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Note: C;, is the nth channel of the ith convolution, C;, is the nth channel of the jth convolution.
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a. Schematic diagram of the installation position of the image acquisition device

b. Internal structure of the image acquisition device
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Fig.2 Schematic diagram of image acquisition
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Table 1 Potato impurity dataset composition

eS| PlES ISR s it
class Train set Validation set Test set Total
B HE
Number of images 4033 503 504 5040
L
Potato 12215 1315 1235 14 765
+H
Clod 10315 1160 1125 12 600
=)
ﬁ%’? 805 125 70 1 000
Seeding
SE 5 1170 85 130 1385
tone
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Note: Conv is the convolution module, Maxpool is the maximum pooling,Concat is the feature connection module, C2f is the cross-stage partial feature fusion module,
ECA is efficient channel attention, SPPF is spatial pyramid pooling, Upsample is the upsampling module, Detect is the detection head, y is the input feature map, ¥ is
the output feature map, C, H, and W represent the number of channels, height, and width of the feature map, k& denotes the size of the convolution kernel, 5 and bgt is the
center points of the predicted bounding box and the ground truth bounding box, p is the Euclidean distance between the two center points, ¢ is the diagonal length of the
smallest enclosing rectangle that can simultaneously contain both the predicted and ground truth bounding boxes.
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Table 2 Comparison of ablation experimental results
g P-E RN PRl o g i o S A 1R L fok VS b v e e (g TR KN
/Rt R il Sk C2-ECA WRERE BIR R TAOREE s cecond/  Model
Number P-Backbone P-Head : Loss Prune  Precision/% mAP50/% FLOPs/G P 1 .
(Mwi-s™) size/MB
1 x x x x x 97.3 98.3 12.1 1177 6.8
2 \/ x x x x 96.1 98.0 20.9 1124 8.8
3 v R x x x 94.8 94.7 9.8 151.2 9.4
4 x/ R \ x x 96.3 96.6 9.8 153.9 9.4
5 v v N N x 96.7 96.3 9.7 166.7 9.4
6 \ v \ \ v 94.9 96.0 4.9 217.1 4.7

iE: Loss 278 EHHRR KA Focal-DloU, Prune SR i IR BTAL, R T iz I8 b5 T et 8l «

Note: Loss means to change the loss function to Focal-DIoU, Prune means to use the model for pruning, The bold numbers in the table are the best data under the test inde.
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Table 3 Comparison of the performance of this model with different models

et FENEES LIRS PR EEE RIS HE g [EEPNAN

Model Recall/% Precision/% mAP50/% FLOPs/G Frames per second/ (s Model size/MB
Yolo v8n 96.8 97.3 98.3 12.1 117.7 6.8
Yolov8-FasterNet 95.5 98.5 97.9 117.2 100.0 534
Yolov8-ShuffleNetV2 94.2 90.4 94.3 8.8 74.6 4.2
Yolov8-MobileNetV3 95.2 96.3 97.6 9.7 150.0 5.5
Yolov8-MobileNetV4 96.5 95.7 96.2 26.5 125.0 12.3
Yolov9t 96.3 98.4 98.1 41.0 49.2 6.4
Yolo vlln 96.1 98.3 98.9 10.4 162.5 6.0
PLP-net 96.1 94.9 96.0 4.9 217.1 4.7

e RIS T AZ AR IR AR T BRI
Note:The bold numbers in the table are the best data under the test index.
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P RE 76 4 2 5 8% B 2% BRI N T 37 St ) 48 U RE 5K

B,
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Indicates that the confidence level is less than 0.5

E: A: JiEl; B:PLP-net BRI TPIE]; C:Yolo v8n HE AL FTM I4; D:Yolo
viin BETIE: AFREEENT 05,

Note: A: Original image B: PLP-net model prediction chart C: Yolo v8n model
prediction chart D: Yolo vIln model prediction chart; Alndicates that the
confidence level is less than 0.5.
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Fig.9 Comparison of prediction charts of different models
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Table 4 Comparison of model deployment inference speeds
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Fig.11 Potato impurities detection system based on the interface
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Potato pickup harvesting impurity detection method based on PLP-net
lightweight model

PAN Zhiguo® , QIU Baohua' , YANG Ranbing"** , ZHANG Huan' , ZHANG Jian'?, LI Yingying® , DENG Zhixi!

(1. College of Mechanical and Electrical Engineering, Qingdao Agricultural University, Qingdao 266109, China; 2. College of Mechanical
and Electrical Engineering, Hainan University, Haikou 570228, China; 3. College of Computer Engineering, Qingdao city University,
Qingdao 266106, China)

Abstract: Potatoes can be the fourth largest food crop in the world. However, conventional harvesting has not fully met the
requirement of large-scale production in recent years. Particularly, manual inspection of the impurity sorting has severely
constrained the harvesting efficiency. Impurity detection is often required for the intelligence level. Furthermore, existing
detection has commonly suffered from high computational complexity, excessive memory consumption, and low real-time
performance. Particularly, the complex environments of potato pickup harvesters can also exacerbate the difficulty in the
detection. In this study, an efficient impurity detection was developed for the unmanned impurity sorting in the potato pickup
harvesters. A lightweight model (named PLP-net) was proposed using YOLOv8n. Firstly, the backbone network (P-Backbone)
and detection head (P-Head) were redesigned from the original model. The P-Backbone preserved the original semantic
information, according to the down-sampling branch. The multi-scale features were integrated to significantly enhance the
feature extraction. The P-Head was used to eliminate the small-object detection head for the medium and large targets. The
detection was improved to tailor for the impurity scene. Secondly, the ECA attention mechanism was introduced into the C2f
module of the model. The appropriate weights were assigned to the different features. The critical information was focused on
suppressing the irrelevant details. The accuracy of impurity recognition was enhanced for the favorable conditions after
pruning. Additionally, the Focal-DIoU loss function was adopted to alleviate the imbalanced distribution of the positive and
negative samples in the impurity datasets. The Focal Loss and DIoU functions were combined to reduce the loss contribution
from the easily classified samples. The bounding box regression was optimized to accelerate the convergence. Finally, a
structured pruning pipeline was achieved in sparse training, channel pruning, and model finetuning. The redundant channels
were effectively eliminated for the lightweight model. The computational load and memory usage were reduced to maintain
high accuracy. A series of experiments were carried out to evaluate the performance of the improved model. Multiple metrics
were employed, including precision, recall, mean average precision (mAP), floating-point operations (FLOPs), frames per
second (FPS), and model size. Ablation tests demonstrate that the superior overall performance of the PLP-net model was
achieved, with a substantial reduction of 7.2 GFLOPs in the computational complexity, a 99.4 FPS improvement in frame rate,
a 2.1 MB reduction in model size, and only marginal accuracy degradation. The computational efficiency, real-time capability,
and memory footprint were highly suitable for the deployment of the embedded devices. The TensorRT inference framework
was also utilized to deploy the PLP-net model on an industrial computer. There was an accelerated inference speed of 52.7
FPS—1.7 times faster than its pre-optimized version. An impurity detection was developed using PyQt5 supports multiple
input modalities, including images, videos, and camera feeds. The real-time outputs facilitated the operator's observation of the
detection, such as the detection time, target counts, and positional coordinates. In summary, the robust performance of impurity
detection was achieved with the lightweight PLP-net model in the practical potato scene. A reliable technical solution can be
offered for unmanned sorting in potato pickup harvesters. This advancement can also provide a strong practical reference and
theoretical support to the intelligent application in the potato industry.

Keywords: potato impurities; PLP-net; lightweighting; model pruning; model deployment
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