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Abstract

In recent years, multispectral object detection combining visible and thermal infrared images has
been widely used due to its complementary characteristics. Then, most of the existing multispectral
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object detection models mainly focus on the local characteristics of the image, neglecting the extrac-
tion of global features of the image, and at the same time, key information, such as details of texture
and edges, are often lost in the process of feature extraction, which leads to insufficient information
of the extracted image features. Aiming at these problems, this paper proposes a multispectral ob-
ject detection model SSIDet. The model extracts local-global features at different scales from ther-
mal infrared images and visible images respectively by constructing a multiscale coding network;
then a spatial-spectral interactive attention network is designed to fully integrate spatial and spec-
tral features, and at the same time, its complementarity is enhanced by reducing redundancy be-
tween features; finally, a multiscale reconstruction network is introduced to further enhance fea-
ture extraction, and a multiscale reconstruction network is introduced to further enhance feature
extraction. A multi-scale reconstruction network is introduced to further realize the synergistic en-
hancement of spatial and spectral features. Through extensive experimental validation on FLIR and
LLVIP datasets, the method of this paper outperforms the existing methods in terms of performance.
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Figure 1. The overall structure of SSIDet
[ 1. SSIDet HEE (A LEH
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Figure 2. lllustration of CT Encoder module. (a) CT encoder; (b) Space reduction operator
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Figure 3. lllustration of spatial-spectral interaction module
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F'= Conv(Concat(Attention (QC. K3, V4 ), Attention Q% KV} ))) (11)
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Figure 4. lllustration of multi-scale reconstruction module
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PERLAS HAMRHIESE AR 7). 2 1H] - DA BRI T Z ARG RE 71, DR 2 RUBE 5 4 W 2% 0 42 ) A
RN RS SRR (4 4 TH BRI S e )

Nk ISR R N 45 AE oAb 5t R Iz AR 1, ASCHE LLVIP HdEgE Lit— DRI 7. 5
FLIR HE AN, LLVIP B8 R H A AR Sk AR 25 « BRI, LLVIP HSEEIEI | AR A /] BLH]
TARBE S, B RIFMEENE. sLitst B0k 2 fis, SSIDet 78 LLVIP $dfi 4 itk fEth B s
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Table 1. Detection results of different methods on the FLIR dataset
3 1. FEFFEE FLIR #iE5E FRIRNIZER

Methods Backbone people Cyclist car mAP50 1 mAP t Modality
SSD [24] VGG16 66.3 64.3 67.2 65.5 29.6 IR
RetinaNet [25] ResNet50 67.5 65.2 66.4 66.1 315 IR
Cascade R-CNN [26] ResNet50 69.5 72.3 71.6 71.0 34.7 IR
Faster R-CNN [27] ResNet50 75.6 73.3 74.1 74.4 37.6 IR
DDQ-DETR [28] ResNet50 72.6 74.5 73.2 73.9 371 IR
SSD [24] VGG-16 51.1 52.6 52.9 52.2 218 RGB
RetinaNet [25] ResNet50 50.8 52.5 514 51.2 21.9 RGB
Cascade R-CNN [26] ResNet50 54.2 57.3 56.5 56.0 24.7 RGB
Faster R-CNN [27] ResNet50 63.8 65.9 64.2 64.9 28.9 RGB
DDQ-DETR [28] ResNet50 62.6 65.8 65.4 64.9 30.9 RGB
CAFF [29] ResNet18 75.3 72.6 75.8 74.6 37.4 IR + RGB
probEn [30] ResNet50 74.3 72.6 76.5 75.5 37.9 IR + RGB
LGADet [31] ResNet50 75.3 72.6 74.2 74.5 39.6 IR + RGB
CSSA [32] ResNet50 78.9 77.3 78.2 79.2 41.3 IR + RGB
SSIDet (ours) CTNet 81.3 78.1 79.5 80.9 415 IR + RGB

Table 2. Detection results of different methods on the LLVIP dataset
52 2. FEIFGETE LLVIP BURE R

Methods Backbone mAP50 1 mAP t Modality
SSD VGG16 90.2 53.5 IR
RetinaNet ResNet50 94.8 55.1 IR
Cascade R-CNN ResNet50 95.0 56.8 IR
Faster R-CNN ResNet50 94.6 54.5 IR
DDQ-DETR ResNet50 93.9 58.6 IR
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SSD VGG-16 82.6 39.8 RGB
RetinaNet ResNet50 88.0 42.8 RGB
Cascade R-CNN ResNet50 88.3 47.0 RGB
Faster R-CNN ResNet50 87.0 451 RGB
DDQ-DETR ResNet50 86.1 46.7 RGB
CAFF ResNet18 94.0 55.8 IR + RGB
probEn ResNet50 93.4 51.5 IR + RGB
LGADet ResNet50 93.6 52.3 IR + RGB
CSSA ResNet50 94.3 59.2 IR + RGB
SSIDet (ours) CTNet 95.5 59.8 IR + RGB

3.3. jHRMSCIE

BESRE ST : 950 TE AR SCHE H 1A 2% (R -6 1 A8 FASEHROR 22 R 6 5 D 4% 1) A 850, FE IR R MR |-
BT AsEas . 5 RE 3 Fo, HIRINaS () - Jeilag B, FLIR 2dE4E L mAP #2517 1.7%,
LLVIP #54E L) mAP #2517 1.6%: RSz RUEEE ML, FLIR 2854 L) mAP $idi& 1 3.0%,
LLVIP #4R 4 I mAP #2551 2.1%; @B PAMEEIRA IS, mAP B3 1 K. BL RS RIE
BT BB R

Table 3. Ablation study on each module result on the FLIR and LLVIP dataset
& 3. RARIRIE FLIR F1 LLVIP $iE 8 FASERL IR 45 R

o FLIR LLVIP
23[A) - il A HARER EFNEE R

MAPS0 1 mAP t MAPS0 t mAP t

X X 74.9 36.9 94.3 55.2

J X 76.5 38.6 94.6 56.8

X J 78.2 39.9 95.0 57.3

J J 80.9 415 95.5 59.8

CT BB E BRI : NI FAAFN CT il as Hmt TAull 45 R i, 75 FLIR A LLVIP %
PEAHAT ARG . AT EZ RE CT i MLt CT gmid#s sy 2, 3, 4. AFEE CT 4
T2 Se 4 AN 4 s . MG 4 TN, 34 CT g as i Rl ke fefd:, 10 CT 4nfidgsh 2 Al 4 i
RS FE#A — e k. BRI, 4 CT gafSaSE N 2 i, AL R RAE fE 7123 52 B W25 T 5 PR
#, FEEMGEER AR IR ZER K. 24 CT wigasEuE N 4 i, miDas R BUGRHIE /A 32 x 32,
PRELI 25 ()45 BRI BAZBIBR G, Ik, ACK CT gafid s B i & N 3.

3.4. EMESHR

FLIR 1 LLVIP ##E4: 4] 5 Jy SSIDet 7E FLIR 1 LLVIP H4R4E MR AE b1 B FRks i v ¥4k 25 5
WE TR, SSIDet Fis i 4s 5 LF K T Ground Truth 348 T EIAFHE, FHFH SRS . o, &
ST EE A H — 28 Ground Truth iR /N H bR, IXFEH] T SSIDet 7622 R H An i o iy f ek o
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Table 4. Ablation study on number of CT encoders result on the FLIR and LLVIP dataset
4. CT #RASEESHE FLIR #0 LLVIP HiE8E LAYHRSIINE R

N FLIR LLVIP
CT gmtd#s i =
mAP50 { mAP 1 mAP50 t mAP 1t
2 75.2 37.7 945 56.3
3 (ours) 80.9 415 95.5 59.8
4 77.5 39.2 94.8 57.9

IR Image Ground Truth SSIDet IR Image Ground Truth SSIDet

Figure 5. Visualization of detection results for FLIR and LLVIP datasets
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Figure 6. Visualization of feature fusion results
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