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Abstract: In response to the problems of insufficient spatial information processing and lack of global contextual information
caused by multi-layer convolution and pooling operations in convolutional neural networks (CNN), a multi-scale
densely stacked carton detection method based on CNN and Transformer is proposed. A feature extraction and fu-
sion module is designed, combined with a window self—attention mechanism, to enhance the model’s ability to
model global features. Cross—scale connections are introduced to fuse more semantic information at different lev-
els, and the model has a larger receptive field and better feature fusion ability. A BoxloU loss function is proposed
for bounding box regression, which evaluates the similarity of bounding boxes by calculating the minimum point
distance and aspect ratio of bounding boxes, improving the accuracy of the model. Experimental results show that
on the SCD dataset of densely stacked cartons, the method achieves an mAP50 of 99.36% and an mAP50-95 of
95.09%, with good detection performance and generalization ability.
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Fig.2 Structure of SwinBottleneck module
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Tab.l Experimental results of base models

P 45 FLOPs/G mAP50/% mAP50-95/%
Mask R—CNN 74.5 98.76 93.68
Faster R-CNN 82.1 98.42 93.19

RetinaNet 412 98.75 93.14
YOLOv8 34.5 98.62 93.20
DEYOv2 86.1 98.81 93.39
Gold-YOLO 54.6 98.87 93.57
ST-YOLO 42.7 99.36 95.09

M 1 T LLE PR Bk 5 0 R DU 4 se
L, TR RS IDRS M 2% T — B B R AR AR Y | H
HAR S Z FEA AT R R, SRR RS, T
Transformer Kl BRI SECN B 2%, M EHREE /N
A, BRI Sy ik A FE AR Bz fLRE 182 .
— B BER 2R, YOLOVS B 14 52 4% i eI, - HLABE



- 08 -

KoH# T b K % oE R

45 4

TRURG T BE o T oAt — o BE g iR, (H L 45 254
faise, FEOTES BRI ABAR . A3 ST-
YOLO AL oo e R iE S U e AL A 161 % pR 2K
TEHESRACAAS I BE b i i rf e R B e, mAPS0 Al
mAP50-95 F4rH1AF] T 99.36%F1 95.09%, I HZ 4
RN, TR A AR
242 S5IMAFEINICEIRLER

it —25 AT A SCHE BRI PR R U IZ A
AR A EE R, ARG ST-YOLO #5581 546 Akl
SISk B ik AE SCD L EAT Hu A, A 5 5k R Bl
FHEFIVR A gL AR P S A R R R 5 R R
PEREXT HLZE AR 2 W7 o FHER 2 AT UL, ARG LA
B, R Faster R—-CNN R A9 Mask R—-CNN 7E£6
ARG BE LA P4, (H3n AR R . A Y
RetinaNet B ERHRIYN LR BEAs I #)3k |, fEER I3
SRR 5 AR . AR SCHE S AR ARSI 1 4
1o IR R e/

®2 MHEANTHER

Tab.2 Experimental results of the improved models

B TFIBE B0 mAP50/%  mAP50-95/%
Faster R—-CNNI™ 99.8 98.53 9331
Mask R—CNN™ 823 98.83 93.75

RetinaNet'™ 56.5 98.82 93.18
ST-YOLO 2.7 99.36 95.09

K 4 o T LR AR AR ST-YOLO X HEXE4R
FH ARSI 25 5

’
d

(d) ST-YOLO
B4 BstiEHe L BTt

Fig4 Comparison of detection results of the improved model
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Tab.3 Results of the ablation experiments

CST BiFPN BoxIOU mAP50/%  mAP50-95/%
— — — 98.62 92.20
Vv — — 99.04 94.23
— Vv — 98.81 9371
— — Vv 98.74 93.54
Vv Vv — 99.25 94.75
Vv — Vv 99.16 94.62
— Vv Vv 98.94 94.07
Vv Vv Vv 99.36 95.09
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Fig.6 Comparison of detection results by different loss
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