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Note: Fgiopar and Fiocar represent the global and local context features, respectively; feiopar and fiocar denote the global and local context feature vectors, respectively;
ffusion represents the fused feature vector; [x1,y1,X2,2] denotes the coordinates of the top-left and bottom-right points of the localized bounding box.
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Fig.2 Framework of pecan nut recognition method based on scale interactive distillation network
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Identification method for Carya illinoinensis varieties based on scale
interactive distillation network

ZHAO Ning' , CHEN Zhikun'* , YANG Pengfei* , WANG Ruiduo® , ZHANG Jiyu?, LI Yongrong*

(1. Xi'an Botanical Garden of Shaanxi Province, Institute of Botany of Shaanxi Province, Xi'an 710061, China; 2. Research Laboratory of
Photonic Functional Materials and Devices, Xi’an Institute of Optics and Precision Mechanics, Chinese Academy of Sciences, Xi’an 710119,
China; 3. Institute of Botany, Jiangsu Province and Chinese Academy of Sciences, Nanjing 210014, China; 4. Nanjing Green Universe
Pecan Science & Technology Limited Company in Jiangsu Province, Nanjing 210007, China)

Abstract: Pecan (Carya illinoinensis) is one of the highly valuable nut crops in the global agricultural economy, due to its
nutritional and economic advantages. There has ever a rising demand for high-quality cultivars of pecan in recent years. Precise
and efficient identification is then required for germplasm resource conservation, breeding programs, and commercial
production. However, some challenges still remain in identifying the pecan cultivars, owing to their morphological similarities,
and environmental and image acquisition, such as lighting, angle, and distance. Traditional cultivar identification can also rely
mainly on manual observation and expert knowledge; These manual approaches cannot fully meet large-scale production, due
to the time-consuming susceptibility to subjective errors. It is very necessary to develop automatic, scalable, and accurate
recognition of the pecan cultivars. In this study, a scale-interactive knowledge distillation network (siKD-Net) was introduced
to enhance the accuracy of classification using deep learning. The discriminative features were then extracted from the pecan
images, in order to facilitate the highly precise differentiation of cultivar. 9 048 images were captured from the twelve cultivars
of widely cultivated pecan, such as Pawnee. An image dataset was established to support the training and evaluation of the
improved model. Among them, the different imaging distances also caused variations in the object scales during data
acquisition. The inconsistent representation of features seriously deteriorated the classification of the diverse image samples.
Fortunately, the SIKD-Net framework performed better to solve the scale variation and feature inconsistency during image
classification. The global-local feature was also incorporated with the scale-aware knowledge distillation. A series of
experiments were then conducted to evaluate the performance of the SIKD-Net model. The results indicate that the
classification accuracy of 96.98% was achieved in the twelve pecan cultivars, significantly surpassing conventional machine
learning and deep learning. A comparison was also made on the baseline models, including the standard convolutional neural
networks (CNNs) and transformer-based architectures. Moreover, the scale-interactive knowledge distillation substantially
enhanced both the robustness and accuracy of the cultivar recognition. The high accuracy of classification was achieved in the
pecan cultivar for agricultural and industrial applications. Automatic recognition can be extended to the rest of tree nuts and
fruit crops for precise classification. Furthermore, the improved model can be deployed within smart systems for seedling
selection, orchard management, and post-harvesting. Therefore, intelligent sorting can be integrated to enhance efficiency, in
order to reduce the reliance on manual inspection in commercial settings. In conclusion, deep-learning identification can be
expected to significantly enhance the efficiency and accuracy of pecan cultivar recognition. The hyperspectral imaging and
multimodal feature fusion can also be integrated to further enhance the performance and the deployment of the SIKD-Net
model for the large-scale classification in real-world orchard environment. The findings can also provide a scientifically robust
and practically viable solution to pecan germplasm identification in precision agriculture, intelligent crop classification, and
food processing.

Keywords: Carya illinoinensis; variety identification; scale interactive distillation, multi scale context attention fusion;
knowledge distillation


http://www.tcsae.org

	0 引　言
	1 试验与方法
	1.1 图像采集与预处理
	1.2 基于尺度交互蒸馏网络的品种识别方法框架
	1.3 全局和局部上下文特征提取
	1.3.1 全局分支和局部分支
	1.3.2 结构化关键区域定位模块

	1.4 多尺度上下文注意力融合
	1.5 尺度知识蒸馏
	1.6 试验环境及模型评价指标
	1.6.1 试验环境及细节
	1.6.2 评价指标


	2 结果与分析
	2.1 消融试验
	2.2 识别方法对比
	2.3 混淆矩阵分析和可视化试验

	3 结　论
	参考文献

