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Abstract

Although existing Sparsely Annotated Object Detection
(SAOD) approaches have made progress in handling sparsely
annotated environments in multispectral domain, where only
some pedestrians are annotated, they still have the follow-
ing limitations: (i) they lack considerations for improving
the quality of pseudo-labels for missing annotations, and
(ii) they rely on fixed ground truth annotations, which leads
to learning only a limited range of pedestrian visual ap-
pearances in the multispectral domain. To address these is-
sues, we propose a novel framework called Sparsely An-
notated Multispectral Pedestrian Detection (SAMPD). For
limitation (i), we introduce Multispectral Pedestrian-aware
Adaptive Weight (MPAW) and Positive Pseudo-label En-
hancement (PPE) module. Utilizing multispectral knowledge,
these modules ensure the generation of high-quality pseudo-
labels and enable effective learning by increasing weights
for high-quality pseudo-labels based on modality character-
istics. To address limitation (ii), we propose an Adaptive
Pedestrian Retrieval Augmentation (APRA) module, which
adaptively incorporates pedestrian patches from ground-truth
and dynamically integrates high-quality pseudo-labels with
the ground-truth, facilitating a more diverse learning pool of
pedestrians. Extensive experimental results demonstrate that
our SAMPD significantly enhances performance in sparsely
annotated environments within the multispectral domain.

Introduction

Recently, multispectral pedestrian detection has gained at-
tention in computer vision (Chen et al. 2022, 2023; Kim
et al. 2024). Unlike single-modal detectors that use only one
modality (e.g., visible or thermal), multispectral pedestrian
detection combines visible and thermal images (Kim, Park,
and Ro 2021a; Kim and Ro 2023). Visible images capture
texture and color, while thermal images provide heat signa-
tures. Combining the two modalities enhances detection ro-
bustness across various conditions, including low-light envi-
ronments (Jia et al. 2021; Dasgupta et al. 2022) and adverse
weather conditions (Hwang et al. 2015).

However, multispectral pedestrian detection faces chal-
lenges due to frequently occurring sparse annotations, of-
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Figure 1: (a) Examples of sparsely annotated labels in mul-
tispectral domain. (b) In sparse annotation scenarios, multi-
spectral pedestrian detectors struggle to learn pedestrians.

ten caused by human errors in annotating small or occluded
pedestrians, even when they are present (Li et al. 2019).
In sparsely annotated environments, a real pedestrian might
be annotated as a pedestrian in some instances but not in
others (Figure 1(a)). This inconsistency causes the network
to struggle with effectively learning knowledge from both
modalities, resulting in a significant decline in pedestrian
detection performance (Figure 1(b)). For this reason, while
some existing multispectral datasets (Hwang et al. 2015; Jia
et al. 2021) have reached near-perfect annotation at high la-
bor and time costs, they may still have gaps, making robust
research in sparsely annotated environments essential.

To address the above-mentioned issue, Sparsely Anno-
tated Object Detection (SAOD) task has been introduced
(Niitani et al. 2019; Zhang et al. 2020; Wang et al. 2021,
2023; Suri et al. 2023). The task aims to generate pseudo-
labels to address missing annotations. Current methods in-
clude selecting high-confidence boxes from model predic-
tions (Niitani et al. 2019; Wang et al. 2023), adjusting loss
functions to incorporate both original and augmented im-
ages (Wang et al. 2021), and applying self-supervised loss
to avoid negative gradient propagation (Suri et al. 2023).
However, these methods often assume pseudo-labels are re-
liable, even when they are inaccurate or do not fully capture
pedestrian appearance. Furthermore, reliance on a fixed set
of ground-truth annotations makes it challenging to incor-
porate valuable missing annotations, limiting the ability to



learn about diverse pedestrian visual appearances.

In this paper, we present a novel method, Sparsely An-
notated Multispectral Pedestrian Detection (SAMPD), to
tackle the challenges of sparse annotation in the multispec-
tral domain. Our approach considers two main challenges:
(i) how to effectively learn multispectral pedestrian infor-
mation from pseudo-labels and enhance their quality, and
(if) how to integrate the identified missing annotations dur-
ing training to enable more comprehensive learning.

To address the challenge (i), we first adopt a teacher-
student structure, as used in existing SAOD works. However,
we newly introduce two modules: Multispectral Pedestrian-
aware Adaptive Weight (MPAW) and Positive Pseudo-label
Enhancement (PPE). The MPAW module aims to help the
student model learn multispectral modalities by assign-
ing higher weights to high-quality pseudo-labels based on
modality characteristics (single and multispectral). The PPE
module aligns feature representations to make high-quality
pseudo-labels more similar to each other, while distancing
them from low-quality pseudo-labels. We also consider the
uncertain pseudo-labels to prevent them from misguiding
the model. This approach allows the student model to learn
from more reliable pseudo-labels, thereby improving robust-
ness in environments with sparse annotations.

For the challenge (ii), we propose an Adaptive Pedestrian
Retrieval Augmentation (APRA) module. In sparsely anno-
tated environments, finding missing annotations by leverag-
ing diverse visual representations of pedestrians is crucial.
The APRA module adaptively attaches ground-truth pedes-
trian patches that best match the input image based on light-
ing conditions. Additionally, high-quality pseudo-labels are
dynamically integrated with the ground-truth. This dynamic
augmentation approach enriches the visual representation of
pedestrians, allowing the teacher model to generate more re-
liable pseudo-labels and enhancing the robustness of the stu-
dent model, which is our final detector during inference.

As a result, SAMPD effectively addresses sparsely anno-
tated settings by generating more reliable pseudo-labels. It
also improves performance in fully annotated scenarios, as
real-world images may still have missing annotations.

The major contributions can be summarized as follows:

* We propose the Multispectral Pedestrian-aware Adaptive
Weight (MPAW) module to adjust the learning of each
modality for improved pseudo-label learning.

* We introduce the Positive Pseudo-label Enhancement
(PPE) module to help our SAMPD generate higher-
quality pseudo-labels.

* We develop the Adaptive Pedestrian Retrieval Augmen-
tation (APRA) module to enrich pedestrian knowledge
by adaptively augmenting images and integrating high-
quality pseudo-labels into ground-truth labels.

Related Work

Multispectral Pedestrian Detection

Multispectral pedestrian detection has gained attention for
its impressive performance (Park et al. 2022; Hu, Zhang,
and Weng 2023; Xu et al. 2023; Zhu et al. 2023). AR-CNN
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tackles modality alignment issues (Zhang et al. 2019), while
IATDNN+IASS introduces illumination-aware mechanisms
for robustness (Guan et al. 2019). MBNet and AANet ad-
dress modal discrepancy (Zhou, Chen, and Cao 2020; Chen
etal. 2023), and MLPD proposes multi-label and non-paired
augmentation (Kim et al. 2021). ProbEn adopts late-fusion
with probability ensembling (Chen et al. 2022), and DCM-
Net uses local and non-local aggregation for contextual in-
formation (Xie et al. 2022). Liu et al. (Liu et al. 2024) im-
proves performance by utilizing illumination and tempera-
ture information. Beyond Fusion (Xie et al. 2024) introduces
a hallucination branch to map thermal to visible domains.
While these studies have shown promising detection per-
formances, they assume perfect bounding box annotations
(Kim, Park, and Ro 2021b,a; Kim and Ro 2023), which may
not be realistic in real-world scenarios. Challenges such as
differences between visible and thermal images, small or
occluded pedestrians, and human error can lead to imper-
fect (i.e., sparse) annotations. Existing methods struggle in
such scenarios. To address this, we introduce Sparse Anno-
tation Multispectral Pedestrian Detection (SAMPD), which
fully leverages multispectral knowledge to effectively gener-
ate and enhance pseudo-labels even with sparse annotations.

Sparsely Annotated Object Detection

When pedestrian annotations are incomplete, it can lead to
inconsistencies where pedestrians are misclassified as either
foreground or background. To tackle this issue, Sparsely An-
notated Object Detection (SAOD) has introduced. Pseudo
label methods (Niitani et al. 2019) establish logical connec-
tions between object co-occurrence and pseudo-label appli-
cation. BRL (Zhang et al. 2020) introduces automatic ad-
justments for areas prone to mislabeling. Co-mining (Wang
et al. 2021) jointly trains models using predictions from both
original and augmented images. SparseDet (Suri et al. 2023)
introduces a self-supervised loss to prevent negative gradient
propagation. Calibrated Teacher (Wang et al. 2023) validates
pseudo-label quality using a calibrator that distinguishes
positive from negative labels. However, existing methods
rely on the pseudo-labels without considering their qual-
ity. In contrast, our SAMPD enhances pseudo-label qual-
ity by integrating multispectral knowledge and incorporat-
ing filtered high-quality pseudo-labels through the Adaptive
Pedestrian Retrieval Augmentation (APRA) module.

Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) has proven to en-
hance the accuracy and reliability of generative Al, address-
ing the challenge of limited access to the latest information
after training phase. Initially developed for natural language
processing (NLP) (Lewis et al. 2021), RAG has proven
effective in various applications, including image caption-
ing (Ramos, Elliott, and Martins 2023; Sarto et al. 2022),
multimodal learning. Traditionally, it compensates for the
lack of information in high-accuracy modalities by storing
features of that modality in memory. We propose a novel
RAG method, i.e., APRA module, for effective multispec-
tral pedestrian detection. By leveraging the unique charac-
teristics of multispectral data, our APRA module enables
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Figure 2: Overall architecture of our SAMPD. Given the multispectral input image, the APRA module generates an augmented
image, which is then used as the input for the training phase. @ denotes the concatenation. During inference phase, only student
model is used for detection, and only the original input image (without augmentation) is utilized.

the learning of diverse pedestrian information. It helps create
a teacher model that generates more reliable pseudo-labels,
improving the overall accuracy of pedestrian detection.

Proposed Method

Figure 2 shows the overall architecture of our SAMPD in
the training phase. The APRA module retrieves m pedes-
trian patches to create augmented image pair. The teacher
and student model receive an augmented image pair and
encode through each modality backbone. Then, the teacher
model generates pseudo-labels and passes them to the stu-
dent model. The student model employs the MPAW mod-
ule that assigning higher weights to high-quality pseudo-
labels. The PPE module guides the pseudo-labels in the fea-
ture space to distinguish the high and low quality pseudo-
labels. Finally, the APRA enriches pedestrian knowledge by
adaptively augmenting images and integrating high-quality
pseudo-labels into the ground-truth annotation.

Multispectral Pedestrian-aware Adaptive Weight

As shown in Figure 2, we adopt a teacher-student structure
commonly used in SAOD methods. The student model, our
final detector, learns from pseudo-labels generated by the
teacher model. The multispectral data comprises visible (),
thermal (7), and fusion (F') modalities. To generate effec-
tive pseudo-labels in sparsely annotated scenarios, both the
teacher and student models are constructed with 3-way en-
coding paths, fully exploiting single-modal (V' and T') and
multispectral (F') knowledge during training.

However, some pseudo-labels from the teacher model
may be incorrect, capturing only parts of pedestrians or in-
cluding background elements. These errors can negatively
impact the performance of the student model and cause con-
fusion during training. To address this, we propose a multi-
spectral pedestrian-aware adaptive weight (MPAW) module
to increase the influence of reliable pseudo-labels and reduce
the impact of unreliable ones for each modality. This ap-
proach emphasizes high-quality pseudo-labels and reliable
modalities. For each modality ¥k = {V,T, F'}, we extract
N feature maps from the pseudo-label boxes of the stu-

dent model fk (&) — {f k(s)}N , and M feature maps from

the ground- truth labels fk = {fa S)}M 1- We then ap-
ply global average poolmg (GAP) to obtain latent vectors
k(s) {lk(g) Y, and lk(s) {lk( 2) M. . We compute the
modality weight for k modality, wk as deﬁned by:

szef?ax Aphien), O
a-f

d(a, B) = — 2, 2

(@) = AN @

where N and M denote the number of pseudo-labels and
ground-truth labels, respectively, and d(-,-) is the cosine
similarity We compute the maximum cosine similarity be-
tween 1 L ) and the closest vector in l . A high w* in-
dicates that the pseudo-labels for modality k closely match
the ground-truth labels, reflecting reliable quality, while a
low w" signifies less reliable pseudo-labels.
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Using w”, the detection losses £5™ from the 3-way en-
coding paths are computed as follows:
L =

T(s F(s)

= wvﬁdet + wTE + wFCdet , 3)

where L’ZS) represents the detection loss (Kim et al. 2021;
Kim, Park, and Ro 2021a) of the student model, includ-

ing the classification loss Efl(;) and the localization loss

Efo(;) for k modality. By applying Eq. (3), the teacher model

focuses on reliable pseudo-labels and modalities, enabling
more stable learning in sparsely annotated scenarios.

Positive Pseudo-label Enhancement

Through the MPAW module, the student model can learn
from the pseudo-labels. In addition, we introduce a Pos-
itive Pseudo-label Enhancement (PPE) module to enable
the teacher model to generate higher-quality pseudo-labels.

With l’;)(‘L) and lGT) from student model of £ modality (k =
V,T, F), we calculate the cosine similarity d(-,-) to con-
struct the positive (foreground) and negative (background)
pseudo-labels, which can be represented as:

a = argmax d(lfp(L),l (s ))

je{1,...,M}

“

We classify the i-th pseudo-label as positive pseudo-label,
if the similarity between the ¢-th pseudo-label and the most
similar ground-truth label exceeds the 7;. Conversely, if the
similarity is below 72, ¢-th pseudo-label is classified as neg-
ative pseudo-label. Also, the pseudo-labels with similarity
scores between 71 and 7, fall into an uncertain pseudo-label,
acting as a buffer to avoid bias towards either positive or neg-
ative, thereby improving the reliability of the learning pro-
cess. We set 71 = 0.9 and 7o = 0.7, respectively.

After the distinction, we devise a positive pseudo-label
guiding (PG) loss for the k& modality £%, which can be
represented as:

prL(p:) Zexp Ips P /T )

npL(pi) Zexp ) p /7). ()
pPL(pl)

=— 7

PG N Z PPL (pi) + npr(pi)’ 0

i=1

where p and n indicates positive and negative pseudo-labels,
N, and N, is the number of positive and negative pseudo-
labels, and T is the temperature parameter.

The purpose of the PG loss is to use the differentiated pos-
itive and negative labels from the student model to guide the
feature representations of positive pseudo-labels, promot-
ing those similar to the ground-truth labels provided by the
teacher model to move closer together. This process helps
train the teacher model to generate higher-quality pseudo-
labels. Since the PG loss is applied across visible, ther-
mal, and fusion modalities, it leverages diverse multimodal
knowledge, enhancing learning stability.
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Figure 3: Given an original image, our adaptive pedestrian
retrieval augmentation (APRA) module finds m pedestrian
patches from a ground-truth exemplar with similar bright-
ness to the original image (m = 1 example). The APRA
module uses the saliency map of the original image to locate
the region with the lowest saliency value and attaches the
resized m pedestrian patches, according to the ground-truth
bounding-box size, to this region. In addition, if the pseudo-
labels are considered reliable, the corresponding pedestrian
patch is included in the ground-truth exemplar and used as
ground-truth in the subsequent training process. ¢ denotes
the concatenation, while ® indicates the attaching process.

Adaptive Pedestrian Retrieval Augmentation

While MPAW and PPE modules effectively utilize pseudo-
labels, there remains a challenge due to the limited visual
diversity in ground-truth annotations within sparsely anno-
tated environments. To address this, we propose an Adaptive
Pedestrian Retrieval Augmentation (APRA) module that
adaptively integrates additional pedestrian patches into the
original image to enhance the ground-truth information.

Augmenting Images with Pedestrian Patches. Figure 3
shows the operation of the APRA module. A ground-truth
exemplar retrieves relevant pedestrian patches by selecting
m patches with the smallest brightness difference from the
original image. These patches are resized to the average an-
notation size for each image before being integrated into the
image. If no annotations are present, the patches are resized
to the average size of all annotations before being attached.
To ensure effective integration of these patches, we care-
fully select regions within the image, avoiding areas with
a low likelihood of containing pedestrians, such as the sky
or directly in front of vehicles. We define valid pedestrian
locations using the mean, variance, and standard deviation
of the y-coordinates from existing annotations within a 90%
confidence interval. A saliency map identifies regions with
a low probability of containing pedestrians, targeting these
areas for patch integration. By focusing on low-saliency
regions, the APRA module enhances the ground-truth
representation, leading to improved performance.

Dynamic Ground-Truth Refinement. Additionally, we re-



30% 50% 70%

Methods
All Day Night All Day Night All Day Night
Supervised 13.89 15.50 10.88 19.27 21.16 15.66 31.87 33.73 27.81
Pseudo label (CVPR’19) 11.95 14.09 8.14 18.09 21.00 13.33 29.43 31.24 26.00
BRL (ICASSP’20) 11.90 13.61 8.69 17.93 19.62 14.42 28.71 32.10 21.48
Co-mining (AAAI'21) 11.66 12.68 9.80 17.90 19.43 14.91 28.80 28.48 29.41
SparseDet (ICCV’23) 10.92 11.99 8.78 18.07 19.30 15.40 28.20 28.80 26.54
Calibrated Teacher (AAAI’23) 10.47 11.81 7.82 17.67 19.77 13.19 25.48 28.43 19.28
SAMPD (Ours) 8.56 10.55 5.62 15.27 17.28 11.15 23.52 26.15 17.87

Table 1: Sparsely annotated detection results (MR) on the KAIST dataset by varying removal percentages (30%, 50%, and
70%) for sparsely annotated scenarios. We compared our method with state-of-the-art SAOD methods that address sparsely
annotated scenario. Bold/underlined fonts indicate the best/second-best results.

fine ground-truth annotations by dynamically converting
pseudo-labels into ground-truth labels. This process uses w"
(k = V,T,F) from Eq. (1) and the classification score
of the pseudo-label. If both values exceed the threshold
71 (indicating high-quality pseudo-labels in the PPE mod-
ule), the pseudo-label is converted into a ground-truth label.
These converted labels are then integrated into the ground-
truth annotations, ensuring consistent recognition of reliable
pseudo-labels and improving model stability. Through the
APRA module, our framework achieves more reliable an-
notations, reducing gaps in ground-truth information within
sparsely annotated environments.

Total Loss
The total loss function of our SAMPD is represented as:

sum

Lomar = MLG + Xo(Lpa + Lpa + Lbg), (B

where L£2]" denotes the detection loss using. A\, and Ay de-
note the balancing hyper-parameters. Using the Lz, our
SAMPD shows the robust detection performance even in the
sparsely annotation scenarios.

Experiments
Dataset and Evaluation Metric

KAIST Dataset. The KAIST dataset (Hwang et al. 2015)
comprises 95,328 pairs of visible and thermal images,
enriched with 103,128 bounding box annotations to identify
pedestrians. We use a test set of 2,252 images to evaluate
performance. Following (Suri et al. 2023), we simulated a
sparsely annotated scenario by increasing the probability
of removing bounding-box annotations with smaller widths
from the training set. More details are in the supplementary
document. Finally, we removed 30%, 50%, and 70% of
the bounding-box annotations among the total annotations,
consistent with the ratios described in (Niitani et al. 2019).

LLVIP Dataset. The LLVIP dataset (Jia et al. 2021)
contains visible-thermal paired dataset for low-light vision.
It consists 15,488 visible-thermal image pairs. Following
the same protocol as the KAIST dataset, we simulated
a sparsely annotated scenario for the LLVIP dataset by
removing 30%, 50%, and 70% of the bounding-box annota-
tions from the total annotations.
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Methods MR APs

30% 50% 70% 30% 50% 70%

,,,,,, Supervised __ ___11.87 1425 17.77 9231 89.78 87.11
Pseudo label (CVPR’19) 1091 13.21 17.45 93.85 92.41 89.49
BRL (ICASSP’20) 10.93 12.74 17.24 94.46 93.37 90.89
Co-mining (AAAT’21) 10.88 12.89 16.51 93.37 91.97 88.92
SparseDet (ICCV’23) 10.06 12.60 15.82 94.34 91.80 88.97
Calibrated Teacher (AAAI'23) 941 1210 1557 95.27 9375 9151
SAMPD (Ours) 7.65 9.03 11.71 95.38 94.39 92.08

Table 2: Detection results (MR and AP5y) on the LLVIP

dataset by varying removal percentages (30%, 50%, and
70%) for sparsely annotated scenarios. Bold/underlined
fonts indicate the best/second-best results.

30%
MPAW PPE APRA "
All Day Night
T P S 1389 1550 _ 10.88

v - - 10.14 11.18 7.82
v v - 9.65 10.89 7.00
v - v 9.23 10.76 6.26
v v 8.56 10.55 5.62

Table 3: Ablation studies of our multispectral pedestrian-
aware adaptive weight (MPAW), positive pseudo-label en-
hancement (PPE), and adaptive pedestrian retrieval augmen-
tation (APRA) on the KAIST dataset (30% removal).

Evaluation Metric. Following (Kim, Park, and Ro 2022;
Kim et al. 2021), we measure the performance by adopt-
ing miss rate (MR), which is averaged over the range of
false positives per image (FPPI), spanning from [10~2, 10°].
The detection performance improves as the MR decreases.
Following (Kim et al. 2021), evaluations were conducted
across three distinct settings: ‘All’, ‘Day’, and ‘Night’. For
the LLVIP dataset, we also use Average Precision (AP) with
an Intersection over Union (IoU) threshold of 0.5 (AP5g).

Implementation Details

We deploy the SAOD methodology leveraging an SSD (Liu
et al. 2016) structure combined with a VGG16 (Simonyan
and Zisserman 2015) backbone. We optimize our frame-
work using Stochastic Gradient Descent (SGD) (Kiefer and
Wolfowitz 1952), coordinating the process across two GTX
3090 GPUs and processing 6 images in each mini-batch. The
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Figure 4: (a) Line graph of the changes in ground-truth annotations, and (b) visualization examples of the refined ground-truth.
It shows that our APRA module (‘Dynamic’) effectively captures missed annotations in sparsely annotated environments.

augmentation include random horizontal flipping, color jit-
tering, and cutout. Parameters are set withm = 1, 7 = 0.1
and A\; = Ay = 1. We train our detector for 80 epochs with
0.0001 learning rate. All experimental procedures are per-
formed utilizing the Pytorch framework (Paszke et al. 2017).

Comparisons

Results on the KAIST Dataset. Table 1 shows the per-
formance of our SAMPD with the state-of-the-art SAOD
methods (Niitani et al. 2019; Zhang et al. 2020; Wang
et al. 2021; Suri et al. 2023; Wang et al. 2023) on the
KAIST dataset. As removal percentages decrease from
70% to 30%, existing methods showed some improvement
over the baseline (‘Supervised’), which is trained only on
sparsely annotated bounding boxes. However, SAMPD
outperforms them across ‘All’, ‘Day’, and ‘Night’ settings,
with notable advantages at a 70% removal rate. It highlights
the effectiveness of our method in commonly encountered
real-world scenarios with sparse or missing annotations.

Results on the LLVIP Dataset. We also conduct experi-
ments on the LLVIP dataset by varying removal percent-
ages (30%, 50%, and 70%). As shown in Table 2, Cali-
brated Teacher (Wang et al. 2023) achieves the highest im-
provements among the existing methods. In contrast, our ap-
proach outperforms the Calibrated Teacher. By incorporat-
ing the proposed components during the training phase, our
SAMPD effectively addresses sparsely annotated scenarios.

Ablation Study

We conduct the ablation study to explore the effect of
the proposed modules, i.e., multispectral pedestrian-aware
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Augmentation MPAW PPE 30%
Methods All Day Night
Supervised - - 13.89 15.50 10.88

Robust Teacher (CVIU’23) v/ - 11.25 12.85 8.09
Ours (Static) v - 9.35 10.86 6.51
Ours (Dynamic) v - 923 10.76 6.26

Robust Teacher (CVIU’23) v/ v 1045 1244 6.82
Ours (Static) v v 8.88 10.57 6.29
Ours (Dynamic) v v 856 10.55 5.62

Table 4: Effect of pedestrian augmentation method. ‘Static’
refers to our APRA method without a dynamic adding mech-
anism and ‘Dynamic’ refers dynamic adding mechanism.

adaptive weight (MPAW) module, positive pseudo-label en-
hancement (PPE) module, and adaptive pedestrian retrieval
augmentation (APRA) module. We conducted the ablation
study with 30% sparsely annotated scenario on the KAIST
dataset. As shown in Table 3, with the consideration of
each module, the performances of our method are consis-
tently improved. When all our modules are considered, we
achieve the highest performance. In summary, our SAMPD
effectively learns pedestrian representations in sparse anno-
tation scenarios by: (1) reducing the impact of low-quality
pseudo-labels with the multispectral pedestrian-aware adap-
tive weight W41, in MPAW module, (2) using PPE module
to enhance the teacher model in generating higher-quality
pseudo-labels, and (3) incorporating a wide range of pedes-
trian patches through APRA module to enrich pedestrian
knowledge during training.



Dataset R All Day Night Dataset R  All
70% 23.52 26.15 17.87 70% 11.71
50% 15.27 17.28 11.15 50% 9.73

RABT 30%0 856 1055 562 MV 500 765
0% 17.58 7.95 695 0% 6.01

Table 5: Comparison of performance (MR) between our
SAMPD at different removal percentages (R: 30%, 50%,
70%) fully annotated baseline (0% annotation removal sce-
nario) on the KAIST and LLVIP datasets.

0% (Fully Labeled)
Day
Supervised 7.95

Calibrated Teacher (AAAI’23) 9.87 (-2.29) 11.25 (-3.30) 7.24 (-0.29)
SAMPD (Ours) 6.50 (+1.08) 6.85 (+1.10) 5.99 (+0.96)

Methods

Night

Table 6: Detection results (MR) of our SAMPD and Cali-
brated Teacher in the fully annotated setting (0% annotation
removal scenario) on the KAIST dataset.

Discussions

APRA Module (Static vs. Dynamic (Ours)). Our APRA
module has a dynamic property that uses high-quality
pseudo-labels as new ground-truths. Figure 4 illustrates the
changes over epochs during training on the KAIST and
LLVIP datasets. As shown in Figure 4(a), the number of
annotations increases progressively with each epoch. The
dynamic mechanism of the APRA module learns various
visual appearances of potentially missing pedestrians and
shows improved performance compared to the static ap-
proach (i.e., without dynamic refining), with improvements
such as 8.88 to 8.56 (KAIST dataset) and 8.58 to 7.65
(LLVIP dataset). In addition, Figure 4(b) demonstrates that
the dynamic mechanism significantly reduces annotation
sparsity, successfully filling in many previously missing
annotations.

Pedestrian Augmentation. To see the effectiveness of our
APRA module, we compared it with the recent pedestrian
augmentation approach, Robust Teacher (Li et al. 2023).
As shown in Table 4, while the Robust Teacher improved
performance over the baseline (‘Supervised’), our dynamic
approach of APRA module outperformed it. In fact, since
Robust Teacher does not account for scene-specific char-
acteristics (e.g., scene brightness, patch sizes, etc.) leads
to boundary bias and visual distortion from augmentation
that do not match the lighting conditions of the scene. As
a result, it performs worse compared to the static approach
(w/o dynamic refinement).

SAMPD in Sparsely-/Fully-Annotated Scenarios. Table 5
compares the performance our SAMPD at various removal
percentages (30%, 50%, and 70%) with the fully annotated
baseline (0% removal) on the KAIST and LLVIP datasets.
Our method at 30% removal percentage shows comparable
performance to the fully annotated scenarios of the baseline.
Interestingly, despite the 30% removal percentage of anno-
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Figure 5: Visualization of APRA module on (a) KAIST
dataset and (b) LLVIP dataset (left: visible, right: thermal).
Yellow boxes are pedestrian patches from APRA module.

tations in the KAIST dataset, our method shows an improve-
ment performance (1.33 MR) on ‘Night’ setting.

Also, Table 6 shows that applying our method in the 0%
removal scenario improves performance across all cases.
This demonstrates that our SAMPD, by diversifying pedes-
trian sample knowledge through the proposed modules, is
effective in both sparsely annotated environment and fully
annotated environment, where potential incompleteness
may exist.

Limitation. In SAMPD, while various results show the ef-
fectiveness of the APRA module, it currently offers only
image-level guidance and samples pedestrians based on
overall image brightness rather than individual character-
istics. Thus, exploring a method to effectively guide at
both the image-level and feature-level, considering individ-
ual pedestrian characteristics in addition to the entire image,
can be a promising avenue for our future work.

Visualization Results

Effect of Adaptive Pedestrian Retrieval Augmentation.
The APRA module enriches pedestrian information by at-
taching patches with similar brightness to the original im-
age, ensuring smooth integration. Figure 5 shows examples
of this augmentation of APRA module on the KAIST and
LLVIP datasets. The APRA module integrates these patches
without disrupting original image by placing them only in
low-saliency regions, preserving visual appearance of pedes-
trians. More examples are in the supplementary document.

Conclusion

We present a new framework for multispectral pedestrian de-
tection in sparsely annotated scenarios. Our method includes
three key modules: MPAW module to increase the transfer
weight of reliable pseudo-label knowledge, PPE module to
guide the teacher model in generating better pseudo-labels,
and APRA module to adaptively refine ground-truth annota-
tions with pedestrian patches. Experimental results demon-
strate the effectiveness of our approach in handling sparse
annotations. We believe our method provides valuable in-
sights for various sparsely annotated scenarios.
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