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Abstract

Aiming at the problems of complex background interference, overlapping occlusion between ob-
jects and multi-scale change in contraband detection, an X-ray contraband target detection algo-
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rithm based on improved YOLOv7 was proposed. Firstly, MBConv is introduced into the backbone
to capture the global information more efficiently; secondly, an RFE module is added into the fea-
ture fusion network to increase the receptive field of the feature map, so as to improve the accu-
racy of contraband multi-scale detection. And an ELAN-BiF module is designed to suppress the
complex background interference so that the network ex-tracts the features of items at different
scales; In order to improve the detection accuracy of small target objects, a small object detection
head has been added; finally, CARAFE up-sampling and Mish activation function are combined to
improve the network’s ability to recognize overlapping and occluded objects and enhance the de-
tection ability in the case of positive and negative sample imbalance situation. The results show
that the improved model is tested on the SIXray_OOD dataset, and the method achieves a map of
95.2%, which is 4.9% better than the original model, and has a better superiority than other
mainstream detection models in the contra-band detection task.
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Figure 1. Sample of X-ray image contraband screening
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Figure 2. MBRC-YOLOV7 network structure diagram
& 2. MBRC-YOLOV7 M4 ZEH4[E
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Figure 3. MBConv structure
[& 3. MBConv Z5#4
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Figure 5. Structure of ELAN-BIF
[E 5. ELAN-BIF £5#3
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Figure 6. Structure of the Bi-Level Routing Attention
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K® = gather (K, 1),V = gather (V,1") (4)
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Figure 7. CARAFE schematic diagram.
[# 7. CARAFE [RIE[F]
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2.5. Scale-Aware RFE Model
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Figure 8. Architecture diagram of RFE
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Figure 9. Mish activation function
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Figure 10. Comparison of SIXray_OOD and SIXray datasets
[ 10. SIXray_OOD 5 SIXray &t ELE
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SEAG R, R SEBR ko AR i BR B (AN T I R, AR SCX SIXray BE S [ 161354 T TiAR B,
FEE 7 —A4 SIXray_OOD Wi £E, & 10 Prox. Horh 8 7 3kit 9893 skIEMR, /SFhASE A
HERS, AR, 1. R/FE B BT BT B TR FAEARSE I BAR T HAB AN, MR
TR HAR 5 REFEAT N Thryds, FEXT 0% f5 1080 Sead ke M. BiA . S g 75 S5 438 it ) 1 ik
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MAP . ZE51 15 P X HERR R 2){E mAP@0.5(mean Average Precision, loU [ {EHU KT 0.5). FPS (Frames per
second)E P HE R, TR TTAN:
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Precision = ———— (7
TP+FP
Recall =— 8
TP+FN
1
AP = jo p(r)dr 9)
1o
MmAP==%"" AP, (10)
) i
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Hrf, TPOUBOERARADN I TE R IEREAZCR, FP OB R AN IR SR A R R, PN 9 iR iR
NAYERIERARCE, n SR EEL T ONEEISON KIS T . P-R IRl R A PR, ot 28
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3.4. ERSHT

3.4.1. jHRRSCIE

N T BEAIE R REAS BSOS 20 5 X 2 PR RE BB B AR, I 15 I NSO AR, 7E SIXray_OOD %4
WA LTl 12 4L MRS, A0 B BRSSO s A R, V7 FOREE AL N 1 s, ST
Wb W& 1.

SLUGLE R, B4R EER SIS 45, mAP@O0.5 {4 90.3%, FPS A 86, 1ENIFHiEhs
FRLR B T ORTEE TN I MBConv J&, B8 B PEAN FE AR mAP@0.5 341 T 0.9%, UE#] T MBConv
PR TT DL TR AR AR (3B 2R SR M RE F7 . 38 =4 AE Neck #4351 AXUZ #% HHiE & 71 BRA, mAP@0.5
LF] 92.3, HEREE LA FrIEA, UiH] BRA A EUSS M AR IE VT R U], R DUSE A 4 3R H bR
BEAE; B PDU41% MBConv 55 BRA S5 & 7E — BT I %k, BORHEREE 5 T BRAK, (HAH LA 8 — 415k
I TR REE S T 1.2%; CARAFE - RARIE LT [ 3& N BCE Fl 2 (8] A8 6, ml DLSE 4 (19 ) B AR 40 %
FHEEE R . HRAR 5N CARAFE L RAF, KA /ME B, HEBLE IR -2 89; EE/N41H%
MBConv. BRA 5 CARAFE tHFl G, ks 52Tt 2.5%. RFE @it 2 4 345 AR B IALUZ K97k
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B, DI RS2 B, SR THEZE i rh /Iy F AR R0 0 e 2 58 LA IE I N RFE 39 KRR AE 1 i 52 B
KRS AR TT 1.1%; Mish A BRI R S AR LR RS, A B TR I Rt A v B B2 3 % 1 i
S5 LA B B 0y Mish, FEQRIERCA NS BCE AT R RAE T, IR 2R S, [R]I
MAP@0.5 {E 27} 0.3%. &5+ 4R AE AN K RERHE R A I SUd =5, mAP@O.5 fHIRTT T
4.9%,

Table 1. Ablation experiments with different modules on the SIXray_OOD dataset
& 1. TRIERE SIXray_OOD &S FAYHRSIIE

Number MBConv BRA CARAFE RFE Mish P2 MAP@0.5(%)  FPS (ms)
P1 - - - - - - 90.3 86
P2 N - - - - - 91.2 92
P3 - v - - - - 92.1 90
P4 J N - - - - 92.4 91
P5 - - J - - - 91.6 89
P6 v J J - - - 92.8 93
P7 - - - N - - 914 90
P8 N N, N, N - - 93.7 94
P9 - - - - J - 90.6 87
P10 N J J N N - 94.1 93
P11 - - - - - v 92 90
P12 v v v v v v 95.2 92

3.4.2. JFELSELE

N T IAEA SR MBRC-YOLOVT A &P, ASCEHL One-Stage Al 5729 SSD [17]. YOLOV5s
[18]. DETR [19]. YOLOV7. GF-YOLOV7 [20]LA & Two-Stage '] Faster RCNN [21]. Mask R-CNNR [22]
BRL, @k 7 Fp H AR AYLE SIXray_OOD ##E5E EREAT X ELikEe . Wik 2 FoR, B I BEEm-F
VIR RS BB 3 7 95.2% kR %, IR & T HARSE, W3, 1. T H. B TTROA MRS B
FHA E R, 5 YOLOVT Mk, #isZ AP@50 #2151 4%, 71 AP@50 # 1 10%, KT AP@50
PR T 10%, T AP@50 $2 T 10%, B5J) AP@50 #2 T 10%.

gx bR, AT MBRC-YOLOVT BAY,  REAECRAIE-T- 35 kar IDKS P f5e v PO [RIIRT PR30 82 A A 0T
BBk, AEB T MBRC-YOLOV7 Sy AR b HAth 593 B AT vk B AT RS G TN 0 4

Table 2. Comparison of detection accuracy of different models on SIXray_OOD dataset

2 2. TEHRBIZE SIXray_OOD ¥iBE I M EMZERTEL

AP@0.5(%)
Number mAP@0.5 FPS (ms)
MBConv BRA CARAFE RFE Mish
Faster R-CNN 78 64 57 70 71 75.6 18
SSD 79 62 60 74 70 77.5 44
Mask R-CNN 80 68 78 75 69 81.3 52
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YOLOvV5s 85 83 80 82 84 87.4 100
DETR 92 82 78 81 86 87.9 65
YOLOv7 94 83 84 88 87 90.3 86
GF-YOLOV7 95 86 86 89 89 91.3 90
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