AT EEAN R = A BOERUR L A5 R LR 2.
DB-DAF (DB & Dual backbone, DAF 5 dynamic align
fusion) EFREAERG LR AU , (REFSEE R IK, H
mAP50 1 42. 8%, Z ¥ 8N 2. 18 Mo HIFHSIATH

RELEGHE HGSem Z5MFNE T 2 REERHER &
DAF BEBROR Rl & ok H AN AR B A AR T BRI L&,
DRI B g 7 AR AN [R] RHIE A 1 N RE T, MA@ -2
TR IZE B RS EE R R



178 Fo I 7 N FaE
x2 MWHEAREFRILH

Tab. 2 Comparison of improvements of different backbones
kit BH=R/% BEZE/%  FHEENE/% SFOEENE/% FRIEEE/G SHE/M WERF/MB
Model Precision Recall mAP50 mAP50-95 GFLOPS Params pt.size
YOLOVI10 50.7 442 417 24.1 6.5 2.27 5.8
efficientViT" 535 39.9 421 26.1 8.1 3.50 6.8
fasternet! 51.6 41.8 415 253 9.4 3.76 8.8
timm®! 51.1 421 42.0 253 33.8 1.29 27
convnextv2" 51.8 40.0 40.7 255 12.8 5.24 11.7
DB-DAF 51.0 431 428 25.5 6.4 2.18 5.7

B e e R PN R SER R  H E8OR , 38 3. CG-FPN
ML 55 YOLOv10 SiEpHH L, HAG S 5% R LR E#T
GriE, HmAP50 H43.5%, 3 HSE&EN2. 19 M,
PRE AR o L I 2 (Rl SR A 4
TSCHRE, FE /KT AR EL S [ B AR BT,

[ Fiof 2 R ABE R I S i DX il 1) 42 F 5 . P DA SR
THREZRIARE ST AN, M & TR A MR I R
ETFER LA REIAFERERBIE S, s
AR SRR BE

%3 MR RIREPAY i

Tab. 3 Comparison of improvements of different necks

AL FEZE/% BE%E/%  FHUEENE/% SFEENE/% FRIZEE/G SHE/M E KT/ MB
Model Precision Recall mAPS50 mAP50-95 GFLOPS Params pt.size
YOLOVIO0 50.7 44.2 41.7 24.1 6.5 2.27 5.8
BiFPN®% 54.7 42.4 432 26.9 59 1.72 4.1
Slimneck"® 51.5 42.2 42.1 26.7 5.9 2.40 6.0
GoldYOLQ"” 52.8 43.0 44.0 27.8 8.9 5.40 12.2
MAFPN®! 54.6 411 42.2 26.5 7.9 3.05 7.4
CG-FPN 52.8 41.8 435 27.3 6.7 2.19 5.7

2.4.2 HRAL

N7 A AN AR 7842 HE A DDC-YOLO BATE
12 2R U R ARG R 1 B L 56T T 6 ZHiE AR
DR 4, DL A% Ak B IR R T B S 25 BB AT Y

A, IR AS Rt LAl 14 Fos , B A R AL7E
YRR A 150 B UL IRFF USRS o DCMB ARLER
PRI T SERER T, DGR 225 /5 2R G, DB-DAF £ %
BEXSTETHRIT RO RS2 R AERS 5F o T

*4 HELZR
Tab. 4 Ablation experiment
J 50.7 442 417 24.1 65 2.27 5.8
J J 52.5 4338 434 27.0 49 181 5.0
J J 510 431 42.0 25.5 6.4 218 5.7
J J 52.8 418 435 27.3 6.7 2.19 5.7
J J J 54.4 438 442 27.5 65 2.24 59
J J N J 56.4 438 467 29.0 65 2.26 5.8

o REESRAS.

Note: v represents that this component is included.
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I A A BEAS A R B RHE SR U =0, TR A 2 R
PRZEETRTHE N — 2, 55 i B 1S NA E BN
FFREE M EGE E 3 2 MR EFRERHE R
HEGEST. PIEE B L Iomh R, 7t H B A 5
TR SRt A RHEGE S, I B i s .
FF ELH T DB-DAF £ Ei@ ik DAF SRk D iR LRl & 2
5,1 CG-FPN A _| " SCHE BB AT DLHG s A A %t 4
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Fig. 14 Comparison of ablation experiment results

2.4.3  WFEEA[E BRI

ARSLEGXTEL T Faster—-RCNN . YOLOv5n™! \ YOLO-
v8n**)  YOLOv10n P4 DDC-YOLO 7E 48 6] 5 IR 85 7
=N EREEEGE . B IiX YOLOVI1On A9 2g i
DDC-YOLO {£2 5 r FES T B R,

A3 5 AJ 40, Faster—-RCNN IS8 E 5T E &K
FHAEA IF B E S g (HERBE ST YOLO
AP JE AL, DDC-YOLO [ 4 i 2% (AP) ik |
56. 4% , mAP50 {8 K] 46. 7% , HokG FE 7t i TP G B4 7 ,
FIHIZBIRTE AR ToU B T -t B8 B v A st A i 5
F%o DDC-YOLO Y mAP50-95 {8 K 29. 0% , 1% Fi A5

IR R LR A AE A A LoU [B{E T A I #E
HRE, B EBZIEE 1. A E% (Recall)
43. 5% , X BT YOLOv1On (44. 2%) ATy SR (R3¢ £ ]
2GRN

DDC-YOLO f GFLOPS 5 YOLOv10n #H[H] , % B
HEE BRI, EHTREAEE . RS
= 5E g ST YOLOvSn, {HAET YOLOv8n, 1 HH
HEMS G, GFTRE/AEHE., FEENZ,
DDC-YOLO 7EHEHLH 75 T FR I KD (FPS)
{HIXF] 254 /s, uE HARARAY SR E AR AR =i
I, B B PR A HE BT T, RS TG R SEN R FH 75 5K o
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Tab. 5 Comparison of the performance of different models in the dataset

A R/ % BEE/% FHUEENE/% SFOEENE/% FRIZEE/G SHE/M WERF/MB A% B /(- s7)
Model Precision Recall mAP50 mAP50-95 GFLOPS Params pt.size FPS
Faster-RCNN 50.0 431 435 262 56.1 391 12.4 89
YOLOV5n 48.4 421 42.4 24.2 45 176 2.5 200
YOLOV8n 542 452 41.7 24.4 8.7 2.87 62 186
YOLOV10n 50.7 442 417 24.1 6.5 2.27 58 202
DDC-YOLO 56.4 435 467 29.0 6.5 2.26 58 254
2.4.4 SERATIES AT N RN E T A R ERE. BAmS ., 1E

XF 3% B Open—Images—v7 £ 5 B BENLFEAS HE 47
FHEE TR, N T s RE T4, Bk
MRS EHTIH— AR SRR E JEE T E iR
FEIAERS , f0B 15 FirR o R 15 FRBi e e aR i XS %
IS [ 265 EA) i L P it s, RIS T Ay s el R 45 SR
FHH, DDC-YOLO M 4545 1 FE BUE AH S RFAE A

LVGIEES

YOLOvV10n

DDC-YOLO

(a) WEAFAEAS RS LT
(a) Edge feature detection

and comparison feature detection

(b) 2 HAREFIER XTI

(b) Comparison of multi-target

15 8955 1 51]7, DDC-YOLO BER IS A7 T B Frifi 2
B R FHR B . 7258 251 B FEE 2 A H bR
R DX IR A T AN e B BB R 72 AR a8t m) R, JF LR SR
351155 317, DDC-YOLOAHE TR EHERL YOLOV10n
BERE G B IR TN o 7E28 4 5116 BH T RS, HAFESREL
SRR E N EERR I B bR R E R R o

(d) TR HARFFAER I [
(d) Comparison of occluded
target feature detection

(c) FHIERIN IEAf % 0] 1L
(¢) Comparison of feature
detection accuracy

B15 HHOETRWE

Fig. 15 Heat map visualization

FRAEIE 16 HH R INES B, DDC-YOLO 72 B G F1HH
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BROERN H HiR. X —3RMIUEH T DDC-YOLO &
RIEA T V2 B9iE A 7 s flss ok ALz fLEE T | RE
TERFIE ZRE R AR s R RS FE A & i . AH
FEFHoAth B AR MY, DDC-YOLO J&7R T E L5 5

FEANF R BT rh B e R BE , 1 — P ARIIE T HAEAN[H]
Yy IR EEE

3 #Fie

AT RS A AT AR GRS 25 P £ AR ARAG
AR 265 N Al BB RE R S
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16 BFMEERENER
Fig. 16 Detection results of each model
[, LA YOLOv10 Bl A A, i i i 1 DCMB 5 1 7 A A AR B0 T S BE R R B A R

SRBE AT C2t BB B W TS FHER S DDC-YOLO [ mAP {f A ] 46. 7%, A0 & T J& 5 fif
MEEFIFIAS TS BRI S S ARHE RS YOLOVIO MESEEMIET T 5%, B S8R/ NEREAR , &
B, ST T RORRI AR E S, % TARRE IR SR T . % ISR AR, DDC-YOLO ££2%
AFRDERRZAFIE IS 5= N ORHERAE T A B SRR XK IR & 26 b 8 T B4 04 68 I T
Bibe s TR . YOLOv5.YOLOv8 £ E . HHXRASE A TA]
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