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Abstract: [Objective] To address the issue of existing tree species identification methods being difficult to
deploy on mobile or edge devices with extremely limited hardware due to high computational complexity
under varying lighting conditions, this study proposes a lightweight tree species identification method based
on bark texture. [Method] This research improves YOLOv11 to construct the YOLOv11-SWER model.
First, the lightweight feature extraction network StarNet was introduced as the backbone network, combining
depthwise separable convolution and channel shuffle mechanisms to significantly reduce the model’s
parameter count and computational load during feature extraction. Second, a multi-branch feature fusion
module, RepNCSPELAN4, was adopted, integrating group convolution and parameter-sharing strategies to
balance global and local features, thereby enhancing multi-scale feature fusion efficiency. Then, a wavelet
pooling (WaveletPool) layer was designed to reduce noise interference while preserving high-frequency
texture details, improving the model’s ability to capture subtle bark texture features. Finally, the detection
head structure Detect Efficient was optimized using a dual-branch group convolution architecture to
improve computational efficiency. Additionally, based on a self-built dataset of 70 tree species with 6 681
bark images, ablation studies and comparative experiments were conducted to thoroughly evaluate the
performance of improved model. [Result] The model achieved a detection precision of 98.1%, recall of
98.4%, mean average precision (mAP50) of 0.993, mean average precision across different loU thresholds
(mAP50-95) of 0.750, and an F| score (harmonic mean of precision and recall) of 0.982. Compared with the
YOLOv11 model, the parameter count and computational load were reduced by 46.92% and 51.5%,
respectively, significantly lowering the model’s spatial and computational complexity. It maintained stable
identification performance under varying lighting conditions, demonstrating strong illumination robustness.
[Conclusion] The proposed YOLOv11-SWER model, through lightweight design and multi-scale feature
optimization, achieves high detection accuracy while reducing parameters by nearly half, striking a good
balance between high accuracy and efficiency. This method holds promise for applications in intelligent
forestry monitoring and urban forestry resource management.

Key words: bark texture recognition; YOLOv11; StarNet backbone network; small object detection;
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Tab. 1 Tree species and number of images in dataset
P ks B ik B
Fres ARk A —| 5 hxXEK e —

5o 2o

1 FEAA Firmiana simplex 25 30 37 36 VEAE Fraxinus pennsylvanica 50 10 40
2 ¥ Catalpa ovata 28 50 22 37 UeA Platanus acerifolia 50 20 30
3 WA Ulmus parvifolia 30 14 55 38 A Crataegus pinnatifida 65 15 20
4 IRIEHEMK  Liriodendron x sinoamericanum 20 50 30 39 ZfEiiR Robinia pseudoacacia 40 10 50
5 JLEM Acer truncatum 35 42 23 40 B HeA Ulmus lamellosa 10 30 30
6 il Juniperus chinensis 30 25 45 41 HEHRB Tilia japonica 40 20 42
7 E= Magnolia denudata 25 55 20 42 BRiEt Ulmus laevis 16 10 32
8 A Pinus tabuliformis 21 40 39 43 JbEFEM Sabina virginiana 30 20 50
9 A Ginkgo biloba 35 25 40 44 iR Populus % canadensis ‘serotina® 27 15 60
10 Fi Cedrus deodara 40 19 40 45 Eia Pinus thunbergii 25 60 15
11 KE Metasequoia glyptostroboides 20 60 20 46 B Gleditsia japonica 30 40 30
12 fil Diospyros kaki 40 25 35 47  BH Salix matsudana 20 55 25
13 BLoiiik Quercus aliena var. acuteserrata 45 15 40 48  fn#a Populus x canadensis 40 22 47
14 HiE Pteroceltis tatarinowii 20 50 30 49 SPZYN Pinus bungeana 30 30 40
15 i Platanus occidentalis 15 60 25 50 AR Syringa pekinsis 12 20 65
16 EEM Populus tomentosa 30 50 20 51 BEW Zelkova serrata 30 33 18
17 25 Koelreuteria paniculata 60 20 20 52 HHR Quercus mongolica 40 20 40
18 EFH Cercidiphyllum japonicum 35 15 50 53 & Armeniaca vulgaris 10 20 25
19  HiEAR Pistacia chinensis 40 40 20 54 R Castanea mollissima 50 10 40
20 Al Pinus armandii 16 40 42 55 HEE Phellodendron amurense 20 11 10
21 #Rk Juglans regia 30 20 49 56 #hEkAR Rhus chinensis 20 10 22
22 TBRERM Celtis bungeana 20 30 50 57 B Cotinus coggygria 15 10 20
23 Broussonetia papyrifera 15 25 60 58 SLa8 Euonymus bungeanus 55 25 20
24 FtAf Eucommia ulmoides 30 40 30 59 K Fraxinus mandschurica 20 20 60
25 KA Ulmus macrocarpa 10 20 70 60 EiLT Diospyros lotus 35 25 40
26 Ak Kalopanax septemlobus 40 10 50 61 1t dhrgn Fraxinus rhynchophylla 40 20 40
27 Rtk Ailanthus altissima 60 15 25 62 EfEILAR Paulownia fortunei 35 20 45
28 i Platycladus orientalis 20 15 65 63 R Tilia miqueliana 15 60 25
P 1) Ulmus pumila 10 25 65 64 HMLMA  Euonymus maackii ‘ Aureus’ 30 20 50
30 B Ulmus davidiana 20 50 30 65 Toxicodendron vernicifluum 35 20 45
31 WA Chionanthus retusus 26 20 55 66 AZL Acer stenolobum 20 56 24
32 i Pinus griffithii 13 57 32 67 PR Maclura pomifera 35 15 50
33 i Abies holophylla 65 20 15 68 % Morus alba 35 35 30
34 BT Picea meyeri 30 50 20 69 &% Populus x canadensis ‘Robusta” 40 10 50
35 LE Aesculus chinensis 30 30 40 70 # Ziziphus jujuba 40 19 20
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Fig. 1 Schematic diagram of YOLOV11-SWER bark texture recognition model structure
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Fig.2 Schematic diagram of structure of lightweight feature extraction network StarNet and StarNet_s050
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Fig. 3 Schematic diagram of RepNCSPEAN4 multi branch feature fusion module structure
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Fig. 4 Schematic diagram of feature map before and after

wavelet processing
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Fig. 5 Schematic diagram of WaveletPool module structure
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Fig. 6 Schematic diagram of structure of efficient small target detection head Detect Efficient
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Tab.2 Results of ablation experiments

YOLOvI11 WaveletPool Detect_Efficient RepNCSPELAN4 Starnet_s050 ¥ FLOPs mAP50 mAP50-95
N 2.60x10° 6.4 x10° 0.992 0.750
N N 2.19x10°  55x%10° 0.993 0.751
N N 234x10° 52x10° 0.990 0.744
N Y 2.14x10°  5.0x10° 0.992 0.748
N y 1.96 x 10° 5.1 x10° 0.993 0.753
N N N 1.67x10°  42x10° 0.991 0.740
N N N N 1.41x10° 3.0 x10° 0.993 0.751
v v N N 1.64x10°  45x10° 0.993 0.756
v N N \ N 138x10° 33 x10° 0.993 0.750

VE: FLOPs R /R B R (3 s S8, T 85 B AL TF S B0 K/ mAPS0R R IoU BIME N 0.5 I, 5% 2K HIPAJG T 114 ; mAP50-95 FIR7E
ToU BIME M 0.5 £ 0.95CG5 K 0.05) Z 3L 10 ANBIME R, THESANBIE T mAPHIIE . mAPS0-5mAP50-953 FH T S AR 1E .
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WaveletPool B8 F /N A7 #e i3k 47 2 RO FFAiE 42
B b TIOURTHE, R4S TR AN [ 7 %
H AR N BE /7. H RepNCSPELAN4 # 4 C3k2 #i
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3.85%. X &K RepNCSPELAN4 RHL £ 4y %7 24 2]
5RHE G SRS, 32 RR RS2 BUAE 77 (04 [R] B s> 1
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T 24.6%, tFH &k T 2.00%GF 518 H H 6.4 x
10° FEARZE 5.1 x 10° YO, A iz 810, R
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THEERD T 17.65% % Rz H i 6.4 x 107 IR FFAIK
% 5.2 x 10° ), mAP50 5 mAP50-95 43 A B % T
0.002 55 0.006. iX KN Detect Efficient #l3kii
o3 AR TR I IR BE 1T 4y B S AR @ 5 AR,
ML IR R — P> T REALERTH
S, H TS BT AL, R T A
MIKEFE o B, B BT A Bk p AL R4 2 YOLOv11
Jei, R T R AR HAY, YOLO vI1-SWER % ]
mAP50 X _EF+ T 0.001, mAP50-95 4EHF1F 0.75. {H
HBHEAUNFE R 52.9%, THH &N E
IR RI ) 51.5%, BB SR B3, 16 S R g
s 2 2 (A1 A4S T S AF )P AT o 28 BT, AL
& HH IR S T R AE LR e A DA FE )[RV, A 28 %

TR R 2, SeBl T AR AR AL, R TR
TUTE R A B 0 o 52 IR P 305 22 3 55 o 903 R 42k o
4.2 A[EHEBERERTLE

FEREAL T, YOLOvI1-SWER #5784 2 % .Y
N 1.38 x 105, M T R 4B YOLOvVI 1 #iARL, 5
DT 46.92%, T M BT X L S 56 b iR R B Ak 1)
YOLOVSn, ZH R/ T 25.4%. K6 00Ks 5 7 1,
ST RIS S 3 i /N SO A TR AT R A v e
F& 5 : mAP50 ik 0.993, 5 i = kG DUAE B 0.994 A
FFoF, H mAP50-95 %t B2 A () B KB . v 0L,
YOLOv11-SWER 7 % 846 5 46 WK FE 2 A ak ) 1
R4 . 53 HAsR DA AH th, YOLOV11-
SWER £ K M B 2 0 10 [R]85 A7 i 48 5 v Ao )
K& R, 2% B B I 8 0 M AT SRR (5R 3D

T A [ e D 2 R A A0S L S, E— P e
iE YOLOv11-SWER #5784 75 % 5 4k 5 46 A B 22 []
fIZEE L3 . YOLOVI1-SWER #H%¢ T MobileNetv2
5 ShuffleNetv2, 7£ 5 8 AL J7 H, BEALA R,
¥ & M FLOPs 3X 3 Wi 48 o5 b33 A & /s M ECT
MobileNetv2, 4i /N T 77.9% [ B A L 5 60.1%
(1) % &, FLOPs Jik /> | 62.9%. M 7F 3k H ik & 7
[fl, YOLOv11-SWER(86 i/s) 55 StarNet(88 iii/s i
X TR EL T R A0 I8 TE IR AR S HE 0 SR g ()
ShuffleNetv2(91 Mi/s) . MFIFEE 7T, MobileNetv2
£ mAPSO0 [ Fabr FHUS T & KAE 0.994, HEHE A
H 7 §E 77 11 mAP50-95 48 45 I, StarNet EA 0.753 45
2, 1M ShuffleNetv2 754 5%t b FARXS RSk 25 BRI
i, MobileNetv2 B IR 7E K B FE A% mAPSO |3 I i
e, {EASE A BRI B S PR ok T L R Y L
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Tab.3 Comparative experimental results of different object detection models
il SHE FLOPs KT (P /% BEIZER) /% Fior 8 mAP50 mAP50-95
YOLOv5n 1.85 x 10° 4.4 x10° 90.9 91.3 0911 0.963 0.693
YOLOvS8n 3.01 x 10° 8.1x10° 97.5 98.5 0.980 0.994 0.743
YOLOvVOt 3.67 x 10° 16.1 x 10° 90.4 90.6 0.905 0.967 0.703
YOLOv10n 2.73 x 10° 8.4 % 10° 97.2 97.0 0.971 0.994 0.743
YOLOvI11 2.60 x 10° 6.4 x 10’ 97.7 98.4 0.980 0.992 0.750
FasterRCNN 28.98 x 10° 250.4 x 10° 84.36 92.31 0.878 0.911 0.501
SSD 32.97 x 10° 33.86 x 10’ 91.56 91.76 0.915 0.918 0.550
YOLOvVI1-SWER 1.38 x 10° 3.3 x10° 98.1 98.4 0.982 0.993 0.750

BRI, R T H RIFRRER 1R 0. RE
KBRS S SRR 2 M, 5 _FR 4845 7] 9 54
TR SR P S5 5 M BT -
4.3 TSR
431 FHLAB

YOLOv11-SWER 7ER} JZ PR AIE 55 h 2 T 7.
FIT AT AR ol A D AR S R R B K, e 65 AR
PO EE 92.89%) 8 Fy 43 80k S 0.9CE] 7D, 7843 2
SRS ARG B 75 5K o ABAR AU TRAS (Pinus griffithii,
PP 32D TR 8 R A 22, FORE 1 B AN [l 2R
53N 87.0% K1 72.7%, 310 Fr A B R e ) SR AR
R IE BN (Pinus thunbergii, WFh 95 45), HAEHf

xR AE AT AL 45 SR (B 8) 0 BRESIUMESD, 38— IF
T RS BEE. &REW, Fra st
B S5 R A 056 B R (R 5 29 R AE 5%, X — 45
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M, FEAS DUAE 1) 5 1545 B2 7 T, AN [RS8 2 [A) A7 AE 2
# 75 :YOLO vI1-SWER F fiT 5 i AL i i vp 3%
IR, AR T W 5 2 B0 1 iE 55 = (1) FasterCNN
1 SSD M %&; 4h, YOLOvV11-SWER 48 JIHE 25 5]
BAGEIA ) 0.89, #H Lk E: B A (YOLOVI DA &
FHHETh s A B RS I AE BE 68 T 56 4 M 7 55 0 X
W, W ST, XK YOLOvI1-SWER £t 4%
AT S T R AR RO = B REAE SR RN H AR g AL

Y 82. 7%, AR T AR TP . SLIGHIRIEFERE 2 REST.
KL, X E AR RIRIER, HEEER R 433 #AHH

Trkn 5 BRRA R a J& , A B2 SO T A R fiE AR AL
T B 2 AR R 7 S22 A 8 3 PR A 11, TR ZE A F R
JEEHEN: TR BRI B S I A T, 2R AN A ) i
JFOIREA, W BB R e A ARl ZES0ZE S R AR AL
K SRS e AN B R o AN TR g A
RCRAFAE — € ] PR, {H B A4 I 1 e AT g s 31 5
B S FH AR o
432 AmAE

2 56 VIE AN [ A5 7Y f e W 1 B 22 S, e HOAE A
(Firmiana simplex) 1 ] SR RE AR HEAT X EE I, I

it — % YOLOv1 1-SWER F 4% 1 S B RE
71, AT Grad-CAM++ 77355, 18 BUBUHE 45
1) 3 FiAS [R50 R BIRE IR FA TR e A EAT 1 RFAE
FIEFE AT, HA AT EE B (B 9) o TR AL 3T
gEIRLRM, NS AR R B H DL AR 35 COA I
HE P o ) 7 [X 355 (20 € ) 5 25 398 o, e ad A 7Y R T S
1 Hh SR A B SOHARFAIE, AH P HERR Y, J8E 4 T %G
R FR VT s (A IIAE 5 B IehR A AE ) 2 [H]) 22
A I R, U IR R AN A B AE AR IR E AR, i
B SR A M 7 H AR A, kb 1R AR RN TR AR I R

x4 ERATREEMKZNREN L LIEER

Tab.4 Results of model comparison experiments using different lightweight networks

R T AFYMB SRR FLOPs T 2/ (-5 71 mAP50 mAP50-95
MobileNetv2 13.62 3.46 x 10° 8.9 x 10° 77 0.994 0.751
ShuffleNetv2 9.91 2.49 x 10° 6.3 x 10° 91 0.992 0.733
StarNet 4.04 1.96 x 10° 5.1 % 10° 88 0.993 0.753
YOLOvI1 5.28 2.60 x 10° 6.4 x 10° 83 0.992 0.750
YOLOv11-SWER 3.01 138 x 10° 3.3x10° 86 0.993 0.750
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Fig. 7 Radar chart of YOLOv11-SWER’s recognition performance for 70 tree species
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Fig. 8 Detection comparison for Firmiana simplex by different models
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Fig. 9 Test thermal comparison chart of Firmiana simplex under
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Tab. 5 Comparative experimental results of model performance on all tree species under different lighting scenarios

FERY Y Pl% R/% Fy mAP50 mAP50-95
HR 95.4 94.7 0.950 0.980 0.723
YOLOv11 LI 96.9 97.6 0.972 0.990 0.738
e 96.4 94.0 0.952 0.975 0.725
R 93.9 92.8 0.933 0.978 0.724
YOLOv11-SWER W 97.2 96.3 0.967 0.991 0.742
% 94.4 92.7 0.935 0.976 0.723
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