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Abstract

Multi-Modal Object Detection (MMOD), due to its stronger
adaptability to various complex environments, has been
widely applied in various applications. Extensive research
is dedicated to the RGB-IR object detection, primarily fo-
cusing on how to integrate complementary features from
RGB-IR modalities. However, they neglect the mono-
modality insufficient learning problem, which arises from
decreased feature extraction capability in multi-modal joint
learning. This leads to a prevalent but unreasonable phe-
nomenon—Fusion Degradation, which hinders the perfor-
mance improvement of the MMOD model. Motivated by
this, in this paper, we introduce linear probing evalua-
tion to the multi-modal detectors and rethink the multi-
modal object detection task from the mono-modality learn-
ing perspective. Therefore, we construct a novel framework
called M2D-LIF, which consists of the Mono-Modality
Distillation (M2D) method and the Local Illumination-
aware Fusion (LIF) module. The M2D-LIF framework
facilitates the sufficient learning of mono-modality during
multi-modal joint training and explores a lightweight yet
effective feature fusion manner to achieve superior object
detection performance. Extensive experiments conducted
on three MMOD datasets demonstrate that our M2D-LIF
effectively mitigates the Fusion Degradation phenomenon
and outperforms the previous SOTA detectors. The codes
are available at https://github.com/Zhao-Tian-yi/M2D-LIF.

1. Introduction
Recently, multi-modal object detection (MMOD) technol-
ogy has been widely used in various safety-critical applica-
tions such as around-the-clock pedestrian detection for ur-
ban surveillance [10], object detection for autonomous driv-
ing [21] etc. Since relying solely on visible images [30, 40]
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Figure 1. Fusion Degradation phenomenon. (Left) An instance
of this phenomenon. The object highlighted by the red box is de-
tected by a mono-modal method but missed by the multi-modal
method. (Right) The Fusion Degradation phenomenon statistics
of three methods and our method across different datasets.

will render objects invisible under limited illumination, uti-
lizing both visible (RGB) images and infrared (IR) images
has been widely used as one of the effective solutions to
achieve full-time object detection tasks. Specifically, RGB
modality can provide the texture of objects in daylight,
while infrared modality can provide the outline of objects
under poor lighting conditions. By exploring the comple-
mentary information between the two modalities, RGB-IR
object detection [15, 42] can aggregate the advantages of
each modality to achieve robust visual perception.

To design advanced fusion strategies for the MMOD
task, previous works [13, 17, 29] reveal that the feature-
level fusion methods outperform both image-level and
decision-level fusion methods. Building upon this finding,
recent RGB-IR object detection methods mainly focus on
designing complex feature fusion structures to address vari-
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ous challenges. For example, CSSA [2] and ICAFusion [25]
introduce different attention mechanisms to better explore
multi-modal complementarity. CALNet [7] proposes the
selected cross-modal fusion module to address the seman-
tic conflict issue between different modalities. AR-CNN
[43, 44] and TSFADet [35, 37] focus on solving the mis-
alignment problem and attempt to improve object detec-
tion performance by aligning RGB and IR modality fea-
tures. Although these methods have achieved encourag-
ing object detection performance, they primarily focus on
integrating complementary features from RGB-IR modali-
ties while neglecting the mono-modality insufficient learn-
ing problem. This results in an unreasonable phenomenon
that some objects can be detected by the mono-modal detec-
tor but missed by the corresponding multi-modal detector.
We name this phenomenon as Fusion Degradation as illus-
trated in Figure 1. Besides, we statistics this phenomenon
on three commonly used MMOD datasets and find that it is
prevalent in different types of multi-modal detectors. Mo-
tivated by this, we rethink the multi-modal object detection
task from the mono-modality learning perspective.

In this paper, we construct M2D-LIF, an end-to-end
framework for multi-modal object detection, to address the
above problem. Different from the existing MMOD meth-
ods that design complex feature fusion modules, M2D-
LIF facilitates the sufficient learning of mono-modality dur-
ing multi-modal joint training and explore a lightweight
yet effective feature fusion manner to achieve superior ob-
ject detection performance. Inspired by knowledge dis-
tillation [8], we propose an Mono-Modality Distillation
(M2D) method, which introduces the additional encoder
pretrained on the mono-modality to distill the multi-modal
encoders. To bridge the capability gap between the multi-
and mono-modalities, we design the inner-modality and
cross-modality distillation loss to jointly optimize the M2D-
LIF during training. In this way, we can ensure sufficient
learning of the mono-modal encoder in the multi-modality
joint training. Besides, according to our observations in
Section 3.1, we propose a Local Illumination-aware Fusion
(LIF) module, which can dynamically set different weights
for different illumination regions. The module ensures an
explicitly complementary fusion to cooperate with M2D
method, thereby enhancing both the accuracy and efficacy
of the multi-modal object detection. Figure 1 shows that our
framework can effectively solve the above problem. Our
contributions in this paper are highlighted as follows:

• We introduce linear probing evaluation to the multi-
modal detectors and identify the insufficient learning of
mono-modality during training. To the best of our knowl-
edge, it is the first time to rethink multi-modal object de-
tection from a mono-modality learning perspective.

• We present M2D-LIF, a pioneering method to improve
mono-modality learning capabilities during multi-modal

joint training, innovatively exploring a lightweight yet ef-
fective feature fusion framework for the MMOD task.

• Extensive experiments on the three MMOD datasets
demonstrate that our M2D-LIF outperforms the previous
state-of-the-art detectors and can be used as an effective
feature fusion method in the MMOD task.

2. Related Works

2.1. RGB-Infrared Object Detection
Due to the deep exploration of complementary features
through CNNs, feature-level fusion has become a widely
used approach for RGB-Infrared object detection. In early
studies, the weighted-based fusion methods have been used
as a simple and effective way to fuse different features.
Li et al. [14] proposed the first illumination-aware Faster
R-CNN, which introduced illumination conditions into the
RGB-Infrared object detection task. At the same time,
Guan et al. [4] presented a multispectral pedestrian de-
tection framework based on illumination-aware pedestrian
detection and semantic segmentation. With the introduc-
tion of the attention mechanism, more and more attention-
based fusion methods have been proposed to achieve com-
plementary feature fusion. Fang et al. [22] proposed the
cross-modality attentive feature fusion (CMAFF) module,
leveraging common-modality and differential-modality at-
tentions. Concurrently, Cao et al. [2] introduced the CSSA
fusion module, which employs channel switching and spa-
tial attention for feature fusion. Besides, CMX [41] was
proposed to cross-modal feature rectification and feature fu-
sion with intertwining cross-attention. Furthermore, Shen et
al. [25] proposed a dual cross-attention transformers to
model global feature interaction and capture complemen-
tary information between two modalities.

However, the above methods mainly focus on design-
ing complex and parameter-intensive modules to achieve
the so-called complementary fusion, while ignoring the in-
sufficient representation of each modality caused by the
multi-modal learning. Different from these approaches, in
this paper, we conduct the RGB-IR object detection task
from mono-modality feature learning perspective and pro-
pose a novel M2D-LIF framework that only introduces a
lightweight feature fusion module to achieve superior ob-
ject detection performance.

2.2. Knowledge Distillation for Object Detection
Knowledge Distillation (KD) [8] can transfer knowledge
from a high-capacity teacher model to a compact student
model, thereby reducing the complexity of the model while
ensuring model performance. For the object detection task,
FRS [47] and PGD [32] leveraged foreground masks to en-
hance the ability of the student model to capture critical ob-
ject features. CWD [26] normalized activation maps of each
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Figure 2. Liner probing evaluation on the FLIR dataset. Three
types of feature fusion methods are selected for comparison,
such as naive addition (Halfway Fusion [18]), weighted-based
(IWM [9]), and attention-based (CMX [41]).

channel to obtain soft probability maps and minimized the
KL divergence between these maps, enabling the student to
focus on the most salient regions of each channel. Besides,
PKD [1] imitated features with Pearson correlation coeffi-
cient to focus on the relational information from the teacher
and relax constraints on the magnitude of the features. Re-
cently, CrossKD [28] introduced cross-head knowledge dis-
tillation by transferring the intermediate features from the
student detection head to the teacher providing a diversified
perspective. As for the multi-modal object detection task,
KD is usually used to transfer the knowledge from multi-
modality features to mono-modality features. For example,
distillation from Radar-Lidar to Radar [31], BEV-Lidar to
BEV [6], and RGB-Infrared to RGB [20]. In our paper, un-
like the above methods, we design a novel knowledge dis-
tillation method called Mono-Modality Distillation (M2D)
to improve the feature representation of each backbone net-
work in multi-modality joint training.

3. Methodology

3.1. Linear Probing Evaluation
In the current MMOD framework, each modality is encoded
by its corresponding backbone network, and then a fusion
module is utilized to obtain the fused features for down-
stream perception tasks. Although achieving superior per-
formance, we claim that this way will lead to insufficient
learning of each modality and thus fail to achieve optimal
detection performance. To validate this point, we employ
the linear probing evaluation. Specifically, we first train the
mono-modal object detectors and the multi-modal object

detectors, respectively. For multi-modal object detectors,
we select three popular feature fusion methods for compari-
son, such as Halfway Fusion [18] (naive addition), IWM [9]
(weighted-based), and CMX [41] (attention-based). Note
that, all detectors utilize the CSPDarknet53 [11] as the
backbone network. After that, each backbone from both
the mono- and multi-modality detectors is frozen and con-
nected with the new detection head for training and testing.
As shown in Figure 2, the evaluation results reveal that:

(1) The backbone networks from multi-modality joint
training are insufficient learning. After linear probing
evaluation, we can observe that all backbone networks from
multi-modality joint training are worse than those from
mono-modality training. This indicates that due to the ex-
istence of the fusion module, the learning ability of each
backbone network is limited during multi-modal training.

(2) The weighted-based method can serve as a com-
petitive fusion way to improve performance. Com-
pared with other fusion methods, the detection performance
of the weighted-based backbone network decrease signifi-
cantly. This indicates that the weighted-based fusion can
achieve higher performance on the weaker backbone net-
works, which proves its effectiveness in the feature fusion.

3.2. M2D-LIF Framework
From Section 3.1, we have observed that the recent MMOD
methods still suffer from the insufficient learning of mono-
modality features. To solve this issue, referring to the
knowledge distillation technology, we consider utilizing
the additional encoder pretrained on the mono-modality as
the teacher model to distill the multi-modality backbone
network during training. Thus, under the premise that
the multi-modal encoder learning sufficiently, we design a
novel weighted-based feature fusion method to further im-
prove the performance. The overall framework (M2D-LIF)
is illustrated in Figure 3, which mainly consists of ➊ Mono-
Modality Distillation and ➋ Local Illumination-aware
Fusion. Note that the IR branch is omitted in Figure 3 since
it has the same network structure as the RGB branch.

➊ Mono-Modality Distillation (M2D). The M2D aims
to enhance the feature extraction capability of the multi-
modal encoders, laying a solid foundation for improv-
ing object detection performance. To bridge the capa-
bility gap between the multi- and mono-modal encoders,
we first employ a pretrained teacher model of the same
modality to distill the multi-modal backbone network us-
ing the inner-modality distillation loss LIM. To further
enhance object-relevant feature extraction, we propose a
cross-modality distillation loss LCM, which leverages cross-
modality salient object location priors to guide feature dis-
tillation.

Specifically, for the paired RGB image IV and IR image
II , we first input them into the teacher and student backbone
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Figure 3. Overview of our M2D-LIF framework. The proposed M2D is for enhancing mono-modal feature extraction capability of the
backbone in the multi-modal object detection task. The proposed LIF method can evaluate the mono-modal quality based on RGB image’s
local illumination conditions. Noted that since our framework is designed from the mono-modality perspective, the design of the infrared
branch and the RGB branch is symmetrical and has the same network structure. Therefore, only the image processing flow of the RGB
modality is emphasized in the figure, and the infrared branch is omitted.

networks simultaneously, where BV and BI are the student
backbone networks for multi-modal object detection, while
B̃V and B̃I are the mono-modal teacher backbone networks.
Therefore, the output features extracted by each backbone
network can be expressed as:

Student: fV = BV (IV ), f I = BI(II),

Teacher: f̃V = B̃V (IV ), f̃ I = B̃I(II),
(1)

where fI and fV are the outputs of the student backbones.
The f̃V and f̃I are the outputs of the teacher backbones.
Based on these features, we design the Mono-modality Dis-
tillation loss to optimize the multi-modal backbone net-
work. The Mono-modality Distillation loss consists of two
components: the inner-modality feature distillation loss LIM
and the cross-modality feature distillation loss LCM.

The loss function LIM represents the inner-modality fea-
ture distillation loss, which guides the backbone of the
multi-modal object detection model to learn intermediate
layer responses from a teacher backbone of the same modal-
ity. By minimizing LIM, the multi-modal backbone is en-
couraged to align with the feature responses of the teacher
model. The loss is defined as follows:

LIM = D(fV , f̃V ) + D(fI , f̃I), (2)

where D(·, ·) denotes the specific distillation method.

As for the loss function LCM, it represents the cross-
modality feature distillation loss, which integrates cross-
modality target location priors. Specifically, in MMOD
tasks, different modalities generally contain information
about the same objects. We first employ an attention mech-
anism to extract the salient object feature attention map,
which serves as the location prior. The attention map is then
used as a mask to guide object-relevant feature learning. To
maintain a lightweight design, we adopt the parameter-free
attention method SimAM [33]. The attention map M̃ can
be calculated as:

M̃ = Sigmoid(
(f̃ − µ̃)2 + 2σ̃2 + 2λ

4(σ̃2 + λ)
), (3)

where µ̃ represents the mean of f̃ across spatial dimensions,
σ̃2 represents the variance of f̃ , and λ is a small positive
constant added for numerical stability. The cross-modality
feature distillation loss LCM is formulated as follows:

LCM = D(M̃V ⊙ fI ,M̃V ⊙ f̃V )+

D(M̃I ⊙ fV ,M̃I ⊙ f̃I),
(4)

where M̃V and M̃I are the attention maps of different
modalities. The overall loss function of M2D is defined as
the sum of the inner- and cross-modality loss:

LM2D = LIM + LCM. (5)
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➋ Local Illumination-aware Fusion (LIF). After en-
suring sufficient learning of mono-modality features, we
design a weighted-based fusion method called Local
Illumination-aware Fusion (LIF) to explicitly achieve com-
plementary fusion. Different from previous weighted-based
methods that only provide one weight for the entire RGB
image, the LIF module provides a weight map through the
brightness prediction, which can dynamically set different
weights for different illumination region features. Specif-
ically, as illustrated in Figure 3, the LIF module is con-
structed with several convolutions and one activation layer,
which can be formulated as:

B = ConvBlock(IV ), (6)

where B denotes the predicted brightness map. We trans-
form the RGB image to the LAB color space and extract the
L channel as the ground-truth B̃ to supervise the brightness
prediction, which is formulated as follows:

LLI = ||B, B̃||2. (7)

Based on the predicted brightness map B, we design the
following weight generation mechanism to adaptively ad-
just the weights matrix of different modality features, which
is calculated as follows:WV = β ×min (

B − α

2α
,
1

2
) +

1

2
,

WI = 1−WV ,
(8)

where WV and WI represent the weight of the RGB and in-
frared modalities, respectively. The hyperparameter α is the
threshold that determines the importance of RGB features,
and β is the amplitude of the WV . Thus, the boundary of
WV and WI are:

1− β

2
≤ WV ,WI ≤ 1 + β

2
. (9)

Finally, the LIF module uses the weight maps WV and
WI to perform element-wise weighted fusion for the multi-
modal features. Therefore, the final fused feature can be
represented as:

f i
F = F(fV , fI) = W i

V ⊙ f i
V +W i

I ⊙ f i
I . (10)

➌ Training and Inference. For the training stage, we
utilize LM2D and LLI to optimize our M2D-LIF frame-
work. Therefore, for the MMOD task, the overall loss func-
tion is formulated as follows:

L = Ldet + λM2DLM2D + λLILLI , (11)

where λM2D and λLI are the hyperparameters that control
the balance between each loss.

As for the inference, we only utilize the multi-modality
backbone network with our proposed LIF module to per-
form the multi-modal object detection task.

Table 1. Comparison of detection performance (mAP, in%) and
computational cost (Params, FLOPs) between the LIF and other
SOTA fusion methods on the FLIR (F), DroneVehicle (D), and
LLVIP (L) datasets. The symbol ⋆ indicates training with our M2D
method. The Best results are highlighted by bold.

Fusion
Method

Fusion
Type F D L

Params
(M)

Flops
(G)

Naive add - 43.5 66.9 68.2 36.47 116.7

CMX [41] Attention 43.8 68.0 67.3 +22.3 +33.7⋆CMX [41] 44.1 68.9 69.5

IWM [9] Weighted 44.0 68.9 68.8 +1.1 +20.1⋆IWM [9] 44.9 70.4 69.3

LIF (Ours) Weighted 44.9 68.3 67.9 +0.06 +6.5⋆LIF (Ours) 46.1 70.6 70.8

3.3. Why Using LIF Module for Feature Fusion
Actually, various fusion methods can be utilized with our
proposed M2D methods to further improve object detection
performance, as shown in Table 1. However, we introduce
the LIF module into our framework to cooperate with the
M2D method for the following two reasons:

(1) robustness-and-reasonable. As analyzed in Sec-
tion 3.1, the weighted-based method can serve as a compet-
itive fusion way to improve performance. As a weighted-
based fusion module, LIF is more robust to the insufficient
learning of mono-modality encoders, thus achieving supe-
rior performance. Furthermore, unlike current weighted-
based methods, the LIF module provides reasonably fine-
grained quality assessment for the mono-modality images
and explicitly achieves the complementary fusion.

(2) lightweight-yet-effective. As shown in Table 1, al-
though attention-based methods can adaptively calculate the
required features between modalities, they typically rely on
high computational complexity. Unlike other methods, our
LIF introduces only an additional 0.1M parameters and 6.4
GFLOPs in computational cost to achieve the superior per-
formance, which is more lightweight and effective.

4. Experiments
4.1. Datasets and Evaluation Metrics
1) DroneVehicle: This dataset [27] includes images cap-

tured by drones in urban areas under different lighting con-
ditions. It has annotations with oriented bounding boxes for
five categories: ‘car‘, ‘truck’, ‘bus’, ‘van’, and ‘freight car’.
There are 28,439 pairs of RGB and IR images, with 17,990
for training, 1,469 for validation, and 8,980 for testing.
2) FLIR-aligned: This dataset [38] contains paired RGB

and IR images in day and night scenes. It includes 5,142
aligned RGB-IR pairs, with 4,129 for training and 1,013
for testing, focusing on ‘person’, ‘car’, and ‘bicycle’ cate-
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Table 2. Ablation on our M2D-LIF framework with performance
measured by mAP (%). The best results are highlighted in bold.
Note: Params/FLOPs tested on FLIR during reference.

M2D LIF FLIR DroneVehicle LLVIP Params FLOPs

43.5 66.9 68.2 36.47M 116.7G
✓ 45.1 69.2 70.7

✓ 45.0 68.5 69.4
✓ ✓ 46.1 70.6 70.8 36.53M 123.2G

Table 3. Ablation on different ways of the weight map generation
in the LIF module with performance measured by mAP (%). The
best results are highlighted in bold. Sup. represents supervision.

Fusion weight FLIR DroneVehicle LLVIP

L-channel 44.2 67.4 70.2
w/o L-channel Sup. 45.0 69.8 70.3
w/ L-channel Sup. 46.1 70.6 70.8

gories. The ‘dog’ category was removed due to its rarity.
3) LLVIP: This dataset [10] is designed for low-light envi-
ronments, featuring 15,488 strictly aligned RGB-IR image
pairs, mostly in very dark scenes. It is divided into 12,025
pairs for training and 3,463 pairs for testing.
4) Mean Average Precision (mAP): mAP is a standard

metric for object detection that evaluates performance based
on classification accuracy and Intersection over Union
(IoU). Specifically, mAP50 denotes the mAP across all
classes at a fixed IoU threshold of 0.50. The mAP is the av-
erage of mAP values calculated over a range of IoU thresh-
olds from 0.50 to 0.95 with a step of 0.05.

4.2. Implementation Details
All experiments are conducted on NVIDIA GeForce RTX
4090 GPUs. We employ CSPDarknet53 as the backbone
network and modified it to process dual-modal inputs. The
network is optimized using SGD with a momentum of 0.937
and a weight decay of 5 × 10−4. We initialize the learn-
ing rate at 1 × 10−2 and gradually decrease it to 1 × 10−4

throughout the training process. In the testing phase, we set
the confidence threshold to 0.25 to filter detection results.
If there is no special state, the ablation study results on the
DroneVehicle dataset are conducted on the validation set.

4.3. Ablation Study
1) Study on Each Component: To evaluate the effective-

ness of the M2D-LIF framework, we conducted ablation
studies on the M2D and LIF modules. As shown in Table 2,
we incrementally applied these components to the base-
line model to evaluate their individual contributions. With-
out either of these two modules, the model achieves mAP
scores of 44.4%, 66.9%, and 68.2% on the FLIR, DroneVe-
hicle, and LLVIP datasets, respectively. The integration of
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Figure 4. Ablation on the hyper-parameter β in the Equation 8.

the M2D training improves model performance by 1.6% in
FLIR, 2.3% in DroneVehicle, and 2.5% in LLVIP and LIF
fusion module improves by 1.5%, 1.6%, and 1.2%, respec-
tively. The best results are achieved when combining both
the M2D and LIF modules, yielding significant mAP in-
creases of 2.6%, 3.7%, and 2.6% over the baseline while re-
quiring only a marginal 0.1% parameter increase and 5.6%
additional computational overhead. These improvements
demonstrate the significant impact of our complete M2D-
LIF framework.
2) Study on the LIF: To demonstrate that our proposed

LIF module surpasses simply sensing illumination, we con-
ducted a comparative experiment against the method di-
rectly using the normalized L-Channel from LAB color
space as fusion weight. As shown in Table 3, our LIF mod-
ule outperforms this approach by 1.9%, 3.2%, and 0.6%
on the FLIR, DroneVehicle, and LLVIP datasets, respec-
tively. Simply using the normalized L-Channel as the fu-
sion weight cannot enable dynamic learning of the fusion
weight, which is not conducive to the complementary fusion
of multiple modalities. In the FLIR dataset, it even under-
performs compared to the baseline method. These results
further confirm that our LIF module can not only utilize the
illumination context but also effectively leverage the com-
plementary relationship between different modalities.
3) Study on the Hyper-parameter β: To investigate the

impact of the β value in the Equation 8 on M2D-LIF frame-
work performance, we conducted ablation studies across a
pre-defined set of β values. As shown in Figure 4, The
bar chart represents the AP of different classes, and the line
chart represents the mAP. When beta takes the value of 0.4,
our method achieves the best result. If the value of beta ex-
ceeds 0.8, it may lead to the modality imbalance, thus caus-
ing a serious decline in performance. More ablation studies
are detailed in the supplementary material.

4.4. Visualization
1) Visualization of the Fusion Degradation phenomenon.
To demonstrate that our method can effectively mitigate the
Fusion Degradation phenomenon, as illustrated in Figure 5,
we visualized the detection results from the mono-modal
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Figure 5. Visualization of the Fusion Degradation phenomenon across the DroneVehicle (first and second rows) and FLIR (third and
fourth rows) datasets. Columns from left to right represent infrared modality, RGB modality, naive add method, weighted-based method,
attention-based method, our M2D-LIF, and the ground truth. The Green boxes indicate correctly detected objects, while the red dashed
boxes represent the Fusion Degradation phenomenon, where objects are detected by mono-modal models but missed by the multi-modal
object detection model. The Orange boxes emphasize how our proposed method effectively resolves this issue. Zoom in for details.

RGB image Weight ��Infrared image
0.3

0.7

Figure 6. Visualization of the Weight Map WV in Equation 8.
From left to right are the infrared image, the RGB image, the
weight map, and the grayscale color corresponding to the value.

method, naive addition (Halfway Fusion [18]), weighted-
based (IWM [9]), attention-based (CMX [41]) method and
our proposed M2D-LIF framework on the DroneVehicle
(first and second rows) and FLIR dataset (third and fourth
rows). These examples highlight the widespread occur-
rence of the Fusion Degradation phenomenon. In contrast,
our proposed M2D-LIF framework effectively addresses
this issue, ensuring that objects detectable by mono-modal
methods remain detectable when using the multi-modal ap-
proach, thereby enhancing detection performance.

2) Visualization of the LIF Weight Map: To evaluate
whether our LIF module effectively perceives illumination
and dynamically assigns different weights to regions with
varying lighting conditions, we visualize the weight map
WV in Equation 8. As shown in Figure 6, object regions
with high-quality illumination in RGB images are assigned
with higher weights, thereby explicitly achieving comple-
mentary feature fusion. More visualization results are de-
tailed in the supplementary material.

4.5. Comparison With State-of-the-Art Methods

1) On DroneVehicle: We evaluated the detection perfor-
mance and parameter count of our method against four
mono-modal oriented bounding box (OBB) detection meth-
ods, as well as eight SOTA multi-modal OBB detection
methods on the DroneVehicle test and validation set. Ta-
ble 4 presents the comparative results. Notably, our M2D-
LIF framework achieves the highest mAP50 and mAP of
81.4% and 68.1% on the test set. Additionally, it recorded
the highest mAP50 of 85.2% on the validation set. Further-
more, our method attained the highest mAP50 across all five
categories on the validation set and three first-place and two
second-place rankings on the test set. Our method has not
only achieved state-of-the-art (SOTA) performance, but also
the parameter count of our M2D-LIF framework is optimal
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Table 4. Camparison of the performance measured by mAP50, mAP on the DroneVehicle dataset. The best results are highlighted in red
and the second-place results are highlighted in blue. Noted that it uses the ‘OBB’ detectors.

Method Modality DroneVehicle test DroneVehicle val ParamsCar Tru Fre Bus Van mAP50 mAP Car Tru Fre Bus Van mAP50

RetinaNet [16]

RGB

67.5 28.2 13.7 62.1 19.3 38.1 23.4 78.8 39.9 19.5 67.3 24.9 46.1 36.4M
Faster R-CNN [24] 67.9 38.6 26.3 67.0 23.2 44.6 28.4 79.0 49.0 37.2 77.0 37.0 55.9 41.8M
S2A Net [5] 88.6 58.7 37.3 85.2 41.4 62.2 36.9 80.0 54.2 42.2 84.9 43.8 61.0 33.3M
YOLOv8m [11] 91.0 55.8 43.1 86.3 43.4 63.9 45.9 91.3 56.3 44.1 87.7 46.7 65.2 26.4M

RetinaNet [16]

IR

79.9 32.8 28.1 67.3 16.4 44.9 27.8 89.3 38.2 40.0 79.0 32.1 55.7 36.4M
Faster R-CNN [24] 88.6 42.5 35.2 77.9 28.5 54.6 31.1 89.4 53.5 48.3 87.0 42.6 64.2 41.8M
S2A Net [5] 90.0 58.3 42.9 87.5 38.9 63.5 38.7 89.9 54.5 55.8 88.9 48.4 67.5 33.3M
YOLOv8m [11] 96.5 63.3 54.6 90.6 45.6 70.1 53.7 96.4 57.8 57.7 92.7 53.2 71.6 26.4M

TarDAL [19]

RGB+IR

89.5 68.3 56.1 89.4 59.3 72.6 43.3 - - - - - - -
UA-CMDet [27] 87.5 60.7 46.8 87.1 38.0 64.0 40.1 - - - - - - -
GLFNet [12] 90.3 72.7 53.6 88.0 52.6 71.4 42.9 - - - - - - -
TSFADet [35] 89.2 72.0 54.2 88.1 48.8 70.4 - 89.9 67.9 63.7 89.8 54.0 73.1 104.7M
CALNet [7] 90.3 76.2 63.0 89.1 58.5 75.4 - 90.3 73.7 68.7 89.7 59.7 76.4 -
C2Former [34] 90.0 72.1 57.6 88.7 55.4 72.8 42.8 90.2 68.3 64.4 89.8 58.5 74.2 100.8M
CAGTDet [37] - - - - - - - 90.8 69.7 66.3 90.5 55.6 74.6 140.3M
OAFA [3] 90.3 76.8 73.3 90.3 66.0 79.4 - - - - - - - -
M2D-LIF (Ours) 97.8 81.0 67.9 96.0 64.6 81.4 68.1 98.1 81.6 76.5 96.4 69.7 84.5 37.1M

Table 5. Camparison of the performance measured by mAP (%)
on the FLIR and LLVIP datasets. The best results are highlighted
in red and the second-place are highlighted in blue.

Method Modality FLIR LLVIP Params.

RetinaNet [16]

RGB

21.9 42.8 35.9M
Faster R-CNN [24] 28.9 45.1 41.3M
DDQ-DETR [45] 30.9 46.7 -
YOLOv8m [11] 27.8 51.7 25.9M

RetinaNet [16]

IR

31.5 55.1 35.9M
Faster R-CNN [24] 37.6 54.5 41.3M
DDQ-DETR [45] 37.1 58.6 -
YOLOv8m [11] 36.5 58.9 25.9M

Halfway Fus. [18]

RGB+IR

35.8 55.1 -
GAFF [39] 37.3 55.8 31.4M
CFT [23] 40.2 63.9 206.0M
CSAA [2] 41.3 59.2 -

ICAFusion [25] 41.4 64.3 120.2M
RSDet [46] 43.8 61.3 386.0M

UniRGB-IR [36] 44.3 63.2 147.0M
M2D-LIF (Ours) 46.1 70.8 36.5M

with 37.1M. It has only increased by 0.1M compared to the
baseline model in the test phase, which demonstrates its su-
periority over other multi-modal methods.
2) On FLIR and LLVIP: Furthermore, we conducted

comprehensive comparisons of our method against state-of-
the-art object detection methods on the FLIR and LLVIP

datasets, involving four mono-modal and seven multi-
modal methods, as presented in Table 5. Our M2D-LIF
framework achieves 46.1% and 70.8% of mAP on the FLIR
and LLVIP datasets, respectively, while only employing
36.5M parameters, the second lowest among multi-modal
methods. The above results underscore the effectiveness of
our M2D-LIF framework in handling diverse datasets. The
superior performance on all three datasets highlights the
adaptability of the proposed framework. Our method not
only competes with but often surpasses existing state-of-
the-art multi-modal methods while achieving higher com-
putational efficiency with a lower parameters.

5. Conclusions
In this paper, we first observed the fusion degradation phe-
nomenon. Through linear probing evaluation, we further
identified mono-modality insufficient learning as its under-
lying cause of this phenomenon. To address this issue,
we rethought the multi-modal object detection task from
the mono-modality learning perspective and constructed an
end-to-end M2D-LIF framework. The Mono-Modality Dis-
tillation (M2D) method was designed to enhance the feature
extraction capability of the multi-modal encoders. The Lo-
cal Illumination-aware Fusion (LIF) module was designed
to dynamically set different weights for the regions with
different illumination conditions. Extensive experimental
results demonstrated that M2D-LIF achieved superior per-
formance. We believe that our framework holds potential
for expansion to other multi-modal tasks.
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