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Abstract: The real-time and accurate acquisition of field land information was crucial for agricultural management departments
to implement crop planting plans and monitor agricultural activities. However, the existing methods faced challenges such as
low accuracy, unclear edge classification and low efficiency in recognizing agricultural land features based on drone RGB images.
To address these issues, an improved version of the Deepl.abV3-+ network was proposed in this study. This approach
integrated multiple technical fields, including drone image acquisition, image processing and deep learning algorithms.
Firstly, recognition efficiency was enhanced by replacing the backbone with a lightweight network, MS—MobileNetV2. Secondly,
the ECANet module was incorporated to suppress background interference and focus on crop information. Finally, the ASPP
expansion rate was adjusted to cascade different scales of information, thereby enhancing feature capture. A dataset was constructed
by using drone orthophoto images of farmland around Li County, Baoding City, and comparative experiments were conducted
on its detection performance. The experimental results showed that this method improved the classification accuracy of corn, yam,
wasteland, trees, vegetable fields, and greenhouses by 0.7%, 1.15%, 5.04%, 2.59%, 0.95%, respectively, and reduced
the number of parameters by 87. 8% and training time by 50. 5%.
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Fig. 7 Comparison of segmentation effects of different models
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Tab. 2 Comparison before and after model improvement

e mloU/ % U E S Il % F14%5/ % SR /M I 2 B /b
DeepLabV3+ 87.27 92. 94 93.33 93.10 54.71 8.5
ME—DeepLabV3+ 90. 97 95. 04 95. 41 95. 22 6. 67 4.2

2) Wit R MAL I Xt b, M #® 3 A, A
DeepLabV3-+ X} £ K | 11125 Fig Hi  Fw A 38 Hb KA Y 23
HHG B M 96.15%. 96.57 % 90. 61% . 89.63% .
90. 60%6,94. 10%0 . 17 & i#F J5 B B AE B oKL Il 25 5
Hiy TR S M M Y 43 SRS BE B3 i3k ) 96. 854
97.72%.95. 65% .92. 22% .91. 55 % ,96. 28 % , 4 JFUi 5
g3 B R 0.7% . 11590, 5.04% . 2.59% ., 0.95%
2.18% . Mo FEb i o NG EE AR T W . B IRAE
TE S SEAG R, S A Ml B 5 b R B S Ml B AR i | S0
HE EARARL, JEGARE L () ASPP 3¢ B e 1 Hb, e 40 SR HE
AL, T R R TR T S AR A S R L O EL
B 1) 32 1 9 4 rpom A wE AIK 4E REAE A DT T T X

b ZORRIE AR ASCR . AL Z N BRI 7 2K 1
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Tab. 3 Comparison of accuracy before and after model improvement

. %/ % IoU/%
i
Tk 1hz5 Jic i Tr AR 3] K Tk 15 T M TrAR b K
DeeplLabV3-+ 96.15 96.57 90.61 89.63 90.60 94.10 94.89 93.00 86.33 84.58 77.00 87.80
ME—DeeplabV3+ 96.85 97.72 95.65 92.22 91.55 96.28 95.874  94.26 91.16 88.19 83.54 92.77
3) FEAR G EIRCR N . SR H 4 AN HE 9 55 L) 2 EOK CREHLIE A . X LU AT S 25 A, T DO ER )

2 SRR AT IR A ANE 9 o .

9 REKHFED AR
Fig. 9 Comparison of segmentation effects before and

after model improvement
FE 9 AT LU AR 1 v o K R 3 b AH 32 55 FF
A 2 PR T R L REAS 3 PR T M, T AEAS 4 il

bii S0 1 5/ NI EZTINE 57 I 157 NI NG i B 1l L
WP T IRAARE AL, AEBLUNT oK S A 58 45 4 A
DX, J5E R A% TR0 3 2345 28 U A 1 L A7 AR A L SRR
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Tab. 4 Comparison of ablation experiment results

LT M2 ECA AS3 K%/ % mloU/ % Y B /h
DeeplabV3-+ X X X 92. 94 87. 27 8.5
DP1 N X X 94. 87 89. 46 3.7
DP2 X N/ X 93. 82 88. 04 8.9
DP3 X X N 93.81 89. 34 9.1
DP4 N/ NG X 94. 94 90. 33 3.9
ME—DeepLabV3-+ N N N 95. 04 90. 97 1.2
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