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Fig.1 Partial picture of drone dataset
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Fig.2 DUT-ANTI-UAV dataset
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Fig.5 Multi-scale channel attentional mechanism module
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Fig.6 RFB network structure diagram
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43 BEHFEANEERE

N T BAEAE 3T M2 T TR HLE RS
T 1 B B9 S, S 36 K T #1 B9 SENet, CBAM
(Convolution Block Attention Module)*”, EMA 71 & /1
BRSP4 th i 22 ROBE 38 38 T3 2 /) Bl SMSENet
REHHEAT TUL L5258, % 128 YOLOv7-tiny 51 AR
[F) 4 AL A R ARG I PERE XS LL R . SE R

&1 SINFREIES NN EHERDEREX bR
Tab.l1 Comparison of detection performance of

different attention mechanism algorithms

Model Params/M  mAP@0.5 FPS/frames’ GFLOPS
YOLOV7-tiny 6.02 84.3 74 13.2
+SE 6.05 84.5 75 13.2
+CBAM 6.02 84.9 73 13.3
+EMA 6.06 85.9 75 13.5
+SMSE 8.99 86.8 71 15.6
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Fig.8 Comparison chart of test results before and after adding attention

mechanism
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Tab.2 The RFB structure algorithm is introduced to

detect the performance comparison
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PEREXT L, IR 3R 3 i . B 10 B 51 AN BARK:
02 I A 5 R R

3 SINMERENEEEGTEREXT LR
Tab.3 The small target detection layer algorithm is
detect  the

introduced to performance

comparison

Model Params/M mAP@0.5 FPS/frame's’ GFLOPS
YOLOv7-tiny  6.02 84.3 74 13.2
+XMB 6.10 85.1 70 15.5

Model Params/M mAP@0.5 FPS/frame's’ GFLOPS

YOLOV7-tiny 6.02 84.3 74 132
+XMB 6.30 85.6 77 14.7

Drone 0.58

(a) YOLOV7-tiny (b) +RFB
P9 JImA RFB £ i f A 28 5 4]

Fig.9 Before and after adding RFB structure

(b) +XMB

10 51A/IN B BRAGI J2= i A A 225 24 el
Fig.10 Before and after the introduction of small target detection layer

detection results map
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PR BORS B, BRAR T U R 22 0 181 11 A SloU
EPNTER S G R Rl P

R 4 AKX R E RN EREXT LR
Tab.4 Improved loss function algorithm detection

performance comparison

Model Params/M mAP@0.5 FPS/frame's’ GFLOPS
YOLOv7-tiny  6.02 84.3 74 13.2
+SloU 6.02 85.0 78 13.2

Drone 0.69

(a) YOLOV7-tiny (b) +SloU
11 A SIoU 2541y F5 K625 2R P

Fig.11 Before and after adding S/oU structure

47 SINAEREMIE
SIS T A4 BRI R D BB X e, an T 3 5
iR, 5l A2 4 BUS 9 YOLOv7-tiny-DCN 5. %
55 YOLOV7-tiny 5 v5 A LU, B8R K 3 B A BT T
Wik, TR AT BTG R, (E2 IR B4R T T 2.3%. 1h
WA UL, SIS G B ARG, 50 T K7 F B 7 1)
i B 5, 545 SR AE S0 00 3 00 A A TR R RS-, A A

HEAEEM, B 12 AT AR BT S 45 S
FL
x5 SINTTRERBIERNMEEENT LR

Tab.5 A comparison of detection performance before

and after deformable convolution is introduced

Model Params/M mAP@0.5 FPS/frame's’ GFLOPS
YOLOv7-tiny  6.02 84.3 74 13.2
+DCN 6.08 86.6 71 14.8

Drone 0.92
~-—

o

(a) YOLOv7-tiny

I 12 AT AE TG AR TRES A I R I 25 2R 5]
Fig.12 Before and after adding DCN structure

(b) +RFB

4.8 HELXIG

TH il 52 36 17 FﬁTT’*ﬁ?JﬁrE%E’JEIﬂ TE 52 2= TR
FE AR 2 4 ey, i aak 2 B I 4 R B A, LA T Y
PRAFR LS 04T o PR, SCH R S B AN A £ A R R
Ok S 6 9 I TS 4 2% A A R 0T SRV A T P RE 1Y) 52
Wi, SEEGAS AN 6 PR, K ek i PU AN 4324
A B JFH 2 YOLOv7-tiny H1, 5 YOLOv7-tiny 575
P B, R EA L S8 . PR R
D B At i, AR R S ER A it &, ke
N3 3 A Pl i 2, (R P RS R AR 31 1 3 4R
PO IR ) 28892 YOLOV7-drone HE R 5% YOLOV7-
tiny 76 Y45 = T 6.1%, [R] B RS ) 3 P o ms A

j:ﬂiljo

& 6 BLHMAEMEREZONEREXT LR
Tab.6 Gradually add each module algorithm detection

performance comparison

SMSE RFB XMB SloU DCN Par]‘\’/[mS/ mAP@0.5 FPS/ .1 GFLOPS
6.02 84.3 74 132
J 8.99 86.8 71 15.6
N 9.29 87.4 73 17.1
NN 9.39 88.2 69 20.1
N y 9.39 88.7 73 20.1
NN N N A 945 90.4 72 21.7

4.9 [ BHRaIE XX L 238
T 2B BIE SC PR R A T R R RE L S
ol Bk BE IS B9 %% YOLOv7-drone 45 YOLOV7-tiny
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YOLOV7. YOLOvSI = Ff H s A I 55 32k 15 47 % b 52
B SCIEE W 7R, ATULE H, ORI
YOLOv7-drone 532 (1F- Y545 BE A 1] 90.4%, A6 ok i
KB 72 Wi /s, 5 H A H bR A I 3B YOLOV7-tiny
YOLOV7. YOLOVSL A LL, Y45 BE 43 4 T+ T 6.1%.
3.1% F1 4%, Sk T S Bk R Al AT v, R —
K P AN ) B3 A IO, e A5 AN T) 8 3k A 44 B X L
BN & 13 fs .

&7 AR BRENEEGNEREX LR
Tab.7 Comparison of detection performance of

different target detection algorithms

Model Params/M mAP@0.5 FPS/frame's’ GFLOPS
YOLOvV7-tiny 6.02 84.3 74 13.2
YOLOV7 37.2 87.3 57 104.8
YOLOVSI 46.1 86.4 42 107.9
YOLOv7-drone 9.45 90.4 72 21.7

Drone 0.81

(c) YOLOvV7

Drone 0.95

(d) YOLOv7-drone

13 ARG R L

Fig.13 Comparison of detection performance of different algorithms

AT 20 0 B E el R SRR N A AR R
/N RCEE JE AN HL B A D RE, 51 A T CAM (Class
Activation Mapping) # ) EI A] f AL A e, o, 218
P14 DX 358 Ay ) 246 A 780 25 i O3 DX, € B VR A Q3R DG
FER o R ek S A ) B ELn B 14 BR, W
£ LU JE O B IS AL JE R BR 5 1X 43 BN
il

() (b) ()

(e) After improvement

& 14 SR UGHTTE CAM X LLE

Fig.14 Before and after the algorithm improvement CAM contrast chart

4.10 VOC ~HHIEELW

R T I B A AN [ BHRE SR AR TH AR
WA IR, SO 51 AT PASCAL VOC 2 AL 5 4
B, U R T SE X G PR R BE, SR AR = 2R
BT, N A5 X PASCAL VOC $diE
SEIEATUNGR, [ FH DU A X HER AT 0IE . SCrfefg el
i J& ) YOLOv7-drone 5. % Fl YOLOv7-tiny 53 i 7¢
PASCAL VOC %4l 4 Ll 255 0 F- 08 B X L 2=
% 8 TR, SL 45 3 I etk JE 1Y 7 YOLOVT-
drone % U559 YOLOV7-tiny, 7EF-YKEE F & T 6%,
R T SCH SOk SR A A

& 8 PASCAL VOC R NEREXT bR
Tab.8 PASCAL VOC dataset detection performance

comparison
Model Params/M mAP@0.5 FPS/frame's’ GFLOPS
YOLOv7-tiny 6.02 65.0 74 13.2
YOLOv7-drone 9.45 71.0 72 21.7
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D) EXFAR L RS KB SHEE T 5 T /AR
JETC AP RGN 25 IR A | TR ﬁﬁﬁﬁ%%ﬁiﬂ<§%*ﬂ
R S8 ANt B g 1) J3t, it T — P I 2 R
B I HLHI A/ B AR FRAE Al S )2 ) YOLOv7-drone
T NAL H AR

2R A®DLERFARELAIE R, IF S
mﬁAmMMV&ﬁ%éﬁiAﬂﬁﬁi$ﬁﬁ$%I
VNEAN BIRERE =W Il 5 SN E AN SRS
%%Ef&ﬁ%%ﬂhuu@FmJRE%Amﬂl
A RFB 45 43 K2 BT, $2 15 1 2 ) 48 e i 42 B e
77, DMETE R )2 450 4045 5 4 18 SU[E B B/ B s
R -G R0 )2 DA 07 B /N RUBE T A ATL A G U 3
R AR PR B R SToU $5t 2% pR %R, e [l )5
PRI, BRI 22, 0 R IO 465 (A AL S5t 2 5 4% 0 3 4
PR Ry T AR T A FR DL AE AN [ AR AR/ H R

3) % 2 J5 9 3B B YOLOv7-drone 5 J5 8 2

YOLOV7-tiny #4746} b 5250, SC 50 45 5 R W, XF T4

82 2RT5 5 N /N REE BARIE LR /9 T8 LA I RGCR B
Uf5 B H 5 AN [\ B AR K 37 (YOLOvV7, YOLOVSI,
YOLOv7-tiny) #H bt, A B4 iRl fig o [W B, 76
PLAE 28 LK 45 PASCAL VOC bR A7 % FE 5256, 52
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Image target detection algorithm based on YOLOV7-tiny

in complex background

Xue Shan'*", An Hongyu', Lv Qiongying', Cao Guohua®

(1. College of Mechanical and Electrical Engineering, Changchun University of Science and Technology, Changchun 130022, China;
2. Chongging Research Institute, Changchun University of Science and Technology, Chongqing 400000, China)

Abstract:

Objective Once the "black flying" drone carries items such as bombs, it can pose a threat to people. Target
detection of "black flying" drones in complex backgrounds such as parks, amusement parks, and schools is the
key to anti-drone systems in public areas. This paper aims to detect small-scale targets in complex background.
Because the traditional manual image feature extraction methods are not targeted, time complexity is high,
windows are redundant, the detection effect is poor, and the average accuracy is low. The problems of false
detection and missing detection will occur when detecting small-scale UAVs in complex background. Therefore,
this paper aims to develop a black flying UAV detection model based on deep learning, which is essential for the

detection of unmanned aerial vehicles.

Methods YOLOV7 is a stage target detection algorithm without anchor frame, with high detection accuracy and
good inference speed. YOLOV7-tiny belongs to the grain grabbing memory model, with fewer parameters and fast
operation, making it widely used in industry. In the backbone network, the built multi-scale channel attention
module SMSE (Fig.5) is introduced to enhance the attention of UAVs in complex backgrounds. Between the
backbone network and the feature fusion layer, the RFB feature extraction module (Fig.6) is introduced to
increase the Receptive field and expand the feature information extraction. In the feature fusion, the small target
detection layer is added to improve the detection ability of small UAV targets. In terms of calculating losses, the
introduction of SIoU Loss function redefines the penalty index, which significantly improves the speed of training
and the accuracy of reasoning. Finally, the ordinary convolution is replaced by the deformable convolution

(Fig.7), making the detection closer to the shape and size of the object.

Results and Discussions  The dataset selected in this article is a combination of the self-made dataset (Fig.1)
and the Dalian University of Technology drone dataset (Fig.2). The mainly used evaluation indicators are mAP
(mean accuracy) and FPS (detection speed), Params (parameter quantity) and GFLOPS (computational quantity)
as secondary indicators. Each module was compared with the original algorithm, including attention comparison
experiment (Tab.1), RFB module comparison experiment (Tab.2), small target detection layer comparison
experiment (Tab.3), Loss function comparison experiment (Tab.4), and deformable convolution comparison

experiment (Tab.5). And ablation experiments were conducted (Tab.6), which confirmed the effectiveness and
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feasibility of the proposed algorithm through mAP comparison, improving accuracy by 6.1%. On this basis, the
detection performance of different algorithms was compared (Tab.7), and the generalization of the algorithm was
verified on the VOC public dataset (Tab.8).

Conclusions This article proposes an improved object detection algorithm for anti-drone systems. Through the
multi-scale channel attention module, the attention of small targets is enhanced, the fusion RFB increases the
Receptive field, adds a small target detection layer to improve the detection ability, and improves the Loss
function to improve the training speed and reasoning accuracy. Finally, deformable convolution is introduced to
better fit the target size. The improved algorithm has achieved good detection results on different datasets.

Key words: target detection;  complex background;  attention mechanism;  small target detection
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