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B BRI 2, SEE T RS BBRHIE 1Y H i
PP RS, AR T SR AR R A OB IR H
A DK BE AR A Il 8, MAF-YOLO M 4% B 5 T
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BRARIN Z RPEFRRE, IR FH P2 (8] 4 52 35t
1k, SPPF (Spatial Pyramid Pooling Fast) B A6 RE
(RAIE B PF 4 e — R, 48 AN TR RS H bR i ks
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25 0] FE B AR AE UEAT E AL, IR IR AR [ R Rl
G451 (CAFMFIIAM) 456 [ 32242 5805
FE W, Xl W65 L0 AR S Y B ARMERAE HEAT
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SEPH e M A S AR S RRAE 3 R A E SRS Al o

(2) FFML FE 2 CBS. C2ARIB DL K — &
G RABERN DR AR AT, Kk A S TRIBY BE Y
FROE B HEAT Rl A, BESRARMERIRAE S, DASEHIR
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ARSI CHAM (Cross—modal Hybrid Attention
Module ), # it A 3 B AL AT WG FZL AN AIE 7 18
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TR, IR AT DL R LT AP R A 4 R £ KR W]
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The architecture of MAF-YOLO network
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R, BAAK/NR24 CB. XTEMAREE, ALK
) 2% 4578 SR F Python 3.9.18 Il CUDA 11.7, ASSZE:
BE A BRI T 640x640, i AR WG EIG
=B, LLANEMR BB, R SGD ik A
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N B D A SCER AN D7 YA R, 52
55 R YIRS B AP (Average Precision) Fl1-F- 447K
FEH{E mAP (mean Average Precision) {E NPEAM$E
bro APZEEHRIHRFA MBI KR, DAL
WP R PERE , B R A AP (R LR 7E A
[ (T BE DR R A s YRS A 28 [ml 3, 3 YA
RITE P RAT S5 R4, ZRBRE I sk, N T 25
G AR Z A H R 2R R AR I PERE . mAP X}
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(Zhao 5, 2024). Xt LLSCHAE MFD 1 5t 8040 4
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TR AEAR R RS Al 50 T B dada k.
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Table 1 Comparison of different methods based on M’FD dataset

1%
e HARAS A P]whnn AP, AP, AP resee A Pl;.m[. AP, mAP
RGB 48.4 75.3 81.8 55.2 54.0 63.7 63.1
Faster R—-CNN

IR 61.3 84.0 83.8 62.2 69.7 59.8 70.1
RGB 50.4 82.9 83.4 48.1 58.3 68.6 65.3

YOLOv8
IR 66.7 82.9 85.1 66.6 72.7 72.3 73.0
RGB 56.4 77.6 80.3 47.0 64.1 70.6 66.0

YOLOv10
IR 61.1 79.3 83.7 70.4 73.8 69.0 72.9
CFT RGB+IR 82.8 76.3 90.9 82.2 80.6 81.0 82.3
TarDAL RGB+IR 75.8 93.3 86.3 76.7 84.3 74.4 81.3
SuperYOLO RGB+IR 80.4 88.6 87.5 81.1 83.4 78.9 83.3
MCHE-CF RGB+IR 81.6 82.6 75.4 77.1 76.4 82.8 79.3
RsDet RGB+IR 78.3 84.9 79.7 80.1 82.9 75.0 80.2
NSRS RGB+IR 83.1 92.8 91.1 77.5 84.9 75.6 84.2

T R AR [l — S i A5 5 . AP IR IE U AR ARSI o mAP RSP I VIR
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Table 2 Comparison of different methods based on

3.3.2

DroneVehicle dataset

1%
BUN BOEELE AP, AP, AP, AP AP mAP
RGB 882 642 91.8 60.2 67.5 744

Faster R—-CNN
IR 88.5 772 90.1 715 684 792

RGB 915 716 91.1 637 615 759

IR 90.6 723 90.0 70.0 67.1 78.0

RGB 87.6 731 921 642 647 763

IR 902 757 873 675 684 778

CFT RGB+IR 953 804 946 638 694 80.7

YOLOvS8

YOLOv10

TarDAL RGB+IR 945 779 958 728 705 823
SuperYOLO RGB+IR 93.1 829 936 704 758 83.2
MCHE-CF  RGB+IR 934 82,6 927 659 714 812

RsDet RGB+IR 927 80.1 939 746 674 817
ACJEE RGB+HIR 949 832 960 731 735 84.1
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Fig. 7 Visualization of detection result based on the M’FD dataset
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Fig. 8 Object detection results under low light condition based on DroneVehicle dataset
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Table 3 Ablation experiments on the DroneVehicle dataset

CHAM CAFM 1AM AP_ /% AP, [% AP, /% AP /% AP /%  mAP/% GLOPs
x x x 91.0 76.5 91 67.3 68.7 78.9 170.8
v x x 92.0 79.6 94.1 73.0 70.4 81.8 178.2
x v x 91.4 78 93.9 70.4 68.5 80.4 180.2
v v x 92.2 79.5 94.5 72.8 71.5 82.1 188.7
v v v 92.7 80.4 94.3 75.8 715 82.9 190.5
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Multimodal object detection method using adaptive dusion
of infrared and visible features

YU Zhirui, YIN Zhanpeng, WANG Junyu, ZHOU Liang, YE Yuanxin

Faculty of Geosciences and Engineering, Southwest Jiaotong University, Chengdu 611756, China

Abstract: Target detection methods are mainly based on visible light images. Although they can fully display the details and texture
features of the target, when the target is blurred or blocked, or the light is excessively strong or dark, the target information is difficult to fully
obtain by relying solely on visible light sensors, thus affecting the target detection effect. By contrast, infrared sensors have the advantages
of strong resistance to environmental interference, insensitivity to light, and ability to reflect target temperature, which can compensate for
the shortcomings of visible light imaging. Therefore, infrared features are integrated into target detection based on visible light.

This study proposes a multimodal target detection method that adaptively fuses infrared and visible light features. This method uses the
YOLOVS target detection framework as the basic network to extract multiscale feature information. On this basis, a new multimodal hybrid
attention module (cross-modal hybrid attention module) is constructed. This module extracts the complementary features of visible light and
infrared images and jointly performs channel and spatial attention analyses to achieve the communication and reorganization of cross-modal
information weights, thereby improving the perception of complementary features between different modalities. In addition, a visible light-
infrared feature adaptive fusion module with ambient light intensity as an indicator is constructed. An illumination awareness module is first
designed to evaluate the feature richness of the target contained in the visible light image in accordance with the light intensity of the image.
It is then incorporated into a cross-modal adaptive fusion module to guide the adaptive fusion process, solving the problem that conventional
fusion methods hardly achieve dynamic processing based on multimodal data features. Thus, target detection based on multimodal feature
fusion is realized.

Several classic target detection models and current advanced detection methods are used to conduct comparative experiments with the
MAF-YOLO model proposed in this paper to fully demonstrate its effectiveness. The classic target detection models include Faster R-CNN
and YOLOv8. Because they are both target detection models for single-modality images, this study conducts experiments on visible light
and infrared modalities. Current advanced models include CFT, which is the first application of Transformer to the field of multispectral
target detection; TarDAL, which uses generative adversarial networks to generate fused images; and SuperYOLO, which achieves super-
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resolution reconstruction based on YOLOvVS and improves the accuracy of multimodal target detection. Comparative experiments are
conducted on the MFD street view dataset and the DroneVehicle aerial vehicle dataset to test the robustness of these methods in different
lighting environments and scenes. Experimental results show that the proposed method achieves higher detection accuracy compared with
current state-of-the-art single-modal and multimodal object detection methods in both datasets.

On the basis of the YOLOvVS model, this study proposes a target detection network based on visible light — infrared multimodal feature
fusion (MAF-YOLO). A new cross-modal hybrid attention mechanism is designed to fully utilize the complementary features of visible light
and infrared information. Moreover, an illumination perception module and an adaptive fusion module are constructed to perform midterm
fusion of dual-stream information, extracting the complementary features of the two modalities for target detection. Comparative
experiments of the proposed method with various existing target detection models on the DroneVehicle and M’FD datasets show that MAF-
YOLO can achieve good detection performance and robustness in complex environments. Experimental findings prove that the proposed
method can effectively solve the problem of insufficient visible light modal target features in complex environments and realize accurate
target detection with the fusion of infrared and visible light multimodal features.

Key words: target detection, multimodal, convolutional neural network, feature fusion, attention mechanism, visible light imaging, infrared
imaging, deep learning
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