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Abstract. In recent years, foundation models have swept the computer
vision field, facilitating the advancement of various tasks within different
modalities. However, effectively designing an infrared foundation model
remains an open question. In this paper, we introduce InfMAE, a foun-
dation model tailored specifically for the infrared modality. Initially, we
present Inf30, an infrared dataset developed to mitigate the scarcity of
large-scale data for self-supervised learning within the infrared vision
community. Moreover, considering the intrinsic characteristics of infrared
images, we design an information-aware masking strategy. It allows for
a greater emphasis on the regions with richer information in infrared
images during the self-supervised learning process, which is conducive
to learning strong representations. Additionally, to enhance generaliza-
tion capabilities in downstream tasks, we employ a multi-scale encoder
for latent representation learning. Finally, we develop an infrared de-
coder to reconstruct images. Extensive experiments show that our pro-
posed method InfMAE outperforms other supervised and self-supervised
learning methods in three key downstream tasks: infrared image semantic
segmentation, object detection, and small target detection.

Keywords: Infrared Foundation Model · Infrared Image Segmentation
· Infrared Object Detection · Infrared Small Target Detection.

1 Introduction

Infrared imaging plays a crucial role and finds extensive applications in low-light
even dark and smoky conditions [9,25,60] since they utilize the thermal radiation
of objects for imaging, which can effectively alleviate adverse effects caused by
challenging environmental conditions. Currently, computer vision tasks in the
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infrared vision community, such as object detection [32, 33], and semantic seg-
mentation [28, 49], are explored by task-specific designed models. While these
models can yield superior performance on individual tasks, they are often chal-
lenged by their limited generalizability.

Visible Images Infrared Images Visible Images Infrared Images

Fig. 1: Visual comparison of infrared and visible images. Compared to visible images,
infrared images display diminished informational content due to their inherent lack of
rich texture and color details. For example, objects such as zebra crossings, telephone
poles, and road signs in the red box are often submerged in their surroundings due to
their similar temperature to the surrounding environment.

The foundation model refers to a large, general deep learning model that
learns extensive knowledge through pre-training on a large-scale dataset and can
be adapted to various downstream tasks by fine-tuning or prompting [1, 3, 42].
The Transformer-based model like ViT [12] is one of the representative vision
foundation models, which are trained on a large-scale dataset and outperforms
the ResNet-based method [23] on the downstream tasks. To better learn the pow-
erful representation of a foundation model from a large number of unlabeled data,
self-supervised learning is the primary choice [31]. The self-supervised learning
frameworks, such as BEiT [2], DINO [6], and Mask Autoencoders (MAE) [17],
achieve impressive performance across various downstream vision tasks [29, 45].
Notably, the MAE [17] has verified superior representation learning ability and
scalability. This model is pre-trained on the ImageNet-1K dataset [10]. Then,
the pre-trained encoder of the MAE [17] serves as a sufficient feature extraction
backbone, achieving excellent performance on classification, detection, and seg-
mentation tasks. Following the self-supervised learning frameworks, pre-trained
foundation models have emerged in various modalities, e.g., VideoMAE [50, 53]
in the video modality, Scale-MAE [43] in the remote sensing image modality, and
Point-M2AE [59] in the point cloud modality. However, a comparable foundation
model has not yet emerged in the infrared modality.

Intuitively, a feasible solution is to directly employ the pre-trained visible
MAE on infrared downstream tasks. However, as delineated in Section 5.6, our
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experimental findings suggest this is suboptimal, primarily due to significant dis-
parities in imaging characteristics between infrared and visible modalities. Fig. 1
illustrates these differences. We can observe that infrared images exhibit less in-
formation compared to visible images, which lack rich texture and color details.
For instance, objects like zebra crossings and power lines in Fig. 1 lack color
and texture information in infrared images, making them indistinguishable from
the surrounding environment. These differences cause a noticeable gap between
the infrared and visible modalities. The most straightforward strategy to miti-
gate this disparity is to train the MAE model on an extensive infrared dataset.
However, there appears to be a limited availability of a large-scale dataset in
the infrared modality. Consequently, it becomes important to build a large-scale
infrared dataset to facilitate the training of an infrared foundation model. In this
paper, we begin by gathering a large number of infrared images. Through image
preprocessing like reducing redundancy, we finally obtain an infrared dataset
named Inf30, which addresses the existing data scarcity within the infrared
modality.

Due to the less information on infrared images, directly applying the vanilla
MAE [17] architecture to the infrared modality is also a feasible but not the opti-
mal choice, as the experiment shows in Sections 5.2, 5.3 and 5.4. The vanilla MAE
adopts the random mask strategy. Directly applying this strategy to infrared im-
ages may cause the masking tokens to focus more on the information-poor part
which is less conducive to representation learning. Previous researches [21, 26]
argued that masking tokens with rich semantic information could improve the
representation learning ability of the self-supervised method, and introduced the
semantic-guided masking strategy. However, these methods do not account for
the unique characteristics of the infrared modality and require the addition of
new semantic-aware branches in the frameworks.

In this paper, we propose a simple yet effective foundation model in the
infrared modality named InfMAE that can be extensively generalized to down-
stream tasks, such as infrared semantic segmentation, object detection, and small
target detection. To enhance the representation capabilities for infrared images,
we design an information-aware masking strategy, which facilitates the selective
masking of regions with richer information without designing an additional com-
plex semantic awareness branch. In addition, we employ a multi-scale strategy
to enhance generalization capabilities in downstream tasks. Finally, based on the
characteristics of infrared images, we adopt a new infrared decoder module for
image reconstruction.

We summarize the main contributions of this paper as follows:

• We collect and preprocess a large number of infrared images, and finally
release an infrared dataset Inf30 for self-supervised learning, which consists
of 305241 infrared images.

• We propose the InfMAE, a simple yet effective foundation model in the
infrared modality. To the best of our knowledge, this is the first attempt to
build a foundation model within the infrared modality.
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• Considering the characteristics of infrared imaging, we design an information-
aware masking strategy and an infrared decoder. These designs enhance the
model’s ability to learn strong representations.

• The experimental results show that the method proposed in this paper out-
performs state-of-the-art methods, achieving the best performance in down-
stream tasks.

2 Related Work

2.1 The Foundation Model

The foundation models are trained on a large-scale dataset in a self-supervised
manner, making them adaptable for various downstream tasks [3]. The foun-
dation model can be categorized into four categories based on different inputs:
traditional models, textually prompted models, visually prompted models, and
heterogeneous modalities-based models [1]. Traditional foundational models usu-
ally take only images as input, such as ResNet [19] based on convolutional neural
networks, as well as ViT [12] based on the Transformer architecture. The textu-
ally prompted models like CLIP [42] and GPT-4 [39] took the textual prompt
and the image as the inputs, and the textual prompt established correlations be-
tween text and images, contributing to achieving zero-shot transfer. The visually
prompted models [22,37] could be prompted by various prompt types, e.g., text,
bounding boxes, or a semantical mask to get the target segmentation. The het-
erogeneous modalities-based models usually combine the various prompt types
and the aligned multiple paired modalities, e.g., image-audio, image-video, etc.,
to learn meaningful representations. The ImageBind [16] is the representative
work. In this study, we attempt to explore the traditional foundation model in
the infrared modality.

2.2 The Masked Image Modeling and Representation Learning

The Masked Image Modeling (MIM) [2,15,17,38] is an emerging self-supervised
learning approach, i.e., by randomly masking a part of the input image and then
reconstructing it. This learning method is simple yet effective in learning repre-
sentations with high generality from a large-scale of data for downstream takes.
BEiT [2] and MAE [17] are pioneering works. BEiT [2] used a bidirectional en-
coder representation to recover the original visual token based on the corrupted
image patches. MAE [17] pre-trained the ViT encoder by randomly masking
the image tokens, feeding the visible tokens into the encoder, and then recon-
structing the masked tokens through the decoder. Based on MAE, pre-trained
foundation models based on MIM learning have emerged in various modalities,
e.g., VideoMAE [50,53] in the video modality, Scale-MAE [43] in the remote sens-
ing image modality, and Point-M2AE [59] in the point cloud modality. However,
a MIM-based foundation model is not yet available in the infrared modality.

In addition to extending MIM methods to other modalities, methods also
focus on designing mask strategies and how to reconstruct images. Regarding the
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masking strategy, methods like MST [30] and ATTMask [21] utilized attention
maps to guide the masking strategy. SemMAE [26] used semantic information in
images to select mask regions. UM-PVT [27] adopted a unified mask approach for
masking learning. Regarding image reconstruction, some works [2, 11] adopted
tokens produced by VQ-VAE [52] or its variants.

In this study, we explore a new masking strategy and decoder structure for
infrared image reconstruction, according to the characteristics of infrared images.

Fig. 2: Some samples of the Inf30. The environments in the collected dataset encompass
skies, seascapes, forests, urban areas, suburban areas, lawns, and so on. The objects
include ships, vehicles, pedestrians, public facilities, residential buildings, and so on.

3 Pre-training Dataset Preparation: Inf30

3.1 Collection and Preprocessing

A large-scale dataset is essential for training the foundation model. Hence, this
study has constructed a dataset named Inf30. The diversity of the images is im-
portant for learning the generalized representation. Hence, we extensively collect
about 500K of infrared images from various websites [13, 20, 24, 40, 44, 46, 56].
However, the quality of these images is uneven. For example, the images ex-
tracted from the same video exhibit significant similarity, leading to a reduction
in image diversity. Additionally, some infrared images obtained from the internet
pose challenges due to their extremely low resolution. Consequently, we initiate
preprocessing all of the collected images to improve the quality of the infrared
dataset.

As for the issue of high similarity in infrared images, we initially selected
one image as the anchor. Subsequently, we eliminated those images that have a
closely resembling scene with the anchor image and retained images that exhibit
substantial dissimilarity. As for the issue of low resolution, we conducted data
cleaning by removing images with both width and height of less than 20 pixels.

After collecting and preprocessing the infrared images, we finally obtained
305,241 images. As illustrated in Fig. 2, the scene in our dataset encompasses
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skies, seascapes, forests, urban areas, suburban areas, lawns, and schools, while
the objects include various types of ships, vehicles, pedestrians, public facilities,
and residential buildings. The minimum resolution of images is 40 × 23, and the
maximum resolution of images is 6912 × 1024.

3.2 Detail Information Analysis

In this section, we analyze the detail richness of our Inf30 and the well-established
ImageNet-1K [10]. We employ the information entropy to measure the informa-
tion of an image, which can reflect the detail richness. The information entropy
is defined as follows:

H(X) = −
n∑

i=1

P (xi) · log2(P (xi)), (1)

where n is the number of brightness levels in the image, xi represents each
brightness level, and P (xi) is the probability of the brightness level in the image.
We calculate the information entropy of images in the Inf30 and ImageNet-1K
datasets. The average information entropy of Inf30 is 6.44, while the average
information entropy of ImageNet-1K is 7.19. This reveals that the visible dataset
exhibits richer information compared to the infrared image dataset.

Recognizing the low information richness of infrared images, this study in-
troduces an information-aware masking strategy to enhance the generalized rep-
resentation learning ability of the foundation model.

4 Method

4.1 Overview

As depicted in Fig. 3, the proposed InfMAE architecture consists of three prin-
cipal modules: 1) the mask block generation module, 2) the multi-scale encoder
module, and 3) the infrared decoder module. In the mask block generation mod-
ule, we adopt an information-aware masking strategy on input tokens to get
visible token IDs, mask_block1, and mask_block2, which are used in the multi-
scale encoder module. In the multi-scale encoder module, inspired by the MC-
MAE [15], we combine convolution and self-attention mechanisms to conduct
multi-scale representation learning for the visible tokens. In the infrared decoder
module, we integrate the multi-scale representation with the learned visible to-
kens for image reconstruction.

4.2 The Structure of the Proposed InfMAE

The Mask Block Generation Module Since infrared images lack color and
texture details, employing a random masking strategy, as done by the vanilla
MAE [17], would result in excessive masking of information-poor regions. This
could undermine the network’s capacity to develop robust representations from
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Fig. 3: The framework of the proposed InfMAE. It contains three modules: the mask
block generation module, the multi-scale encoder module, and the infrared decoder
module. The features connected by the red dashed lines in the multi-scale encoder
module are fed into the infrared decoder module.

infrared images. Hence, this study proposes an information-aware masking strat-
egy that can dynamically adjust mask tokens according to the image context.

Given an input image x ∈ RH×W×C , where C, H, and W denote the number
of channels, height, and width respectively. x is first input into the information
analysis part to get the intensity-wise feature map. The information analysis
part is a convolution with both the kernel size and stride set to 16. Then we
calculate the mean value of the intensity-wise feature map along the channel
dimension and obtain the gray value map I ∈ RH

16×
W
16 . After that, the gray

value map is flattened to N tokens, N = H
16 × W

16 . Meanwhile, these tokens are
arranged in descending order of their gray values, where a higher value means
that the information is richer. As depicted in the lower left corner of Fig. 3, each
box represents a token, and the number within the box is the sorted token ID.
After that, we perform the information-aware masking strategy on the sorted
tokens, with a sampling stride S. Specifically, we sample the sorted tokens at
an interval of S. The sampled tokens are the visible tokens and the rest are
masked tokens. Meanwhile, we record the orders of the visible tokens’ IDs and
the masked tokens’ IDs. These IDs are used as a reference for generating mask
blocks.

For mask block generation, we first obtain a binary value mask template
through the ID mapping according to the sorted tokens IDs. In the mask tem-
plate in Fig. 3, the white area is the visible token while the black area is the
masked token. Then we up-sample the mask template two and four times to get
the mask_block2 and mask_block1 for the following multi-scale learning in the
multi-scale encoder module.

The Multi-scale Encoder Module Inspired by previous works like MCMAE
[15] and ConvNeXt [54], we introduce a multi-scale encoder for visible token
learning. This multi-scale encoder module mainly contains three encoder layers,
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which are two CNN-based encoders, named encoder layer 1 and encoder layer 2,
and one Transorfmer-based encoder, named encoder layer 3. Such three encoder
layers can output feature maps with multi-scale spatial resolution, which are
F1 ∈ RH

4 ×W
4 ×C1 , F2 ∈ RH

8 ×W
8 ×C2 , and Ts ∈ Nv × C3, respectively. The Nv is

the number of the visible tokens. Specifically, we first input the image x into the
patch embedding 1 and encoder layer 1 to obtain the feature map F1. It should
be noted that after the patch embedding 1 and token-wise convolution, we obtain
the feature map E1 ∈ RH

4 ×W
4 ×C1 , and then we dot E1 and mask_block1 which

are obtained in mask block generation module to mask the original feature.
Finally, we follow [15] and adopt the convolutional attention (Conv Attention)
and FFN. Same as encoder layer 1, the F1 is inputted into patch embedding 2
and encoder layer 2 to obtain the feature maps F2 ∈ RH

8 ×W
8 ×C2 .

After the patch embedding 3 and a linear operation, the F2 is flattened into
N tokens T ∈ N × C3. Then, we select the visible tokens from the N tokens
according to the visible token IDs obtained by the mask block generation module.
Finally, we use the encoder layer 3 whose structure is the same as the ViT [12]
encoder layer, and obtain the learned visible tokens Ts ∈ Nv × C3.

The Infrared Decoder Module In this study, we combine the multi-scale
visible tokens and mask tokens and take them into the decoder for image recon-
struction. Specifically, we normalize the multi-scale features F1 and F2 to the
same size and then flatten them into the same shape with T . After that, we
obtain the visible tokens T1 and T2 according to the visible token IDs. Then, we
add all the values of visible tokens T1, T2, and Ts and concat both masked tokens
and visible tokens along the first dimension. Meanwhile, we restore the order of
these tokens based on the ID number in the mask block generation module. We
feed the restored tokens into the decoder for image reconstruction. It is worth
noting that infrared images lack many details and color information, so in this
study, we set the infrared decoder depth to 2 for image reconstruction, whose
structure is the same as the decoder of MAE [17].

The loss function measures the Mean Square Error (MSE) between the
masked patches of reconstructed image y and the original image x. The MSE
loss is defined as follows:

Lmse =
1

M

M∑
i=1

(yi − xi)
2, (2)

where the M means the number of images.

4.3 InfMAE for Downstream Tasks

After the self-supervised pre-training, InfMAE learns multi-scale feature maps,
which can be employed for existing infrared semantic segmentation, object detec-
tion, and small target detection methods. To finetune InfMAE for these down-
stream tasks, we extract the F1 and F2 obtained by the encoder layer 1 and
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encoder layer 2. Meanwhile, we reshape Ts to the feature F3 ∈ RH
16×

W
16×C3 and

downsample the F3 to F4 ∈ RH
32×

W
32×C4 by a convolution layer. It should be

noted that when finetuning InfMAE for these downstream tasks, the shape of Ts

is N × C3. Finally, F1, F2, F3, and F4 are input into the downstream methods.

5 Experiment

Initially, the proposed InfMAE is subjected to self-supervised pre-training using
the released Inf30 dataset. Then, to assess the generalizability and robustness
of InfMAE, it is applied to a series of downstream tasks. Finally, a series of
ablation studies are conducted to confirm the efficacy and validity of the InfMAE
framework.

5.1 Pre-training Setup

The framework of the proposed InfMAE is implemented using pytorch 1.12.0
and accelerated by CUDA 11.6 on 4 A100 GPUs. The sampling stride s of the
information-aware masking strategy is set by default to 4. The number of the
encoder layer 1, encoder layer 2, and encoder layer 3 are set to 2, 2, and 11,
respectively. Meanwhile, the Transformer-based encoder layer 3 with 768 feature
dimensions and 12 attention heads. The infrared decoder is configured with two
transformer layers, each having 512 feature dimensions and 12 attention heads.
For training optimization, we adopt a 400-epoch cosine learning rate schedule,
incorporating a 40-epoch warm-up phase. Optimization is achieved through the
AdamW [36] optimizer, which is set to a base learning rate of 1.5 × 10−4, a
weight decay of 0.05, and a batch size of 256. Additionally, random cropping is
employed as a data augmentation strategy during pre-training.

5.2 InfMAE on The Infrared Semantic Segmentation Task

Experimental Setup The MSRS [48] dataset is a semantic segmentation
dataset of 1444 paired infrared and visible images. The training set contains
1083 pairs of infrared and visible images and the testing set consists of 361 im-
age pairs. The images are categorized into eight major urban driving-related
classes (Cars, People, Bicycles, Curves, Car Stops, Guardrails, Color Cones, and
Bumps), providing a robust basis for urban scene analysis. In our experiments,
we use the infrared component of the MSRS dataset, referred to as MARS-inf in
the following description, to validate the performance of our method. We adopt
UperNet [55] and FCN [35], the hierarchical segmentation network headers, to
compare the effectiveness of pre-trained InfMAE with other SOTA methods. We
use a 24k iteration polynomial learning rate scheme with the first 1500 iterations
warmed up. The AdamW [36] optimizer is used, with an initial learning rate of
10e-4, weight decay of 0.05, and a batch size of 2.
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Results on The MSRS-inf In our comparative analysis, the performance of
the proposed method is evaluated against both supervised methods UperNet [55],
DeeplabV3+ [8], DNLNet [57], DDRNet [41], and self-supervised methods vanilla
MAE [17], MCMAE [15], UM-PVT [27]. We evaluate these methods using met-
rics such as the Intersection over Union (IoU) for each class, the mean Intersec-
tion over Union (mIoU) across all classes, and the mean accuracy (mAcc) for
all classes. The experimental results are shown in Table 1. We first combine the
encoder of the proposed InfMAE and the segmentation head of the Upernet [55]
and train the method from scratch in a supervised manner. Compared with this
method, leveraging the pre-trained weights of this encoder significantly enhances
performance, as shown in Table 1. Meanwhile, compared with other supervised
and self-supervised methods, the proposed method outperforms them a lot.

To evaluate the generalisability of the proposed InfMAE to other segmenta-
tion methods, we also use the FCN [35] head for semantic segmentation. As can
be seen in Table 1, the proposed method outperforms all the SOTA methods.

Table 1: Comparison with different semantic segmentation methods on the MSRS-
inf [48] dataset, where Sup. (Scratch) indicates training our method from scratch. The
bold and underline marks denote the best and suboptimal results, respectively.

Methods Backbone Model Car(%) Person(%) Bike(%) Curve(%) Car_Stop(%) Guardrail(%) Color_Cone(%) Bumb(%) mIoU(%) mAcc(%)
UperNet [55] Resnet50 - 82.6 67.2 64.2 47.3 55.1 56.6 53.9 65.9 65.6 74.7

DeeplabV3+ [8] Resnet50 - 84.2 69.5 63.7 45.1 54.7 68.8 44.5 58.8 65.2 73.8
DNLNet [57] Resnet101 - 86.7 66.5 68.0 50.5 57.7 56.7 50.3 69.6 67.0 75.7
DDRNet [41] - - 87.0 69.6 66.8 47.0 61.0 51.3 56.2 68.8 67.3 73.3
Sup.(Scratch) ViT-B FCN 75.4 63.7 55.9 36.4 49.1 46.9 28.6 55.7 56.5 63.4

Vanila MAE [17] ViT-B FCN 83.2 67.3 62.6 44.5 58.1 57.7 45.0 60.5 64.1 71.6
UM-VPT [27] VPT-S FCN 80.3 67.3 61.4 41.1 54.2 59.1 38.7 61.9 62.4 70.1
MCMAE [15] ViT-B FCN 86.5 68.8 66.8 55.0 68.3 67.0 52.3 72.7 70.6 78.7
InfMAE(Ours) ViT-B FCN 88.2 70.1 68.2 56.1 70.0 67.5 54.5 74.9 72.0 80.0
Sup.(Scratch) ViT-B UperNet 74.0 50.7 41.2 49.7 35.6 40.5 44.0 55.9 61.1 61.1

Vanilla MAE [17] ViT-B UperNet 86.6 72.3 66.0 56.2 69.7 70.2 54.9 68.1 71.4 78.2
UM-VPT [27] VPT-S UperNet 87.2 72.1 66.6 54.0 63.8 56.4 52.1 69.0 68.8 76.3
MCMAE [15] ViT-B UperNet 87.5 73.2 66.5 57.1 69.7 67.2 57.0 73.0 72.1 79.8
InfMAE(Ours) ViT-B UperNet 89.3 72.8 68.8 59.1 72.1 76.7 57.1 74.2 74.3 82.5

5.3 InfMAE on The Infrared Object Detection Task

Experimental Setup The M3FD [34] dataset is an infrared and visible tar-
get detection dataset that contains 4200 images. The dataset labels six targets
(People, Cars, Bus, Motor, Trucks, Lamps) during driving. We use the infrared
images from it for experimental performance validation. In the following descrip-
tion, we call this used dataset M3FD-inf. We follow the most common setting
to use the detection heads in Mask R-CNN [18] and Cascade R-CNN [4] and
fine-tune the pre-trained InfMAE model. We follow most of the settings of the
benchmark ViT [12]. We report the performance of the target detection model
under 25 epoch cosine scheduling with a base learning rate of 10e-4 and a weight
decay of 0.1. The batch size is set to 2.

Results on The M3FD-inf We compare the proposed method with the su-
pervised methods DETR [5], Sparse R-CNN [47], DINO [6], YoloV8 [51] and
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Table 2: Performances of different object detection methods on the M3FD-inf [34]
dataset, where Sup. (Scratch) indicates training our method from scratch. The bold
and underline marks denote the best and suboptimal results, respectively.

Methods Backbone Model People(%) Car(%) Bus(%) Motor(%) Lamp(%) Truck(%) mAP(%) AP50(%)
DETR [5] ResNet101 - 78.5 88.1 87.8 75.8 65.9 78.1 46.7 79.0

Sparse R-CNN [47] ResNet50 - 84.2 88.7 88.0 75.3 66.2 74.0 48.3 79.4
DINO [6] Swin-L - 83.2 87.5 85.6 61.5 60.4 73.5 45.3 75.3

YoloV8 [51] CSPDarkNet - 42.8 54.3 58.2 32.5 16.2 40.7 40.8 63.0
Sup.(Scratch) ViT-B Mask R-CNN 83.3 88.6 90.1 72.4 66.4 79.1 48.7 80.0

Vanilla MAE [17] ViT-B Mask R-CNN 84.8 89.6 93.1 76.0 76.5 80.5 51.4 83.4
MCMAE [15] ViT-B Mask R-CNN 87.8 90.8 93.1 87.7 85.9 84.9 55.7 88.4
InfMAE(Ours) ViT-B Mask R-CNN 87.9 90.7 94.6 87.1 85.2 83.2 56.2 88.1
Sup.(Scratch) ViT-B Cascade R-CNN 83.7 88.6 91.1 68.2 63.9 79.0 50.9 79.1

Vanilla MAE [17] ViT-B Cascade R-CNN 85.2 88.9 94.3 72.2 72.6 79.6 52.8 82.1
MCMAE [15] ViT-B Cascade R-CNN 85.6 90.4 93.1 76.8 80.9 83.7 54.7 85.1
InfMAE(Ours) ViT-B Cascade R-CNN 85.7 90.4 94.9 81.9 81.4 83.4 55.8 86.3

with the self-supervised methods vanilla MAE [17], MCMAE [15]. We report
the AP50 of each class, the mAP and AP50 of all classes’ performance of all
methods, and the experiment results are shown in Table 2. As shown in this
table, when combining the encoder of the proposed InfMAE and the detection
head of the Cascade R-CNN [4] method, the proposed method outperforms all
supervised methods. As for the self-supervised methods, the proposed method
outperforms most of the SOTA methods. We can observe a similar experiment
performance when using the head of Mask R-CNN method.

5.4 InfMAE on The Infrared Small Target Detection Task

Experimental Setup The IRSTD-1k [58] is a well-established infrared small
target detection dataset that contains 1000 infrared modal images with pixel-
level annotations. We replace the encoder in [33] with the multi-scale encoder
module in InfMAE. During the training phase, we adopt the AdamW [36] opti-
mizer with an initial learning rate of 0.001, a weight decay of 0.05, and a batch
size of 2.

Table 3: Performances of different infrared small target detection methods on the
IRSTD-1k dataset, where Sup. (Scratch) indicates training our method from scratch.
The bold and underline marks denote the best and suboptimal results, respectively.

Methods Backbone Pd(%) AUC(%) F1(%) IoU(%)
LPNetGA [7] - 77.1 60.6 50.8 34.1
DNANet [25] - 89.6 87.8 76.4 61.8

ISTR [33] ViT-B 85.8 86.1 69.4 53.1
Sup.(Scratch) ViT-B 86.1 86.1 72.6 57.0

Vanilla MAE [17] ViT-B 86.8 86.8 72.8 57.2
MCMAE [15] ViT-B 74.2 90.8 78.4 64.5
UM-VPT [27] VPT-S 99.6 88.9 73.5 58.1
InfMAE(Ours) ViT-B 96.6 91.2 79.5 66.0
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Results on The IRSTD We compare the proposed method with the su-
pervised methods LPNetGA [7], DNANet [25], ISTR [33], and with the self-
supervised methods Vanilla MAE [17], MCMAE [15], UM-PVT [27]. According
to the [14, 33], we report four main performance metrics: positive detection Pd,
AUC, pixel-level F1 score F1, and IoU in the table 3. From this table, we can
see that the proposed foundation model outperforms all the SOTA methods in
metrics of AUC, F1, and IoU.

5.5 Ablation Study of The InfMAE

Module Ablation In this section, we validate the effect of the information-
aware masking strategy and multi-scale strategy. We adopt the UperNet [55] as
the segmentation head and the Mask R-CNN [18] as the object detection head.
The results are shown in Table 4. From this Table, we can see that combining
the proposed information-aware masking strategy and the introduced multi-scale
strategy can achieve better performance in downstream tasks.

Table 4: Ablation study on the influence of the masking strategy and multi-scale
strategy. The IAM means the information-aware masking strategy.

IAM Multi-scale Seg_mIoU(%) Seg_mAcc(%) Det_AP50(%) Det_mAP(%)
- - 71.4 78.2 81.5 49.1
✓ - 72.0 79.4 78.9 50.1
- ✓ 72.1 79.8 86.3 55.0
✓ ✓ 74.3 82.5 88.1 56.2

Decoder Depth In this section, we analyze the effects of different decoder
depths on the experimental performance of downstream tasks. We set the de-
coder depth to 2, 4, 8, and 12 respectively, and we also adopt the UperNet [55]
and the Mask R-CNN [18] as the segmentation and object detection heads. The
experimental performance is shown in the table 5. From the table, we can see
that segmentation and detection gain the best result when the decoder depth is
2. From the experimental results, we can find that the infrared image does not
need a deep decoder because of its lack of texture, detail, and color information.
Meanwhile, we can observe from this table that the semantic performance is
more sensitive to the decoder depth.

Masking Strides In this section, we analyze the experimental performance
under different masking strides. For the mask strides, we select 2, 4, and 7, and
the experimental results are shown in the table 6. From the table, we can see
that when the masking stride is set to 4, the semantic segmentation metrics
mIoU and mAcc are the best, while the detection metric AP50 is suboptimal.
Considering that setting the sampling stride to 2 leads to an increase in the
model’s parameter count, we select a masking stride of 4.
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Table 5: The influence of increasing decoder depths on the infrared semantic segmen-
tation (UperNet) task and object detection (Mask R-CNN) task.

Decoder Depth Seg_mIoU(%) Seg_mAcc(%) Det_AP50(%) Det_mAP(%)
2 74.3 82.5 88.1 56.2
4 72.9 80.4 87.9 55.6
8 73.2 80.7 87.6 53.8
12 74.0 81.9 87.2 54.1

Table 6: The influence of different masking strides of the information-aware masking
strategy on the infrared semantic segmentation (UperNet) task and object detection
(Mask R-CNN) task.

Strides Seg_mIoU(%) Seg_mAcc(%) Det_AP50(%) Det_mAP(%)
2 74.2 82.0 89.3 56.1
4 74.3 82.5 88.1 56.2
7 71.8 79.9 88.0 54.9
14 70.4 - - 54.3

Pre-training Epochs For MAE, 1600 pre-training epochs can significantly
improve the quality of the learned representations. To explore this effect of pre-
training time, we train InfMAE with 200, 400, 800, and 1600 epochs and finetune
the pre-trained models on downstream tasks. The experimental results can be
seen in Table 7. From this table, we observe improved performances across most
downstream tasks with an increase in pre-training epochs.

Table 7: The influence of increasing pre-training epochs on the infrared semantic
segmentation (UperNet) task and object detection (Mask R-CNN) task.

Pre-train Epochs Seg_mIoU(%) Seg_mAcc(%) Det_AP50(%) Det_mAP(%)
200 71.3 78.9 87.4 55.4
400 74.3 82.5 88.1 56.2
800 74.9 83.1 88.3 55.9
1600 74.9 83.2 88.2 56.0

Pre-training Dataset Size Analysis In this section, we present the impact
of varying pre-training dataset sizes on downstream task performance, as docu-
mented in Table 8. The Inf10 and Inf15 contain 100K and 150K images which
are sampled from Inf30 and the Inf50 contains 500K unprocessed images. The
table indicates a progressive enhancement in performance with the increase in
dataset size from 100K to 300K while from 300K to 500K does not yield a pro-
portional increase. This phenomenon is likely due to the increasing similarity of
images within the larger dataset, which results in a limited representation learn-
ing ability of the foundational model. The lack of diversity in the dataset restricts
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Table 8: The influence of different pre-train data scales on the infrared semantic
segmentation (UperNet) task and object detection (Mask R-CNN) task.

Dataset Scale Seg_mIoU(%) Seg_mAcc(%) Det_AP50(%) Det_mAP(%)
Inf10 69.1 77.6 86.9 55.0
Inf15 73.0 - - 55.6
Inf30 74.3 82.5 88.1 56.2
Inf50 73.0 80.5 87.3 55.8

the model’s generalization ability to various downstream tasks. Thus, the find-
ings highlight the significance of dataset quality and diversity in pre-training for
optimal model performance.

5.6 Pre-trained on Inf30 and ImageNet-1K

In this section, we discuss the importance of the large-scale infrared dataset
in developing an infrared foundation model. To this end, the architecture of
the vanilla MAE [17] is utilized for pre-training by 400 epochs on both the
Inf30 dataset and the IN1K-30 dataset, the latter comprising 300k visible images
randomly sampled from the ImageNet-1K [10] for fair comparison. To assess
the generalization capabilities of the pre-trained models, we engage in infrared
semantic segmentation using the MSRS-inf [48] dataset with UperNet [55], and
infrared object detection on the M3FD-inf [34] dataset utilizing Mask R-CNN
[18]. This experimental setting is consistent with the MAE [17]. The mIoUs and
AP50 of vanilla MAE pre-trained with IN1K-30 are 66.7% and 78.2%, while
pre-trained with Inf30 are 71.6% and 83.4%. These results show that the MAE
[17] pre-trains on Inf30 exhibit stronger generalization capabilities in infrared
downstream tasks. This observation underscores that the distribution variances
indeed contribute to performance disparities. Hence, the release of a large-scale
infrared dataset is crucial for the development of the foundation model.

6 Conclusion

In this paper, we propose a foundation model in the infrared modality, named Inf-
MAE. We collect a dataset containing 305,241 infrared images for self-supervised
learning. Meanwhile, to enhance the model’s capacity to learn the generalized
representation, an information-aware masking strategy is proposed, which can
make the network pay more attention to the reconstruction of the information-
rich part of the image. Besides, based on the characteristics of infrared images,
we design a new decoder structure. Finally, we validate the effectiveness of the
proposed method InfMAE in infrared semantic segmentation, object detection,
and small target detection tasks. The experimental results show that our InfMAE
can obtain better experimental results than other supervised and self-supervised
methods. In addition, we discuss some parameters in the InfMAE. We hope that
the proposed foundation model InfMAE can promote the development of the
infrared vision community.
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