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FRIERPF YIRS AN 6 Frzs . K 6
ATV, S ARA T HA 3R a] DA SE Pl
ek, 28 25 20 NI ZRFE IR , mAP@O.5 RIVATAR
SETE 0.9 LA I,

Faster—-RCNN £ LA two stage LT , H

(al) (L)

(a2) HbTH SEBRES S (L)

B B AN 5 4SS G5 AR I AN RE ST Ab 3, HLASE AR
FRb b2 G A R aiE 2T, (e E S
B KF YOLO 91557, LA Faster—-RCNN
T EEFE K T A A, AE HAH A
TREEANERY R, WNERIFALEN,
YOLO-WM 1) Z 41 i {{ "} Faster—-RCNN f 1/3,
THARCRIRT T2 . YOLOVS RIS B2 i
& T YOLOvVS, H YOLOv8 7EAWFZE 5 4E Hil
S W IS SR B TP, X 2 A YOLOVS #%
YOLOvS5 F11 Anchor-based ¥k &# T An-
chor—free K {l|3k | ] Anchor—based ¥k 1% T
K EAER B A 2R HR, TURMMASHERS N T
WAEIHAE, BB S50 2 I E . YOLOvS
BT TR SR TIOR8 A e S AE I /NN
JEAR, WD T RAHERE B RSB FE /N B AT
KR, B SCREREAE YOLOVS (38R EdEFT40
feekiE ., YOLO-WM 5 YOLOv8 #f H ,mAP@0.5
2 T 2.0%, mAP@0.5-095 #2555 T 0.7%, Z%a
W T 459% 0 TR T 12.5%, LT
WL, FE AR R T SR A S s R A
K 535035 T RB R ATE 557K

34 % REREHm R T

T B IE AR SO N RUOBE XU B A D A%
A, 74 IRE S AR ZE AR, TR AT
PRI I SL R 25 R, 43 YOLOvS
EHARCYOLO-WM B 045X 4 i@ 545 o i R4k
o, g5 R a7 Fros, KA L(Large ) & n K
JOBE LGS M (Medium) 2278 H RUEE XL | S (Small)
Fen/NRERE,V (Very small) F /R R
*,

M 7 ATLE K 7(a3,a4) 5K 7(a2), &
7(b3,b4) 5 7(b2) (RS 5R— 2, B X T
Bl 7(al) 5B 7(b1) R R K, YOLOVS
5 YOLO-WM 0] LAERG R X5 F & 7(c1)
BN XA YOLOVS 255 8t T — AN kG, 1

(a4)YOLO-WM %55 (L)

(a3)YOLOv8 £5 5 (L)

- 1643 -



T RERETR

2025,43(12)

(b1)JEE (M)

(e)JRE(S) (c2) HL T SEFREE R (S)

(dD)JEE (V)

(d2) HB I SEFREE SR (V)

(b2) M T SEFRES (M) (b3)YOLOv8 55 (M)

(b4)YOLO-WM %55 (M)

(¢3)YOLOV8 %55(S) (c4)YOLO-WM 45 5(S)

(d3)YOLOVS 4554 (V) (d4)YOLO-WM &5 58(V)

B7 ZRERZER

Fig.7 Multi-scale windmill identification diagram
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Fig.9 Comparison of characteristic thermal forces before and after improvement
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An object detection algorithm for small-scale windmills

Bao Yilin', Hu Jinshan', Kang Jianrong', Zhu Yihu?, Wang Shengli’
(1.School of Geography, Geomatics and Planning, Jiangsu Normal University, Xuzhou 221116, China; 2.Jiangsu
Geologic Surveying and Mapping Institute, Nanjing 211102, China)

Abstract; Windmills are important facilities that convert wind energy into electrical energy. This
paper addresses the issues of missed detections and false detections in the process of identifying
small —scale windmills in remote sensing images by constructing a new GF-2 windmill dataset. It
proposes the YOLO-WM algorithm for the small target detection task of windmills, adding a tiny
object detection layer based on the YOLOvS object detection algorithm, and incorporates a BSAM
dynamic attention mechanism module in the backbone section. It replaces the C2f module with the
lightweight C2f_RepGhost module and finally utilizes the SAHI slicing algorithm in the prediction
stage to complete the windmill target detection task. Experimental results show that the YOLO-
WM algorithm can better retain shallow convolutional features while reducing algorithm
complexity, allowing for more accurate capture of small —scale target information. This method
compensates for the shortcomings of small object detection datasets, and it has been verified that
the improved algorithm performs better in detecting small —scale windmills than other algorithms.
This research provides valuable insights for the rational optimization and allocation of wind energy
resources and the joint analysis of geographical elements.

Keywords: windmills; deep learning; small target detection; YOLOvS; GF images
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