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Table 1 Detector performance for different input image pairs sizes on n—-model

Algorithm Resolution AP 5005 APy;
Ours—n 416X 416 30.5 70
Ours—n 512X512 32.5 73.1
Ours—n 608X 608 32.9 73.3
Ours—n 640X 640 33.3 73.8
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Table 2 Detector performance for different input image pairs sizes on s—model

Algorithm Resolution AP 5005 AP
Ours-s 416 X416 31.1 71
Ours-s 512X512 31.9 72.7
Ours-s 608X 608 34.3 73.9
Ours-s 640X 640 35.2 74.5
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Table 3 Ablation experimental results of different models on the KAIST dataset

Method Encoder-VS Encoder-IR Gated Fusion Input APs5.005 AP, FPS
YOLOv5-n VS 24.8 58.7 158.7
YOLOv5-n IR 31.6 71 158.7

YOLOvV5-n-EVS N 'S 25 59.1 125
YOLOv5-n-EIR N IR 31.8 71.3 125

Ours—n ~ N/ NG VS+IR 33.3 73.8 117.6
YOLOvV5-s 'S 26.7 59.8 112.4
YOLOvV5-s IR 32 71.5 112.4

YOLOv5-s-EVS N VS 26.9 60.2 107.5
YOLOv5-s-EIR NG IR 32.2 71.9 107.5
Ours-s N ~ N VS+IR 35.2 74.5 102
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Fig. 4 P-R curves of the two models with different modal inputs
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Fig. 5 Detection results on the KAIST dataset

B—ATRA RS S, AT OGRS IR e, B AR B S A R, £0 4 S B AR R B AR SCRR g T D
AEAN ST 5 A8 ME A A6 00 ) H Ar B8 F B R o 5 TATAE AT WG MR B R Gl aE 5 2D AN RRE AN R L A
SO VE BE NS DI B A TR R L S = AT R UEE T YOLOVS—s 78 B Rl EZR 3 ARG 2/ B bR, A SCE R s
AU B B M A o B U AT AT D RO BEOR 2 AR XE A I B H AR, AE L0 B T DA DR 1 28 37 5 0 e A
[B) L, AR SCHR VR LT AN RRE AR 005 L BB A6 v 0 M A I ) H A5 o 208 AT R A 5 IR 5T AT OB RS Ab
T A, LLANEMBAR A DL #, IR, 235 6 BUBE S IEMR B R AE 5, e A% A I 31 B As B8 AR B2 43 45 L B BE S
ESREEne
2.3.2 GIR#% %

[F] #E A H] k-means—+ -+ bR B HE B & TRHE RSP . 7 GIR B 4 Ll T M ml s g 25 S L3k 4. v]
PLFE L, 7E YOLOVS-n B8 b, A5 A AT UL G s 6 0 A% B2 oy 88.8 6 5 A i A 21 A1 IEIAR I, A5 K 132 oy
75.5% o HIAT VLG g 5 2% AR YOLOVS—n (9 55 — 2 45 B, K RS B2 el 45 - 310 89.1 %6 5 HI 1 4 g A 2 B AR
YOLOvV5-—n BY 23— )2 46 B, K il BE$2 2 76.300 0 4 Ak BURE 2 IR s, 1) R D0 O 21 47 4 A s 44
WURRAE S5, (5 A 1748 Rl 7 D) 4% 43 O AR, G RS 32 36 3] 89.8 90 , 3¢ ik o A5 A B b A ) m D, ' A &1 A1 [ 4% 42 T
T 1% M 14.3% . 78 YOLOvVS-s A8 I AU A AT UG R sl 21 A1 G s A8 I0RS B2 43591 >4 89.9 %6 1 76.8% ¢
PTG S % 45 A6 00 A% B2 2 T+ 30 90.1 %6 s I AL A0 i 1 45 5, A A B2 2 T4 77040 0 2 A R BURE 2 (8]
PR GRS B2 75 31 90.5 %6, %5 ik v 455 2 B UAS I AT D R 2T AR R R FE T 0.7 %6 R 13.7%

25 WAE GIR B4 45 | 10 28 HARTEAS R ARE Y 1 (A DRS485 2 . mT LR 7 5 A A R b 1) SR 25
R B R R AT IS, 5501 BB 43 28 ) %) A I A 5 A — 8 2 B2 i 4, JC 02 H A% ball 0 kite BORS B2 A KR
2Tt

0110002-7



P

F4 AEEBEGIRHESE EWHMIEER
Table 4 Ablation experimental results of different models on the GIR dataset

Method Encoder-VS Encoder-1R Gating Fusion Input APgs.005 AP, . FPS
YOLOvV5-n 'S 48.4 88.8 158.7
YOLOv5-n IR 36.3 75.5 158.7

YOLOv5-n-EVS N VS 49.4 89.1 105.3
YOLOv5-n-EIR NG IR 36.4 76.3 105.3

Ours—n NG N NG VS+IR 49.7 89.8 101
YOLOvV5-s 'S 51.4 89.9 111.1
YOLOvV5-s IR 36.6 76.8 111.1

YOLOvV5-s-EVS NG VS 51.9 90.1 91.7
YOLOv5-s—EIR N IR 36.7 77 91.7
Ours—s N NG ~ VS+IR 52.2 90.5 85.5

®5 FREFMBEAEEEISENQNBE (AP %)
Table 5 The detection accuracy of the proposed algorithm and the baseline algorithm (AP, % )

Class Ours—n YOLOvV5-n-VS YOLOv5—n-IR Ours—s YOLOv5-s-VS YOLOv5-s-IR
Person 90.7 91.2 84.0 91.7 91.7 85.4
Dog 99.5 99.5 99.5 99.5 99.5 91.6
Car 95.4 95.2 94.3 95.8 95.1 94.7
Bicycle 80.4 83.7 70.7 80.8 84.7 72.8
Plant 85.6 84.5 79.1 86.4 87.0 76.0
Motorcycle 82.8 82.0 76.1 83.9 82.4 7.7
Umbrella 86.0 87.8 70.5 85.7 86.6 76.1
Kite 93.6 82.9 64.6 94.4 89.2 67.6
Toy 95.6 96.3 86.7 96.4 97.0 83.7
Ball 88.5 84.7 29.5 90.7 85.5 42.1

Oh B UL M L A R B R T 2R AR AT AR A SR AN K] 6 TR o AR SCR R AT RO 7RI AU
B b DAL A SRR R AR LD AR b S —A7, il WG USRS , A S, 20 A0 PRSI ok i, A SCO
AE TR A A T 2 B AR B8 B B 208 R R o B AT AT I OG RMR TR R R) 37 SRS A il i 5 £0 AMRRAE B A
Ja RSO RE A W B R R R . B AT T LG RE AR DL 2k FE R I AGL I B BR , (H 2T A TR 45 R BE AG I 31 R, WURE

person 0.76

(2) GT-VS " (d) Baseline- IR (e) Outs

B6 7 GIRHAEE Lo AR
Fig. 6 Detection results on the GIR dataset
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Table 6 Comparative experimental results on the KSIAT dataset

Input Algorithm Backbone Resolution AP ;005 AP, FPS
Faster R-CNN (2015) ResNet-50 1000 X 600 24.2 58.3 15.2
SSD (2016) VGG-16 512X 512 18.1 48.2 38.1
RetinaNet (2017) ResNet-50 1333800 22.5 57.7 16.6
YOLOv3 (2018) DarkNet-53 416X 416 18.3 46.7 56.2
FCOS (2019) ResNet-50 1333800 22.7 56.7 18.3
ATSS (2020) ResNet-50 1333800 24.3 57.8 17
YOLOv4 (2020) CSPDarkNet-53 416X 416 23.7 57.4 55
Ve YOLOX-s (2021) Modified CSP v5 416X 416 27 61.1 48.4
YOLOX-m (2021) Modified CSP v5 416 X416 27.7 61.8 40.3
YOLOF (2021) ResNet-50 1333800 22.2 54.1 25.7
YOLOv5-n (2020) Modified CSP v5 640 640 24.8 58.7 158.7
YOLOv5-s (2020) Modified CSP v5 640X 640 26.4 59.8 112.4
YOLOv5-n-EVS Modified CSP v5 640 X 640 25 59.1 125
YOLOv5-s-EVS Modified CSP v5 640 X 640 26.9 60.2 107.5
Faster R-CNN (2015) ResNet-50 1 000 600 28.8 68.6 12
SSD (2016) VGG-16 512X 512 23.2 60.9 34
RetinaNet (2017) ResNet-50 1333800 27.8 68.2 14.1
YOLOv3 (2018) DarkNet-53 416 X416 25.3 63.6 37
FCOS (2019) ResNet-50 1333X800 29.6 69.4 14
ATSS (2020) ResNet-50 1333800 29 69 13.8
® YOLOv4 (2020) CSPDarkNet-53 416X 416 27.4 68.5 52.6
YOLOX-s (2021) Modified CSP v5 416 X416 32.8 72.1 45
YOLOX-m (2021) Modified CSP v5 416X 416 33.5 73.1 40
YOLOF (2021) ResNet-50 1 333800 27.3 65.6 25
YOLOv5-n (2020) Modified CSP v5 640X 640 31.6 71 158.7
YOLOv5-s (2020) Modified CSP v5 640X 640 32 71.5 112.4
YOLOv5-n-EIR Modified CSP v5 640 % 640 31.8 71.3 125
YOLOv5-s-EIR Modified CSP v5 640 % 640 32.2 71.9 107.5
MMTOD(2019)"* ResNet-101 1000 600 31.1 70.7 13.2
CMDet(2021)"" ResNet-101 640X 512 28.3 68.4 25.3
VS+IR RISNet(2022)"" DarkNet-53 416X 416 33.1 72.7 23
Ours—n Modified CSP v5 640X 640 33.3 73.8 117.6
Ours—s Modified CSP v5 640 % 640 35.2 74.5 102
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Table 7 Comparative experimental results on the GIR dataset

Input Algorithm Backbone Resolution AP 5005 AP, FPS
YOLOv3 (2018) DarkNet-53 416X 416 41.2 85.7 50
FCOS (2019) ResNet-50 1333800 40.4 84 16
ATSS (2020) ResNet=50 1333800 47.1 87.1 14
YOLOv4 (2020) CSPDarkNet-53 416 X416 44.5 87.9 53
'S YOLOX-s (2021) Modified CSP v5 416 X416 51.7 90.3 52
YOLOv5-n (2020) Modified CSP v5 640X 640 48.4 88.8 158.7
YOLOv5-s (2020) Modified CSP v5 640X 640 51.4 89.8 111.1
YOLOv5-n-EVS Modified CSP v5 640 X 640 49.4 89.1 105.3
YOLOv5-s-EVS Modified CSP v5 640 X 640 51.9 90.1 91.7
YOLOv3 (2018) DarkNet-53 416X 416 35.6 74.2 48.4
FCOS (2019) ResNet-50 1333 X800 34.5 72.3 12
ATSS (2020) ResNet-50 1333800 35.2 73.4 11.7
YOLOv4 (2020) CSPDarkNet-53 416 X416 35.8 74.7 49
IR YOLOX-s (2021) Modified CSP v5 416 X416 36.9 76.3 53
YOLOv5-n (2020) Modified CSP v5 640X 640 36.3 75.5 158.7
YOLOv5-s (2020) Modified CSP v5 640X 640 36.6 76.8 111.1
YOLOv5-n-EIR Modified CSP v5 640X 640 36.4 76.3 105.3
YOLOv5-s-EIR Modified CSP v5 640 % 640 36.7 77 91.7
MMTOD (2019)"" ResNet-101 1000 600 40.7 84.3 11.2
CMDet (2021)"" ResNet-101 640512 48.6 88.9 22.7
VS+IR RISNet (2022)"* DarkNet-53 416X 416 49.3 89.2 23.3
Ours—n Modified CSP v5 640 X 640 49.7 89.8 101
Ours—s Modified CSP v5 640 < 640 52.2 90.5 85.5
3 Zig
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Object Detection Algorithm Based on Dual-modal Fusion Network

SUN Ying"?, HOU Zhigiang'*, YANG Chen'?, MA Sugang'*, FAN Jiulun'
(1 School of Computer Science and Technology, Xi'an University of Posts & Telecommunications,
Xi'an 710121, China)
(2 Shaanxi Provincial Key Laboratory of Network Data Analysis and Intelligent Processing , Xi'an 710121, China)

Abstract: In object detection, unimodal images related to the detection task are mainly used as training
data, but it is difficult to detect targets in actual complex scenes using only unimodal images. Many
researchers have proposed methods using multimodal images as training data to address the above
problems. Multimodal images, such as Infrared (IR) images and Visible (VS) images, have
complementary advantages. The advantage of IR images is that they rely on the heat source generated by
targets and are not affected by lighting conditions but cannot capture the detailed information of targets. The
advantage of VS image is that it can clearly capture the texture features and details of targets, but it is easily
affected by lighting conditions. Therefore, for the object detection problem of IR and VS image fusion, an
object detection algorithm based on the dual-modal fusion network is proposed. The algorithm can input IR
images and V'S images at the same time. Due to the imaging differences and their respective characteristics
of IE images and VS images, different networks are used to extract features. Among them, IR images use
the designed infrared encoder, Encoder-Infrared (EIR) , and the SimAM module is introduced into the
EIR to extract different local spatial information in the channel. This module optimizes an energy function
based on neuroscience theory, thereby calculating the importance of each neuron and extracting spatial
feature information by weighting. V'S images adopt the designed visible encoder, Encoder-Visible (EVS),
and introduce the Coordinate Attention (CoordAtt) mechanism into the EVS to extract cross—channel
information, obtain orientation and position information, and enable the model to more accurately extract
feature information of the target. To obtain spatial feature information with precise location information,
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the global average pooling (AvgPool) operation is used to extract features from both vertical and horizontal
directions, respectively, and aggregate features from both vertical and horizontal spatial directions. The
precise location information encodes the channel relationship. Finally, this paper proposes a gated fusion
network with the help of Multi-gate Mixture of Experts (MMoE) in multi-task learning. A gated fusion
network is used to learn unimodal features and contributions to detection. According to MMOoE, the
extraction of infrared image features and the extraction of visible light features are regarded as two tasks,
that is, EIR and EVS are expert modules, and EIR is only used to extract features of IR images. Similarly,
EVS is only used to extract features of VS images. The results of the two expert modules are integrated to
achieve the purpose of specialization in the surgical industry. In the process of fusion, it is necessary to have
a certain bias for a certain task, that is, the output results of the expert modules EIR and EVS are mapped
to the probability. The proposed gated fusion network adapts the weight distribution of the two-way
features to achieve cross—modal feature fusion. This paper uses two datasets to evaluate the algorithm, the
first 1s the public KAIST pedestrian dataset, and the second is the self-built GIR dataset. Each image in the
KAIST pedestrian dataset contains both VS and IR versions. The dataset captures routine traffic scenes,
including campus, street, and countryside during daytime and nighttime. The GIR dataset is general
targets dataset created in this paper. These images are from the RGBT210 dataset established by
Chenglong Li's team, and each image contains two versions of the VS image and the IR image. Among
them, all types of images share a set of labels. On the KAIST pedestrian dataset, we validate our
algorithm on two models of YOLOv5. Compared with YOLOvV5-n, the detection accuracy of the proposed
algorithm is improved by 15.1% and 2.8% respectively for VS and IR images; compared with YOLOv5-
s, the detection accuracy is improved by 14.7% and 3% ; at the same time, the detection speed reaches
117.6 FPS and 102 FPS respectively on two different models. On the self-built GIR dataset, compared
with YOLOv5-n, the detection accuracy of the proposed algorithm is improved by 14.3% and 1%
respectively for IR and VS images; compared with YOLOv5-s, the detection accuracy is improved by
13.7% and 0.6%. At the same time, the detection speed reaches 101 FPS and 85.5 FPS respectively on
two different models. The algorithm in this paper is compared with the current classical object detection
algorithms, and the effect has obvious advantages. In addition, the proposed algorithm can also perform
object detection on separately input VS or IR images, and the detection performance is significantly
improved compared with the baseline algorithm. In the process of visualization, the algorithm in this paper
can flexibly display the visualization results of detection on VS images or IR images.
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