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Abstract

Accurate tree species identification is a core component of forest resource surveys, dynamic
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monitoring, scientific management, and ecological conservation. Traditional tree surveys rely on
field surveys, which are costly and constrained by environmental factors, making it difficult to meet
the demands for precise and efficient data in modern forestry informatization. To address this issue,
this study proposes an improved UAV image tree species identification algorithm based on YOLOv11.
By introducing a weighting mechanism and performing adaptive correction for imbalanced tree spe-
cies categories, the algorithm enhances the identification accuracy of rare tree species and improves
the classification accuracy and robustness of the model under complex forestry remote sensing im-
ages. This study constructs an image dataset using four common tree species in Northeast China—
Larix gmelinii, Juglans mandshurica, Ulmus pumila, and Betula platyphylla—and establishes a tree
species instance segmentation model based on the YOLOv11 algorithm for canopy segmentation
and species identification. A category weighting mechanism was introduced and optimized to de-
termine the optimal weight distribution. After 220 training iterations, the model converged with
stable performance metrics at high levels: mAP@50 of 92%, Precision of 91%, Recall of 87%, and
F1 Score of 88%. Results demonstrate that the weighted YOLOv11 algorithm effectively mitigates
the negative impact of class imbalance, significantly enhancing recognition accuracy and stability
for diverse tree species in complex forest environments.
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Figure 1. Geographic location map of the study area
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Figure 2. Schematic diagram of data augmentation effects
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Figure 3. YOLOvV11 network architecture diagram
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Figure 4. Loss calculation flowchart
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Table 1. Training parameter settings

# 1L ONGSERER

optimizer dropout epochs imgsz batch Ir0 Irf

AdamW 0.2 200 640 24 0.001 0.01

2) W FEbR
JNEIE T AR (PR RE, A SCR VR R (Precision) . 7 A1 & (Recall). F1 7»%1(F1 Score). V3%
J5 #5118 (mean Average Precision, mAP) [1313E47 73 B P4 HERf 2 FH T4 2 Y00 & SR v B 80 5 v S8 1k
AR S OGBSI IERPEAR IR e F0, FL BB v & AR F34E, o] T SR e R i 1 5 5
HENEZ R FPATR I 170 mAP 1E 2y H BRI -5 S 2 # 0s ii% OAE bR, BB 7E 22 28 AN 2 BME 264
NEEA MR AN 5 Ay AR . BRI, IR SRR E R R, DEIEAE H bR o BTSSR R B
AL, B4k BB AIRLE . Precision. Recall. F17)%t. ks B ERIARI T
TP

TP+FP)

Precision = x100% 1)
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Table 2. Performance comparison of YOLOv11 models with different weighting ratios

52 2. NEIMELLS) YOLOVIL B RERTEL

B L I(LYS:HTQ: YS:BH) Precision (%)  Recall (%) mAP@50 (%) F1 Score (%)  JIZkmF 7] (min)

1:1:1:1 (J5i4R) 90.14 83.57 90.61 85.84 23.21
1:1:1:1.5 (4d) 90.65 86.22 91.15 87.24 23.46
1:1:1:2 (i) 90.81 84.49 90.94 86.67 23.62

SRR, BT EER R AR B CE A D, O A AEE A IS, DRSO SR S R AL
FARBGHAT TR, AT RGP T AR 28 AR LA (8 o SRR RC AR - E1 A8, B LYS:HTQ:YS:BH)
X YOLOv1l-seg BEAIPEREIIGE M .. S5 RRI, AR HIRCE XTI ZRIT (R FEm AN 2% . A AU Le g
1:1:1:1 IAEHILE Precision. Recall. mAP@50 A1 F1 Score 4351125 90.14%. 83.57%. 90.61%#1 85.84%.
SIS E G, 1:1:1:1.5 FRBAES DR ESA W R5ET, H Precision v 90.65%, Recall Ay
86.22%, MAP@50 1% FI| 91.15%, F1 Score A 87.24%. L2 T, 1:1:1:2 A5 AL B AR Precision % 155(90.81%),
{H Recall. mAP@50 } F1 Score HJBSMET 1:1:1:1.5. L& & TMEREFEARHT, 1:1:1:1.5 FIRCE Ll £E 4%
TIE R FE PR (RIS 4 T 7 B DB 0 A Bl BE 7y, IR e e AR T HABRE TR, Wi T
T FE R 0 L MES A R IR AR
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BT A1 FTHIZNBCENLRD sk, AWFRIE 1:1:1:1.5 MO ERE MR T SR, ZRE
FESFNE S T A RCT I, A BT RSN A LI BRI RN SR AR . AR SLEERE 1, it — D2
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Figure 5. Curve chart of model performance metrics vs training iterations
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Figure 6. Partial validation set results
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Figure 7. Schematic diagram of model training results analysis
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