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Terahertz image detection combining asymmetric
feature attention and feature fusion
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Abstract: Objective Terahertz technology has great application potentials in related to wireless communications, biomedi-
cine, and non-destructive testing. Some terahertz imaging features are suitable for hidden objects detection for human secur-

ity inspections because terahertz waves can penetrate the substance like ceramics, plastics and cloths and are largely
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absorbed or reflected by metals, liquids and other substances with no harmless on human body. With the development of
terahertz imaging technology and the increasing flow of people in application scenarios, the use of artificial recognition of
terahertz images is no longer applicable. In order to solve the problem of hidden objects and dangerous goods detection,
current research have focused on using deep learning method to classify and analyze them. Due to the resolution and con-
trast of the terahertz image are low, the edge information of the target in the image is blurred, the target information is easily
confused with the background information, and the target information is unclear in the terahertz image, and the feature
information is limited. Therefore, the effectiveness issue of feature information to detect the target in terahertz image is chal-
lenged for terahertz image detection. Method We facilitates a target detection framework asymmetric feature attention-you
only look once (AFA-YOLO) that combines asymmetric feature attention and feature fusion based on the you only look
once v4 (YOLOv4) algorithm to resolve the barriers of small-scale target detection in terahertz images. cross stage paritial
DarkNet53 ( CSPDarkNet53) is as a feature extraction network for AFA-YOLO and an asymmetric feature attention module
in CSPDarkNet53 is designed. First, this module uses asymmetric convolution in the shallow network to enhance the feature
extraction capabilities of the network, helping the network model to extract more effective target information from the tera-
hertz image with limited target features; Second, the module melts convolutional block attention module ( CBAM) attention
force mechanism via using the channel attention mechanism to make the model pay more attention to the important informa-
tion of the target in the image, suppress unrelated background information to the target, and use the spatial attention mecha-
nism to pay attention to the position information of the target in the terahertz image, allowing the model to optimize target
contexts. AFA-YOLO has carried out feature fusion operations as well, the high-level features are enhanced through
increasing the information transmission path from the low-level to the high-level in the network. The high-level feature map
can obtain fine-grained target appearance information and the positioning and detection of small-scale targets in terahertz
images can be optimized. Result Our research uses the detection accuracy map, missed alarm ( MA) rate and detection
speed frames per second (FPS) as indicators to carry out related experiments on the terahertz data set. The detection accu-
racy of AFA-YOLO for the phone is 81. 15% compare to the original YOLOv4 algorithm, which is an increase of 4. 12% .

The detection accuracy of knife is 83.06% , an increased ratio of 3. 72% . The model mean average precision ( mAP) is
82.36% , which is an increased ratio of 3.92% . The MA is 12. 78% , which is a decreased ratio of 2. 65% , and the FPS
is 32.26, which is lower to 4. 06. Additionally, we conduct comparative analysis of different detection algorithms on the
terahertz dataset. AFA-YOLO optimized target detection algorithms in terms of recognized detection speed, detection accu-
racy and missed alarm rate. Conclusion We facilitate an AFA-YOLO detection framework that combines asymmetric feature
attention and feature fusion. Our YOLOv4-based framework melts asymmetric feature attention module into the shallow net-
work and enhances the target information on the high-level feature map. The optimal information ensures real-time detection
through improving the detection accuracy of the target in the terahertz image effectively and lowering the missed alarm rate.

Key words: terahertz image; small target detection; YOLOv4; asymmetric convolution; attention mechanism; feature

fusion
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Fig.2  Asymmetric convolution
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Fig.3 Channel attention
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Fig.4 Spatial attention
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Fig.5 Feature fusion
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F1 XBRRERE

Table 1 Experimental environment configuration
BT TR E
B Ubuntu 16. 04
JEFEES RIS Intel(R) Core('TM)i5-9400F CPU@ 2. 90 GHz
R NVIDIA Geforce RTX2060
WAE 16.0 GB
FRIES Python3. 6
TREE 27 S HEHR Pytorchl. 6
ESEEYBE S OpenCV3

BER 0.9, decay BUE I A 0. 000 5, learning_rate
2238 0. 001, EACIKECH 300 epoch,
3.3 NHERR

bR A 0 50 R PE A 48 AT P 220K P 2 1 T
RV RAGIHE -2k AR T 20
W () SF- X5 o A %, SF- 35 1 B % (average precision,
AP) A ERR p A 1R r JHEAR R, BRI
SR IR RS Y B B AR AR 2 —, JCHOE XN R H AR
ARG , A DRI A 2 7 4 PR v BT AT E s 4 B A
PR ARG B S PP — A 5 Y S IS A
10 5 AR AL BRITEL 7R |, WK (frames per second ,
FPS) A, 158 B AGE I 5% 1) S5 ) M B 4 24 FPS {ER
T30 Wi/s B RP AT ) SEmH A, A58 hR A R

TP
P =7p i Fp (4)
TP
"T TPy FN (5)
AP = Y (1, —1)p, (6)
k=1
1 Q
mAP = =Y AP(q) (7)
Qq:l
FN
MA = b EN (8)

S A p Sy TE A RS DU A4 LE R AS I 5 A 2
HROIEAEA SRR L, A 1 e O TE B G I B TE A
A SEBRIEREAS S L, BB E (TP) R IE
TS D P TEREAS KR AR BE R (FP) 7R 52 BR o A
(EUR I IEREAS AR BB TE (FV) 7R SEBRh IE
REAEAGIN Jhy SRS R, | Q oA I A 201 B,
AP(q) F7R q FERNHF- 2 HERR R, MA 9,
KA A IR AR

3.4 KWERSSH
3.4.1 ZEEGZER

T VB AR 5 B AFA-YOLO #f b YOLOv4
(PS5 Z Ak % B T PR 3 S 2 5k DL R R AR (1)
W B RS R, M 2 A LLF H, AFA-YOLO #H L
YOLOv4 , BRI S H K/ I T 1. 25 M, PRt
FREAF A I T 3 ms,

R2 RESYEHEIERE

Table 2 Model parameters and inference time

R SR /M HEBHE A/ ms
YOLOv4 62.71 27
AFA-YOLO (A X) 63. 96 31

TE LR R % 51 R Al 2

ASOS YN Rt B b AT T T Ak, e R 7 # 8
SFRINT T AFA-YOLO 5 YOLOv4 I35 Y mAP
F recall 28 FLHIZE

7 PR ) mAP R I 25 J 191528 48 K 7
Y144 300 epoch Ji7, Hiit AFA-YOLO Hy{H R &5 E
1E 82.36% , YOLOv4 WY {H iz & 52 3E 78 78.44% ,
AFA-YOLO . YOLOv4 55 1 3.92% , & 8 Hisify
4 1] 25 [] 4 Pl 2 )11 2 S 3000 0 38 o i 715, AFA-
YOLO #x 2 4 & 1E 87.22% , YOLOv4 1 & 4 5E 1
84.57% , AFA-YOLO I YOLOv4 =T 2.65% .
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Fig. 8 Recall curves
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FH 3 AT ZE M 48 R B 1 AR X PR AR AR B AR
Hm mAP $27F T 1.99% , MA F&AK T 2. 1% , FPS
FEAIR T 2.85 i/s; 76 4 38 in 17 Ak Al & )
mAP 2% F+ T 1.53% , MA [ T 1. 98% ,FPS [ A%
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0.
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¥
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T 131 Wi/s s FE RN AE X BRI 8 7 A A
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Table 3 Ablation experiment

(=R mAP/% MA/% FPS/(i/s)
YOLOv4 78.44 15.43  36.32
YOLOv4 + XS FRFFAF RS 80.43  13.33  33.47
YOLOv4 + FFfEAl A 79.97 13.45  35.01
AFA-YOLO(7Z30) 82.36 12.78  32.26

TE R R R 24 51 B A2

9 2 AFA-YOLO BERDXE R 2% G AG I F) 235
A P A REA R TR R T i 2 B B A
JE , WK 4ROk, AFA-YOLO #5578 REAR G sl K A
MR 2% PR 1 F ARSI A , 5 HR 2 TR A

knife 0.90

9 Kbfz& BRI

Fig.9 Terahertz image detection
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3.4.3  HHAhI AR

T B AFA-YOLO BERY (A 501, A8 SO L
T VA E BRI A AR A 2% R A A T
H. H, Faster R-CNN Mask R-CNN b P B H
FRAG I 1 SSD . YOLOV3 . YOLOv4 A A i Bk H
R, SEEeah s 4 iR, 5 H A kG vk

FHEE , AFA-YOLO A0 53 v vp (%) 36 X FR R 1E T 3 )
BEHAR T T XTI 24 148 o E A 08 4G DK 2 (] Bsf
AEA AT IF FLRRAE Al At R X Kk
25 P i B ARK I, AFA-YOLO A H B YOLOv4
SR B ARG T S B A T AL, (L2 AT il 2 S
ARG 2R

®4 FTERNVEEHLER

Table 4 Comparison of different detection algorithms

i AP (phone) /% AP (knife) /% mAP/% MA/% FPS/ (/)
Faster R-CNN 80. 83 81.71 81.27 15.28 12.45
Mask R-CNN 81.06 81.92 81.49 14.76 6. 40
SSD 76. 87 81.55 79.21 15. 89 34.01
YOLOV3 75.09 80.27 77. 68 16.13 38.42
YOLOv4 77.03 79. 84 78. 44 15.43 36.32
AFA-YOLO (A7) 81.15 83.56 82.36 12.78 32.26

TE L SRR % 81 Bl 4

4 &
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AFA-YOLO 2875 1% )22 28 v fef AR XS B ARk 38
S X2 U RRTE SR URE 77, REZE H AR FRAE AT PR 1 Kk
25 PG TP SR EREAT R0 HARFRAE LUk, 2% oA
T CBAM R I ML , 388 o 38 0 v B RS )
JIAH 28 AR 2 ) ] [ 5 rh H B 1) i ERRAE DR
e fm SR H AR BT 1) 81 (] A L AG: 0 A 75
IR PG T 8 B st DX e i a1 o 2% {1 )2
P2 A5 B AL A X 2 2 R 5 R R
SRR = 2 B 2 W U B R E ST T
B, T FAGR 2480 A T Kk 2% P45 o B /N R
Hin, SLIZERER AR HH AFA-YOLO J7k
FERR 2580 P 4 - AR BE 42 T T 3. 96% , iA5
T 82.36% ;INERFFEML T 2.65% , K 12.78% ; FPS
VAR T 4.06 Wi/s, S 32.26 Mli/s, i5 5] T A
DA SR, AR 3 H ARG I B 3 1 4T T X L, AFA-
YOLO B9 7E R IPRS B2 Al & R 0 2 B A0 T Hofts

RIS 8 R FAE SRR in T IR PR,
FEE NS HEN 2 i AFA-YOLO 7K I 2
JE F%F YOLOV3 . YOLOv4 L) K SSD %k {H 217
SR FE TG JE S PR A R I 5K

HFARSCH HA knife F1 phone 2K I 42 |
EUGFEA T = Z 861, P AE UG 198 TAE,
VBl LR A I 52 b 2 A i i AR S g A
FEY TR A 2% UG AR LS S AR A 1) 52 R P A
BN,
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