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Abstract: Infrared dim and small target detection is a key technology of various detection tasks.
However, due to the lack of shape, texture, and other information, it is a challenging task to detect
dim and small targets. Recently, since many traditional algorithms ingore global information of
infrared images, they generate some false alarms in complicated environments. To address this
problem, in this paper, a coarse-to-fine deep learning-based method is proposed to detect dim and
small targets. Firstly, a coarse-to-fine detection framework integrating deep learning and background
prediction is applied for detecting targets. The framework contains of coarse detection module and
fine detection module. In coarse detection stage, Region Proposal Network (RPN) is employed to
generate masks in target candidate regions. Then, for further optimize the result, inpainting is utilized
to predict the background by the global semnantic of images. In this paper, inpainting algorithm
with a mask aware dynamic filtering module is incorporated into the fine detection stage to estimate
background in candidate target areas. Finally, compared with existing algorithms, the experimental
results indicate that the proposed framework have effective detection capability and robustness for
complex surroundings.

Keywords: infrared dim and small target detection; background prediction; image inpainting; Region
Proposal Network (RPN)

1. Introduction

Infrared dim and small target detection technology has an essential role in target detection field [1].
Due to long-distance and immature infrared imaging technology, the target is usually tiny (less than 80
pixels [2]) with a low signal-to-clutter ratio (SCR) and lacks shape and texture features. In addition, the
background and noise in the complex environment will easily overwhelm targets. Therefore, infrared
dim small target detection is a difficult and challenging task.

In order to extract targets from complex and variable backgrounds, many techniques and
knowledge are applied to infrared dim small target detection algorithms. In the early stage, some
methods based on background prediction [3-5] detect small targets by the difference between the
infrared image and the predicted background obtained by local information of the image. Since
background predictions obtained in the local domain are not accurate, so they have lower performance
on complex backgrounds. For improving the quality of the target, some methods focus on features of
targets to suppress background and enhance target [6-10]. Due to the salience of local features (local
contrast, local gradient, etc.), these approaches effectively improve SCR of the target and suppress
clutters. However, targets are not detected facing the image with buildings and highlight. Spare matrix
methods [11-13] for small targets detection concern non-local correlation to separate small targets.
They transform the problem of target detection into that of sparse matrix separation, but owing to
the limitations of the sparse model, many false alarms are retained. Recently, deep-learning-based
methods [14-16] segment the target and background based on image features extracted by the deep
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neural network. The deep network extracts deep and low features of the target, so the detection
accuracy is significantly improved. Totally, the above methods have different disadvantages in the
process of detecting small targets. Nevertheless, many false alarms still exist in the results of many
algorithms on account of the lack of global or local information.

In this paper, a background prediction-based method with coarse and fine detection is researched.
Traditionally, background prediction-based methods for infrared dim small targets detection estimate
background by the local correlation of pixels through filters and transformation. Though these methods
have better performance on smooth and simple background, due to ignoring the global information of
the infrared image, they cannot detect the target when facing with complex scenes like buildings and
highlight noises. In contrast, deep learning can adapt to varying scenarios by learning a large member
of training samples. Additionally, deep learning has the capability to accomplish various tasks by
understanding the global semantic information of images [17] such as small targets detection [18],
image inpainting [19] and face recognition [20]. Inspired by deep learning, a background prediction
method utilizing image inpainting is proposed to detect dim and small targets in complex scenarios.

In this paper, the global information of the image is utilized to estimate the local scene in an
IR image. Here, two prior assumptions of small targets are proposed to appropriately illustrate the
background predictions of the paper. The assumptions are demonstrated as follows.

(1) Because of the size of the target, the remaining image after eliminating the target have negligible
impact on the image background semantics. Meanwhile, the semantics are able to predict the
background in small targets areas.

(2) The background can be predicted by the semantics of the remaining in suspicious target areas
(building edges, highlighting noise, etc.), conversely, the predicted background in the suspected
target areas are approximately the same as the original image.

From the above assumptions, the coarse and fine detection framework requires a technique to
predict the background of these suspicious target areas by understanding the image. Image inpainting
has exactly an ability of background prediction in marked areas. It is a classical computer vision
problem. Recently, inpainting recovers the whole image via analyzing deep and shallow semantic
features of the image by the neural network, which adds some reasonable inferences in the missing
areas of the image [21]. A number of inpainting algorithms have the capability of handling large
contiguous areas, which ignore the inner connection between isolated areas and the whole. In this
paper, an inpainting method with a mask-aware dynamic filtering (MADF) [22] module is adapted to
estimate background of candidate target areas. Owing to the small size of the target, the candidate
target areas are correspondingly tiny. Therefore, the two prior assumptions claim that inpainting can
adapt to repair tiny areas. The method with MADF addresses the problem of repairing small and
isolated areas in addition to repairing large and continuous areas.

In this paper, the detection framework is a structure containing coarse and fine detection. Deep
learning is utilized to generate the candidate target areas in the coarse detection module, where the
existing algorithm is utilized to detect. In the paper, this module is not focused on the study and
elaboration. The fine detection includes inpainting that predicts background of candidate target areas
and fusing images to detect small targets. Comparative experiments on test data demonstrate that the
proposed framework is capable of detecting infrared small targets. Overall, the technical contributions
of the paper are summarized in the following.

* A coarse-to-fine infrared dim and small target detection framework is proposed to adapt to
complex infrared image scenes. In coarse and fine detection modules, deep learning is utilized to
detect candidate target areas and fine targets.

¢ Image inpainting method with MADF is first employed to predict the background by global
semantic information in the stage of fine detection.

* Extensive experiments on public infrared small target datasets illustrate that the proposed
framework has achieved better performance compared with existing methods.
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The remaining sections of this paper are organized as follows. In Section 2, a brief review of related
works for infrared dim and small target detection is presented. Section 3 introduces the architecture
of the proposed framework in detail. Section 4 describes the experimental results and other terms
relevant to the experiment. In Section 5, The discussion about the results obtained qualitatively and
quantitatively is demonstrated. Conclusions are drawn in Section 6.

2. Related Works

As an important technique for infrared detection field, infrared dim small target recognition
has been widely developed and applied in various detection tasks in recent years. Current methods
for infrared dim small target detection are broadly classified into conventional methods and deep
learning-based methods.

Traditionally, infrared dim and small target detection methods are generally divided into
background prediction-based, local feature-based and sparse matrix-based methods. In the initial
stage, background prediction-based methods are employed to detect dim and small the infrared
target, such as mean filter [23], top-hat transform [24]. Recently, high-order statistic [3], effective
background model in the Fourier domain [4] and improved bilateral filtering [5] are adopted into
background prediction to detect small targets. Since the background predictions obtained via local
correlation are inaccurate, these methods detect many false alarms in complex scenarios. Some
researchers utilize a wide variety of features (local contrast, local gradient information, etc.) as prior
information to detect targets. Chen et al. [6] proposed a method based on local contrast measure
(LCM) to enhance small targets and suppresses the background by local statistics. The multiscale
patch-based contrast measure (MPCM) [25] develops the LCM to further increase the contrast between
target and background. The weighted strengthened local contrast measure (WSLCM) [26] considers
the characteristics of the target and the background and the difference between them. There are
many methods originating from LCM like multiscale tri-layer local contrast measure (TLLCM) [9],
multidirectional derivative-based weighted contrast measure (MDWCM) [27], strengthened robust
local contrast measure (SRLCM) [28], etc. Some researchers focus on other local characteristic. Local
intensity and gradient properties (LIG) [29] characterizes two local properties of small targets from
the perspective of intensity and gradient to obtain targets. Average absolute gray difference (AAGD)
compensated every single weak-spot is applied in IR small target detection [30]. Local features
can be applied well to enhance small targets; nevertheless, with the lack of target-background
association of local features, buildings and highlighted backgrounds are identified as targets in
complex images. Some regard the infrared image as a matrix, transforming the detection problem
into that of sparse matrix separation. Infrared patch-image model (IPI) [13] utilizing local patch
construction is proposed to detect targets. Total variation weighted low-rank constraint (TVWLR) [11]
and non-convex rank approximation minimization joint /; ; norm (NRAM) [31] develop IPI model,
proposing different low-rank matrix theories to detect small targets. Sparse matrix model is established
by non-local correlation of infrared images. Therefore, it is challenging for these methods to accurately
detect small targets in complex backgrounds. In conclusion, background prediction-based methods
process the whole image by local information, which lead to identify bright backgrounds as targets.
Local feature-based methods rely excessively on prior assumptions of local information, lacking
understanding of the global information of the image. Although sparse matrix-based methods detects
the target by non-local information, they still have some false alarms because of the disadvantages of
sparse matrixes in complicated environment. Overall, due to ignore the global semantics information
or local features, above methods generally cannot adapt to the complex and changeable environment.

Considering that deep learning can adapt to different scenarios by learning to train samples,
deep learning is rapidly utilized in a variety of fields. Many researchers propose deep learning
networks for infrared small target detection. Ref. [32] decomposes the detection task into two
sub-tasks to reduce either miss detection (MD) or false alarm (FA). Attentional local contrast networks
(ALCNet) [14] fuses attention mechanisms and local contrast into neural network to detect targets.
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Dense Nested Attention Network (DNANet) [33] detects small targets by the contextual information
enhanced by channel-spatial attention. Attention-Guided Pyramid Context Networks (AGPCNet) [34]
enhance small targets and suppress context via combining global attention and local semantic. Interior
Attention-Aware Network (IAANet) [15] increases the interior relation between target and background
pixels by Transformer and Region Proposal Network(RPN) to detect small targets. Local Patch
Network (LPNet) [35]demonstrates an infrared small target detection network fusing local information
and global attention. A robust infrared small target detection network (RISTDNet) [18] increases
effectiveness and robustness of detection by incorporating handcrafted feature and neural networks.
The above methods utilize neural networks to extract target features, automatically learning classified
target features to detect dim and small targets. Although they have achieved superior performance,
many methods have disregarded some context information and correlation between targets and
background. This can lead to the loss of small targets and the exiting of false alarms. Since the
down-sampling operation ignores the features of small targets, the deep network results in the
failure of detection. Nevertheless, its influence on the information of the background is virtually
negligible. Hence, deep learning is able to understand global semantics information. In this paper,
for deep network miss the features of small targets, a coarse-to-fine detection framework based on
deep learning is researched. Moreover, image inpainting repairs target candidate areas by the global
information of the whole image in the fine detection stage.

Inpainting is a very important image processing technology in computer vision field. Meanwhile,
inpainting is a common application of deep learning to restore the missing areas via image
understanding [36]. Pathak et al. [37] proposed an image inpainting algorithm combining CNN
and GAN, which reproduces the missing areas by the information around these areas. Yang et al. [38]
produce high-frequency details by the joint optimization of image content and texture constraints,
addressing the task of filling large holes on high-resolution images. Liu et al. [39] presented a
partial convolution method to mask and renormalize the convolution, which fixes the convolution
in the valid regions to address image inpainting of arbitrary mask. DeFLOCNet [40] generates the
user-intended editing results via deep features guided by low-level controls (sparse sketch lines, color
dots, etc.). Probabilistic Diverse GAN (PD-GAN) [19] modulates deep features of random noise to
restore images from coarse to fine. There are other image inpainting methods based on deep learning,
such as image inpainting detection network (IID-Net) [41], GAN for pluralistic image inpainting
(PiiGAN) [42]. The above algorithms reconstruct the missing regions via understanding the semantic
information of the image by neural networks. Moreover, high-resolution RGB images are repaired
with or without constraints. In this paper, an inpainting method with mask-aware dynamic filtering
(MADF) module [22] is employed to estimate background of infrared images in local areas. Following
as two prior assumptions in Section 1, the target candidate areas are small and the background of these
areas are predicted by inpainting. Compared with others, the method with MADF is able to generate
convolution kernels with any size areas for image inpainting. Therefore, the method is suitable to be
employed for background prediction in infrared small target images.

3. Proposed Method

In this section, the structure of the coarse-to-fine infrared detection framework is described in
details. Firstly, the architecture of the proposed method for infrared dim and small target detection
is introduced, which is composed of coarse detection module and fine detection module. Then, the
coarse detection with Region Proposal Network (RPN) is elaborated to obtain target candidate areas.
Ultimately, the design of inpainting to estimate background in fine detection stage is demonstrated.
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3.1. Model Architecture

Theoretically, infrared dim and small target images are modeled as Equation 1, where an image is
regarded as the sum of target and background (noise).

I =T+ B(N), 1)

where I, T and B(N) denote the infrared image, target and the background with noise, respectively. In
the paper, the method for predicting the background B(N) is researched. The B(N) is available by the
proposed method. Furthermore, the target T is derived from Equation 1. The overall architecture of
the proposed method is indicated in Figure 1.

Coarse Detection Module

Extraction n Segmentation a Merge
L] — : . —_— =
[] L . -
+
local region mask
‘ e P
\ Fine Detection Module
| Merge 5
Image Fusion A . .

result

Figure 1. The architecture of the proposed coarse-to-fine framework based on deep learning. I
denotes the IR image (the input of our framework). The result is detection result for infrared small
targets in the framework. The coarse detection module and fine detection module are two parts of
the proposed framework. The mask is calculated to mask candidate targets by the coarse detection
module. I"* denotes the original image marked by masks. I'? is generated by inpainting algorithm
by understanding the feature of I"". In Image Fusion module, the result is calculated by the difference
between I and repaired image I'?.

In order to accurately predict the background, the process of obtaining B(N) is divided into two
parts: predicting the background over a large area by acquiring candidate targets and estimating the
background by background inference from the background outside candidate targets. Correspondingly,
the detection framework consists of two components: coarse detection module and fine detection
module. The coarse detection module is utilized to generate the mask that represents the candidate
targets by the infrared image I. The mask is obtained by threshold segmentation on the target candidate
areas generated by RPN. In fine detection stage, inpainting is as a background prediction technology
to estimate the background via global semantic information in these masks. The infrared image and
mask are fed to inpainting to predict the background in these target candidate areas. Since the mask
corresponding with candidate targets is tiny, inpainting are able to learn the global information of
background outside the mask, which reconstructs the background of the image via this information
within the mask. Therefore, it is a key for detecting small targets to repair candidate targets areas. The
image with mask I is calculated by multiplying the IR image I with mask. I"* and mask are both fed
to fine detection module to get the repaired image I'? . Furthermore, I" is considered as predicting
background in areas of candidate targets. In Image Fusion module, the result of target detection is
obtained by the difference between the IR image I and the repaired image I"%.
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3.2. Coarse Detection Module

Conventionally, many methods utilize certain manual features to detect small targets, which are
able to obtain small targets with pure background. However, as they lack of distinction and connection
between target and background, many algorithms for infrared small and dim target detection often
suffer from high false alarm rate and poor accuracy in complex images. In order to eliminate the
detection false alarm regions, a coarse-to-fine infrared detection framework is proposed. In the part,
the coarse detection module is introduced to roughly detect infrared dim and small targets.

The core detection method of the module is Region Proposal Network (RPN), which classifies
small targets and background by deep semantic features via proposal boxes. Region Proposal Network
is initially proposed as part of Faster R-CNN in ??. In this paper, Region Proposal Network is applied
to generate target candidate regions that roughly indicate the possible targets. The architecture of the
module with RPN is displayed in Figure 2. In order to better adapt to the detection of small infrared
targets, RPN optimized in [15] is utilized in our module. The down-sampling operation leads to the
removal of small image features during image feature extraction by neural networks. For addressing
this problem, the residual network is employed to extract the features of infrared images for RPN. In
target candidate regions, the mask is obtained by threshold segmentation. The mask, the marker for
candidate targets, is useful for estimating the background of infrared images.

Local Region Extractor

Threshold
RPN .. ) . - - N Segmentation ¥

Ve [ block mask

Region Proposal Network(RPN)

7-Conv-64-2
BN
ReLU

-
5]
2
m
)
‘B
<
2]

1-Conv-5-2

X6

Figure 2. The architecture of coarse detection module with Region Proposal Network (RPN).

As the input of RPN, the infrared image I is processed by RPN to acquire the anchor box
embodying target candidate regions IP. Subsequent processing of coarse detection module is
performed in these boxes. The original image I is chunked by candidate regions to extract primitive
pixels as candidate blocks 1"/, The mask is calculated via segmenting the block by simple threshold
in every block. The mask value outside these blocks is set to 1. In every block of 17, the mask
value matching with the block higher than the threshold is set as 0, otherwise, it is set as 1. After
threshold segmentation, these blocks are merged as mask. Since the candidate targets represent areas
may belong to real targets, the areas outside candidate targets are considered as background without
any targets. Thus, in the mask, the values of the areas outside candidate targets are set to 1 to indicate
the background.

3.3. Fine Detection Module

Traditionally, background prediction methods for infrared dim and target detection estimate the
background by filtering and transforming, lacking of the understanding of the global information of the
image, which leads detection results contain false alarm interference from the background. Hence, in
the paper, aiming to obtain a better background prediction, a deep learning-based inpainting algorithm
is adopted to predict background in fine detection stage. Image inpainting is a technique to restore the
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missing areas by the semantic features of images. The features are extracted outside the mask where
the target candidate areas are set 1 and others are set 0. Since infrared dim and small targets account
for only less than 80 features, the candidate targets masked are very small. Therefore, the results
after image inpainting can be theoretically considered as background in these areas. Generally, the
background is reasonably inferred by image inpainting via understanding the original image outside
the mask.

Tracing back to coarse detection module, there are many target candidate areas where it is not
sufficient to accurately detect via the direct segmentation due to the interference of noise and bright
background. There are two circumstances in these areas: 1) A area totally belongs to the background.
Under the circumstance, the background is incorrectly considered as the target. The subsequent task is
to re-judge the area as background by inpainting. 2) A area includes small targets. The key of detecting
small targets is that inpainting must follow global semantic information to generate the background
projections for the area.

The masks, obtaining from the target candidate regions by threshold segmentation, have small
and isolated shapes. However, many existing algorithms for image inpainting repair RGB images
by large and continuous masks, which lack of understanding of the semantic information of infrared
dim and small target images. Thus, these algorithms are not suitable for repairing infrared dim small
target images. In this paper, an image inpainting method with MADF is unitized to better predict
background of infrared images. The algorithm is able to generate the convolutional kernel following
the shape of masks. Thus, it has good inpainting effect on RGB images with small and isolated masks.

Figure 3 indicates the architecture of fine detection module. In the fine detection stage, inpainting
employs a cascaded neural network structure with mask awareness proposed in [22]. The structure
consists of encoder and decoder. The whole network structure has 7 layers with the same structure
and different network parameters. Every layer includes an encoder module and two decoder modules.
There are two functions of encoder: 1) extract the shallow and deep features for understanding the
global features and semantics of the images by convolution layer; 2) integrate mask awareness into
feature maps by the MADF module. The decoder is divided into recovery decoder and refinement
decoder. The recovery decoder is designed to roughly restore missing areas of images from deep
to shallow. After the recovery decoder, the feature map is optimized by the refinement decoder to
generate delicate inpainting results. The image with mask is fed to the encoder with MADF to generate
feature maps, applied by the decoder to recover the image. Meanwhile, these feature maps are loaded
into the deep encoder layer to generate deep features. The final repaired results are obtained by the
recovery decoder and the two refinement decoders. In order to ensure that image inpainting algorithm
adapts to infrared dim and small target image, the cloud data set demonstrated in Figure 4 is applied
to train the inpainting algorithm with MADF. Finally, the detection result is obtained by the difference
of infrared image and the final repaired result in Image Fusion module.
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Figure 3. The architecture of the coarse detection module. The E, D and Refine_D denotes encoder
lay, recovery decoder lay, and refinement decoder lay, respectively. The outputl, output2 and repaired
image are three output of decoder. The repaired image is the result of the finest image inpainting.

4. Results

In this section, a sky clouds dataset for training image inpainting method is introduced. The
basic content of the datasets and evaluation metrics in the experiment are demonstrated. Then, in the
experiment, several exiting infrared small target detection methods are compared with the proposed.
Ultimately, qualitative and quantitative analysis and discussion of experimental results are presented.

4.1. Datasets

Recently, many image inpainting methods specialize in processing RGB images, leading not
applicable to infrared images. For the purpose of obtaining high quality repaired results of infrared
images, a dataset of pure infrared cloud images is proposed for the training phase of image inpainting.
This dataset is composed of various cloud images. Images of the dataset are acquired by cropping and
segmenting original images in MATLAB 2019b. These images were made into a dataset containing

43,500 infrared background images including cirrus, stratus, cirrocumulus, etc. The part of the dataset
is displayed in Figure 4.

Figure 4. The part of train dataset. The dataset includes infrared images of various cloud formations.

do0i:10.20944/preprints202305.1075.v1
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Moreover, to evaluate the performance of the proposed framework, three public datasets are
utilized, including SIRST dataset [43], IRSTD-1k dataset [44] and IRSTD640 dataset [16]. The SIRST
dataset consists of 427 typical images and 480 instances of various scenes isolated from hundreds
of real-world videos. It is widely applied to detect infrared dim small targets [43]. The IRSTD-1k
dataset is a publicly available dataset consisting of many infrared dim small target images of complex
backgrounds, including 1,000 images that have varying-shape targets and low contrast and low SCR
background with clutters and noises and ground truth images corresponding to them [44]. The
NUDT-SIRST dataset is composed of composite images of 5 main background scenes and a few IR
images proposed in [45]. The MFIRST [32] dataset includes 9,956 training images and 100 test images.
These images come from realistic infrared sequences and synthetic infrared images [43]. The MFIRST
is utilized to train the model of the coarse detection module.

4.2. Implementation Details

The size of the original image is set 256 x 256. To ensure that the Region Proposal Network
acquires target candidate areas, the size of the anchor box is fixed as 10 x 10. In the proposed
framework, RPN and image inpainting method are trained respectively. RPN is trained separately by
the similar loss function of [15] in the MFIRST dataset [32]. Our training model of image inpainting is
constructed on the basis of the network, which has an even favorable repair effect on high resolution
color images in [22]. Therefore, for the purpose of convenience, one of the pretrained models (the
model for Places2 [39]) in [22] is employed as our start point of our model. The training of irregular
masks is from datasets of mask in [39]. The detail parameters of the model are similar to the training
process in [22]. The learning rate is set to 0.0002. We train our model for about 300K iterations. Our
model was trained on a GeForce RTX 2080 GPU (8G) with batch size of 8.

4.3. Evaluation Metrics Indicators

In this paper, in order to examine the performance of the proposed framework and compare
the effectiveness of different methods, as with many segmentation-based dim small target detection
methods, several evaluation metrics are adopted, liking precision rate, recall rate, F-measure and
receiver operating characteristic curve (ROC).

F-measure: F-measure is a primary evaluation metric in object segmentation methods [33]. It
balances precision rate (Prec) and recall rate (Rec) to favorably represent the ability of precisely
detecting targets with fewer false alarms. The Prec and Rec are defined as follows.

Tp
Prec = , 2)
Ty + Fp
Tp
Rec = — L 3)
Tp —+ FN

where Tp and Fp denote the number of successfully detected target pixels and background pixels that
are incorrectly detected as targets, respectively. Fy denotes the number of ground truth target pixels
that are mistakenly recognized as background. The F-measure is defined as [32] by Prec and Rec,

(1 + B?)Prec * Rec

F — measure = ,
B?Prec + Rec

(4)

where f is a constant. In the paper, it is set as 1. Thus, the F-measure is named as F1-measure (F1).

Receiver Operation Characteristics: Receiver Operation Characteristics (ROC) is a target level
metric that is utilized to record and represent the tendency of the detection probability (P;) under
different false alarm rate (F;). The detection probability (P;) and false alarm rate (F,) are defined as
[33]:
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Pd _ Ttrue c%etections/ (5)
gt
P,
Fa _ p‘false , (6)
image

where Tirye detections and Tgr denote the number of targets that are truly detected and ground-truth
targets, respectively. Pgjse and Pimage represent the number of the false detection pixels and total pixels
of images. Here, if the distance between centers of the ground truth and the predicted result is less
than 4 pixels, the predicted result is regarded as a correct detection. Otherwise, the result is viewed as
false.

4.4. Contrast Methods and Parameter Setting

To assess the detection performance of the proposed framework for different scenarios, in
this part, we implemented comparison experiments employing different principles of comparative
methods. Conventional methods include background prediction-based, local feature-based and sparse
matrix-based approaches like Top-Hat [24], Local Intensity and Gradient properties (LIG) [29], Average
Absolute Gray Difference (AAGD) [30], Multiscale Tri-layer Local Contrast Measure (TLLCM) [9],
Non-convex Rank Approximation Minimization (NRAM) [31] and Partial Sum of the Tensor Nuclear
Norm (PSTNN) [46]. In recent years, many deep learning-based infrared small target detection
methods have been proposed, liking Attentional Local Contrast Network (ALCNet) [14], Dense Nested
Attention Network (DNANet) [33], Attention-Guided Pyramid Context Network (AGPCNet) [34],
etc. In this paper, the parameter settings of these traditional methods are chosen according to the
parameters suggested in their papers, as illustrated in Table 1. For methods based on deep learning,
the optimal models from the original papers are adopted as the detection network models.

Table 1. The parameters of the conventional methods.

Methods Parameters
TopHat structure shape: square, size: 5 x 5
LIG window size: 11 x 11, k = 0.2
internal window scale: [3, 5,7, 9],
AAGD external window size: 19 x 19
TLLCM Gaussian kernel size: 3 x 3, scale: [3, 5,7, 9]
NRAM  patch size: 50 x 50, slide step = 10, A = \/min(m, n)
PSTNN patch size = 40, slide step = 40, A=0.7

4.5. Contrast Experiment Results

Qualitative Comparison. For comparing the performance of these algorithms by visual
comparison, several images with various backgrounds are selected as the comparative data. Figure 5
illustrates these raw infrared images, where targets are marked by red boxes. Figure 5(1, 2, 5-7) contain
complex background clutters. The background of Figure 5(1) consists of trees. In Figure 5(2), targets
are filled with mountains and a number of bright backgrounds. The building noise affects infrared
dim and small targets in Figure 5(6) and (7). The backgrounds in Figure 5(3), (4), (5) and (8) are flatter,
which is composed of irregular clouds, smooth natural and artificial scenes. Figure 6 demonstrates
the results of comparative methods. In the figure, for conventional methods, since the results are
represented by the saliency map, we uniformly set the threshold to 0.3 x max_value. Meanwhile, to
conveniently compare the detection performance of various methods, results of these algorithms are
normalized to be in the range of 0-1. In Figure 6, small targets are masked by red boxes and blue circles
to represent the clutter in results.
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Figure 5. The illustration of representative images, which contain a variety of backgrounds. (1), (2), (5)
The images of IRSTD-1k dataset[44]. (3), (6) and (8) are images of d IRSTD640 dataset[16]. (4) and (7)
are two samples of SIRST dataset[43].

Figure 6(a) and (g) are the 3-D representations of the original images and the ground-truth,
respectively. Intuitively, TopHat has a weak ability to detect small targets. Due to the morphological
filtering of backgrounds in local regions, a large amount of background clutter is remained in results,
even drowning out targets. LIG, AAGD, and TLLCM all focus on local information, so detection results
are better than TopHat in visual terms. In the case of relatively smooth backgrounds, LIG and AAGD
are able to detect small targets; however, there is still background noise in results. On the contrary, they
achieve poor detection performance for the complicated background with building edges, complex
ground and strong cloud clutters. TLLCM is able to separate small targets from the background better,
except for the scenes of Figure6(a2), (a3) and (a6). Especially, when TLLCM processes multi-target
images, the second target is severely weakened, as shown in Figure 6(k3) and (k6). NRAM and PSTNN
convert the problem of target detection to that of sparse matrix separation, nevertheless, in Figure
6(f1-f7) and (h1-h7), background clutters are separated as targets with a high false alarm rate, even
with failure in detecting Figure 6(a4). ALCNet, DNANet and AGPCNet are the state-of-the-art deep
learning-based methods with higher accuracy and lower false alarm rate compared to the traditional
methods. Unfortunately, the results of ALCNet contain a lot of noise when dealing with complex
backgrounds and in the Figure 6 (a3) and (a4) scenarios, it cannot even successfully detect targets.
DNANet missed the real target and detects the background as the target during detecting Fig 6(a4). In
the case of multiple targets, such as Figure. 6(a3), (a4) and (8), three deep learning-based methods,
suffer from detection misses. Our method performs local background prediction on target candidate
regions generated in coarse detection module to detect dim and small targets. In comparison, as
demonstrated in Figure 6(11-15), our proposed algorithm can achieve the detection of targets better,
although the results contain individual clutter in some scenarios.
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Figure 6. Cont.
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(a6) (b6) (c6) (d6) (¢6) (f6)

(e8) (h8) (8) (19} (k8) (13)

Figure 6. The processed results of the five images in Figure 5 by different methods. (al-a8) The 3-D
mesh representations of five images in Figure 5, respectively. (b1-b8) The Top-Hat. (c1-c8) The LIG.
(d1-d8) The AAGD. (el-e8) The TLLCM. (f1-f8) The NRAM. (g1-g8) The Ground-Truth. (h1-h8) The
PSTNN. (i1-i8) The ALCNet. (j1-j8) The AGPCNet. (k1-k8) The DNANet. (11-18) The proposed method.

Quantitative Comparison. ROC curves and Fl-measure-threshold curves of contrast methods on
three public datasets are shown in Figure 7 and Figure 8, respectively. The horizontal axis of Figure 7
is the false alarm rate and the vertical axis is the detection rate. In Figure 8, the vertical axis and
horizontal axis are the F1-measure (F1) and threshold, respectively. ROC is a metric that shows the
potency of the method by applying different threshold. It can be seen that the proposed method has
better effects than methods. Especially, in Figure 7(ii), the proposed algorithm obviously outperforms
other comparison algorithms but lower than DN ANet. Our method rapidly converges to the highest
detection rate when F, < 2 x 1075, even reaching 95%. As demonstrated in Figure 7(iii), although the
proposed algorithm is faster to be stable, the true positive rate is lower than the ALCNet, AGPCNet
and DNANet. For IRSTD-1k dataset, although many algorithms have a good and stable detection
curve, our framework is overall second only to DNANet. In contrast, our algorithm reaches steady
state faster than DNANet. F1 is an evaluation metric that balances detection rate and recall rate. The
F1 curves of our framework on IRSTD-1k and IRST640 datasets are better than other comparison
algorithms. Nonetheless, the F1 of ALCNet, AGPCNet, DNANet and PSTNN are higher than our
framework on SIRST dataset when the threshold value is in the range of 0 to 0.15. As the threshold
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value gradually increases, the F1 of our algorithm is gradually higher than the other algorithms, second
only to LIG.
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Figure 7. ROC curves of comparative algorithms on (i) IRSTD-1k dataset [44], (ii) IRSTD640 dataset[16],
(iii) SIRST dataset [43].

To further compare detection capabilities of each algorithm, we obtained the data in 2 by selecting
fixed thresholds from Figure 8.The Prec, Rec and F-measure of Table 2 is calculated by the F-measure
calculation method described in [32]. Here, the threshold of calculation is set to 0.15. The Prec reflects
the proportion of correct results in the results detected as a target, as shown in Equation (2). The
Rec denotes the ratio of the number of true results and the total number of targets, as defined in
Equation (3). The F1-measure balances the performance of the Prec and Rec. Ideally, the Prec, Rec and
Fl-measure are both 1. In tables, the largest value has been bolded, while the secondly largest value
is masked by an underscore. For IRSTD-1k and IRST640, the Rec and F1-meansure of our proposed
method are both better than other methods, but the performance of precision rate is worse than
DNANet. Unfortunately, our framework is less advantageous compared to other algorithms in SIRST
dataset, since most comparison methods have similar metrics performance to the proposed algorithm,
as demonstrated in Table 2 SIRST. Though our detection framework is flawed in some aspects, its
capability to detect dim and small targets is improved over most algorithms. Finally, through a
quantitative evaluation of the metrics, we can see that our framework has a better performance than
existing methods. Moreover, these metrics represent our approach can work more stably for various
clutter and noisy backgrounds.
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Figure 8. F1-measure-threshold curves on (i) IRSTD-1k dataset [44], (ii) IRST640 dataset[16], (iii) SIRST
dataset [43].

Table 2. The average Prec, Rec and F1-measure of IRSTD-1k, IRST640 and SIRST datasets.

IRSTD-1k IRST640 SIRST
Prec (%) Rec (%) F1(%) Prec(%) Rec(%) F1(%) Prec(%) Rec(%) Fl (%)

TopHat 42.19 52.66 34.53 41.04 18.16 16.18 65.83 29.63 34.88
LIG 53.43 59.41 47.03 30.63 46.27 29.43 85.80 66.06 69.58
AAGD 25.63 56.27 25.31 1.83 25.94 2.69 61.05 66.14 53.56
NRAM 58.99 30.11 34.35 38.22 8.43 12.27 87.05 37.88 50.10
TLLCM 60.70 56.21 51.63 39.62 63.70 41.44 74.20 23.27 32.55
PSTNN 45.52 59.17 44.82 24.83 36.97 25.16 84.84 61.70 67.70
ALCNet 60.85 38.59 44.37 15.67 4.10 6.00 87.56 55.08 65.18
AGPCNet 55.37 50.58 49.85 28.56 11.63 14.88 83.03 66.59 70.91
DNANet 81.08 4241 52.99 86.59 22.66 34.59 89.17 43.93 57.02
Ours 67.16 65.83 61.20 7141 76.82 69.86 85.67 54.86 63.32

Methods

5. Discussion

As mentioned earlier, we propose a coarse-to-fine infrared dim and small target detection method,
which detects small targets via estimating the background of infrared images. In this section, the role
of two detection stages in infrared dim and small target detection are discussed from the results.

The proposed method is composed of coarse detection module and fine detection module. On
the one hand, the coarse detection module aims to set the background outside the candidate target
region by detecting the candidate targets. On the other hand, it generates the mask for next stages.
The fine detection module estimates the background inside the candidate target by that of outside
these areas through an image inpainting algorithm. The experimental results on the three datasets
demonstrate that the framework we proposed has a better accuracy performance on infrared dim and
small targets. As Figure 6(11-13) and (15-17) indicated, the background clutter (noise) also is detected in
results; however, the value of clutter is negligible in some results (11-13 and 17). As can be seen in Table
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2, the Prec, Rec, and F1 on the IRST640 dataset are 71.41%, 76.82%, and 69.86%, respectively, which
could meet the index requirements for the detection ability of many infrared scenes. The ROC curves
and Fl-measure-threshold curves on IRSTD-1k and IRSTD640 datasets indicate that the framework
has an outstanding performance over other methods.

In this paper, to conveniently illustrate the principle, two prior assumptions are made in Section
1: 1) Due to the higher pixel value of the target than the background, the background in the small
target neighborhood is estimated by the remaining image after eliminating the targets. 2) Since
the pixel structures of background clutter (noise) is different that of the target, the background in
suspicious target areas (building edges, highlighting noise, etc.) is predicted and similar with the
origin image. The coarse detection module obtains the target frame from the depth features in which
the candidate targets are generated by simple threshold segmentation. These candidate targets (real
targets, suspicious targets, etc.) are fed to the next stage in the form of masks. In this stage, the mask is
directly related to the performance of the detection result. As demonstrated in Figure 6(15) and (16), the
results contain a number of obvious background noise. From experiment, the ability of generating
masks is adequately presented. Following assumptions, the generation of masks is the key of the
whole algorithm. However, the mask generation still has unfriendly aspects due to the limitation of
training datasets and the neglect in networks for the feature of small targets. In the fine detection
module, the background within these areas is predicted by infrared image outside the candidate
targets. Ideally, the estimation of the background within non-targeted regions does not differ from
the infrared image. Unfortunately, the results in Figure 6 indicate that there are minor flaws in the
algorithm for the prediction of non-target regions. Therefore, subsequent research is still needed to
optimize the background generation to improve the target detection performance.

6. Conclusions

Generally, we proposed a coarse-to-fine deep learning-based framework for infrared dim and
target detection. In the coarse detection stage, RPN is utilized to generate target candidate areas,
where the mask for labeling candidate targets is obtained by threshold segmentation. Inpainting, as a
technology for predicting the background, is employed to restore the background of images by global
semantics information in these masks, which further optimizes the performance of target detection in
coarse detection. In the experiments, the proposed method is compared with other existing methods
on several publicly available datasets, verifying that the proposed method outperforms the current
existing methods in both subjective visual quality and objective quantitative measurements. However,
since the dataset for training the image inpainting algorithm is mostly sky cloud background, the
proposed lack of robust for infrared images with extremely complex backgrounds.
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