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Abstract—The fusion module of RGB and infrared (IR) remote
sensing images is the key of multispectral ship detection. Existing
works have shown that the cross-attention-based feature fusion
can achieve good performance by extracting the complementary
information of RGB and IR modalities. However, the existing
commonly used cross-attention mechanisms introduce lots of
redundancy parameters and mainly focus on global feature
interaction of multispectral images, ignoring local detail in-
formation that is also important for small ship detection. In
this paper, we propose a novel multispectral ship detection
approach named LoGFusion. In LoGFusion, we design the cross
stage partial module with partial convolution (CSPMPC) to
reduce feature redundancy and utilize the local cross-modal
fusion module (LoCFM) and global cross-modal fusion module
(GCFM) to capture both local and global cross-modal features.
Furthermore, we introduce a Multispectral Small Ship Dataset
(MSSD) containing over 5k ship targets for small target detection.
Experiments on MSSD validate the effectiveness of our method
in terms of small ship detection in multispectral images.

Index Terms—Small ship detection, multispectral, cross-
attention, feature fusion
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I. INTRODUCTION

Remote sensing ship detection plays an essential role in
civil and military fields such as marine monitoring, territorial
security, and environment protection. Unfortunately, the detec-
tion of small ships is still a challenging task because of the
weak features of small ships and complex ocean environment
in practice.

Driven by the rapid development of deep learning (DL),
DL-based detectors have become the mainstream of ship
detection. Chen et.al [1] established the LEVIR-ship dataset
and introduced the degraded reconstruction enhancement net-
work (DRENet) for ship detection, helping the backbone pay
more attention to the small ships. Xu et.al [2] proposed a
low-resolution marine object detection model (LMO-YOLO)
for low-resolution ship detection, preventing the weakening
of small ship information with dilated convolution. A dual-
supervised network is presented in [3] to enhance the quality
of input images for ship detection and reduce the effect of
complex scene disturbances. A novel ship detection network
based on multi-feature transformation and fusion (MFTF-
Net) was proposed in [4] to enhance small target detec-
tion performance via multifeatured transformation and fusion.
The feature-enhanced structure (FES) and saliency prediction
branch (SPB) were proposed in [5] to provide new insights



into ship detection assisted by target saliency. The hybrid
spatial pyramid pooling (HSPP) was designed in [6] to fuse the
local and global features, guiding the detection performance
improvement of small ship targets.

Note that the aforementioned ship detection methods are
mostly based on RGB optical remote sensing images. In
addition to optical images, infrared (IR) band images still
provide contour features in poor weather conditions that dis-
tinguish the ship targets from the background [7]. It has been
proven in [8]-[10] that using multispectral remote sensing
images can improve the detection performance by capturing
complementary information between RGB and IR images. The
cross-modal fusion transformer (CFT) was presented in [11]
to fuse the features of the intra-modality and inter-modality
of multispectral images, improving the quality of feature
fusion across modalities. Shen et.al [12] proposed a dual-
modal feature fusion (DMFF) module to capture complemen-
tary information across modalities from global perspectives,
which addressed the issue of limited receptive fields when
using convolutional neural network (CNN) for feature fusion.
However, these methods [11], [12] employ standard attention
mechanism during feature fusion, only modeling global feature
interaction, while overlooking local feature interaction which
are also vital for small ship targets.

To address the aforementioned issue, we introduce the cross
stage partial module with partial convolution (CSPMPC) in
the feature extraction stage, meanwhile utilize the local cross-
modal fusion module (LoCFM) and global cross-modal fusion
module (GCFM) to fusion local and global cross-modal fea-
tures. Compared with existing works [11], [12], our network
aggregates both local and global cross-modal features, instead
of only focusing on global feature interaction. In addition,
we establish a Multispectral Small Ship Dataset (MSSD)!
using Sentinel-2 data [13], which contains 2494 visible-near-
infrared (NIR) image patch pairs and more than 5500 small
ship instances. Experiments demonstrate that our proposed
method achieves better detection performance on MSSD in
comparison with existing methods.

II. THE PROPOSED METHOD

In this section, we first introduce the overall framework of
the LoGFusion in Section II-A. Subsequently, we present the
details of the CSPMPC for feature redundancy reduction in
Section II-B. Lastly, we describe the LoCFM (Section II-C)
and GCFM (Section II-D) for local and global cross-modal
feature interaction, respectively.

A. Overall architecture

As depicted in Fig. 1, we propose a two-stream network to
extract the RGB and NIR features by backbonel and back-
bone?2, respectively, both of which are based on CSPNet [14].
CSPNet [14] consists of convolution-batch-normalization-silu
(CBS) and cross stage partial (CSP) modules for feature
extraction. The spatial pyramid pooling (SPP) module [15]

Uhttps://github.com/kkkkkkb/MSSD

is utilized for deep feature extraction, comprising parallel
max pooling modules with different kernel sizes. To reduce
feature redundancy among different channels, we introduce
the CSPMPC in the deep layers of the original CSPNet [14],
where the features have high similarities among different
channels [16]-[18]. Since NIR images usually contain less
visual information than the corresponding RGB images, we
construct a more lightweight backbone with fewer convolution
blocks for the NIR branch than backbonel, as illustrated
in Fig. 1. Then, the LoCFM and GCFM are used for the
fusion of local and global cross-modal features, which are both
significant for small ship detection. Global features usually
cover richer semantic information, while local features contain
the fine-grained details such as color and texture. After that,
the fused features are fed into the neck, consisting of the
feature pyramid network (FPN) [19] and path aggregation
network (PANet) [20], to integrate semantic features and local
texture features, and are ultimately processed by the heads for
classification and regression. The neck and heads are set to be
the same as YOLOvS5s [15].

B. CSPMPC

CSPMPC is helpful to reduce redundant features among
different channels. As shown in Fig. 2, the input feature maps
are first routed into two parallel branches and then processed
by the two CBS modules for feature extraction, respectively,
where both the number of channels are halved. One of the
two branches is connected to the end of the stage, while
the other is fed into partial convolution [18] and the CBS
module for further feature extraction. Partial convolution [18]
only applies convolution operation on the first quarter of the
input channels, keeping other channels untouched, which fully
utilizes the redundancy of feature maps. Compared to regular
convolution, partial convolution [18] offers a more focused
and efficient approach to feature extraction by avoiding the
redundancy of learning repeated features in most convolution
kernels. Finally, the two branches are concatenated which is
followed by a CBS module.

C. LoCFM

We design LoCFM to capture fine-grained cross-modal
features from RGB and NIR bands with local window cross-
attention, as shown in Fig. 3. Given input feature maps
Frop € RIXWXC and Fyp € RIXWXC and window
size s, we first divide each feature map into local windows,
which means the attention only focus on limited window
regions. Then, we flatten each window into a set of tokens,
Traes s € R***C and Tnir s € Rs**C . After that, we also
employ multi-head mechanism [21] to help the model jointly
learn the relationships between two modalities from different
perspectives. The vectors {Qrap s KreB s, VrRep s and
QNIR_s’ KNIR_S>VNIR_S} € R? XD", where D) is the
number of hidden dimensions for one head, are produced from
Trap s and Ty _s separately as follows:

Qres s = TreB_sWq1, KreB_s = TraB_sWki,

(1)

Vrae_s = TraB_sWoi



Backbonel

H

I

H
H
H
H
kY
\

Backbone2

Fig. 1. Overall architecture of our proposed LoGFusion network.

Fig. 3. Structure of the LoCFM.

Qnirs = TnirsWae2, Knrr_s = Tnrr_s Wi, )
Vnir_s = Tnir_sWue

where {W;, Wi; and W,;} € RE*Dn(j = 1,2) are learnable

parameters.

The correlation matrix of RGB and NIR features is con-
structed using a dot-product operation and a softmax function,
each element of which represents the correlation degree of two
modalities. Next, the output of a cross-attention [21] head is
a weighted sum over the value vectors.

KT
headpgp s = softmax (QNIR—RGB—> Vress 3

VDy,
KT

headNIR_s = softmax <()RGB\78T)NIR‘S) VNIR_s (4)
h

Then, the outputs of all heads are concatenated, resultinzg in
the final values Tyrgp , € R* Y and Ty,p , € R X,

respectively. After that, Top , and Ty, p , are combined
and reshaped into the features Fiop € RIXWXC and
vir € REXWXC regpectively.
The features Firp and Fly;p are added into the input
features Frep and Fyrr through a residual connection,
respectively, which can be expressed as:

(&)

Foop =Fran +Frop

Nir =Fnir+Fyg (6)
The final output of LoCFM is the concatenation of F.  and
F% r along the channel axis.

D. GCFM

To extract global cross-modal features, the GCFM computes
attention scores in the whole feature maps. Given input feature
maps Frop € REWXC and Fyrp € REXWXC we directly
flatten them into a set of tokens Trap € RHWXC and
Tyrr € REWXC Then, we also employ the multi-head
mechanism [21] like in LoCFM. The subsequent operations
are the same as LoCFM and are not be elaborated.

III. RESULTS AND DISCUSSION

A. Multispectral ship detection dataset

We develop a multispectral small ship detection dataset from
the Sentinel-2 satellite [13]. The dataset comprises 8 original
satellite images with blue, green, red and NIR channels
under different conditions, such as inshore, cloud, and muddy
background cases. We crop the original images to obtain 2494
image patches with 512 x 512 pixels. This dataset contains
5584 annotated ships. The spatial resolution of images in our
dataset is 10m x 10m. As shown in Fig. 5, most of the ships
are smaller than 20 x 20 pixels in the MSSD.
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Fig. 4. Some multispectral image examples with different situations.

B. Results analysis

In this paper, Fl-score (F1), AP5¢ and AP5g.95 are used as
metrics to evaluate the performance of our method, which are
defined as follows:

F1=2 TR (7N
AP — /O ' P(R)IR )
40
30 A
%20
10 4 .
0 ‘ i ,
0 ZOWidth 40

Fig. 5. The statistics of width/height (in terms of number of pixels) of ships
in MSSD.

where P denotes precision and R denotes recall. AP5q is the
average precision (AP) at intersection over union (IoU) = 0.50
in (8). Similarly, AP5.95 can be formulated as the mean of AP
at IoU thresholds ranging from 0.50 to 0.95 with an interval
of 0.05.

The baseline of our method is the YOLOvSs [15] network
without the head for detecting large objects. Considering
few ships are larger than 320m x 320m areas, the detection

head with the feature maps whose size is 1/32 of the input
image size is abandoned in the YOLOvSs [15] model. In the
CSPMPC, we apply convolution operation on first half, first
quarter, randomly selected half and randomly selected quarter
of the input channels, respectively. And these four kinds of
CSPMPC are denoted by CSPMPC(1/2), CSPMPC(1/4), ran-
dom(1/2) and random(1/4). As shown in Table I, the proposed
CSPMPC(1/4) achieves the APxq.95 with 33.4% and APsxq
with 69.9%, respectively, and its parameter size is reduced
by over 20% compared with the baseline. Table I implies that
redundancy among different channels in the deep layers of the
network may degrade the small ship detection performance.

Some ablation experiments about the proposed LoCFM and
GCFM are completed in Table II. Compared with GCFM-only
and LoCFM-only ways, “LoCFM+GCFM” produces better
results, with AP5g.95 of 34.4% and APsq of 71.7% when
fusion occurs in P3 and P4 stage (rows 1-3 in Table II)
as shown in Fig 1. Furthermore, when we add the fusion
of P5 stage (rows 4-7 in Table II), the ways of combining
LoCFM and GCFM also achieve better performance than the
GCFM-only and LoCFM-only ways. In comparison with the
other ways, ‘2 LoCFM+1 GCFM” achieves better results, with
APsxo.95 of 35.1% and AP5 of 73.0%. The discussions above
indicate both local details and global features are important
for small ship detection.

Table III shows the experimental results of different methods
on MSSD. Our method performs better than DRENet [4] in F1
(4.6%71), APs50.95 (2.2%71) and AP5q (2.8%7T), which is also
designed for small ship detection. Note that the performance of
pixel-level fusion (RGB+NIR) mode is worse than RGB mode
for YOLOv6s [20]. It illustrates that pixel-level fusion may
not always exploit the complementary information between
modalities. Our method also surpasses previous multi-spectral
networks (YOLOrs [8], CFT [11] and ICAFusion [12]) with
fewer parameters.

Fig. 6 presents the examples of detection results to prove the
superiority of our proposed model. The ship targets are tiny
in these images, and some are surrounded by clouds. It can
be observed that our method achieves improved results than
other methods with fewer missed targets and false alarms.

IV. CONCLUSION

In this work, a novel cross-modal fusion model LoGFusion
has been proposed for small ship detection of multispectral
remote sensing images. First, we modify the baseline by
introducing the CSPMPC to reduce redundant features among
different channels. Second, we introduce the LoCFM and
GCFM to extract local details and global features between
RGB and IR modalities simultaneously, which are both vital
for the detection of small ship targets. Experiments on MSSD
have confirmed the superiority of our proposed method.
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