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Fig.7 Dataset examples
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2.3 iEMriERR
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FEAS Hf SEBR A TEREAS Y LU A5, 4 (0] 5845 S5 BR Ay TE R AS o R AL S50 Sy A A 1 B ], 8 20 i oy

P—iTP (22)
TP+ FP
TP
= 23
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FN A BH M, 3% 7 Bl 280 33030 Ay £ 208 ) IR REAR

PR i £k i [ 16 20 - 20085 B2 (A verage precision, AP), ZAN2E 509 K 19 AP -2 J5 15 51 14 %X
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3P PR R T R 1 RECOA S YRS BE AP, 24200 AP BOE #4433 mAP. CrowdHuman {2 % Person
— AR 2R, B AP 5 mAP BUE A O PR RS SO AR A B — B AR S — R mAP &, B
AR R 48— BB E A 8 P LR .mAP@0.5 Ml mAP@0.5:0.95 %48 b5 . [R5 A Params, 515
R A AU SR S50 Bt . BN S B AT B T RN B4 5 S BN AR T R R A R AT R
M EEIR AR Z —
2.4 HERZLIE

SR T UE A SC T 4R A O A e AR S P H AR R AT S5 P A R T YOLOVIZ i dE T — R 51
MRS E , FEAE T A A B.CRiE, AERTIA AMFE B8 B R IR A2C2f SEAM it ik ; C Fm ik
HE45 2% PR 2L Alpha-Shape ToU , 3 76 4 [A) Il 25 e B 5 208 46 45 40 T E A7 % E 2 b, S8 25 Rk 2 i
MR 2 a] DUF Y, BB TR oK 5] AT Ao 2l i 1), HE mAP@0.5 Fl mAP@0.5:0.95 43 51 2 73.8 %6 Fil
41.8% ,AE 5 24 P 3 50 T AT AN B AR R g 1A e 4R TS R, M AUS]I A AMFE i8S , mAP@
05T £ 77.3% ,mAP@0.5:0.95#&F+ £ 45.2% . XRMHEZREHHE I 2 IPLH 0945 & BeWS A 30
S, O 286 X Jey B AT 0L IXOBROR R SCAE B Y d B BE B NG P AT ARG R R R . 2 — 2B B A
A2C2{ SEAM i J5 , mAP@O.5 3 T+ 2 78.7% , Ui B YE H = 2 FEAE H 51 A SEAM (1) 385 4 S I B,
B TR SR MAREE RS BHARIRE , WD A . Y4 3R ek i F B 51 A, B AMFE +

F2 HEXE

Table 2 Ablation experiments

YOLOVmImp:\Oved s P/% R/% mAP@0.5/% mAP@0.5:0.95/%  Params/10°
NG 81.8+0.16 61.2+0.29 7384 0.20 41.8 £ 0.17 2.51
N NG 82.9+ 0.22 654+ 0.25 77.340.28 45.2 + 0.28 2.28
N N 80.8 £ 0.20 63.0+0.18 751+ 0.16 43.4 + 0.19 2.50
N/ V7954025 6244018 749+ 0.21 42.6 + 0.20 2.51
NG NN 824+ 0.15 68.34+0.17  78.7 + 0.22 45.6 £ 0.19 2.28
NG v N N 8324020 684+0.15  79.240.23 46.3 + 0.11 2.28
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Fig.8 Loss curves and performance metrics trends of MSS-YOLO during training and validation on CrowdHuman
2.5 Xftbsemg
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. o " e e . 40F —~loU
A BHIE Alpha-Shape ToU 45 2% pR £ A8 Y 1] 25 35 72 17 5% 0 1 -+ CloU

*

i

W R 26 2 0 SN BB AR IR I " Alpha-Stape ot
ToU . CloU ,WIoU , Shape IoU } Alpha-Shape ToU 7£ [] — %4 .
S TR S T 9 % KT 5 o
WOl . o140 0 2 T T R0 0 Bk
R T 6% 5

AN TR % o B0 LR 45 2 S AN 3T/ . Alpha-Shape 0 20 40 60 3% 100120 140
IoU 7E Shape ToU ¥y fii & 5 B IR Bk & 29 o B filh 1, 51 A GERESGE LT 6oad

Alpha-ToU 1) 75 ¥ 78 4 B AU I i (U 8 1 . 5 R AR Fig.9  Comparison of different loss functions
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1% s %L CloU AH L, Alpha-Shape ToU 7 mAP@O.5 5 45 42T+ 0.5 4 H 43 4., [ i 7E Recall #5 45 I 2 F+
0.1/ A 43 i, Wb BIIZ 5 R e vl /D S 4 H A I A6 7 T B AT — 8 L

R3 FERKEH L KK

Table 3 Comparison experiment of different loss functions %
Model P R mAP@0.5
TIoU 81.8 = 0.15 67.4 4+ 0.18 78.8 &= 0.14
CloU 82.4 £+ 0.15 68.3 = 0.17 78.7 = 0.22
WIoU™ 81.0 + 0.16 67.7 &+ 0.20 78.0 & 0.20
Shape ToU 82.3 2 0.14 68.1 = 0.14 79.0 = 0.17
Alpha-Shape IoU 83.2 + 0.20 68.4 4+ 0.15 79.2 - 0.23

2.5.2 TRIBEAR L EHLER

Sy A THT B E BT A B MISS-Y OL O 55 50 X6 388 45 A K6 0 1) 14 Rl S A5 80 52 2% i, # CrowdHuman 4%
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T 54N A5 M mAP@O.5:0.954& F+ T 4.5 1 73 5 6 A8 R N 61.5%0 RIEHE T2 68.6 %0 ($27+ 1 7.14
AR o TR 0 22 ROBE KRR AF B2 G0 14 R A 39 58 5 30 SRUAE [m] 051 A 0 56 W RE 6% I [) ol 5 3 4N 51
KM e . BARIT SIS B IR EL(FLOPs) B 6.0} 1088 28 7.7 X 107, (E RS BUATY A 3 A /N 1) S B0 RS I
TER I M 8 5 110 2 % i 2 A A — i P A o
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Table 4 Comparison experiment of different models

Model P/% R/%  mAP@0.5/% mAP@0.5:0.95/% Params/10° FLOPs/10’
YOLOv5n™" 80.2 60.3 72.0 40.3 2.50 7.1
YOLOv6n™ 81.6 62.3 73.7 41.9 4.23 11.8
YOLOv8n™ 81.2 62.6 74.1 42.0 3.00 8.1
YOLOvOt™! 80.9 62.0 73.9 42.0 1.97 7.6
YOLOv1On™ 77.5 59.0 70.8 39.6 2.69 8.2

RT-DETR-R34™ 71.0 48.5 70.1 37.5 31.5 41.7
FPN + Adaptive NMS™ — 65.2 76.5 — — —
YOLO11n™" 79.6 60.8 73.0 41.0 2.58 6.3
YOLOv12n 82.0 61.5 74.0 41.9 2.51 6.0
MSS-YOLO 83.4 68.6 79.4 46.4 2.28 7.7
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YOLOv8n Al YOLOvIt 43 il $2& F+ 5.3 Fl 5.5 4~ H 43 45 s R i 5] 68.6 %0, 8 1k YOLO R 51 5 7 = /b 2 7
6.0 43 a, R W BT 4 10 Y 22 RO A9 AiF 448 B0 530S 1Y R A 34 0 SR W BB A0 7 — 0 R B b % A I 1 3 i A
SCRFAE G e 4 m N B AR A BB 77 o 5 AS [RVRG DU AE 22 A0 B, MSS-Y OL O [R]#f 36 3R H3 55 4y Ay A 0 42
fig , b RT-DETR-R34 ) mAP@0.5 8 70.1% , X F MSS-YOLO. #f— 5% X # £f & 5% H Ar ksl
i) Adaptive NMS J5 A I, Recall HI mAP@O.5 43 5 #2755 3.4 41 43 s 2.9 4 i, UL AR SCRE AL A
AR PN GO AT 55 v B A B i H bR A I g T -
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Fig.10 Comparison of the evaluation metric trends between MSS-YOLO and YOLOv12n
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VR (26)

MSS-YOLO (#5468 ¥4 H B — & FL BT R B, 2 BH 3l different occlusion levels %
P22 980 NARA SCHIAE B B FAR E 7 5 R0 Y Model R (RS mlhy iy
SMENE . B P AR B N, MSS-YOLO AH AL F IR A AP@0.5 R  AP@0.5 R
T PE RN 33— 50 k. U RAE R A T, YOLOvIZn 808 685 675 529
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BRI BB e — B L DR A TR IS . [T, BB 254 M b LR BE 9 mAP@O.5
I mAP@0.5:0.95 43 52T+ T 5.0% M1 12.7% , i —F10E T HIE 375 T 0S4 S e bE.
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Table 6 Validation results on the self-built CBCD dataset %
Model P R mAP@0.5 mAP@0.5:0.95
YOLOv12n 81.5 85.6 90.6 56.1
MSS-YOLO 87.6 89.9 95.6 68.8

R T S UL M L A A A ARG I 2R AR T AR AR B £ ] Grad-C AMPlus 2 il 45 1)
AE T I I8 o T 1T D AR PR B 2 A 4 28, l LY M 3 i 7 MSS-YOLO 7E £ 26 7 T B Ar MR f2 T
FLSC F AR DI, AR R S T X AR op 8D PR T T . TR4h 2R DORRAE Wi 17 JEE 3 — 2 R ], MSS-YOLO
T2 PR BT T REAS I AR b oG T 5 A B H AR AR SC A9 X I

(a) IR IR

(a) Original images

(b) YOLOVI12n# /71
(b) Heat maps of YOLOv12n

(c) MSS-YOLO# &
(c) Heat maps of MSS-YOLO

F11  YOLOv12n fl MSS-YOLO # ) [ L #%
Fig.11 Comparison of heat maps between YOLOv12n and MSS-YOLO
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MSS-YOLO: Occluded Object Detection in Customs Scenarios

CHEN Borui!, ZHANG Mei®", LI Xinruit

(1. Graduate School, China People’s Police University, Langfang 065000, China;2. School of Immigration Management, China
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Abstract: Object detection is a prerequisite task for smart ports to realize behavior recognition of
passengers. To address the problems that occlusion caused by crowded queues and gate equipment in fast-
track channels leads to decreased detection accuracy of existing models, while also considering the
requirements of edge devices, an improved YOLOv12n-based occluded object detection algorithm, MSS-
YOLO, is proposed. First, an adaptive multi-scale feature extraction (AMFE) module is designed in the
backbone network to replace the downsampling module, enlarge the receptive field of the model, and
adaptively weight and focus on key human body feature regions, thereby enhancing multi-scale feature
extraction capability and alleviating feature information loss and occlusion interference. Second, an
improved feature enhancement module, A2C2f_SEAM, is introduced into the neck network to learn the
relationship between occluded and non-occluded regions and dynamically adjust the focus of attention.
Finally, CIoU is replaced with Alpha-Shape IoU, and power transformation and geometric constraints are
introduced to further optimize bounding box regression performance. Experiments are conducted on a
CrowdHuman experimental subset and the self-collected port fast-track channel crossing behavior dataset
CBCD. The results show that, compared with the baseline model, the proposed MSS-YOLO improves
precision by 1.4 and 6.1 percentage points, recall by 7.1 and 4.3 percentage points, mAP@0.5 by 5.4 and
5.0 percentage points, and mAP@O0.5: 0.95 by 4.5 and 12.7 percentage points on the two datasets,
respectively. Meanwhile, the number of model parameters is reduced by 0.23 X 10°. MSS-YOLO improves
the detection accuracy of occluded persons in port clearance scenarios while maintaining a relatively small
parameter scale, providing a foundation for subsequent edge deployment and optimization.

Highlights:

1. A lightweight occluded object detection algorithm MSS-YOLO is proposed for personnel detection in
smart port express channel scenarios.

2. An AMFE module is designed to expand receptive field and enhance multi-scale feature extraction under
occlusion interference.

3. The improved A2C2f_SEAM module is introduced to capture the relationship between occluded and
non-occluded regions and optimize feature representation.

4. MSS-YOLO achieves significant accuracy improvement with fewer parameters, satisfying edge device
deployment in smart ports.

Key words: smart port; occluded object detection; YOLOv12n; multi-scale feature extraction
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