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Improved YOLO11n-Based Recognition Method for
Small-Diameter Trees in Forest Stands

KONG Shuo, QIN Changhao, ZHANG Yang, ZHAO Hui
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: To address the detection difficulty of small-diameter tree trunks in complex forest stands—characterized by
slender shapes, frequent occlusion, and high similarity to background textures—this study proposes a lightweight im-
proved model, termed LDM-YOLO, built upon YOLO11n using a self-constructed small-diameter tree image dataset.
The acronym LDM is derived from LSKA (large separable kernel attention) , DySample dynamic upsampling, and MB-
Conv-Detect. Specifically, a C3k2-LSKA module (cross-stage partial network bottleneck with two convolutions inte-
grated with large separable kernel attention) is introduced into the Backbone to enhance the representation of slender
trunks and their contextual features. In the Neck, DySample dynamic upsampling is adopted to refine multi-scale feature
alignment. Moreover, an MBConv-Detect structure (mobile inverted bottleneck convolution — detection head) is applied
to the regression branch of the detection head to reduce parameter count and computational cost. Experimental results on
the self-built dataset show that LDM-YOLO improves mAP50 and mAP50 - 95 by 3. 1 and 2. 3 percentage points, re-
spectively, compared with YOLO11n, while reducing GFLOPs from 6.3 G to 5. 1 G, thereby achieving higher detection
accuracy under low inference overhead. Compared with representative methods such as Faster R-CNN, YOLOv5n,
YOLOv8n, and YOLOv10n, LDM-YOLO delivers superior overall detection performance at comparable or lower compu-
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tational complexity. The results demonstrate that the proposed model better balances accuracy and lightweight design for

small-diameter tree detection, providing a useful reference for subsequent forestry intelligent equipment applications on

resource-constrained platforms.

Keywords: Small-diameter tree detection; YOLO11; large-kernel attention; dynamic upsampling; lightweight; feature

enhancement; MBConv; complex understory scenes
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Fig. 1 Overall architecture of LDM-YOLO



38

FLERE BT YOLO1In 9 D /NEARIRBI 5 % 573

1.2.1 LSKA &R

/NEAR H AR TE B 5 A 5B HE AR s B 2 ) A R
A, R R - 73 A BN S, 5
B ERFHEAE S [H] L 2 IHRELERI M RIRES . R5EH)
INERH T IEZ B2 IR, M DU RN T AR B |
AR, 1 R TR B AR R T R AR e
ML EAR. NI, AREFFAE YOLO1 In EFMEEHFIA
KAZ AT 43 B & FE R /7 (large separable kernel atten-
tion , LSKA) BRI 88 73 C3k2 B AR S TnHEA T 4

] C3k2

| 3k=

: C3k=True C3k

I

| —— Conv C3k < >
I

I n
I C3k

I

I

I

I

I

I C3k2

: C3k=False

|

| —— Conv —» >
I

I

I

I

I

FAIEE C3k2-LSKA &5, LSKA jEit KAZEFIBHIASL
PR AH B AR BB AR BRI, B8 72 3E KA =S (6]
CEINRE USSR, A R R RS X,
R FT WA T ARRAE B B OBk, MY s AR AU A K B AR
TR e BN . HREAREEM UK 2, LSKA ZKJi
R R A ERE SR+ B TR 4
M, IR ke x kRIS RNRIRE L x k 5k x 1
— R AR DA R KR AZ B B[R N B U PR R S 8=
F1 GFLOPs.

C3k

|

Conv
Bottleneck i|

Cony —

Conv

Bottleneck

Cony —»

2 (C3k2-LSKA %
Fig. 2 Structural diagram of the C3k2-LSKA module
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x AHANRAEE  H WS 3 0 AR B NS E S5  linear RO & MEBLES ; W, W, AR X AT I NE  BEABIAL, (x) 5L, (x), B
BEAER 2g57 (2 A aly FIFT T RFS g WO EE s N ERBEER S W s x s FREME) ;o DRI 0. 5o ABHEF : F| FiZH X =4EM
GETRUE R s P, 9 B 4HE ; PixelShuffle (R EHE) BERMRE 0, E=BRTIH, x W, B H W A LREENSEMEE; G ARKA
MAE ;S B ARHES .

x denotes the input feature map; H and W are the height and width of the input feature map, respectively; linear indicates a linear projection; W,
and Ware learnable weights of the two branches; outputs are L, (x) and L, (x), respectively, with a channel dimension of 2gs*(2 for x/y offsets, g for
the number of groups, s for the upsampling scale, and s* for s X ssub-pixel locations) ; ais the scaling coefficient, 0. 5a is the scaling factor, and F, de-
notes the scaling information generated by this branch; P, denotes the intermediate feature; the offset after PixelShuffle is O with a spatial size of H_ X
W_, where H_and W_denote the height and width after upsampling, respectively; G denotes the base grid; and S is the final sampling set.

3 DySample 414
Fig. 3 Structure diagram of the DySample module
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Fig. 4 Architecture of the YOLO11n detection head
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Fig. 5 Architectures of the MBConv-Detect and MBConv modules

B BA A, ARIFFRME T MBConv—Detect &
Mk o FEMTNEZIAE F, MEARW g QZPREE 5T
SRS EAERL, SEEEFHAE K. MBConv Z514H
f) SE VERIHLHI RERS X R E B E T B S N AR RE
AU S Mg P A O M L, B 5 25 A SRR AR A
EEAE , NI ERHE Z I SE R IFE " [N, ]
L ERFHRS BRI R 4ERE TR ERHMERY IR
SLMEFORRET T AERIHIT SRS A MBConv , MUK
et R 7 ARG Sk B 45 £ A8, B i i RRAE L A E AL 2

T xS S H AR B SR RS SE B T R R A
5B R E AL,

2 H5RE

2.1 INEXREGRHYIBEELE

ARHFFRT 2025 £F 9—11 HFERALML AR A
IR L (45°43725. 507 N, 126°37'51. 05" E) FFE %
PR SEH SRR | i FH G 72 = 77 2R AR G L I B BE T AL
(iPhone 15) FETHUE I SH4H#R . RGP E S E



576 O I iE

E42E

AR TR B N R A B IR MEAR M, IF
HBIANFEDE A 5 R E AR, DU 5 SE R X 58
iz s AR X IR IG B Gl T A Lo ik, 5]
PRASEH ™ B A N H AR BN TR M (RPN A , B
ZLAREE 1 600 5K & BB /IMERE BAE A BUR IR .
T AR S IA I CRIE IR G i o] B I, ARG A
AL AT 7K S H BN AR SR BlE T
N ARG I AR 1 - T ORI GO b A B F 1
1~4 em HIRR T 2 0f Sz FEACIR AR /INARR S L 3 RS AR J2
T, SO P& o SCBRARRAIE W] e EL AR AR 8 2 45 Y
P X TR . XTI R R R B /Nl
Kz s S B EE ™ B R HO AN F AR I 1S
BMEFE NP ARTE , DARR AR 2 B A A <8 PR A AL I 5

fFH#ho {8 Labellmg %f 4 #F M GOE TKARTE K/ MR
R FAER ME—AG I H A% , IR AR ThRIC ,
FZYOLO R AR AR S, B RIS —din 44 0" /IMEAR
(sdtree)”

NIRRT F g 56 1 BRI iz 1 Re
73, % R SR AR ST B A Y 55 , EAT KPR e AL
AL, GBI AR A 10 5 5 SRR A0, AR
FE B A @R DB ARD R 5 R k. &
g BRI 1 600 KRG R 2 3 044 5K &
B, F % 8 11 B ELBIRENLRI 73 Il 246 B SE AT
&, AT REHEIIG ST, B/ MEARE
BREZRULE 6,

(a) T LU A
(a) Cluttered background texture

(d) IS EEEE S50 BN 2

(d) Low contrast under dim illumination

(b) TR

(b) Dense understory occlusion

(e) it

(e) Curved or leaning

(c) K25

(¢) Scale variation

- 3

(d) Z Hirm 4
(d) Dense targets

Be6 MNEAREBEESR

Fig. 6 Sample images of small-diameter trees
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Fig. 7 Comparison curves of training loss and validation loss
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Tab. 1 Ablation experiment
Group COLSKA Dysample Maconv-Deeer HEEEE B R Y e aame Modelsce
1 717 715 743 36.9 6.3 2.58 5.2
2 N 75.9 712 776 38.7 6.2 2.57 5.2
3 N 77.9 69.1 771 396 6.3 2.59 5.2
4 N 732 68.2 74.2 379 51 226 46
5 N N 76.6 716 78.0 393 6.3 2.59 5.2
6 N N N 74.9 72.0 77.4 392 51 2.27 46
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Tab. 2 Comparison of the performance of different models in the dataset

il WIR/% BEZE/% FHURBENE/% SFURBENE/% FRzZHE/6 SHE/M  NE/MB  HENE/ms AWEE/(-s™)
Model Precision Recall mAP50 mAP50-95 GFLOPs Params  Model size Time FPS
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LDM-YOLO 74.9 72.0 77.4 39.2 5.1 227 4.6 4.8 208
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Fig. 8 Comparison of model confusion matrices
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