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Human detection algorithm in infrared images
combining multi-scale large kernel convolution

SHAO Yuxiao', LU Tao?, WANG Zhenyu', PENG Yongjie', YAO Wei'
(1. The School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China; 2. The State
Key Laboratory of Multimodal Artificial Intelligence Systems, Institute of Automation, Chinese Academy of Science, Beijing
100190, China)

Abstract: Aiming at the problems of low image resolution and inconspicuous human features in the human detection
task of infrared images under the ruins environment, an infrared image human detection network re-parameterization
multi-scale large kernel convolution(RML-YOLO) is designed based on the YOLO framework, which includes re-para-
meterization and multi-scale large kernel convolution. The network, RML-YOLO, reconfigures the spatial and channel
reconstruction attention module to focus on regions that are more important for the detection task. Edge features are
strengthened by the Sobel operator to improve the detection ability of human with different poses. The validity of RML-
YOLO is verified on a homegrown dataset. With only 1.8x10° learnable parameters, the APs, and APs,,s of the model
reach 91.2% and 87.3%, respectively, which are improved by 4.4% and 5.3% compared with YOLOv8-n with similar
number of parameters. The results show that RML-YOLO significantly improves the accuracy of human detection in the
ruins environment using infrared images.

Keywords: infrared image; object detection; reconstruction attention; multi-scale feature; large kernel convolution; con-

volutional neural network; feature extraction; re-parameterization
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I 2 SCRIF 9 1 DG BB

TE R IR HES AL 25T, AR RE# I $4 H.
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TSR IE AR ORI G, ARSI A T R 1L
il A3 i 0 28 Al AR OGBS BB ) . I TR
fi 5l Hu 250 3 i SENet(squeeze-and-excitation
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23 ()5 8., 38 3 AN 23 () 2 ) AR A 5 Xl
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1. RML-YOLO By 2k &5+
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Fig.1 RML-YOLO network structure
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Fig. 2 Structure of RML-Block
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Fig. 3 Process of re-parameterizing a small kernel (3x3) into a large one (5x5)
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Fig. 4 Spatial reconstruction attention
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Fig. 5 Channel reconstruction attention
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Fig. 7 Samples with different backgrounds in the infrared image human detection dataset
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Table 1 Comparison with state-of-the-art real-time object detectors

FRETRY APs/% APsy15/% Params/10° FLOPs/10° Latency/ms
Faster R-CNN!'#! 83.1 79.2 41.6 206.7 6.9
YOLOvS5-n') 86.1 81.6 25 7.1 0.8
YOLOv6-n!'"! 86.6 81.2 42 11.9 0.8
YOLOv8-n!' 86.8 82.0 32 8.9 0.7
YOLOv5-s!'"] 87.0 81.7 9.1 24.0 0.9
YOLOX-sP 87.3 81.0 10.8 29.7 1.0
YOLOv6-s!" 87.2 82.3 16.3 44.1 0.9
YOLOv8-s!'? 87.6 83.2 11.2 28.8 0.9
SSDB 84.0 80.1 263 101.9 2.8
RTMDet-m"") 87.4 83.2 28.5 87.7 1.4
YOLOv5-m!!! 87.7 83.0 25.0 64.4 1.3
YOLOv6-m!™ 87.3 83.0 52.0 161.5 1.5
YOLOv8-m" 87.3 82.9 25.9 79.3 1.4
YOLOvS-1!'? 89.1 84.2 43.6 165.3 1.8
RML-YOLO 91.2 87.3 1.8 14.7 0.9
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(a) YOLOVS (b) YOLOV6 (c) YOLOV8  (d) RML-YOLO
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Fig. 8 Visualization comparison results with YOLO series models
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Table2 RML-YOLO detection results on public datasets
T FLIRP% LLVIPP Params/10°
AP, APsq75 APy, APsg75
Faster R-CNN 56.9 442 95.3 82.1 41.6
YOLOvV5-n 81.9 69.8 92.4 80.1 2.5
YOLOvV6-n 81.4 69.9 91.0 79.7 42
YOLOV8-n 82.2 69.9 92.5 81.1 32
YOLOVS-s 84.9 71.8 94.5 81.9 9.1
YOLOV6-s 83.6 70.4 93.5 81.7 10.8
YOLOX-s 85.0 72.3 93.6 80.5 16.3
YOLOV8-s 85.3 72.7 94.9 81.9 11.2
SSD 64.2 50.1 92.6 79.6 26.3
RTMDet-m 85.0 72.2 94.8 81.4 28.5
RML-YOLO 84.8 71.9 94.4 81.0 1.8
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PERE, DA — 2D DA A A A R0 AT A4
241 WK AT 0B E R BACHHT

[EI T o it 5 W N B = SR 63 AT P N NS <)
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W Bets: B KN 6 07 AT T 9k, 43 R
T [9,7,5,3] F1[3,5,9,11] 3L 2 Fhik &

SER SRR 3 Fron . WTLAE M, [3,5,7,9] 1Y
B Ty A R o A7 BRI A AR A I KD,
HEREIF A B BT X T HALA G RN, W
ER)Z R KRN, W2 R /NN, APs, T [
T 4.3%, APsos FIET 4.8%, X RN KIRZE
e BLR N AZ R RS2 42 R FRAE, DAREIN H R H A5 o
A, [3,5,7,9] Wik & 7 XA S 50w it iE R 4
BE 77 A 5 AR KL 3, 33X 3R W AEFRAE 42 By
AR B BER A R R /N 26 B, T DA 5 5 FR
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Table3 Comparison of different combinatorial strategies
for large kernel convolution in terms of perform-
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SR RN L, IF HNEGBOR, RS R
x4 ESHUNERAR

Table 4 Ablation study of re-parameterization

s AP5/% APsy.55/% Latency/ms
[3,5,7,9] 90.3 85.8 1.1
[3,5,7,9] 89.7 85.5 12
(3,5,7,9] 88.7 83.7 12

E S @ES 91.2 87.3 0.9

ance

[k ko ks ksl APsy/%  APsy,5/% Params/10° FLOPs/10°
[3,3,3,3] 87.1 82.3 0.9 32
[5555]  86.1 80.8 12 9.9
[7,7,7,7]  89.6 84.5 1.6 19.8
[9,9,9,9] 85.8 79.9 2.0 29.6
[9,7,5,3] 86.9 82.5 1.0 14.7
[3,5,9,11] 88.7 84.0 2.3 19.7
[3,5,7,9] 91.2 87.3 1.8 14.7

242 A RKBA T

R T U B K U At SR, AR AR E A 7
A 5052 B (effective receptive field, ERF) 7347,
Luo 51 2 5|, ERF 5 R 1 8 A~ JT R 7 A&
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AR T RML-YOLO %5 4 ¥y Bty ERF, Jf H.
5 YOLOvS S5 #0 (1) 5% bf iy BEffg T X b, /19
7, RML-YOLO W% X o34 e ), A 350Uk 3z B 1
Hofth 3 AMBERIZIAR
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(a) YOLOVS (b) YOLOV6 (c) YOLOVS (d) RML-YOLO
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Fig. 9 Comparison of the effective receptive field between
RML-YOLO and other YOLO series models at sim-
ilar number of parameters
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PR . ANk 5 Wiz, 838 J A T R 1B APy,
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%5 BEBHEEANLS SE BRI SK B AR L

Table 5 Comparison of the effects of channel reconstruc-
tion attention with SE and SK modules

®71 EMIENEENEREEBNR W

Table 7 Impact of the reconstruction process on the

performance of the attention module %
HFE APy, APsy s
88.3 84.2
v 91.2 87.3

iR APs/%  APs.5/%  Param/10°
RML-YOLO(+SE™)  89.6 86.0 1.7
RML-YOLO(+SK?) 9.1 85.5 1.8
E S IRES 912 87.3 1.8

R Y B B AR R D AR T I £ SRR £ H i
3T, A SO RML-YOLO 4 23 1] 8 4 7 &
71 (SRA) S ill i A 7E7E F1 (CRA) 354731 il
Sy, AN 6 Ffas, BT LA S 8] A0 R
B ER P TE2 E RE, K 6 3 (] B8 T I 4%
PERERFETHIR K .

* 6 EWMEENEHNE R

Table 6 Ablation study of reconstruction attention mod-
ules

2.4.4 EF A AERAL R

TERRAE B G 43, X438 2 R 28 (R EE A4S
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B, NERSHATLUE T, 5 R RS MEMERET
TSR P 308 3 M A T A EE, AR S 68 SR
PEfg e, % 9 RUITERIERLG B B, B P 0F
A8 FH A RICR LK 9 35 5B A7t FH A RICR 2247

%8 BFNE&FIEHASFIMLER

Table 8 Comparison of attention mixes in backbone

I I  APs/% APs,5/% FLOPs/10° Latency/ms

SRA CRA APs/% APs.,s/% Param/10° FLOPs/10°

90.1 86.0 1.7 142
J 90.3 86.1 1.7 142

90.3 86.0 1.8 14.7
\ \ 91.2 87.3 1.8 14.7

B i A SORs 1 T D R E A S R A B, S
iy H A O A T T R AT He . HAAOR R,
Xf 2 (A AR R ), AR A B AR IR X, X, 2
Jo, AR 2 SRRFAE EIAR I o Ok T 3 b v R
71, BRI PR S B EACE A i fE . aniEl 10
FIE7R, 535 2 BRAFAE KT SA R, KA 2 A AL
3 50055 % AR AR SR, RS 2 SRAFAE PR T, 1t
If 2 AR 18 A9 R D A M LM SE Y, T
25 S X LU SR, AR R RE S P R B
B PERE o

3x3 Conv 1x1 Conv,

o

5%5 Conv ‘ aap “"I 1x1 Conv

Bl 10 BRTEMTIENEEETIESN

Fig. 10 Remove the reconfiguration process from the

Fop
F

channel reconstruction attention

S S 87.1 85.0 134 1.0
C C 86.7 84.3 15.8 1.1
SNC SNC  85.0 80.7 16.0 1.1
SUC SUC 848 80.6 16.0 1.3
C S 85.6 81.5 14.8 0.9
S C 91.2 87.3 14.7 0.9

R HMEIRPESNERERREEMRAR
Table 9 Ablation study of attention block usage strategies
during feature fusion

Y APs/% APs.;5/% FLOPs/10° Latency/ms

C2f(+SNC)  88.0 84.2 14.2 1.0
C2f(+CNS)  88.9 84.9 14.2 0.9
C2f(+SUC) 912 87.3 14.7 0.9
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X} RML-Block #17 f&j ft., F-AE b 0038 (1) FeAiF
A, HARERAE K5 B E 1  Depth-wise
LB, BRI R 3 LB ES BT,
W% 10 iR, APy, F1 APyos 43 91 F B 31 88.7%
1 84.1%,. HILEI, Z57 LS5 A F] T HEE
BIELA . BAh, F 11 B94s SR T ] 2R S B Y
EEE L IR 2k S B A AP, il APy 55 43 5]
FETF 0.2% 1 1.2%,

= 10 {54k RML-Block # C2f 45 {E Bl & 1 BE b 3%

Table 10 Comparison of feature fusion performance of
simplified RML-Block and C2f

FHIERIAH  APs/% APs,5/% FLOPs/10° Latency/ms

fAifkRML 887 84.1 15.1 1.1
C2f 91.2 87.3 14.7 0.9
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Table 11 Impact of learnable weights on performance %
EESSL & APy, APs; s
91.0 86.1
v 91.2 87.3

2.4.6 Sobel F-F

A L T Sobel 1% W 2% P BE 1) 52
Wi, S5 12 Fis . B SBUE RN B BOR VR
RIZBT Bt AT Sobel . &5 W, TERHE
BEHCAT 2 B B A Sobel 551~ B % i % £ 46 1l
[ AP, Fl APsg,5 43 142 55 1.7% H1 0.9%, 3% 29
Sobel B F X} 11 2k 240 15 B 5 Ak S A B o [HAE M
KURIZG|I A Sobel B+, K IAS BE 2 T FE, 1 HH
Sobel BF 2 Tt W 45 TR 2 X T 18 SUHRIE O $2 3L

R 12 Sobel EFHIERMAR

IR AE T A [R) 57 FH 2 53 6 A6 00 2550 2 1) g, LA
A5 75 T8 P R R ) LA B O FR i S ) 2 A A B o
T g€ R 2 T P T DR 2R R AT AR I
TEAR T o AR 2 500 A G AR 5 Ay i gk AT
R
2.5.1 EIARE

5 TF A PG i 8 24 2 B J 43 Ry 3 AN TR A
MEFE 9, oy dlfE S 13 fioR . 3K RML-
YOLO 7 i 8, w45 DL S R ME 3 A28 90T Ry ARGl
oo JF5 2.3 1 b B B A H Ay TR AT HL A
ZERMFE 14 FiR

RML-YOLO 7EA [RIXE B 9% 51| i 3 k4% 1 e
PR T BEREREIL . SEEEAHIER YOLOVS-
n A t., RML-YOLO #£ 3 /> /K [ml 3 £ F2 B 114 56 iF
B Y AP 2R T 3.5%. 4.4% 1 5.4%, X
— 25 SR B B, B A P AR B A3, RML-

Table 12 Ablation study of the Sobel operator %
; 1 m v AR, AP YOLO 1P EAIL S5 52 o™ 2
893 sod £13 MEERENBETAUSNESR
\ 90.4 87.0 Table 13 Results of dataset segmentation by degree of oc-
v v v 88.8 85.6 clusion
V V 87.0 83.1 MEHE PR /% Kb B/R
V 91.2 87.3 i <30 531
25 FRBETFHORMBRAH " 20-60 53
IR T S R AR, i - 6!
R4 JBAZEARNEHEETHRUER
Table 14 Detection results of each method at different levels of shading
AT ER/% 5% IKI3fE/%
A Params/10°
AP, APsj.15 AP, APs.15 AP, APsj.15
Faster R-CNN 88.2 86.3 82.4 78.1 77.9 72.1 41.6
YOLOV5-n 87.4 83.6 86.3 83.3 84.4 77.6 2.5
YOLOvV6-n 89.2 83.2 86.3 81.4 83.9 78.7 4.2
YOLOV8-n 88.3 85.6 86.7 83.3 85.2 76.6 3.2
YOLOVS-s 87.4 85.7 87.3 81.4 86.2 77.4 9.1
YOLOV8-s 88.6 87.2 88.1 83.3 85.9 78.5 11.2
SSD 85.6 81.8 83.3 81.0 82.9 78.5 26.3
RML-YOLO 91.8 89.4 91.1 87.4 90.6 84.8 1.8
252 KR Syl | B AU LD OWNCE NEOE ol PSS I P PN N

RO B ZU R B0 T, AR T BRI 40 1
RMMRE 2 FTH. WLLAMNER ERFE, X7
BONMAN A PRI 2 B B A e LA DX g3, FLAR
W 11 s . B 11 Hroa] LUA Y, R PR A5 Y

LA 2R L B9 47 R AFE W PR IE, A5 53k 28 1) {2 1]
R I AL 5, SRR I T R . T
56 UE G R o 8 X R B P 5 R N MK AT 55 1 R
M, S8 TIE A T 07 28 1 1 A LA A e 2 B
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Fig. 11 Example of an image of the dataset when the light
is strong
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Table 15 Effect of light intensity on model performance

G HEGR FUEE (59210 /% FCABKLAE (8551 )/%
e Params/10°
APs, APy 5 APy, APy s
Faster R-CNN 80.2 77.3 87.3 81.9 41.6
YOLOV5-n 84.9 79.2 87.8 85.1 2.5
YOLOvV6-n 83.9 79.2 90.5 84.1 4.2
YOLOV8-n 84.5 78.3 90.1 87.3 3.2
YOLOVS-s 84.4 77.2 90.8 88.2 9.1
YOLOV8-s 85.1 80.0 91.2 87.8 11.2
SSD 82.3 78.2 86.5 82.8 26.3
RML-YOLO 90.1 86.1 92.8 89.0 1.8
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