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Abstract

To address the challenges of infrared images under complex backgrounds, includ-
ing low contrast, strong background interference, and the limitations of embedded
deployment, this paper proposes ABFINet, an infrared target detection network
based on adaptive bidirectional feature interaction.Specifically, a lightweight
multi-scale convolution module is designed to enhance the feature extraction
capability of the backbone network while reducing the number of model param-
eters. Furthermore, an adaptive bidirectional feature interaction fusion module
is introduced to establish bidirectional interaction between the spatial bound-
ary information in deep semantic features and the fine-grained target features
in shallow layers, thereby improving the feature fusion ability for targets at dif-
ferent scales. Meanwhile, an adaptive fine-grained channel attention mechanism
is incorporated to highlight target-related information and suppress background
interference. In addition, a dynamic task-aligned detection head is designed to
improve target localization and classification performance. Finally, the LAMP
pruning strategy is employed to further compress model complexity while pre-
serving detection accuracy as much as possible.Experimental results show that,
compared with the baseline model, ABFINet improves mAP@0.5 by 6.2% and
4.9%, and APSmall by 7.8% and 8.0% on the FLIR and M3FD datasets, respec-
tively. Moreover, the number of model parameters is reduced by 72.5%, and the
model is successfully deployed on an embedded platform, achieving a real-time
detection speed of 24 FPS.
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1 Introduction

As one of the core technologies in the field of target detection, infrared target detection
is widely used in night monitoring, border and coastal security, UAV inspection, auto-
matic driving assistance and other scenes.Different from visible-light imaging systems
that depend on external illumination, infrared imaging systems generate images by
sensing the infrared radiation emitted from object surfaces. As a result, they are free
from the constraints of lighting conditions and are capable of providing clear imaging
under all-weather, extreme-weather, and nighttime environments [1]. However, under
complex background conditions, infrared images generally suffer from low contrast
and weak texture information. In particular, for small-scale and multi-scale targets,
discriminative features are highly susceptible to background interference, which often
leads to missed detections and false alarms[2]. In addition, embedded deployment
places stringent demands on the computational complexity and real-time performance
of detection models. Therefore, how to improve the robustness and accuracy of infrared
target detection in complex backgrounds while simultaneously achieving lightweight
design and real-time inference has become a critical issue in current research.

In recent years, deep learning has developed rapidly in the field of infrared tar-
get detection. Single-stage and two-stage models have achieved remarkable success
in visible-light detection tasks and have been widely introduced into infrared detec-
tion tasks. To address the challenges caused by low contrast and complex background
interference,Li et al.[3] employed a target enhancement module to exploit the intrinsic
prior knowledge of infrared images, amplifying the grayscale gradients at the bound-
aries between small targets and the background while suppressing gradient variations
within the background. Zhang et al.[4] proposed a dual-layer omnidirectional target
enhancement module to alleviate the low-contrast problem. Chen et al. [5] introduced
a dual-branch fusion framework to enhance infrared target feature representation in
complex scenes. Wu et al. [6] improved infrared image contrast and reduced noise by
incorporating an image enhancement module based on improved Gaussian filtering
together with a hierarchical feature extraction network. Although these methods have
achieved certain improvements in enhancing infrared image contrast, strengthening
small-target features, and suppressing partial background interference, they still suf-
fer from relatively heavy module designs, high computational and storage costs, and
insufficient adaptive regulation for targets at different scales and under complex back-
grounds. As a result, their performance remains limited in terms of real-time embedded
deployment and robustness in complex scenarios.

To meet the requirements of embedded and edge devices in terms of real-time
performance, power consumption, and storage, researchers have developed various
lightweight improvements for infrared target detection. Yan et al. [7] reduced the
number of model parameters and improved the detection efficiency of dim small tar-
gets in complex backgrounds by refining lightweight modules and network structures.
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Zhao et al. [8] proposed a lightweight shape-texture mutual-guided predictor-corrector
mechanism, which enhances local texture retention and target structure representa-
tion under a lightweight design, thereby alleviating localization deviations caused by
weak contrast and missing details. Li et al. [9] proposed a lightweight real-time detec-
tion model, termed TA-YOLOv11, which employs an improved bidirectional attention
aggregation block to achieve cross-level feature fusion and noise suppression, and has
been successfully deployed on the Jetson Orin Nano hardware platform. Although
these methods can reduce the complexity of network models to a certain extent, struc-
tural compression may weaken feature extraction capability, which in turn increases
the rates of missed detections and false alarms in scenarios with strong noise, thermal
interference, or complex background textures.

To address the trade-off between detection accuracy and resource efficiency, this
paper proposes an infrared target detection network based on adaptive bidirectional
feature interaction, termed ABFINet. The main contributions of this study are sum-
marized as follows:

1. Efficient Multi-Scale Convolution Module(EMSC): We propose a novel lightweight
multi-scale convolution module, which enhances the modeling capability of contex-
tual information at different scales through grouped multi-scale convolutions. By
expanding the effective receptive field while reducing the number of parameters
and computational cost, the proposed module improves the backbone network’s
multi-scale representation ability for infrared targets.

2. Adaptive Bidirectional Feature Interaction Module(ABFI): An adaptive bidi-
rectional feature interaction fusion module is proposed to enhance cross-scale
feature fusion by establishing a bidirectional interaction mechanism between
high-resolution and low-resolution features.

3. Dynamic Task-Aligned Detection Head(DATA): We design a Dynamic Task-
Aligned Detection Head, which enhances the feature interaction between classifi-
cation and regression through a task-aligned mechanism, while adopting shared
convolutions to reduce redundant parameters and computational overhead in the
detection head.

4. Layer-Adaptive Magnitude Pruning(LAMP):The LAMP pruning strategy is
employed to compress the model, further reducing the number of parameters and
computational cost while preserving detection accuracy, and the compressed model
is subsequently deployed and validated on an embedded hardware platform.

2 Related work

2.1 Traditional methods for infrared target detection

Traditional infrared target detection methods mainly focus on manually constructing
features based on the differences between targets and backgrounds in terms of grayscale
intensity, local contrast, and related characteristics in infrared images, and then
achieve target localization and recognition through threshold-based decision strate-
gies and filtering-based background suppression. Ma et al. [10] proposed an improved
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weighted local contrast method, in which the ratio information between the target and
the local background is employed as an enhancement factor, and a spatial-difference-
based weighting strategy is further introduced to highlight the target while suppressing
the background. Finally, adaptive thresholding is adopted to accomplish target detec-
tion, thereby reducing false alarms and improving overall performance in complex
low-altitude backgrounds. Wang et al. [11] performed candidate screening and coarse
scale estimation through a three-layer sliding-window scheme, and further introduced
an improved dual local contrast measure together with variance-based weighting coef-
ficients in the enhancement stage to suppress clutter. This design improves detection
performance while reducing the computational overhead caused by exhaustive multi-
scale traversal. Shi et al. [12], from the perspective of filtering-based segmentation,
designed a transformed Gaussian filtering kernel to achieve background suppression
and normalization, and then combined threshold-based preliminary screening with a
clustering strategy to obtain the final target regions, emphasizing a simple processing
pipeline and improved detection accuracy under relatively low computational cost. He
et al. [13], following a low-rank and sparse modeling paradigm, proposed a learning-
based background recovery framework. By integrating a local sparse dictionary with
balanced structural texture representation, their method separates background and
target through global low-rankness and local sparsity, while further enhancing small-
target responses via structural texture modeling, thus adapting to targets under
different brightness and scale conditions.

Although the above methods introduce more effective contrast measures, weighting
suppression strategies, modeling decomposition schemes, and spatiotemporal search
mechanisms at different stages, thereby improving the detection accuracy of traditional
algorithms to a certain extent, most of them still rely on prior assumptions regarding
target morphology and background statistics. As a result, their performance is highly
sensitive to scene variations, and they are prone to false alarms and missed detections
in scenarios involving complex background interference, strong noise, dense targets,
and occlusion. Consequently, their cross-scene generalization ability and robustness
remain limited.

2.2 Deep learning methods for infrared target detection

In recent years, deep-learning-based infrared target detection methods have achieved
significant improvements over traditional algorithms in terms of feature representa-
tion and cross-scene generalization, thereby alleviating the limitations of conventional
methods in complex background suppression and insufficient feature expression. In
infrared detection models based on deep learning, feature extraction and feature fusion
play crucial roles. Therefore, to enhance the feature extraction and fusion capability of
infrared targets, Zhang et al. [14] introduced contrastive vision-language pre-training
into infrared small target segmentation, where textual semantic prompts were used
to improve target discriminability and generalization in complex environments. Yue
et al. [15] proposed the IR-DETR framework and designed an efficient backbone net-
work to achieve effective representation and detection of infrared small targets in a
lightweight manner. Wang et al. [16] proposed a lightweight and efficient backbone
network for UAV infrared scenarios, which improves the robustness and accuracy of
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infrared target detection by suppressing background interference and enhancing tar-
get responses through multi-scale attention. Jiang et al. [17] developed a lightweight
improved network, which enhances small-target representation through a lightweight
backbone and fusion enhancement strategy, while further improving training and
localization performance by incorporating an improved regression loss. Xu et al. [18]
proposed a multi-domain feature fusion infrared detector and introduced a feature
injection module in the fusion stage to strengthen the interaction between channel-
wise and spatial information. Zhang et al. [19] enhanced feature representation through
attention-guided contextual modeling and pyramid-based multi-scale context fusion,
and further preserved small-target information by employing asymmetric fusion dur-
ing the upsampling stage. Chung et al. [20] introduced residual attention blocks into
the feature fusion network to strengthen feature interaction, while simultaneously
exploiting information from different layers through deep supervision. Gu et al. [21]
achieved the fusion of shallow spatial features and deep semantic features through a
coarse-to-fine spatial and channel reconstruction convolution strategy. Khan et al. [22]
proposed an innovative hexagonal attention framework that integrates multiple atten-
tion mechanisms for feature refinement. Yuan et al. [23] proposed a full-scale dynamic
pyramid fusion network to enhance target edge information. This method adopts a
two-stage strategy consisting of initial coarse extraction, dynamic refinement, and fea-
ture enhancement to improve detection performance.

Although substantial progress has been made in infrared target detection, existing
methods still suffer from insufficient detection performance and limited robust-
ness in both backbone design and feature fusion. In addition, some multi-module
fusion schemes further increase model complexity, which restricts their application in
resource-constrained scenarios.

3 Proposed methodology

The lightweight infrared target detection network ABFINet mainly consists of a back-
bone network, a neck network, and a detection head, as illustrated in Fig. 1. To enhance
the feature extraction capability of the backbone network while reducing the number
of network parameters, a lightweight multi-scale convolution module, termed EMSC,
is introduced. To improve the fusion capability of multi-level feature maps, an adap-
tive bidirectional feature interaction module, termed ABFI, is designed to effectively
enhance the feature representation ability of the network. To further strengthen the
classification and localization performance for small targets, a dynamic task-aligned
detection head, termed DTAD, is proposed, thereby improving the overall detection
performance of the model.

3.1 Efficient multi-scale convolution module

In infrared target detection, targets usually exhibit smooth edge transitions and weak
texture contrast, resulting in insufficiently salient feature responses. Meanwhile, small
targets are prone to detail loss and feature dilution during deep downsampling, whereas
targets with large scale variations rely more heavily on multi-scale contextual infor-
mation. These factors collectively lead to insufficient feature representation in network
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Fig. 1 ABFINet structure diagram

structures. To address this issue, this paper aims to enhance the multi-scale modeling
capability of the backbone network with lower computational overhead while main-
taining detection accuracy. Inspired by the efficient feature generation mechanism of
GhostNet [24], a lightweight multi-scale convolution module, termed EMSC, is pro-
posed, and its architecture is illustrated in Fig. 2.

Let the input feature map be denoted by X ∈ R
B×C×H×W , where B, C, H, and

W denote the batch size, the number of channels, and the height and width of the
feature map, respectively. First, the input feature map X is divided into two parts
along the channel dimension:

[X1, X2] = Split(X), (1)

where X1 ∈ R
B×C

2
×H×W and X2 ∈ R

B×C

2
×H×W . Among them, X1 is directly

preserved and delivered to the output fusion stage through an identity mapping with-
out convolutional computation. In this way, only half of the channels participate in
the subsequent convolutional operations, which reduces the computational cost while
retaining weak infrared texture information. Subsequently, a channel-wise splitting
operation is further applied to the learnable branch X2:

[Xi, Xj ] = Splitc(X2), (2)
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where Xi and Xj denote two sub-branches, with Xi ∈ R
B×C

4
×H×W and Xj ∈

R
B×C

4
×H×W .

Finally, the two sub-branches are processed by independent convolutional layers
with different kernel sizes. The corresponding computations can be formulated as

Yi = Conv3×3(Xi;Wi), Yj = Conv5×5(Xj ;Wj), (3)

where Convk×k(·) denotes a two-dimensional convolution operation, and Wi and Wj

are the corresponding convolution kernel parameters. The 3 × 3 branch is used to
capture the local fine-grained features of infrared targets, while the 5 × 5 branch is
employed to extract more global feature information of infrared targets.

Finally, the original identity branch and the two multi-scale convolution branches
are concatenated along the channel dimension. This design not only reduces the
number of model parameters and computational cost, but also more effectively
enhances the backbone network’s feature representation capability for infrared targets
in scenarios with weak texture, blurred boundaries, and significant scale variations.

3.2 Adaptive bidirectional feature interaction module

In infrared feature fusion, shallow features contain abundant detail and boundary
information and provide relatively accurate localization, but their semantic represen-
tation is weak. In contrast, deep features encode stronger semantic information, yet
they tend to lose target contours and fine details due to the reduction in spatial resolu-
tion. Traditional pyramid structures generally adopt a unidirectional top-down fusion
strategy and directly perform cross-level addition, which easily leads to mismatches
between semantic and detail information, introducing redundant and inconsistent fea-
tures. This issue is particularly pronounced in infrared scenarios characterized by weak
texture.

To address this problem, this paper proposes an Adaptive Bidirectional Feature
Interaction Module, whose architecture is illustrated in Fig. 3. Through a bidirectional
fusion mechanism between high-resolution and low-resolution features, the proposed
module enables semantic information and detailed information to be sufficiently cir-
culated and complemented across multiple scales, thereby improving the consistency
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and effectiveness of cross-scale features and enhancing the fused representation capa-
bility for infrared targets.

First, the shallow and deep features are fed into two Re-calibration Attention Unit
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(RAU) modules in a complementary cross-input manner. The outputs of the two RAU
branches are then concatenated and passed through a 3× 3 convolution, followed by
batch normalization and ReLU activation, to achieve effective fusion and enhancement
of cross-level features. The RAU module can be expressed as

X ′
1 = Wθ(X1), X ′

2 = Wϕ(X2), (4)

RAU(X1, X2) = X ′
1 ⊙X1 +X ′

2 ⊙X2 ⊙Θ(X ′
1) +X1, (5)

where X1 and X2 are the two input features, respectively; Wθ(·) and Wϕ(·) denote
the learnable transformations for the corresponding inputs; X ′

1 and X ′
2 denote the

transformed feature maps; and ⊙ represents element-wise multiplication.The symbol
Θ(·) denotes the inverse operation, which is implemented by subtracting the feature
Xi. In this work, a 1× 1 convolution is used as the linear mapping operation. Based
on the above design, the AFBIM can be expressed as

Y = Conv3×3

(

Concat
(

RAU(F s, F b),RAU(F b, F s)
)

)

, (6)

where Conv3×3(·) denotes a 3 × 3 convolution followed by batch normalization and
ReLU activation. F s and F b denote the shallow detailed features and deep semantic
features extracted from the backbone network, respectively.

Infrared images usually suffer from strong noise and low contrast, and cross-level
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feature interaction tends to introduce interference while weakening target responses.
To address this issue, an Adaptive Fine-Grained Channel Attention (AFGC) mech-
anism is introduced before the gating operation [25] . By constructing channel
correlation matrices via cross-correlation, the proposed mechanism captures inter-
channel dependencies and integrates multi-granularity associations between global
semantic information and local detailed information, thereby achieving adaptive chan-
nel recalibration. Specifically, the AFGC module first extracts global and local channel
features and then obtains the corresponding channel correlation weights through
cross-correlation operations. Subsequently, a learnable fusion factor is introduced to
adaptively combine the global and local channel weights. The computation process is
formulated as

W = σ
(

σ(θ)⊙ σ(Uw
gc) +

(

1− σ(θ)
)

⊙ σ(Uw
lc )

)

, (7)

F ∗ = W ⊗ F, (8)

where Uw
gc and Uw

lc denote the global and local channel weights, respectively; θ denotes
the learnable fusion factor; and F and F ∗ represent the input and output feature
maps, respectively. With this design, the AFGC module reduces redundant correlation
computation between global and local information, enhances target-related discrimi-
native representations, and suppresses infrared noise interference, thus providing more
reliable weight guidance for subsequent cross-level feature interaction.

3.3 Dynamic task-aligned detection head

In complex infrared scenarios, constrained by low contrast and small-scale imaging
characteristics, the regression learning of the localization branch is more likely to
become unstable. In addition, conventional detection heads usually adopt independent
classification and localization branches, which leads to insufficient interaction between
the two tasks and increases the rates of false alarms and missed detections for infrared
small targets in complex backgrounds. To address these issues, this paper designs a
Dynamic Task-Aligned Detection Head (DATA). Based on a shared feature extrac-
tor, the proposed detection head learns task interaction information from multi-level
convolutional features and constructs a joint feature representation. Its overall archi-
tecture is illustrated in Fig. 4.

Specifically, DATA first feeds multi-scale feature maps from different levels into
two groups of shared 3 × 3 convolutions for feature enhancement and normaliza-
tion, thereby reducing the computational complexity of the model. Then, inspired
by TOOD [26], the concatenated multi-scale feature F is fed into the Task-Aligned
Dynamic (TAD) module, which explicitly captures the interaction between classifica-
tion and localization tasks and outputs task-interactive features. The task interaction
process is formulated as

ω = σ
(

Fc2(δ(Fc1(x
inter)))

)

, (9)

where ω denotes the learned attention weight, Fc1 and Fc2 are two fully connected
layers, δ(·) denotes the activation function, and xinter is obtained by applying average
pooling to Xinter, with Xinter representing the concatenated feature.

In the localization branch, through interactive feature learning, tensors correspond-
ing to the predicted offset and mask information are first generated. These tensors
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are then fed into DCNv2, where the learned offset and mask information are used
to perform spatial transformation and feature fusion on the input features, thereby
producing aligned features that better conform to the target geometry and effective
regions. In the classification branch, attention weights are generated through con-
volution and normalization operations, and are then multiplied element-wise with
the features, enabling dynamic selection of channel-wise and spatial information and
yielding feature representations that are more beneficial for classification. Finally, the
aligned and filtered features are fed into each detection head, respectively. Mean-
while, to address the inconsistency of target scales across different detection layers, a
learnable scale factor, namely Scale, is introduced to calibrate different scale levels.

3.4 Layer-adaptive magnitude pruning

To reduce model size and computational overhead while preserving detection accu-
racy, this paper adopts the layer-adaptive magnitude-based pruning strategy, namely
LAMP, to perform structured sparsification and compression. The core idea of LAMP
[27] is to operate within a global magnitude pruning framework while introduc-
ing layer-wise adaptive reweighting of weight magnitudes within each layer, thereby
automatically allocating pruning ratios across layers and avoiding over-pruning or
redundant retention caused by fixed thresholds or manually specified layer-wise prun-
ing ratios.

Specifically, during LAMP pruning, the weights of each prunable layer are first mea-
sured according to their magnitudes. For the weight tensor of the l-th layer, denoted
by W (l), it is flattened into a vector and sorted in ascending order based on absolute
value, resulting in the ordered sequence W (l)[u]. A LAMP score is then computed
for each weight within the layer. After collecting the scores from all layers, a global
ranking is performed, and the weights with lower scores are pruned under a given
overall sparsity constraint. The pruned model is subsequently fine-tuned to recover its
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performance. The LAMP score is formulated as

score(u;W ) =
(W [u])2

∑

v≥u(W [v])2
, (10)

where W [u] denotes the u-th weight in the sequence sorted according to |W |, and the
denominator represents the remaining weight energy from position u onward within
the same layer. Therefore, the score reflects the relative importance of the current
weight with respect to the remaining weight energy, which enables adaptive sparsity
allocation across layers and reduces the performance loss caused by over-pruning.

After the LAMP scores are obtained, all model weights are globally ranked accord-
ing to their scores, and the smallest portion is removed until the target sparsity
is reached. Owing to the layer-wise normalization mechanism, the sparsity ratio of
each layer can be allocated automatically, thus avoiding the need to manually specify
pruning ratios for different layers.

4 Experimental analysis

4.1 Dataset

This study uses two publicly available infrared image datasets, i.e., the FLIR
dataset [28] and the M3FD dataset [29], for training and evaluation. The FLIR dataset
was collected on streets and highways in Santa Barbara, California, USA, using a roof-
mounted thermal imaging camera. The M3FD dataset, released by Dalian University
of Technology for infrared object detection, contains 4,200 infrared images.The train-
ing and test splits of the FLIR and M3FD datasets are presented in Table 1.

To further assess the performance of the proposed method on targets of different
scales, the target size definitions in the COCO dataset [30] are adopted. Specifically,
targets smaller than 32×32 pixels are regarded as small targets, those between 32×32
and 96×96 pixels are regarded as medium targets, and those larger than 96×96 pixels
are regarded as large targets.

Table 1 Statistics of the FLIR and M3FD datasets

Name Categories Training set Validation set Test set Image size

FLIR 3 7156 1022 2045 640× 51
M3FD 6 2940 420 840 1024× 768

4.2 Experimental environment

To ensure the comparability and reliability of the experimental results, all experiments
were conducted on a platform equipped with n Intel(R) Core(R) i7-12700 CPU and
an NVIDIA GeForce RTX 3060 GPU with 12 GB memory. The operating system was
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Ubuntu 20.04.5 LTS, and PyCharm was used as the integrated development environ-
ment. The software environment included CUDA 12.2, PyTorch 2.2, and Python 3.10.
The detailed hyperparameter settings are presented in Table 2.

Table 2 Hyperparameter settings

Dataset Weight decay Optimizer Momentum Learning rate Batch size Epochs

FLIR 0.0005 SGD 0.937 0.01 16 200
M3FD 0.0005 SGD 0.937 0.01 16 300

4.3 Evaluation metrics

To comprehensively evaluate the detection performance and computational efficiency
of the proposed model, this paper adopts Precision (P), Recall (R), mean Average Pre-
cision (mAP), the number of parameters, GFLOPs, and FPS as evaluation metrics.

Precision measures the proportion of true positive targets among all targets pre-
dicted as positive by the model. where TP denotes the number of true positive targets,
and FP denotes the number of false positive targets, and is defined as follows:

P =
TP

TP + FP
(11)

Recall is used to measure the proportion of true targets successfully detected by
the model, where FN denotes the number of false negative targets, and is defined as
follows:

R =
TP

TP + FN
(12)

mAP is one of the most commonly used comprehensive evaluation metrics in object
detection, and is employed to measure the overall detection performance of a model
at different recall levels.where N denotes the number of target categories. mAP@0.5
represents the mean Average Precision when the IoU threshold is set to 0.5, It is
defined as follows:

mAP =

N
∑

i=1

∫ 1

0

P (R) dR

N
(13)

FPS is used to measure the processing speed of the model during the inference
stage, indicating the number of image frames that can be processed per unit time.
where N denotes the number of images processed by the model during testing, and T
denotes the corresponding total inference time. It is defined as follows:

FPS =
N

T
(14)
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GFLOPs is used to measure the computational complexity of the model, repre-
senting the number of billions of floating-point operations required in a single forward
inference pass.

Parameters is used to measure the model size, representing the total number of
learnable parameters contained in the model.

4.4 Comparison with other algorithms

To further verify the effectiveness of ABFINet for infrared target detection, compara-
tive experiments are conducted on the FLIR and M3FD infrared multimodal datasets.
The comparison models include general-purpose object detectors such as YOLOv11n,
together with advanced detectors such as MMI-Det that are specifically designed for
infrared or multimodal scenarios. Through these comparisons, the proposed method
can be more objectively evaluated in terms of detection accuracy, lightweight design,
and real-time performance. The quantitative comparison results are shown in Table 3.

Table 3 presents the performance comparison results between the proposed method
and several mainstream detection models on the FLIR and M3FD datasets. Overall,

Table 3 Performance comparison of different models on the FLIR and M3FD datasets

Dataset Method Input mAP@0.5 Params (M) FLOPs (G) FPS

FLIR

YOLOv8n[31] IR 77.6 3.0 8.1 278

RTDETR-r18[32] IR 72.3 32.0 103.4 50

YOLOv9-tiny[33] IR 75.1 2.6 10.7 185

YOLOv10n[34] IR 76.6 2.7 8.2 357

YOLOv11n[35] IR 76.4 2.58 6.3 330

YOLOv13n[36] IR 75.4 2.45 6.2 217

MMI-Det[37] RGB+IR 79.8 207.6 229.2 –

ICAFusion[38] RGB+IR 79.2 120.2 192.7 41.4

LRAF-Net[39] RGB+IR 80.5 18.8 40.5 46.8

ABFINet (Ours) IR 82.3 0.71 6.6 148

M3FD

YOLOv8n[31] IR 73.2 3.0 8.1 278

RTDETR-r18[32] IR 73.2 32.0 103.4 50

YOLOv9-tiny[33] IR 69.5 2.6 10.7 185

YOLOv10n[34] IR 72.5 2.7 8.2 357

YOLOv11n[35] IR 76.7 2.58 6.3 327

YOLOv13n[36] IR 72.5 2.45 6.2 227

MMI-Det[37] RGB+IR 76.6 207.6 229.2 –

ICAFusion[38] RGB+IR 71.9 120.2 192.7 –

DAMSDet[40] RGB+IR 80.2 – – –

ABFINet (Ours) IR 80.9 0.71 6.6 139
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ABFINet achieves superior detection results on both datasets, while maintaining rela-
tively low parameter count and computational cost, demonstrating a favorable balance
between accuracy and efficiency.

On the FLIR dataset, ABFINet improves mAP@0.5 by 4.7% and 10% com-
pared with YOLOv8n and RTDETR-r18, respectively. These results indicate that
the proposed model has stronger feature representation capability for infrared targets
under complex backgrounds, and can better balance detection accuracy and recall
performance.

On the M3FD dataset, ABFINet improves mAP@0.5 by 7.7% compared with
YOLOv8n. The results further demonstrate that the proposed model maintains strong
robustness and adaptability in complex multimodal scenarios, thereby effectively
improving infrared target detection performance.

From the perspectives of model complexity and inference speed, ABFINet contains
only 0.71M parameters and requires 6.6 GFLOPs, which are significantly lower than
those of advanced multimodal detection models such as MMI-Det, and also lower than
those of most lightweight detection models. In terms of inference speed, ABFINet
achieves FPS values of 148 and 136 on the FLIR and M3FD datasets, respectively,
indicating that it maintains favorable real-time performance while achieving higher
detection accuracy.

4.5 Ablation experiment

To further evaluate the detection performance and real-time capability of ABFINet,
ablation experiments were conducted on the FLIR and M3FD datasets for each pro-
posed module. mAP@0.5, average precision for small objects (APs), and the number
of parameters were adopted as evaluation metrics to assess the effectiveness of each
improved module, where “

√
” indicates that the corresponding module is included.

The ablation results are presented in Table 4. According to the ablation results in
Table 4, first, after introducing the EMSC module on the basis of the baseline model,
the number of parameters and computational cost are reduced by 0.1M and 0.1G,
respectively, while mAP@0.5 and APs are improved by 0.3% and 0.4%, respectively.
These results indicate that the EMSC module enhances the backbone network’s feature
extraction capability for multi-scale infrared targets while reducing model complexity.

Second, after incorporating the ABFI module, the detection performance of the
model is improved most significantly. On the FLIR dataset, mAP@0.5 and APs are
increased by 5.1% and 6.9%, respectively; on the M3FD dataset, mAP@0.5 and APs

are improved by 3.2% and 5.8%, respectively. These results demonstrate that the ABFI
module can effectively strengthen cross-level feature interaction and fusion, thereby
improving the model’s representation capability for small targets and weak-texture
targets.

After introducing the DATA module, the number of model parameters is further
reduced, while APs on the FLIR and M3FD datasets increases to 36.5% and 26.0%,
respectively. This indicates that the DATA module improves small-target detection
performance while simultaneously reducing model complexity.

Finally, after applying the LAMP pruning strategy to the complete model, the
number of parameters is further compressed from 1.69M to 0.71M, and the FLOPs
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are reduced from 8.7G to 6.6G. Meanwhile, the FPS on the FLIR and M3FD datasets
increases to 148 and 139, respectively. At the same time, mAP@0.5 decreases only
slightly, from 82.6% to 82.3% and from 81.3% to 80.9%, respectively. These results
indicate that the LAMP pruning strategy can effectively compress model size and com-
putational cost while maintaining high detection accuracy, thereby further improving
the deployability of the model.

Table 4 Ablation experiment of ABFINet on the FLIR and M3FD datasets

Dataset EMSC ABFI DATA LAMP P R mAP50 APs Param. FLOPs FPS

(M) (G)

FLIR

81.9 67.3 76.4 34.2 2.58 6.3 347

✓ 82.7 67.2 76.8 34.5 2.48 6.2 352

✓ 84.0 71.4 81.5 41.1 1.99 9.6 148

✓ 84.4 68.6 78.4 36.5 2.20 7.9 296

✓ ✓ 84.8 71.2 81.8 41.3 1.94 9.6 156

✓ ✓ 83.3 69.3 78.6 36.8 2.15 7.8 285

✓ ✓ 84.1 73.2 82.3 42.1 1.74 8.7 137

✓ ✓ ✓ 84.3 73.6 82.6 42.4 1.69 8.7 142

✓ ✓ ✓ ✓ 83.8 73.4 82.3 41.8 0.71 6.6 148

M3FD

83.7 69.3 76.7 24.5 2.58 6.3 323

✓ 84.3 70.2 77.2 24.9 2.48 6.2 326

✓ 84.4 73.5 79.9 30.3 1.99 9.6 137

✓ 83.6 71.4 77.3 26.0 2.20 7.9 269

✓ ✓ 84.9 72.8 80.1 30.4 1.94 9.6 142

✓ ✓ 83.6 71.8 77.6 26.2 2.15 7.8 267

✓ ✓ 82.8 74.8 80.4 31.6 1.74 8.7 128

✓ ✓ ✓ 85.9 74.1 81.3 33.6 1.69 8.7 134

✓ ✓ ✓ ✓ 85.7 73.6 80.9 32.5 0.71 6.6 139

4.5.1 Effectiveness study of lightweight multi-Scale convolution

To investigate the influence of different convolution kernel sizes on the performance
of the EMSC module for infrared target detection, experiments were conducted using
different combinations of convolution kernel sizes. The corresponding results are pre-
sented in Table 5.
According to the experimental results in Table 5, when the convolution kernel sizes
are set to 3 and 5, respectively, the EMSC module achieves the best feature repre-
sentation capability for infrared target detection, leading to enhanced perception of
infrared target features. Meanwhile, detection accuracy is improved while the number
of model parameters and computational cost are reduced.
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To further verify the effectiveness of the EMSC module, the receptive fields before
and after the improvement are compared in this paper . To ensure the fairness of the
experiment, feature maps from the same layer before and after the improvement are
selected for comparison, as shown in Fig. 5. It can be observed that the improved
receptive field is more concentrated within the medium-response intensity range, while
preserving more contextual information over a wider region. This is beneficial for
distinguishing targets from complex backgrounds and improving feature representation
capability.

(a) Baseline (b) EMSC
Fig. 5 Comparison of receptive field visualization before and after improvement.

4.5.2 Effectiveness study of adaptive bidirectional feature

interaction fusion

To validate the multi-scale fusion capability of the proposed ABFI module in the
feature fusion network, this paper compares it with several mainstream feature fusion
networks, including BiFPN [41] , Gold-YOLO [42], AFPN [43], and RepGFPN [44].
The corresponding experimental results are presented in Table 6.

According to the experimental results in Table 6, after introducing the ABFI
module, the proposed fusion network improves APs by 6.2%, 17.5%, 7.2%, and 6.4%

Table 5

Comparison of detection
performance with differ-
ent convolution kernel
sizes on the FLIR dataset

Dataset Model P R mAP@0.5 Params (M) FLOPs (G)

FLIR

Baseline 81.9 67.2 76.4 2.58 6.3

[1,3] 82.7 67.2 76.3 2.46 6.2

[1,5] 82.3 66.5 76.4 2.48 6.2

[1,7] 81.7 66.8 75.9 2.50 6.3

[3,5] 83.4 67.3 76.9 2.48 6.2

[3,7] 82.9 66.3 76.4 2.51 6.3

[5,7] 81.8 66.9 76.4 2.52 6.3
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compared with BiFPN, Gold-YOLO, AFPN, and RepGFPN, respectively. Meanwhile,
APm also achieves the best result. These results demonstrate that the ABFI module
can effectively promote the interaction and fusion of infrared target information at
different scales, thereby enhancing the model’s multi-scale feature fusion capability for
infrared targets.

Table 6 Performance comparison of different fusion networks on the FLIR dataset

Dataset Model APS APM APL mAP@0.5 Params(M) FLOPs(G)

FLIR

BiFPN 34.9 65.0 79.7 75.4 1.92 6.3
Goldyolo 23.6 55.2 66.7 77.2 5.90 9.2
AFPN 33.9 65.7 80.4 75.8 2.65 8.8

RepGFPN 34.7 66.1 82.8 76.5 3.66 8.2
ABFI (ours) 41.1 66.5 81.2 81.5 1.99 9.6

To further verify the effectiveness of the proposed AFGC mechanism, a visualiza-
tion analysis of feature responses before and after introducing the module is conducted.
As shown in Fig. 6, compared with the case without AFGC, the high-response regions
in the target area become more continuous and concentrated after introducing AFGC,
and the feature representation of the target body is significantly enhanced. Meanwhile,
some irrelevant responses in the background regions are suppressed. These results indi-
cate that AFGC can improve target feature representation to a certain extent and
enhance the discriminability between the target and the background.

(a) Original image (b) ABFI (c) ABFI+AFGC
Fig. 6 Heat map comparison chart
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4.5.3 Effectiveness study of the dynamic task-aligned detection

head

To further verify the effectiveness of the proposed DATA detection head, qualita-
tive detection comparisons are conducted on selected scenes from the FLIR and
M3FD datasets. The selected examples include dense-target and small-target sce-
narios, and the corresponding results are shown in Fig. 7. As can be observed, the
DATA detection head improves infrared target detection accuracy in low-contrast
and target-dense scenes by leveraging multi-level task feature interaction. In addition,
it enhances boundary perception and localization regression for dim small targets,
thereby effectively reducing missed detections in small-target scenarios.

(a) Ground Truth (b) Baseline (c) DATA
Fig. 7 Comparison of detection results of before and after introducing DATA

4.6 Analysis of visualization

To more intuitively analyze the detection performance of different models under
complex infrared scenarios, this paper conducts qualitative comparison experiments
on infrared images selected from different scenes in the FLIR and M3FD datasets,
including target occlusion scenarios, low-contrast scenarios, target-dense scenarios,
and small-target scenarios. The corresponding visual comparison results are shown in
Fig. 7.

Fig. 8(a) compares the detection results of different algorithms in target occlusion
scenarios. It can be observed that, under strong interference from complex back-
ground information, ABFINet is able to detect the targets more accurately, while also
achieving the best confidence performance. Fig. 8(b) presents the comparative detec-
tion results of different algorithms in low-contrast scenarios. The results show that,
by enhancing the feature extraction capability of the backbone network, ABFINet
can achieve stable and accurate detection performance in low-contrast scenes, while
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GT

YOLOv8n

YOLOv9-tiny

YOLOv10n

YOLOv11n

RTDETR-r18

YOLOv13n

ABFINet

(a) (b) (c) (d)

Fig. 8 Comparison of detection results of the FLIR and M3FD dataset under different models

also obtaining the highest confidence scores. Fig. 8(c) illustrates the detection com-
parison results in target-dense scenarios. Benefiting from the adaptive bidirectional
feature interaction mechanism, ABFINet can effectively fuse multi-scale target fea-
tures, thereby reducing false detections in dense scenes. Fig. 8(d) compares the
detection results of different algorithms in small-target scenarios. It can be clearly seen
that, by adopting the dynamic task-aligned detection head, ABFINet achieves more
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accurate localization and classification for small targets, with the highest confidence
scores, outperforming the other detection models.

In summary, compared with other detection models, ABFINet exhibits more
outstanding performance in infrared image detection tasks and demonstrates clear
advantages in overall detection performance.

4.7 Embedded deployment

To verify the deployment feasibility and practical application effectiveness of the
proposed infrared target detection algorithm on an embedded platform, an infrared
intelligent target detection system based on the RK3588 platform is designed. The
RK3588 is a high-performance development board developed by Rockchip, featuring
an architecture with 4× Cortex-A76 and 4× Cortex-A55 cores, and providing up to 6
TOPS of computing power. Owing to its suitability for deploying lightweight detection
models, the RK3588 is selected as the hardware platform in this study.

To fully exploit the NPU acceleration capability of the RK3588 platform, the
proposed detection model needs to be converted into the RKNN format supported
by NPU inference, and model deployment and inference optimization are then carried
out on this basis. Specifically, the trained weight file is first converted into an open
neural network model in ONNX format, followed by model quantization. Subsequently,
the converted ONNX model is transformed into an RKNN model supported by the
RK3588 embedded platform. Finally, inference is performed by invoking the on-board
NPU API to obtain the detection results. The overall deployment process is illustrated
in Fig. 9.

Fig. 9 Embedded device deployment process
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Specifically, the trained weight file is first converted into an open neural network
model in ONNX format, and the model is subsequently quantized. The converted
ONNX model is then transformed into an RKNN model supported by the RK3588
embedded platform. Finally, inference is performed by invoking the on-board NPU
API, and the corresponding detection results are obtained. The real-time inference
results are shown in Fig. 10.

(a) (b)
Fig. 10 Inference on the RK3588 Hardware Platform

To evaluate the performance of the proposed model on hardware platforms, exper-
iments are conducted on both the RTX 3060Ti GPU and the RK3588 platform.
Comparative analysis is performed in terms of computational cost, the number of
parameters, memory usage, inference speed, and power consumption. The correspond-
ing results are presented in Table 7. Before deploying the model on the RK3588
platform, quantization is applied to reduce the computational burden and system
memory access overhead. As can be seen from Table 7, although the GPU achieves
higher precision and faster inference speed, it is accompanied by higher energy con-
sumption. In contrast, the RK3588 exhibits lower computational load, memory access
overhead, and power consumption than the GPU. These results demonstrate that the
proposed detection algorithm is more advantageous for embedded deployment.

Table 7 Analysis of test results on different devices

Device mAP@0.5 FLOPs/G Memory/MB Frame rate/FPS Power/W

GPU 82.3 6.6 553 148 82
RK3588 79.7 6.3 231 24 3.6

5 Conclusion

This paper addresses the challenges of weak texture, low contrast, missed detection of
small targets, and deployment constraints in infrared target detection under complex
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backgrounds, and proposes an infrared target detection network based on an adaptive
gating mechanism, termed ABFINet. The proposed method is collaboratively designed
from four aspects, namely feature extraction, cross-level fusion, detection head opti-
mization, and model compression. By introducing the EMSC, ABFI, and DATA
modules, together with the LAMP pruning strategy, the proposed method improves
detection performance while meeting the requirement of model lightweightness. Exper-
imental results show that ABFINet achieves favorable detection performance on the
public FLIR and M3FD datasets, demonstrating that the proposed method can effec-
tively enhance the feature representation capability of infrared targets under complex
backgrounds and improve the detection performance for small targets. On this basis,
the model is further deployed and validated on an embedded hardware platform.
The results show that the proposed method maintains satisfactory detection accuracy
while also achieving favorable real-time inference capability, thereby demonstrating
its feasibility for practical application scenarios.

Nevertheless, the proposed method still has room for further improvement in sce-
narios involving extremely small targets, severely deficient target textures, and strong
background interference. Meanwhile, the adaptability and acceleration performance of
the pruned model on different hardware platforms still require further optimization.
Future work will focus on improving robustness in complex scenarios and optimizing
cross-platform deployment, to further improve the practical applicability of the model.
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