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Infrared Vehicle Detection Algorithm Based on Improved
Shuffle-RetinaNet

Fan Xiaochang, Liang Yu, Zhang Wei
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Abstract In view of the low detection accuracy and high complexity of current multi-scale vehicle detection algorithms in
infrared scenes, an infrared vehicle detection algorithm based on Shuffle-RetinaNet is proposed. On the basis of RetinaNet,
the algorithm uses ShuffleNetV2 as the feature extraction network. A dual-branch attention module channel attention module
is proposed, which adopts the dual-branch structure and adaptive fusion and enhances the ability to extract the key features of
the target in infrared images. To optimize the feature fusion, the algorithm integrates cross-scale connection and fast
normalized fusion in some feature layers to enhance the multi-scale feature expression. The calibration factor is set to enhance
the task interaction of classification and regression, and the accuracy of target classification and locating is increased. A series
of experiments are conducted on a self-built infrared vehicle dataset to verify the effectiveness of the proposed algorithm. The
detection accuracy of this algorithm for the self-built vehicle dataset is 92. 9%, the number of parameters is 11. 74X 10°, and
the number of floating-point operations is 24.35X10°. The algorithm exhibits better detection performance on the public
dataset FLIR ADAS. Experimental results indicate that the algorithm has advantages in detection accuracy and model
complexity, giving it good application value in multi-scale vehicle detection tasks in infrared scenes.

Key words object detection; infrared vehicle; channel attention module; multi-scale feature fusion; calibration factor
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Fig. 1 Overall architecture of infrared vehicle detection algorithm based on improved Shuffle-RetinaNet
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86.9% , M THAL R I ML, LiE H BRI G Ju |
TSR 5 A6 RS B, ShuffleNetV2 B i 2 21 4h 42
RS I T 5K, 5 A R N A L B AT — e
3.3 HRLZXIE

BF T Al g6 47 [ X H, 5256 o L RetinaNet
F1 Shuffle-RetinaNet (ff RetinaNet J5 3= 1 [ 4% 25 % K
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AP, AP %548 47 2k BF Hr 48 &1 % A )R BE 42495 H bR

$605F 24H/2023 £ 12 B/BAEREFEHRE
A AT 2 R, AR Y 2 B0 e T AT A AR T g
o Jz W A A () A2 J% RO A B GE . R 3 K 4Bl
ST R Rl S G 4 SR 22 R G T ORE R Y S 5

4
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Table 3 Overall ablation experimental results

Improved Calibration Number of ] ,  Speed/
Method DBAM AP, /% . FLOPs /10 )
feature network factor parameters /10 (framess ')
RetinaNet 87.4 36. 10 65.35 14. 2
Shuffle-RetinaNet 86.9 11.15 24.09 32.4
N 89.1 11.44 24.21 31.7
N N, 91.1 11. 74 24. 35 31.1
Ours
N N, N/ 92.9 11.74 24.35 30. 9
Fed L R IR B2 VA fh S 56 45
Table 4 Ablation study results of multi-scale detection accuracy
Method DBAM Improved feature network Calibration factor AP, /% AP, /% AP, /%
RetinaNet 45.2 59.5 66.5
Shuffle-RetinaNet 42.9 55.7 64.7
N 43.1 55.9 65.3
i N, NG 44.9 58.4 65.9
Ours
N, N N, 45.7 59.9 66.7

AT IR AE S N R D AR B 2k i2F ShuffleNetV 2 B 4%
4 4 S B R R B 2 T AT X DBAM B EE AT T
THALSE R o e 3R 78 BT M 4% th R H DBAM £
HuJa , 25 A6 RS B AP, M 86. 9% - FF%I T 89. 1%,
I T R LA R 4% RetinaNet (19 K6 IR B, 117 R 2% A5 750
S EAN I T 0.29X10°, & & d BT
0. 12X 107, 4 #E 3 FE 3 0 Z AT BEAIR T 0. 7 framess™ ',
JUF R 5 ) 00 26 52 B G 0 2R . SR g R R 1
ShuffleNetV2 {2 1 75 it DBAM A& e AV g [’ 2% 3 i
TAR/NI BRI 2% B H A O T A8 R A G T kG B2 2
UE BBy 32 [ 38 7l A 435 4 T A T 4 1] b 3K B4 Sy
) R S e SV S (1 O = N Vo = A/ N
ShuffleNetV 2 X} & (A& R AF A5 2 $2 BURE J1 A 2 iy Bk pé
AT i 3 it TG 0 A SR

Bt it S A R AE A TN 4% R AT T S R, S
g 3 K AR, ZEREN, 5 FEA %S FPN
A LE , Bk I A R AE A D) 265 (1% ARG RS B AP, 32
T 2.0 F A ol B S B0 T A 4 B 4 N
T 0.3X10° Ml 0. 14107, #fE # # fF AL B T
0.6 frame-s ', i A O S5 A4 AIE Bl & I 28 T LA RCER
ThXF 2140 2240 B Ar 0 B PR R RS B, B R R BN
B AT R . 6 A 45 1 o, R AE Bl A N 4% E AT ok
H )5, AP AP, AP FEFR 4l $E s T 1. 84N H 43 A
2.5 E R0, 64 o Hod e N B bR
PEOREH R, K BbRs B — e $2 7. 45 R0 ik
Ji B R AIE il T 245 B 005 O G gl A B BRERIEAR BB
555 3 i ) 445 %o 2 IR AR AIE B A BE 1, AT R i 2 R

JE H A R 0 28R
FE LA b ek i 3l B 51K HE T ARE AR 43 i
FL T WA A BE AR I 2% o R 2 A v kR
RN T S8 a M B, £ a€[0.51.5],
BE[6, 10 W54~ X 1a] i A7 1] B AL R AR, AN ] 2 500% B
L EERMESHR ., G5REW 0. p5 0N 1.0.8
R, 2 R 6T 5 TR A G T 8 R B T B K, 5 5 L AR HE
WP Z M, AP SR T 1.8 H 4 ST, 1516
R BN E R RS AR IO X B R R 6 Rl B
5 R I 45 SR AR A T B R 10 S 9 AE Ty o
B, 3150 B A ol PR 7 — R b B 5 L SR T
AT 55 05 25 0, 2 T 48 PG 0 2k SR
H5 BT L

Table 5 Results of calibration factor comparison

Parameter value of

calibration factor AP/ APy /%
a=0.5,8=6 56. 2 91.0
a=0.5,8=8 56. 2 91.1
a=0.5,8=10 56. 1 91.0
a=1.0,8=6 56.9 92.4
a=1.0,5=8 57.4 92.9
a=1.0,5=10 57.4 92.5
a=1.5,4=6 56. 3 91.4
a=1.5,5=38 57.1 92.0
a=1.5,5=10 56.8 91.8
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Fig. 6 Comparison of detection results before and after
introducing calibration factor. (a) Before improvement;

(b) after improvement

5H A 5N &R B B bR A L, 040 g 5 R
) 22505 H br B A R AE e (S 2D A B R
1) B4 50 B0 SOBRRAE Y5 D05 ), E R I AT 55 v okt
WIAT 55 5 828 1A% B8 LA Bl AE X6 5% 38t 22 R 2 A L
B, BRI X £ 40 3 5 08 2 AR I A 55 T &, A i 42 -
S50 TR o T 1 AR 1 DR AN 2 it o o ARG T K5 B0 A2 A i A
ko AT T A 1 S 6 ok B0 TIE HR R 0 SR LA U
P X 20 A 4 4 B br 19 32 4k B8 J1 , 3 T Shuffle-
RetinaNet 2 fif B 4 {39k 7 « €[ 0. 5,1. 5], €[ 6, 10]
PRI DX T) PSR RE 76 R B0 46 DA R 2T A1 T B 46
FLIR ADAS [ 47 240K I S 56, LA AP 1 h K B
TEM 8 bR . SEE L5 RN 5 6 iR .

SO 28 R R 7E LAl W 4% Shulfle-RetinaNet |-,
FI A 040 4 RS I BN 4 AP, 43 5 o 86. 9% Al
87.6% o TE M ME N it B2 b, W 21 Sh 2= W 50 4R
PIAE a B4 B BUE 1. 0.8 Bt 35 1) d5e 2 A6 0 K 2, 43 931
M 89.1% 89.7% , Y iiE T f5e A A% i K 7 X £ 4h 242 4
HAr 1z ALhe 1o

A DA b ek T R 4 RS T ORG B R o T R AR Y
RetinaNet, I A5 % 53 2% B W B B AIC , i 2 0 5 42 T
W] i . 15 Shuffle-RetinaNet #H [t , 20k 5 i 20 1 AL 3
Tt S BOR B R RIS A R AR T, N
DDV N N T - Rl v s G S L T
Shuffle-RetinaNet i#F 17 1 &1 4= 55 A6 I A9 250 28 b 4, &5

E605F 24H/2023 F 12 B/ ERBFFEHE

Z¢ 6 Shuffle-RetinaNet [ 8 fE R 7 XF b 5256
Table 6 Results of calibration factor comparison on
Shuffle-RetinaNet

Parameter value of Self-built dataset FLIR ADAS
calibration factor APy /% AP, /%
No calibration factor 86.9 87.6
a=0.5,8=6 87.1 87.9
a=0.5,4=8 87.2 87.8
a=0.5,5=10 87.1 87.9
a=1.0,8=6 88.9 89.5
a=1.0,8=8 89.1 89.7
a=1.0,5=10 89.0 89.5
a=1.5,4—6 88.6 89. 1
a=1.5,4—8 88.7 89.2
a=1.5,5=10 88.4 89.0

RWE 7. BB 70 T AR S R S AR 4T b 5 AR
AN R 2 RE Bk IAE 5 e AR5 R A
BE AR AT T P B vk A I 245 S 1 B A R L
foF ¥ 8 1% 42 T+ B B, 5 JR 45 RetinaNet #ll Shuffle-
RetinaNet £ F , BT £ 55 2% 68 0 4 i 3l A2 52 PR 4 400 A )
B4 FHE,
3.4 HEXLEESH

kit — 2 KR I R R B 2R A PR RE L TR R A
By LI AR M SRR E AR R R A L R T
JUFR & T 200 42 3 A5 00 0% 28 8 B bR kG I 83 | 9 X
T T AL O AN [ AR ) 2 A5 AR A A7 I, PR IR R 2R G
T B8 i 4 Y IO 28 A5 R i A, 55 T £ B8 vk R AT S5 I X
Hoo SO0 HAK IS8 AP, . S 5 77 A0 A
R EE 4 A8 bR FE AT X LE VAR, X L S 56 45 R n 5 7 B
o AT AP, IR T 92.9% , H BRI & 4%
ARG, A B R b, 4% T A AT TR Sy SR Al
2% 1) RetinaNet ; 5 Al 53 AH b, i 3 530 7 A0 A A5 7Y
SRR DL R HE B B RS I YOLOVSs, H 8 A5 22
/N AR EA S T H4A 6N A S G8
XF L 25 T A A, r 4 Bk SR B R I 25 A MR .

Ry i — A 5 E T 4R BTk 6 41 40 37 S 4 R AT
5 0BV TELL AN A R 4E FLIR ADAS | X i
PR R AT I, 5 At 28 B 0% 21 A R I Bk AT
XFEG, SR B AP RN Y 2 85 R i AR R 0 A T
BB X L2 SR an 2% 8 B o % F DL 40 B AR AE A
PG, 3% 8 WA R TN 28 T B A v 2 A A T Ak AR L
B3 1) S A 34 Ok R T D SOk, L - 3ROR TR
SCHR T AR BE T AR OB HE o B AR 8 AT FE S RS £L Ak
ZEAEE b R SRR R R RS Bk E 91,7, B &
M1 21 A0 R R I R A A — o A, ELBE AR A 2
BEAAXT AR . AT g5 SRR TR kR
TE 2 FF 2040 B b H: (6] A fE AR 4F b i AT 42 40 A DU
TAE
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Fig. 7 Comparison of detection effect of Shuffle-RetinaNet before and after improvement. (a) Before improvement;

(b) after improvement
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Table 7 Comparision with classical object détection algorithms o R RRAR TR B 2L B AR T T I 4% I A B AL AL
Method AP, /o umberol FLOPs/o Speed/ s W iH T DBAM BE # B #E ShuffleNetV2
100 10’ frame-s ' . X N
— parameters / LRmes 0 ShuffleBlock SR W3 T HA 215 6.4 H b7 X BLAS
aster - e o ' _— N P
eSS alaz o enTs 124 E(FEMEIRAES BT RRCR B T AR A
RetinaNet  87.4 36. 10 65. 35 14.2 W) 26 285 44, SR FH R 1) 38 U R 8 2 A b IH — b i &
YOLOvSs — 88.3 7.21 26. 67 31.6 Tk MR T 2 RE AR R RIKAE T . WA T
SSD512 862 36. 04 60. 85 18.1 HEDR T, e 1 X0y SR INAT: 55 18] ik = 58 1 4 [t 3k
Ous 9209 LT 2435 30.9 BT RACR . 5% G A ) B ELAT
H8 52 T SN A T B X L 52 0 4 B 1 G 0 AR R e A B AL AN R T R
Table 8 Comparision with classical infrared vehicle WA B — 2 3. AR 238 b sl A
detection algorithms i PP A5 S R 2 0 1 a3 AR E— AP 3R T R AR
Mz
Method AP/ Numberof - W -
parameters /10

Algorithms 12" 76.57 20. 60 Z % X #W
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Algorithms 3° 9130 o pedestrian and vehicle detection based on a fast saliency
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ToK2%, 2022: 36-45.

T — P 3 F oot Shulfle-RetinaNet B 4% i 21 Cui Z W. Research on target detection method of infrared
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