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Lightweight Multi—Object Detection in Warehouse Environments Using
an Improved YOLOv8n Algorithm
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(1. School of Transportation and Logistics Engineering , Xinjiang Agricultural University , Urumqi 830052, China;
2. Xinjiang Transportation Construction Group Co. ,Ltd, Urumgqi 830063, China )

Abstract: A multi-object detection algorithm is a computer vision approach that can simultaneously identify and localize multiple objects
within a single image, and it has been widely applied in scenarios such as autonomous driving, intelligent transportation, and warehouse logis-
tics.To meet the real-time and accurate object detection requirements of intelligent warehouse robots , an improved lightweight warehouse ob-
ject detection algorithm (YOLOv8n—DFL) was constructed. First, the C2f module was optimized using the Dilated Weighted Residual block
(DWR).This module uses convolutions with different dilation rates to extract multi—scale features and incorporates a residual structure to en-
sure stability.Second , a lightweight feature—focused diffusion pyramid network (LFDPN) was constructed.This architecture incorporates paral-
lel depthwise convolutions to fully exploit representational features at different scales.This information is then transferred to each detection lay-
er using a feature diffusion strategy, thereby enhancing the synergy between features at different scales. Finally, a lightweight detection head
(Lightweight Shared Convolutional Detection Head (LSCD) ) was introduced, utilizing shared convolutions to reduce the model’s computation-
al overhead and parameter count.Ablation experiments show that compared to the original YOLOv8n model, the improved algorithm improves
mAP@0.5,mAP@0.5:0.95, and recall by 1.3%, 0.4%, and 1.5%,respectively.The model also reduces parameters by 23.92%, and the compu-
tational overhead is only 7.2 GFLOPs,a 11.11% decrease compared to the original model.This improved model provides a lightweight detection
method for warehouse objects.
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Table 1 Ablation experiments results of different feature layer combi-

nations
x1 AEFBEEREHHMIIEER (%)
=4 mAP@0.5 Precision Recall
P2-P4 65.3 70.1 64.5
P3-P5 66.1 72.5 66.3
P4-P6 64.4 69.3 65.9
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Fig. 5 Architecture of the feature—focused diffusion pyramid network (FDPNet)
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Fig.10 Sample images from the warehouse training set
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Table 3 Impact of different modules on YOLOv8n performance
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Table 4 Comparison of experimental results of different models
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Fig. 12 Comparison of detection results
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