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JAM-R-CNN deep learning network model for remote sensing
recognition of terraced fields
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Abstract: Efficiently and accurately determining the spatial distribution of terraced fields provides important data support for soil and
water conservation and improves the regulatory level of agriculture in mountainous areas. When deep learning methods are used for terrace
recognition, narrow and elongated terraces are prone to be missed because of convolution operations, and in complex backgrounds with
unclear terrain boundaries in mountainous areas, large areas of adhesive recognition results are easily generated, leading to low accuracy in
the final terrace recognition. Prior to the achievement of accurate recognition of terrace information, the urgent technical problems to be
solved are how to effectively maintain the high semantic information of high-resolution remote sensing images in the convolution operation
process on the basis of the characteristics of terraces and how to reduce the omission of narrow and long terraces and the adhesion of
recognition results. To address these problems, this study proposes the JAM-R-CNN deep learning network terrace recognition method that
adopts remote sensing images with very high resolution. This network is based on the Mask Region-based Convolutional Neural Network
(Mask R-CNN) model. It integrates the jumping network to maintain the high semantic information of high-resolution remote sensing
images, employs the convolutional block attention module to enhance the feature expression ability of terraces, and modifies the anchor size
to adapt to the narrow and long characteristics of terraces and improve terrace recognition accuracy. A part of the salt well terraces in
Nanchuan District, Chongqing, China, is selected as the study area to test the proposed method, and four models in domestic GF-2 satellite
image data are used for experiments. Results show that the terrace parcel map derived from the JAM-R-CNN model has a precision of 90.81%,
recall of 84.28%, F1 score of 88.98%, and Intersection over Union (IoU) value of 83.15%. Compared with Mask R-CNN, JAM-R-CNN’s
precision, recall, F1 score, and IoU value are increased by 1.96%, 5.26%, 3.29%, and 5.19%, respectively, indicating that the JAM-R-CNN
model can better identify the terraces than Mask R-CNN can. Most of the terraces identified by Unet and DeepLab v3+ are connected
together, and the terraced fields with a small size are not distinguished. The JAM-R-CNN model identifies fewer missing areas on the
periphery of terraces compared with Mask R-CNN model, and the number of missing narrow and long terraces is considerably reduced. This
result is the effect of three improved parts and further proves that the proposed JAM-R-CNN model exerts a remarkable improvement effect
and demonstrates superior performance in remote sensing recognition of terraces. The proposed JAM-R-CNN deep learning network model
effectively reduces the adhesion phenomenon of terrace recognition results and considerably improves the extraction rate for narrow and
long terraces, thus achieving a substantial improvement in the overall accuracy of terrace remote sensing recognition. The model has good
application value.

Key words: remote sensing, terrace recognition, high resolution remote sensing image, deep learning, jump network, JAM-R-CNN
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