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Infrared Aerial Object Detection Based on Structural
Re-Parameterization and YOLOVS
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Abstract Infrared aerial object detection has been widely used in transportation, agriculture, military
security, and other areas. The main challenges are small objects, mutual occlusion, little texture information, weak
edge features, and large deformation of non-rigid bodies. To address these problems, based on YOLOvS and
structural Re-Parameterization (Rep), an improved object detection network Rep-YOLO is proposed for infrared
aerial object detection. Firstly, the RepVGG module is introduced in the backbone network to improve the model
feature extraction capability. During the model inference, the branches of the RepVGG module are structurally re-
parameterized to reduce the branch and the complexity of the network structure. Secondly, the path aggregation
network (PANet) in the neck of the detection network is improved by combining the priori feature, to increase the
accuracy and speed balance capability. Finally, experiments are conducted on two publicly available infrared
datasets, showing that the algorithm can effectively detect aerial infrared objects. Compared with the baseline
(YOLOVS5s), the statistical results on ComNet dataset show the mean Average Precision (mAP) is increased by
5.9%, while the parameters and model size are reduced by about 29.7% and 23.2%, respectively. In addition, the
model deployment verification of our Rep-YOLO is carried out on the airborne platform Jetson Nano. It provides
reliable technical support for the improvement of the detection algorithm and its practical application with UAV

platforms.
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BASNet 4= i . 2 EU6f i 40 21 40 B 54T B 45 0
58, F28 YOLO WiyE & AsHLal, v 1 kil ik
AEo SCHR [13] $2H —Fh it i SSD &, K4
BN T T ML, IR ERRAIE 4 7 5 X 4% 5
PLE 2% H ARl o

BRI M 4% (Convolutional Neural Network,
CNND IS5 R AR IR FEAR AL ) O Py 75 2 — (119,
R 2% (PR AE SR ELRE ), R WA
REFE, BHE 2 0 X458, 40 Inception
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To AWLFEEL FLIR #AZLAMAML Vue Pro R4, A
ML RAT BN 20~40 mo K320 Ah B4R 20 I6
WS 5 AL RGB — @B My B, HER
AR, ZHEERKRNR10~10" 15 %, T
Bim ok By 3ANFEAR, BRI L B Sa
Fim o

a. ComNetZ( 4l ££ 5241

b. FLIRA 4t 5= 52471
K5 HamaE s



386 TR R

53 %

FLIR"™ Z1 43045 45 3= 1 v =y 90 72 B 4 Bh 3
56, L AR RGN 60%, R ET
FUE A7 LR 40% ™, sl an & sb s . BRI
9 512x640, ¥k EG T ERE AN Hir. H
i, “person” “bicycle” Fl “car” ZKEHIR KN
AR EH0 7 50%x20. 43x30. 43x49, ¥ H
FRREAR K, L “car” K61, HAFGEEKR
INJEREDN 10°~10°% PSSR L I 2R 4 54
X3k 1 Fios.

# 1 ComNet 5 FLIR ZI5MNSURERIS

ComNet"®! FLIR™
Dataset — — — —
FEAHL S FEAHL SR
YIrtE 2434 6744 8 862 68 621
WA 541 1 880 1366 11 688

3.2 IWIMERITEFGE

SEIG R AE 2 %5y Windows 10 (x64) , KA
F) IR B 2% 2] fE 8 O Pytorch, GPU A NVIDIA
GeForce RTX3060Ti (8 GB) , #4045
Python 3.7. CUDA 11.0.

H AR I 3 5 b, COCO #5421 1) °F ¥
F& F% (Average Precision, AP) J& fix F Uit I FEAT Fi
PR, AP $RFR SIS (mean AP, mAP)
AW . Hdh mAP@O.5 5k H # A 1) VOC $i ¥
£, RN I CIntersection Over
Union, IOU) H{E ¥ AN 0.5 B, 5 —HRK
AP 13RI, Refs 78 50 i B SRR IR SR B e
71. mAP@[.5:95] K H COCO ¥l %, ER{E
10U BB N 0.5~0.95, HK N 0.05 b &—KHIF
AP HIE.

3.3 ComNet ##EEE FRIXTLL KL

TR UE BRI A B, R AR ST Rep-
YOLO 5 F i H A#Kr I 5 VETE ComNet Z4E 4" 7
SEAT IR . A R T R AL R 4 CcOCO 1Tl
GRUE, il BEALES T RS S 2] %, batch
WHE N 16, ¥ EEN 001, epoch X E N
100, HIAKR/NK 640x640,

F2BIR T ALE LS F R B bR S AL
ComNet H#i 5 LRI . ASCHEIVEIE &SR
b ERIEAR, HrhAE T R mAP@.5:.95]
fabr EXTHOCH B, 545 YOLOvSs thER,

75.5% 4 N%E] 81.4%, ViHA S Rep-YOLO #&:ill H
PRI EAS T s, SRS B RE I FE 5

2 7£ ComNet HUEE EMERILER

AP/%

it “erson Car | MAP@05/%  mAP@[.5:95)/%
YOLOV3-tiny 799  99.4 89.7 52.3
YOLOv3!"™ 88.8  99.8 943 62.5
ComNet"*! 90.3  93.0 91.7 —
Faster-RCNN 935 988 96.1 66.7
Mask-RCNN™ 94.3 99.9 97.1 72.7
YOLOV5s 983  99.6 99.0 75.5
Rep-YOLOvSs  99.4  99.6 99.5 81.4
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J9ATL Rep-YOLO (Ml 25 R, B b 87 R on k&
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MTE B A5 53 AR FR 20 AN 3% 57 b 1 S B Bk G
D FALE bR A ER; 2) JERIE H AR AR K
3) GUERRAKFERERE: 4 EREHRET.
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K, XX HARR IR S m Pk . B 6a B K
BIW 1, A 3C Rep-YOLO A k&l i i KAy 17
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Kl 6a S5 =5k AT EN, TE4H AR b “person” H
B DX, 12 X8 5652 BE AT H AR 5 FE LU s %
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LR AL, I AR SR L. 3G R H AR
BRX AR, FalERK. WK eb 2 MYk
B, YOLOVSs ¥ feinimta N “car” o

N = N O SN 7 T S PR A CTEAR WK B
S, ASCEIRRIEA, B2 0B A K
https://github.com/sunriselqq/Rep-YOLOVS5 .
3.4 7£ FLIR #E& ERIXTEESCEe

Nk — 5 36 UE A SC Rep-YOLO [P RE, A B
£ FLIR ZLAMEHE 4 b AT T IH AR SESS . O 1 IRIE
BRI APk, SIERIIGSE 8, B
ANKRANN 640x640, HIUR-21FN 0.01. AT A
SCHEH A EdE X YOLOVS PERER 2, it
T RSO 0 AN R B st 5 R AT 0, SR BTy
PRI RN g 3 pion. ek N7 ARk
FE P 2% bR T 0 R S, “x” IR AR A
2R

#*3 7f FLIR H4EE LRSI

ASLEVEAE S AT br E A ST 5 S A I 45
R, EARBINEEAUATRIES T, S E TR
MWKEEE, 52 HiM TAEHEL, Rep-YOLO mAP@O.5
K25 5L 2 80.4%, MG H %22 T8 2 IRHIE .

R4 TERMERE FLIR BiEEALER

AP /%

L Person Bicycle Car mAP@0.5/%
Faster-RCNN™! 54.7 39.7 67.6 54.0
SSpe 62.0 45.0 75.6 60.9
MMTOD-UNIT?! 64.5 49.4 70.7 61.5
YOLOV3 73.3 49.2 84.3 68.9
RefineDet™! 772 572 84.5 72.9
ThermalDet™! 84.5 60.0 85.5 74.6
YOLO-FIR™ 85.2 70.7 84.3 80.1
YOLOVS5s 84.9 63.5 90.7 79.7
Rep-YOLOV5s 85.8 64.6 90.6 80.4

Ty P
YOLOvS5s
. RepVGG Improved Neck mAP@0.5/% Model volume/MB

(baseline)

N x x 79.7 14.2

J Xl x 79.9 14.8

J x J 79.9 10.9

J J J 80.4 10.9

HR 3, g £+ M4 5] X RepVGG
gEF, AIHEINE TR IREUE BRIRE S, BT
mAP {H, HBERARA SN, BTN T 3
W% C3 B, 20050 X 26 1) FH 190 28 133 245 2K B8 i
F5r. FHES R EERE (B , HEERA L
PR D o Z Bk ) C3 B2 AT B A
W B E BRI — . AT G EER mAP@O.5
9 80.4%, HERK /NPT 3.3 MB, HAEIZRiT
R R BN BAFE N,

A 7E FLIR 08545 15 H a0 484 1) B Frs
B2 A e br LT T IR, GBIk 4 B,

SCHR [23] 1, MMTOD-UNIT 3 it [ 1% % e
HE K 21 A1 P15 26 BB X /B RBG L, M3 “ Py
2T BRI R AN A I R, ESE
LR A5 Faster-RCNN (364 -, KSR T 7% LA
_F . ThermalDet® & 7F RefineDet )& F, @
R AN R JZ B RFAE $ A 28 R . YOLO-FIR™
£ YOLOVS (1) kit b b A7 choadk, e i s 4 @ 3
A 2 505 07 SR RT R I S 45 R,

3.5 HEFEREEEXN LS

XTI ANAAE . HAFDFERBRARE A, 1R
AR AT S, HLEEVE AR IR S . T A
SRR R NEFLZEHZED T, AL
G H V5 H H 18 Jetson TX2. Jetson Nano. K
SRR A 2R RS o AT B Ik LR L 2
THHEF 5 Jetson Nano®™, P I A% F AT ArT HAth 2K
P F B, BEMLIEEL ComNet £z tE 25k F
3 0 PR AR R AT I, I S8 B AR D st (] JF
B, HIANKINN640%640, 5 N\SHiE (Parameters) .
+127F 532 H # (Giga Floating Point Operations,
GFLOPs) . #AI K/ (Model size) i 5
M FERS (Time overhead) 11X 4 ANJ5 THI X H L #EAT
XFEE

R 5 EILTE Jetson Nano FRIEEXTEL

Method  Parameters/MB GFLOPs Model size/MB Time overhead/ms
YOLOv5s 7.54 16.4 14.2 201
Rep-YOLO 5.30 152 10.9 192

HE S H, Es8EL, B LA Rep-
YOLO LEJRE 45 YOLOVSs /) T 2.24 MB;  {EVF A1
EHEBTH, HEL YOLOVSs 2 T 0.8 GFLOPs:
TERL B /N TG T, ARSCEIEW R, W/ T
23.2%; {F Jetson Nano I, ASCHELLL YOLOvVSs
Fr M AT 9k 2D 10 mso £ 1Yokt C3 By Ak kb s
TR SE RS . ASCRIEEE R AT 451
HBHANGE, T T 52 W4 Fh 0 45 04 ) 147 B 45 1)
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