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A Lightweight Detection Method of Contraband Aimed at Traffic Safety

WENG Chengkang, HUANG Xianming, HUANG Haiyang
( College of Computer Science, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of the flaws of disorderly placement, intentional obstruction, and detection of small irregular
items in X-ray security inspection images, as well as the requirements for real-time and fast security inspection purpose,
a lightweight real-time contraband detection method (LRCD) has thus been proposed based on YOLO v5s network
model to assist security personnel in rapid detection. By replacing the C3 module in the YOLO v5s backbone with the
DenseOne module in the model backbone, the features can be enriched and the network’s feature expression ability
can be improved; with SPPF(spatial pyramid pooling-fast) in YOLO v5s backbone replaced with SimSPPF for an
improvement of the inference speed. Meanwhile, the WloU (Wise IoU) loss function is introduced for an suppression of
the influence of redundant features on the detection network, thus enhancing the network’s ability to obtain multi-scale
features contained in contraband goods. In the EDS (endogenous domain shift) dataset for X-ray images of luggage
and items, the mAP (mean average precision) reaches 68.96% and FPS reaches 136.9. Compared with other widely
used classic object detection models in recent years, the average improvements can be as high as 6.35% and 66.7%,

respectively.
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Fig. 2 Structure diagram of DenseNet
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Fig. 3 Detailed structure of SimSPPF blocks
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P SHEREH ( bounding box regression, BBR) [
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3.1 THMEIRER

PR TG bR 0] ATE B PEAG AT A W] 37 5 b i 3R
UL A AR R —1F 55 it . #w, Hin
RO G0 1 REPEA 6 b S HERR 2 (accuracy )
AR (recall ) | K% (precision) . AP (average

precision ) . mAP ( mean average precision) . FPS
(frames per second ) 5, #PfAa il 45 5 % 22 hy 1 4]
(positive ) F1 ] (negative ) PIFIIENL, NI F & A7
TEMEE S AFELUT 4 Bl BIIE 6 3R 3 8 0E 61 /9 1E
] TP (true positive ) . 4 15 PR 31 B IE 1] 1 97 5] FP
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negative ) DA 4 152 P 5B A% B 51 %) 1 491 FN ( false
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F 3 G XOEHLERY 14 219 KK R, JL4HE 10
2 ¥ i (scissor, plastic bottle, power bank, lighter,
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3t 31 655 S HARSEH, il A G B TR
AR S 58 e T (T A RSB I 2R 21458 4 Ubuntu 20.04.2
¥efE 24, GPU & NVIDIA GeForce GTX 1080 Ti,
W {f % 11 264 MB, CPU ¥ Intel(R) Core(TM) i7-
6850K, #7i% 3.60 GHz, Python WA Ny 3.7.13, IR
4 HESLRR A A Torch 1.12.1+CUDA 10.2., JIZS45k
i, WA AE > AR IR TT 6 I A5 R B 7 A )
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3.3 tERESTHT

T Bk LRCD J5 i WA &k, ASCiksE S
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Tablel Detection performance of different models on
EDS dataset

FEhR YOLO v4-tiny YOLO v5s LRCD
Precision/% 74.23 743 78.9
Recalll% 48.85 60.1 61.2
FPS 62.30 120.5 136.9
mAP/% 58.40 66.6 68.9

LRCD HY Precision N 78.9%, Xt & YOLO v4-
tiny 5 YOLO v5s 43332 Tt T 6.29%, 6.19%. X ik
SRR i TSR RS R R, A ARSI A E R rp L
IE B AR Ee g m, AT B S TORE 2% . LRCD Y
Recall 7 61.2%, XfL YOLO v4-tiny 5 YOLO v5s 43
WAFTET 25.28%, 1.83%., X iR T b5 (46
W21 A 1 Be Sy 3as, BRI H B 2 19 B S H AR,
HEMi 3R E T 4 M 2%, LRCD i FPS N 136.9, Xf It
YOLO vé4-tiny 5 YOLO v5s 43 9 21 42 7+ T 119.7%,
13.6%. X U6 &7 £ 2 1] 4 7 3 Ak J i A5 i 45 o
BRI SR AT 2 T T, RIReE Sk
) B A5 T B AT S . LRCD B mAP N 68.9%, %
I YOLO v4-tiny 5 YOLO v5s 23242 TH T 17.98%,
3.45%. iX 156 B e 0 15 5 1k A 452 Tt Precision 5
Recall Z A, AR IR T Z2 0 oA R st iR e v,
Pt mAP 7533 7 B 247

AT YOLO v4-tiny 5 YOLO v5s, LRCD J7:
7 EDS Hda 82 Hh i 5 G2 SRS Hh i 4 K 22 8k
Yy se NAERIUS T fe s RIS SRS B, R R LA
EDS #ia 5 b iy HA 0 RS BIRIN R AN 3R 2 s
x 2 AEMEEFE EDS #IEE LA 3T R LHIH MR

Table 2 Individual object instance detection performance of

different models on EDS dataset %
Class YOLO v4-tiny YOLO v5s LRCD
device AP 56.31 67.8 71.8
glassbottle AP 51.31 69.5 77.4
knife AP 33.09 37.3 61.6
laptop AP 92.41 98.7 94.1
lighter AP 38.08 533 76.8
plasticbottle AP 64.11 59.3 73.0
powerbank AP 72.94 78.0 80.3
pressure AP 60.80 66.7 86.0
scissor AP 21.03 42.4 75.4
umbrella AP 93.38 93.5 92.9

LRCD RS BRilSCRanp 4 fiizs . A bl L

WZER, BERIAT LAERA U AR 5, FEXHAL
BRI HATARIE, 45 A B AR

4 LRCD 7 EDS 245 _E I R
Fig. 4 Detection performance of LRCD on the EDS dataset

3.4 HBLIGEERAHT
1€ EDS $44E FXF LRCD #HA7rIlRhsc i, irfs
ZERANFR 3 R,

&3 LRCD £ EDS RS FRIHRSLI &R
Table 3 Experimental results of LRCD ablation on

EDS dataset %
Method Precision Recall mAP
Baseline 74.3 60.1 66.6
+WIoU 74.8 60.6 67.1
+DenseOne 72.1 62.1 67.1
+Merge-NMS 73.2 62.1 67.0
+ SimSPPF 723 62.2 67.0

SEES H R EL MRl YOLO vSs, H: Precision
74.3%., Recall 1 60.1%, mAP } 66.6%. 5| A WloU
VE N R RS, o Precision 827+ T 0.5%, Recall
ETHT 0.5%, mAP $2IHT 0.5%. Fitl, "TRIAH
HERA R SR RE D M (E RE A AN I Ay, SRR G 1 25
TR o 38 2 T BR 4 2 AR ) DenseOne 504k,
NI e, SIS RUERHMERL G, (5 ),
H Precision FEAX T 2.2%, Recall 3T+ T 2%, mAP
PIT 0.5%. f#H Merge-NMS 1 Ry EAR ARG )7
A, I Precision AKX T 1.1%, Recall T+ 7T 2%,
mAP $eF+ T 0.4%, HIL, o7 LLA R ZiE g s 4 &
RrIRE R, REORIRAT R, SCOl A G N L I8 e .
b R A 23 ) 4 B Ak T vk, BERUEY Precision (K
T 2%, Recall }£F+ T 2.1%, mAP 42T+ T 0.4%, iX
S TR b T A A, TR A F T IR
SIHERI TS, R A BERAE, W T
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e E AR I gE, I mAP 53] T 68.9%. X kb HiAth
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