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Abstract

Recently, single-frame infrared small target (SIRST) detec-
tion with single point supervision has drawn wide-spread
attention. However, the latest label evolution with sin-
gle point supervision (LESPS) framework suffers from in-
stability, excessive label evolution, and difficulty in exert-
ing embedded network performance. Inspired by organ-
isms gradually adapting to their environment and contin-
uously accumulating knowledge, we construct an innova-
tive Progressive Active Learning (PAL) framework, which
drives the existing SIRST detection networks progressively
and actively recognizes and learns harder samples. Specifi-
cally, to avoid the early low-performance model leading to
the wrong selection of hard samples, we propose a model
pre-start concept, which focuses on automatically select-
ing a portion of easy samples and helping the model have
basic task-specific learning capabilities. Meanwhile, we
propose a refined dual-update strategy, which can promote
reasonable learning of harder samples and continuous re-
finement of pseudo-labels. In addition, to alleviate the
risk of excessive label evolution, a decay factor is reason-
ably introduced, which helps to achieve a dynamic balance
between the expansion and contraction of target annota-
tions. Extensive experiments show that existing SIRST de-
tection networks equipped with our PAL framework have
achieved state-of-the-art (SOTA) results on multiple pub-
lic datasets. Furthermore, our PAL framework can build
an efficient and stable bridge between full supervision and
single point supervision tasks. Our code is available at
https://github.com/YuChuangl205/PAL

1. Introduction

Single-frame infrared small target (SIRST) detection is one
of the key technologies in infrared search and tracking sys-
tems [12, 42, 66], which has been widely used in traffic
monitoring [31, 74], early warning [33, 63], and maritime
rescue [73, 78]. However, this task faces many challenges,
such as complex backgrounds, scarcity of intrinsic features
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Figure 1. Comparison of different methods on the SIRST3 dataset.
DLN Full, DLN Coarse, and DLN Centroid denote DLN-based
methods with full supervision, coarse and centroid point super-
vision. The curve trend of DLNs equipped with the PAL frame-
work is basically consistent with that of full supervision, whereas
DLNs with the LESPS framework [66] is not. In addition, com-
pared with the LESPS, using our PAL framework can improve by
8.53%-29.1% and 1.07%-12.03% in the IoU and P;.

and insufficient annotated data [31, 66-08, 74, 79]. Ex-
isting research mainly focuses on full supervision, but the
cost of pixel-level dense annotation is expensive. There-
fore, achieving high-performance SIRST detection with sin-
gle point supervision is both challenging and significant.
Early SIRST detection focus on model-driven meth-
ods [2—4, 8, 10, 13, 16, 20, 24, 45, 47, 53, 60, 72], which are
prone to instability due to static background assumptions
and hyperparameter sensitivity. Compared with model-
driven methods, deep learning networks (DLNs) are data-
driven and can automatically learn the nonlinear relation-
ship between input images and labels [30]. Different from
general targets, infrared small targets are small in size and
lack of intrinsic features. It is difficult to achieve sat-
isfactory detection results [66] by directly using existing
general target detection methods such as the YOLO se-
ries [49, 50, 56] and SSD [36]. Therefore, existing meth-
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ods focus on building proprietary SIRST detection networks
by leveraging domain knowledge [15, 67, 68, 74, 79, 811].
However, existing SIRST detection methods focus on full
supervision, which requires expensive pixel-level dense an-
notations. To reduce the annotation cost, Ying et al. re-
cently propose a LESPS framework [66] that combines the
existing excellent SIRST detection network with continu-
ous pseudo-label evolution to achieve SIRST detection with
single point supervision. However, from the Sec. A of Sup-
plementary Materials and Fig. 1, the LESPS framework has
problems such as instability, excessive label evolution, and
difficulty in exerting embedded network performance.

To address these problems, we attempt to build a new,
efficient and stable SIRST detection framework. Inspired
by organisms gradually adapting to their environment and
continuously accumulating knowledge, we came up with
an idea: The learning of network models should also be
Jfrom easy to hard? We believe that an excellent learning
process should be from easy to hard and take into account
the learning ability of the current learner (model) rather
than directly treating all tasks (samples) equally. On this
basis, we construct an innovative progressive active learn-
ing framework, which drives the existing SIRST detection
networks progressively and actively recognizes and learns
harder samples. Our PAL can be classified as automatic cur-
riculum learning (CL) [57]. However, unlike previous au-
tomatic CL that focuses on full supervision or other weakly
supervised tasks [27, 28, 52, 58, 84], this paper is the first
attempt to explore its derivation to single point supervi-
sion tasks and construct an effective learning framework
for SIRST detection with single point supervision. From
Fig. 1, our PAL achieves significant performance improve-
ments and builds an efficient and stable bridge between full
supervision and single point supervision tasks.

Specifically, first, to enable the network model to have
basic task-specific learning capabilities in the initial training
phase, we propose a model pre-start concept. Different from
the existing methods that directly use all samples with point
labels for training, it focuses on automatically selecting a
portion of easy samples and put them into the training pool
for initial training. For this task, an easy-sample pseudo-
label generation (EPG) strategy that does not require man-
ual annotation is constructed to achieve the initial selec-
tion of easy samples and the generation of their correspond-
ing pseudo-labels. Second, considering that the model af-
ter model pre-start phase has the ability to recognize some
hard samples and the pseudo-labels of samples in the train-
ing pool need to be refined, we construct a fine dual-update
strategy that includes coarse outer updates (COU) and fine
inner updates (FIN). Unlike the existing methods that per-
form only label evolution, the fine dual-update strategy not
only dynamically selects relatively easy samples from hard
samples into the training pool based on the capability of
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the current model, but also performs fine label updates on
samples that have entered the training pool. Finally, we ob-
serve an interesting phenomenon: the existing framework
has the problem that the evolution area does not shrink after
over-expansion. To solve this problem, a decay factor is ra-
tionally introduced to achieve a dynamic balance between
the expansion and contraction of target annotations. The
contributions can be summarized as follows:

We construct an innovative PAL framework that can
transfer existing SIRST detection networks to single point
supervision tasks and drive them to progressively and ac-
tively learn harder samples, thereby achieving continuous
performance improvements.

A model pre-start concept is proposed, which focuses on
automatically selecting a portion of easy samples and can
help models have basic task-specific learning capabilities.
For this task, we construct an EPG strategy to achieve
the initial selection of easy samples and the generation of
corresponding pseudo-labels.

A fine dual-update strategy is proposed, which can pro-
mote reasonable learning of harder samples and continu-
ous refinement of pseudo-labels.

To alleviate the risk of excessive label evolution, a decay
factor is reasonably introduced, which helps achieve a dy-
namic balance between the expansion and contraction of
target annotations.

2. Related Work

SIRST detection can be divided into model-driven non-
deep learning methods [2—4, 8, 10, 13, 16, 20, 24, 45, 47,
53, 60, 72] and data-driven deep learning methods [14,
15, 31, 62, 67, 68, 74, 79, 81]. Early research focus on
model-driven methods, including background suppression-
based methods [2, 4, 10, 47, 53], human visual system-
based methods [3, 8, 16, 45, 60], and image data structure-
based methods [13, 20, 24, 72]. However, these meth-
ods require careful hyperparameter tuning. Subsequently,
data-driven methods gradually replaced model-driven meth-
ods. Its research focuses on incorporating domain knowl-
edge [15, 67, 68, 74,79, 81] and optimizing network archi-
tectures [14, 31, 62]. These methods perform well in SIRST
detection with full supervision. However, pixel-wise dense
annotations are expensive, which motivates us to exploit the
more cost-effective point-level weak supervision [5].

Point-based supervision is of great significance and has
been widely studied in object detection [9, 43, 76], object
counting [1, 29, 71], and semantic segmentation [5, 11, 17,
19, 39, 46, 59, 64, 75, 77]. We focus mainly on image seg-
mentation in this paper. For weakly-supervised semantic
segmentation with point labels, existing methods focus on
general object segmentation [5, 11, 75] and panoptic seg-
mentation [19, 39, 46], where targets exhibit rich colors,
fine textures and often require multiple annotated points.
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Figure 2. The PAL framework. The purple ellipse area is the preparation pool, which contains samples that cannot be trained temporarily.
The blue ellipse area is the training pool, which contains samples that can be trained. Each shape refers to a different level of difficulty, and
the color depth refers to the refinement of the corresponding pseudo-label. The blue arrow denotes the EPG strategy. The green arrows and
red arrows denote the coarse outer updates and fine inner updates. 0.0, 0.2, 0.8 and 1.0 denote the division of the total training epochs.

Given the target characteristics and the single-point label
of this task, the above method is difficult to apply directly.
Currently, there is little research on this task, which can
be mainly divided into static pseudo-label generation meth-
ods [26, 32, 70] and dynamic pseudo-label evolution meth-
ods [65, 66]. The former often rely on additional prior or
auxiliary information, while the latter (such as the LESPS
framework) is more adaptable and has received wide-spread
attention. However, existing dynamic methods suffer from
instability, excessive label evolution, and difficulty in exert-
ing embedded network performance. Therefore, we attempt
to construct a new, efficient and stable framework.

Curriculum Learning (CL) is a training paradigm inspired
by the structured learning progression in human curric-
ula, where models are trained from easier to more diffi-
cult data [6]. It consists of two components: a Difficulty
Measurer and a Training Scheduler [57], and is categorized
into predefined CL [18, 22, 25, 35, 37, 44, 48, 54, 55] and
automatic CL [21, 23, 27, 28, 40, 51, 52, 58, 61, 83-85].
Predefined CL follows a manually designed training se-
quence, while automatic CL dynamically adjusts learning
based on model feedback, offering greater flexibility [27].
Unlike existing automatic CL methods that focus on full
or other weakly supervision, this work is the first to ex-
plore its derivation to single point supervision, specifically
for SIRST detection. Meanwhile, conventional automatic
CL suffers from early-stage misjudgments in sample dif-
ficulty [57]. The negative impact on our task will become
more significant. Additionally, the single-point label format
necessitates a rethinking of Difficulty Measurer and Train-
ing Scheduler design. Therefore, we attempt to address
these challenges and construct an innovative framework for
infrared small target detection with single point supervision.
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3. Methods

3.1. Overview

For fine-grained SIRST detection with single point supervi-
sion, we propose an end-to-end PAL framework adaptable
to all existing SIRST detection networks. From Fig. 2 and
Fig. 3, the training process consists of three phases: model
pre-start, model enhancement, and model refinement.

The model pre-start phase aims to give model the ini-
tial task-specific learning ability. Like a newborn, an un-
trained model has potential but requires simple knowledge
first. This is why existing methods that directly use all
samples with point labels for training have problems such
as unstable training and poor accuracy. Additionally, low-
performance models may misidentify hard samples, thereby
compromising final performance. Inspired by early mater-
nal guidance, we construct an EPG strategy to automatically
generate pseudo-labels for all samples, and divide them into
easy samples and hard samples according to the quality of
pseudo-labels. Only easy samples enter the training pool
for training with a fixed epochs (0.2 x total epochs). For
details, please see Sec. 3.2.

The model enhancement phase aims to make the model
progressively and actively recognize and learn harder sam-
ples to ensure the accumulation of new knowledge, and
to update the pseudo-labels of samples in the training
pool. Specifically, The model evaluates hard samples in the
preparation pool, transferring those with reliable pseudo-
labels to the training pool through periodic coarse outer up-
dates. Simultaneously, all pseudo-labels in the training pool
are iteratively refined via fine inner updates. It is like stu-
dents adjusting their misperceptions of acquired informa-
tion as their abilities grow. For details, please see Sec. 3.3.



I am a baby model. I am in a knowledge blank period.
Although I am a potential baby, the knowledge I can
“ accept now is limited. I need to prioritize acquiring
basic cognition and learning abilities.

I am a mother. I want to teach my children some
basic cognitive and learning skills, such as language
expression, logical thinking, concentration.

I am a student model. I now have basic cognition and
learning ability. I want to be a scientist. I think I need
to take the initiative to learn some more challenging
content or skills.

I'am a teacher. I am good at reasonably increasing the
difficulty of learning according to children’s aptitude
to promote their rapid ability improvement.

@ I am a graduate student model. I now have excellent

Progressive Active Learning

cognitive and learning abilities. To become an
excellent scientist, I need to further strengthen and
expand my abilities.

I am a expert model. I became a qualified scientist.

Figure 3. Schematic representation of progressive active learning.

In addition, inspired by teacher-guided learning, we intro-
duce additional guidance to dynamically adjust the diffi-
culty threshold based on the model’s capabilities, acceler-
ating learning and ensuring that the to-be-learned content is
learned in a timely manner.

The model refinement phase aims to allow the model to
fully learn hard samples and further refine pseudo-labels.
Specifically, the hard samples are periodically and gradually
added to the training pool in the model enhancement phase.
For hard samples that enter later, it is difficult to be fully
learned in a few periods. At the same time, as the model
continues to learn hard samples, its stronger detection abil-
ity can help further refine the pseudo-labels. Therefore, we
perform the fine inner updates periodically. This phase re-
sembles graduates refining their expertise through repeated
review and practice to achieve proficiency.

3.2. Model pre-start

Compared to directly training with point labels, selecting
easy samples that can generate high-quality pseudo-labels
for initial training can help the network establish basic
SIRST detection capabilities. Therefore, different from ex-
isting methods [66, 82], we propose a model pre-start con-
cept. Considering the detection scene, imaging characteris-
tics and target properties, infrared small targets are charac-
terized by small size, high brightness and a lack of strong
semantic contextual relationships with the surrounding en-
vironment [15, 31, 68, 81]. Some target areas can be de-
tected by model-driven methods. However, these methods
often lack robustness and are prone to false detections [81].
Therefore, we propose an EPG strategy to achieve the se-
lection of easy samples, as shown in Fig. 4.

To reduce background interference, we process local im-
age patches centered on the given point label instead of
the entire image. To accurately detect the target area, we

first use the Gaussian filtering to appropriately suppress the
noise. Second, the Canny operator [7] is used to extract the
target’s contour. Finally, a morphological closing operation
mitigates contour fragmentation and fills the enclosed area
to obtain the segmentation result.

To select easy samples and refine pseudo-labels, we
make full use of the point labels and the segmentation re-
sults. First, the given point label is used to assess connected
areas in the segmentation result. Areas containing the label
point and below a set threshold are identified as true targets,
while others are removed as false detections. Second, we
calculate the target-level recall rate, which is the proportion
of real targets that are correctly detected. If it is greater than
and equal to the set threshold (0.8), it is regarded as an easy
sample. Otherwise, it is a hard sample. Third, each seg-
mented image patch of the easy sample is added to a pure
black background with the original image size to generate a
pseudo-label. Finally, point labels are added to compensate
for missed targets, thereby refining the pseudo-labels.

The proposed EPG strategy selects easy samples with
high-quality pseudo-labels for initial training, enabling the
model to develop basic task-specific capabilities. This also
prevents hard samples from introducing excessive noise or
misleading information during the early training phase.

3.3. Fine dual-update strategy

The quality of pseudo-labels directly impacts the final
model’s performance. Unlike existing frameworks that di-
rectly iteratively evolve all point labels [66, 82], we propose
a fine dual-update strategy, consisting of a Coarse outer up-
dates and a Fine inner updates.

1) Coarse outer updates (COU): After the model pre-
start phase, the model has basic SIRST detection capabili-
ties. Based on it, we assess the remaining hard samples in
the preparation pool to select “easy samples” whose gener-
ated pseudo-labels meet the selection rules into the training
pool. The COU can be divided into three steps: determining
recognizable samples, eliminating false targets, and supple-
menting missed targets.

First, we need to assess hard samples in the preparation
pool that the current model can recognize:

_ {I € Easy Sample it Ry, < Ty & Ry < Ty

1
I € Hard Sample otherwise M

where R, and R denote the target-level missed detection
rate (the ratio of missed real targets) and false detection rate
(the ratio of incorrectly detected targets to real targets). T},
and Ty denote the corresponding thresholds. When there
is an intersection between the true point label and the pre-
dicted target area, the target is detected correctly.

Second, the selected easy samples undergo false target
elimination. Specifically, predicted target areas that do not
intersect with any true point label are directly removed. The
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Figure 4. The EPG strategy. The green boxes denote correct de-
tections. The red boxes denote error detections.

formula expression is as follows:
P, = P\{Ay € Py|Instersection(A¢, Lirue) = ¢} (2)

where P, and Pb denote the detection results before and af-
ter false target elimination. Ay denotes the predicted target
area. \ denotes the difference of sets.

Finally, the ground-truth point labels are incorporated to
mitigate missed targets and ensure effective learning.

Considering that the model will have stronger cogni-
tive and learning abilities after learning hard samples, we
periodically perform COU during the model enhancement
phase. This drives the model to progressively and actively
recognize and learn more harder samples without catas-
trophically forgetting easy samples.

2) Fine inner updates (FIU): Whether it is the easy sam-
ples that enter the training pool during the model pre-start
phase or the hard samples that continuously enter the train-
ing pool during the model enhancement phase, the pseudo-
labels they initially generate need to be refined. To solve
this problem, we construct a FIU. It is inspired by [66] and
effectively solves the potential problem of excessive label
evolution as shown in the Supplementary Materials. The
FIU is divided into three steps: candidate area extraction,
false area elimination and pseudo-label update.

For candidate area extraction, we first obtain the binary
label for the ny;, pseudo-label iteration. Second, the cen-
troid of each target connected area in the pseudo-label is ex-
tracted and the corresponding d x d local area in the pseudo-
label and prediction result is cropped. Finally, to highlight
the target area and reduce accumulated errors, we use adap-
tive thresholding to extract the local candidate areas from
the prediction results:

C:L = (Pyzl > Tadapt) (3)
Tadapt = maa:(P:L)(Tb + k(l - Tb)L:L/(hwr)) 4)

where C?, denotes candidate areas. P! and L!, denote the
prediction result and pseudo-label of the image patch. h and
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w denote the height and width of the image. T} and k are
both set to 0.5 [66]. r is set to 0.15% [14, 31].

For false area elimination, similar to Eq.(2), we use the
centroid of the target area in the pseudo-label to check
for intersections with the candidate areas. Candidate areas
without intersections are eliminated.

For pseudo-label update, we first restore the positions of
all refined candidate areas and use the maximum method
to combine them into complete candidate areas. Then, the
pseudo-label is updated:

N, = maX({Nn,CA'fl}) (5)
Lo+ Py

where ) is the decay factor. N, is initialized to a zero ma-
trix with the same size as the label. CA'jL denotes the refined
candidate areas of the image patch. P, and L,, denote the
prediction result and pseudo-label.

With the improvement of model capabilities and vari-
ous constraints, the evolution of the target annotation area
achieves a dynamic balance between expansion and con-
traction and generates more refined pseudo-labels.

3.4. Loss Function

For the SIRST detection task, the lack of intrinsic features
makes it difficult to accurately locate the target area [15, 68,
81]. Therefore, we introduce an edge-enhanced difficulty-
mining (EEDM) loss [80] to guide network optimization.
This helps alleviate the imbalance problem of positive and
negative pixels, and directs the model’s focus to edges and
difficult pixels during training. Specifically, EEDM loss
emphasizes pixel-level fine-grained detection, which con-
sists of two parts: edge pixel enhancement and difficult
pixel mining. On the one hand, the edge pixel enhance-
ment increases the focus on edge details by weighting the
loss of edge pixels, thereby enhancing the model’s learning
of important features. On the other hand, the difficult pixel
mining helps the model better focus on difficult-to-detect
target areas by filtering pixels with larger loss, thereby pro-
moting the model’s learning in complex areas and prevent-
ing small targets from being submerged by the background.
More details can be found in the Supplementary Materials.

4. Experiments

4.1. Datasets

Four public SIRST detection datasets are used in the exper-
iments, namely SIRST3 [66], NUAA-SIRST [14], NUDT-
SIRST [31], and IRSTD-1K [74]. They contain 2755, 427,
1327 and 1001 samples, respectively. We follow the par-
titioning in [31, 66] for NUAA-SIRST and NUDT-SIRST
and follow the partitioning in [66, 74] for IRSTD-1K. The
stability under limited samples can be evaluated on these



Table 1. ToU (%), nIoU (%), Py (%) and F, (10~°) values of different methods achieved on the SIRST3 dataset. NUAA-SIRST-Test,
NUDT-SIRST-Test and IRSTD-1K-Test denote the decompositions of SIRST3-Test to verify the robustness of the model.

Scheme Description SIRST3-Test NUAA-SIRST-Test NUDT-SIRST-Test IRSTD-1K-Test
IoU nloU Py F, IoU nloU Py F, IoU nloU Py F, IoU nloU Py F,

FKRW [T Filtering 1446 23.67 60.66 2250 | 2284 29.61 77.19 51.28 | 1470 24.11 58.10 10690 | 9.25 1589 5421 2232
MPCM I°7T Local Contrast 18.54 2680 71.96 123.76 | 42.92 4648 88.59 91.08 | 12.55 2046 64.34 550.90 | 21.36 26.78 81.48 191.34
NIPPS T Low Rank 18.82 2859 70.56 15.17 | 26.82 37.58 80.23 39.42 | 18.66 26.16 68.89 42.10 | 1493 27.07 67.34 3885
DLN Full 64.93 6489 9488 2097 | 67.61 67.57 92.02 10.36 | 65.77 65.65 9587 1595 | 61.92 59.55 9428 28.07

ACM 4 DLN Coarse + LESPS 3742 3520 84.12 50.13 | 43.66 41.51 8441 3794 3722 3301 8391 41.09 3409 3573 8451 60.98
DLN Coarse + PAL (Ours) | 51.51 54.07 92.89 39.18 | 58.66 60.09 87.07 24.49 5447 5442 9450 1521 4275 46.50 9293 63.05

\ DLN Full 65.69 66.68 95.02 34.60 | 70.33 69.49 94.68 13.72 \ 66.64 6832 9556 25.65 \ 61.60 5828 93.60 47.77

ALCNet 17! DLN Coarse + LESPS 4530 41.81 9196 4823 | 50.15 47.72 90.87 30.80 42.00 39.02 9238 4125 50.26 4471 91.58 58.81
DLN Coarse + PAL (Ours) | 57.11 60.22 93.95 37.20 | 65.54 65.79 93.16 22.09 58.60 60.68 94.50 34.88 49.74 52.77 9293 43.33

‘ DLN Full 7844 82.01 9522 17.99 | 71.28 7438 91.25 3457 \ 89.36 90.11 97.14 1344 \ 63.25 6338 9259 17.16

MLCL-Net ] DLN Coarse + LESPS 40.83 38.34 87.64 4521 | 4773 4491 9125 3444 3881 3514 8646 3771 4127 4190 8821 54.37
DLN Coarse + PAL (Ours) | 64.87 69.40 9495 2443 | 66.63 70.04 9354 24.08 7120 72.65 97.14 21.28 51.11 57.96 89.23 25.03

\ DLN Full 79.38 81.09 96.08 18.64 | 72.79 7536 93.54 20.92 \ 87.68 8821 97.57 13.03 \ 68.36  63.66 93.60 22.64

ALCL-Net [ DLN Coarse + LESPS 53.62 52.15 92.09 48.61 | 6270 60.92 91.63 20.44 5195 4952 9238 60.58 5228 5149 91.58 46.52
DLN Coarse + PAL (Ours) | 66.29 68.18 94.75 18.79 | 66.56 69.09 91.63 28.88 6895 70.58 96.83 1620 60.75 59.29 9091 18.14

\ DLN Full 81.96 8590 97.54 9.11 | 78.06 80.50 97.72 15.71 \ 9270 9337 99.05 577 \ 64.80 66.94 9259 10.04

DNANet ! DLN Coarse + LESPS 5752 55.09 9130 19.04 | 61.80 6132 9240 13.03 57.65 5341 9344 18.66 5456 54.02 83.50 21.01

DLN Coarse + PAL (Ours) | 67.20 70.20 96.15 10.86 | 70.35 71.99 95.82 2428 70.72 72.61 98.62 747 5733 60.33 8855 9.94

\ DLN Full 82.06 8534 97.74 12.76 | 7840 79.99 96.96 20.72 \ 92.07 9234 99.26 487 \ 66.68 67.88 93.60 17.08

GGL-Net "] DLN Coarse + LESPS 5898 57.16 9475 2047 | 6626 64.80 95.06 20.72 57.81 54.69 9545 13.56 5732 57.18 9226 26.11
DLN Coarse + PAL (Ours) | 68.52 71.69 97.14 16.69 | 71.21 74.02 9544 1742 7202 7392 9852 650 59.90 61.86 94.61 24.90

\ DLN Full 83.14 8529 9734 1544 | 76.64 7843 95.82 12.69 \ 9294 9329 9841 4.11 \ 70.04 66.19 9529 2555

UIUNet (%! DLN Coarse + LESPS 5243 52.86 93.09 16.92 | 58.55 60.66 90.11 20.37 52.03 5020 9450 12.18 49.71 53.35 9125 19.87
DLN Coarse + PAL (Ours) | 69.05 71.53 96.81 1545 | 66.05 69.21 93.54 1098 7421 75.61 9852 9.5 60.63 60.50 94.28 21.90

\ DLN Full 8346 8597 9741 17.15 | 7481 78.61 95.06 30.94 \ 93.62 94.03 99.26 9.67 \ 7098 67.16 93.60 19.51

MSDA-Net [#] DLN Coarse + LESPS 4626 4573 8538 36.16 | 5491 54.69 92.02 30.25 45.18 4248 8392 3532 43.16 4692 84.18 3849
DLN Coarse + PAL (Ours) | 69.38 71.55 97.41 16.34 | 71.67 7338 9696 11.59 72.62 73.86 9841 6.18 61.62 61.94 94.61 26.04

three datasets. SIRST3 is a multi-sample, multi-scene, and
multi-target dataset that combines NUAA-SIRST, NUDT-
SIRST, and IRSTD-1K. It can more effectively evaluate the
comprehensive detection capabilities. Consistent with [66],
we process the labels of the training set into two types:
Coarse point labels and Centroid point labels.

4.2. Implementation Details

Experimental Settings: We use the AdamW [38] opti-
mizer with initial learning rate of 1e”. The batch size is set
to 16. The total epochs is 400, which is divided into 3 parts:
0-0.2, 0-0.8 and 0.8-1. The cropped image patch in EPG is
20x20 pixels. We interestingly found that DLN-based mod-
els exhibit minimal false detections but significant missed
detections for this task. Since our strategy eliminates false
positive areas, we set Ty to a larger value to reduce its con-
straint. To ensure all samples enter the training pool during
model enhancement phase, the initial threshold of 7, is set
to 0.2 and increases linearly to 1 as the epoch increases.
The epoch period of COU and FIU is set to 5. During train-
ing, all images are normalized and randomly cropped into
256x256 pixel patches as network inputs.

Evaluation Metrics: We used two pixel-level evaluation
metrics of intersection over union (IoU) and normalized IoU
(nloU) [14] and two target-level evaluation metrics of detec-
tion probability (Py) and false alarm rate (£y) [31]. In ad-
dition, since the magnitude of F, is 10, its value is small
and prone to fluctuations. Therefore, we also evaluate the
model using a threshold-based approach, and the model is
judged invalid when F, > le™ [69, 82]. Invalid results are
highlighted in red.
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4.3. Comparison with SOTA Methods

We embed multiple excellent SIRST detection networks
[14, 15,31, 62,67, 68,79, 81] into our framework. For fair
comparison, we retrain all models with the same settings.
Meanwhile, we also conduct detailed comparative experi-
ments with various traditional methods [13, 47, 60] and the
latest LESPS framework [66]. More experiments such as
MCLC [32] can be found in the Supplementary Materials.

Evaluation on the SIRST3 dataset. From Tab. 1, when
the networks (UIU-Net, MSDA-Net) are embedded into the
LESPS framework for single point supervision tasks, they
fail to exert their performance advantages on full supervi-
sion. This is because LESPS directly uses all point labels
for training and starts label evolution at fixed loss or epoch
values, which can not accurately control the optimal tim-
ing for label evolution. In contrast, our PAL framework
addresses this issue effectively. The performance trend
of DLNs equipped with our PAL closely matches that of
full supervision. At the same time, compared to LESPS,
our PAL improves the IoU by 9.68%-24.04%, the nloU
by 14.53%-31.06%, and the P, by 1.99%-12.03% on the
comprehensive SIRST3-Test. The improvement is obvious.
Compared with the fully supervised task on the SIRST3-
Test, our PAL framework can reach 79.33%-86.94% on
IoU, 81.72%-90.30% on nloU, and has comparable perfor-
mance on Py;. Additionally, from the results on the three
decomposed test subsets, our PAL has stable performance.
Furthermore, from Fig. 5, DLNs equipped with our PAL
have target-level detection effects similar to those of full su-
pervision, and they are significantly better than the LESPS.



Table 2. IoU (%), nloU (%), Py (%) and F, (10~%) values of different methods achieved on the separate NUAA-SIRST, NUDT-SIRST,
and IRSTD-1k datasets. (213:214), (663:664) and (800:201) denote the division of training samples and test samples.

Scheme Description NUAA-SIRST (213:214) NUDT-SIRST (663:664) IRSTD-1K (800:201)
ToU nloU Py F, ToU nloU Py F, ToU nloU Py F,

ACM U DLN Full 65.67 63.74  90.11 24.01 6533  65.12  95.87 1292 | 6045 5370  92.26 46.06
ALCNet T DLN Full 66.41 65.18  91.63 35.26 69.74  70.67 9746 11.15 | 6247 5525 88.89 36.79
DLN Full 74.68 7650  95.82 28.74 94.03 9397 9873 7.721 6486 6335  91.25 23.23

MLCL-Net [°7] DLN Coarse + LESPS 41.31 41.13  90.87 43.22 53.55 4870 90.05 21.92 | 44.64 42.04 8822 36.42
DLN Coarse + PAL (Ours) | 68.76  70.75  93.92 39.10 74.00 73.71 95.45 9.40 5890 58.79  90.91 24.63

DLN Full 72.84 7259  95.06 17.01 92.80  93.01 99.05 221 65.56  65.03 91.58 9.68

ALCL-Net (%] DLN Coarse + LESPS 37.99 4191 90.87 35.54 4589  43.66 9048 3445 | 4946 4500  82.49 26.72
DLN Coarse + PAL (Ours) | 67.49  67.67  93.54 24.01 70.62 7256  98.31 7.93 5798 5336  88.22 20.61

DLN Full 76.40 7832  96.20 20.72 9517  95.19  98.94 2.00 69.06 6522  91.58 11.56

DNANet 1) DLN Coarse + LESPS 9.29 7.36 19.77 41572 | 48.10 4884 81.80 85.19 | 5099 47.61 85.52 25.49
DLN Coarse + PAL (Ours) | 66.57  69.73  90.49 27.44 7329 7470 98.10 22.08 | 5840 60.29 91.25 24.52

DLN Full 7547 7593 9734 20.65 9486 9493 9947 1.03 69.09 6552  92.59 13.68

GGL-Net 7! DLN Coarse + LESPS 55.17 5451 89.35 26.27 5739 56.67 91.75 2392 | 5090 48.12  86.20 27.73
DLN Coarse + PAL (Ours) | 63.46  64.31  90.11 25.73 7310 74.83 9820 13.12 | 60.72 57.05 90.24 40.20

DLN Full 78.02  76.85  96.58 14.68 95.07  95.10 98.73 0.21 7094 6432  91.25 10.57
UIUNet 1% DLN Coarse + LESPS 7.11 8.02 72.62  550.80 | 35.89 3312 7841  89.05 | 21.49 1829 7374 227.06
DLN Coarse + PAL (Ours) | 62.25  61.68  91.25 34.99 7489 7611  98.62 7.10 61.70  59.99  92.57 21.60

DLN Full 7673  77.78  96.20 21.75 9527  95.18  99.15 1.72 7098 6570  93.94 33.95

MSDA-Net '] DLN Coarse + LESPS 4339  49.33 88.59 27.37 41.60 3825 79.79 3442 | 4329 38.16 83.16 54.98
DLN Coarse + PAL (Ours) | 66.78  65.92  92.78 22.77 7448 7537 9746 1680 | 62.72 56.71  89.23 28.64

sl
- -
-
- -
- -
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Figure 5. 3D visualization on the SIRST3 dataset. The circles denote correct detections, the crosses denote false detections, and the stars
denote missed detections. From top to bottom: 2D image, 3D image, DLN Full, DLN Coarse + LESPS, DLN Coarse + PAL, True label.

Evaluation on three individual datasets. To further ex- presents detailed ablation experiments. From Scheme 1 and
plore the stability of our PAL framework under limited sam- Scheme 2, training directly with point labels will fail, but
ples, we perform separate training and testing on the three the network after applying the model pre-start will show
individual datasets. From Tab. 2, The PAL consistently out- significant performance improvement. This verifies the ef-
performs the LESPS with notably higher stability. These fectiveness of our model pre-start concept and EPG strat-
show that our PAL framework can solve the single point su- egy. From Schemes 2-4, whether using COU or FIU alone
pervised SIRST detection task with few training samples, can significantly improve the performance. In addition,
whereas the LESPS framework suffers from a high risk of from Schemes 2-5, when the COU and the FIU are used
failure. Specifically, compared with the LESPS, using the in combination, a significant performance improvement of
PAL framework improves the IoU by 7.41%-57.28%, the “141 > 2”is achieved. This fully verifies the effectiveness
nloU by 8.36%-62.37%, and the Py by 0.76%-70.72%. of the proposed fine dual-update strategy.

2) Decay Factor. As presented in Tab. 4, compared with

4.4. Ablation Experiment not using the decay factor (A = 1), using decay factors can

To fully validate the proposed PAL framework, we perform improve the segmentation accuracy. The IoU will increase
detailed ablation experiments. More experiments can be by 0.04%-1.48% and the nloU will increase by 1.10%-
found in the Supplementary Materials. 2.92%. At the same time, using a decay factor within a

1) Break-Down Ablation. To verify the effectiveness reasonable range will also lead to an increase in P;. We

of model pre-start and fine dual-update strategy, Tab. 3 finally set A to 0.97.
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Table 3. Break-down ablation experiments on the SIRST3 dataset.
MP is the model pre-start. Coarse denotes coarse point supervi-
sion. Centroid denotes centroid point supervision.

Scheme Variants MSDA-Net Coarse + PAL | MSDA-Net Centroid + PAL
MP COU FIU| IoU IoU Py F, | IoU nlIoU Py F,
Schemel | - - - | 1.23 2.60 4047 0.26 | 256 4.94 83.52 0.61
Scheme2| v X X [56.24 64.20 89.63 31.48|57.25 64.44 91.83 23.83
Scheme3| v v X |61.64 67.14 94.02 31.15]60.19 67.17 95.75 18.74
Schemed | v X / |61.66 66.78 93.42 39.47|59.81 65.38 92.89 25.06
Scheme5 v v/ [69.38 71.55 97.41 16.34|69.21 72.40 97.01 15.70

Table 4. Decay factor investigation on the SIRST3 dataset.

MSDA-Net Coarse + PAL
IoU nloU P, F,
67.90 69.67 96.68 18.96
68.02 70.94 96.74 19.13
68.92 71.20 96.88 19.02
69.38 71.55 9741 16.34
69.13 70.77 97.28 16.52

MSDA-Net Coarse + PAL
IoU nloU P, F,
68.96 71.40 97.41 15.76
68.92 72.00 9648 16.35
68.73 72.59 9641 18.66
67.94 71.30 96.15 20.36
68.11 71.60 95.55 29.45

A

1.00
0.99
0.98
0.97
0.96

A

0.95
0.90
0.85
0.80
0.75

Table 5. Comparison of different losses on the SIRST3 dataset.

Loss Function MSDA-Net Coarse + PAL MSDA-Net Centroid + PAL
IoU nloU Py F, IoU nloU Py F,

BCE loss 69.26 7148 97.08 15.98 | 69.19 71.67 96.74 14.25
Dice loss 64.38 66.64 94.68 39.83 | 65.18 67.71 95.61 35.61

Focal loss 68.89 7221 97.01 17.02|69.14 71.85 96.28 16.18

EEDM loss | 69.38 71.55 97.41 16.34|69.21 72.40 97.01 15.70

Table 6. Comparison of the PAL framework with different settings
on the SIRST3 dataset. MP denotes the proposed model pre-start.
MP-1 and MP-2 denote the model pre-start with all samples ini-
tially enter the training pool by setting the target recall threshold to
0 and directly carry the true point labels for remaining hard sam-
ples into the training pool. S denotes scheme.

Variants MSDA-Net MS[?A-Nel
s Coarse + PAL Centroid + PAL
MP MP-1 MP-2 COU FIU| [oU nloU P; F, |IoU nloU P; F,

S1|v X X X X |56.24 64.20 89.63 31.48|57.25 64.44 91.83 23.83
2| X/ X X X |32.86 4542 73.62 13.62|32.45 44.18 73.49 13.19
S3| X X v X X |25.72 38.26 61.53 14.14|28.77 41.86 71.56 11.67
sS4l v X X X V/ |61.66 66.78 93.42 39.47|59.81 65.38 92.89 25.06
S5\ x  V/ X X v/ |40.84 51.23 74.82 18.88|41.87 52.96 78.80 14.15
S6| X X v X V/ |36.67 48.88 71.10 12.10|37.13 48.75 75.08 11.37
S711v X X v/ 69.38 71.55 97.41 16.34(69.21 72.40 97.01 15.70

Figure 6. Epoch division investigation on the SIRST3 dataset. Red
denotes the optimal value.

3) Epoches Division. As presented in Fig. 6, when the
model pre-start interval is greater than 0.1 and the model
enhancement interval is from 0.1 to 0.4, the performance
shows an upward trend. This shows that subdividing all the
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hard samples multiple times will have a more positive per-
formance improvement. It is like a student model with basic
abilities that refines the content to be learned in more detail
and then learns from easy to hard. At the same time, when
the model refinement phase is eliminated or the model pre-
start interval is only 0.1, the performance of the network
will degrade. This proves the superiority of the 3-phase de-
sign in our PAL framework. In addition, when the model
pre-start interval is greater than 0.1 and the model enhance-
ment interval is greater than 0.3, the performance is stable.
It demonstrates the robustness of our PAL framework.

4) Loss Function. We compare EEDM loss with the bi-
nary cross-entropy loss, Dice loss [41] and focal loss [34].
From Tab. 5, compared with other losses, EEDM loss has
the best results. Using EEDM loss can improve the IoU by
0.02%-5.00% and improve the P; by 0.33%-2.73%.

4.5. Discussion of “From easy to hard”

To further discuss the proposed PAL that focuses on learn-
ing from easy samples to hard samples, we conduct detailed
experiments. From S1-S6 in Tab. 6, regardless of whether
FIU are added or not, the final model generated by all sam-
ples entering the training pool in the initial stage is far worse
than that of using only easy samples. This further verifies
the effectiveness of our model pre-start concept of learning
only easy samples in the initial phase. It’s like babies should
be given pronunciation exercises rather than forced to learn
calculus. In addition, from S4 and S7 in Tab. 6, compared
to using only easy samples, gradually selecting hard sam-
ples into the training pool based on the current capabilities
will again achieve significant performance improvements.
This further verifies the effectiveness of the idea of learn-
ing from easy samples to hard samples. More visualization
results can be found in the Supplementary Materials.

5. Conclusion

This paper proposes an innovative PAL framework for the
fine-grained SIRST detection with single point supervi-
sion, which drives the existing SIRST detection networks
progressively and actively recognizes and learns harder
samples to achieve significant performance improvements.
First, we propose a model pre-start concept, which can help
models have basic task-specific learning capabilities in the
initial training phase. Second, a refined dual-update strat-
egy is proposed, which can promote reasonable learning
of harder samples and continuous refinement of pseudo-
labels. Finally, to alleviate the risk of region expansion
without shrinkage, a decay factor is reasonably introduced
to achieve a dynamic balance between the expansion and
shrinkage of target annotations. Extensive comparison re-
sults demonstrate the superiority of our PAL framework.
We hope that our study can draw attention to the research
on weakly supervised SIRST detection.
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