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Abstract

Synthetic aperture radar (SAR) object detection requires ac-
curate identification and localization of targets at various
scales within SAR images. However, background clutter
and speckle noise can obscure key features and mislead the
knowledge distillation process. To address these challenges,
we introduce the Dual Information Purification Knowledge
Distillation (DIPKD) method, which improves the perfor-
mance of the student model through three key strategies:
denoising, enrichment, and decoupling. First, our Selective
Noise Suppression (SNS) technique reduces speckle noise in
global features by minimizing misleading information from
the teacher model. Second, the Knowledge Level Decoupling
(KLD) module separates features into target and non-target
knowledge, balancing feature mapping and reducing back-
ground noise to enhance the extraction of critical information
for the student model. Finally, the Reverse Information Trans-
fer (RIT) module refines intermediate features in the student
model, compensating for the loss of detailed local informa-
tion. Experimental results demonstrate that DIPKD signif-
icantly outperforms existing distillation techniques in SAR
object detection, achieving 60.2% and 51.4% mAP scores
on the SSDD and HRSID datasets, respectively. Additionally,
the student model shows performance improvements of 1.3%
and 2.9% over the teacher model, highlighting the effective-
ness of the information purification approach.

Introduction

Synthetic aperture radar (SAR) imagery is characterized by
its all-day, all-weather capabilities, making it a crucial tool
for earth observation. SAR object detection aims to iden-
tify and locate specific targets, such as ships or aircraft,
across vast SAR images, playing a vital role in monitoring
and safeguarding marine and air domains. Although large-
scale deep learning models perform well in SAR object de-
tection, they still fall short of meeting real-time processing
requirements. Therefore, balance between accuracy and effi-
ciency has become a crucial and significant research for the
lightweight object detection. Knowledge Distillation (KD)
(Hinton, Vinyals, and Dean 2015) is one of the effective
methods to address this issue.
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Figure 1: Comparison of existing methods with ours: (a)
Existing methods often overlook noise management, lead-
ing to the unfiltered distillation of misleading information
from teacher models to student models. (b) Our approach
refines knowledge with precision and supplements interme-
diate features with detailed output information.

As illustraged in Figure 1(a), most existing KD meth-
ods typically guide the student model to learn the predic-
tions (Wang et al. 2024) (Chen et al. 2021), intermediate
features (Zhixing et al. 2021) (Li et al. 2023) (He et al.
2024) (Ni et al. 2023), and attention maps (Zagoruyko and
Komodakis 2022) of teacher model via knowledge transfer.
In order to overcome the issue of misleading noisy infor-
mation, various decoupling strategies have been proposed
(Guo et al. 2021) (Yang et al. 2022c). These strategies dis-
tinguish context-related foregrounds from context-unrelated
backgrounds by generating imitation masks. However, these
approaches have three limitations. First, unlike natural im-
ages, SAR images contain unique speckle noise (Singh and
Shree 2016), which introduces a significant amount of mis-
leading information into teacher models. Second, the ex-
treme background ratio in remote sensing images makes it
challenging for the student model to learn effective knowl-
edge. Finally, the limited semantic detail in SAR images hin-
ders the student model’s ability to extract effective local in-
formation, making it challenging to achieve accurate detec-
tion results by relying solely on intermediate features.

To address these problems, this paper introduces the Dual
Information Purification Knowledge Distillation (DIPKD)
method, illustrated in Figure 1(b). The strategy focuses
on three key elements: (1) Mitigating speckle noise in
global features through selective wavelet domain noise re-



duction, thereby minimizing misleading information in the
teacher’s knowledge; (2) Addressing the imbalance between
target-level and non-target-level features by employing a
knowledge-level decoupling strategy, which enhances the
interaction of local features between the teacher and student
models; (3) Supplementing the student model’s intermedi-
ate features with detailed local information through reverse
information transfer.

Firstly, the Selective Noise Suppression (SNS) module
employs spatial and channel attention-guided wavelet tech-
nology to reduce noise in key feature areas. This approach
enhances feature representation while preserving the origi-
nal information, enabling the model to effectively filter out
speckle noise interference. Secondly, the Knowledge Level
Decoupling (KLD) module separates transmission features,
reducing conflicts between target and non-target features
during the learning process. This decoupling minimizes
background noise interference, allowing the student model
to better learn and retain critical information. Finally, the
Reverse Information Transfer (RIT) branch uses the pre-
dicted scores of student model to constrain intermediate fea-
tures, subtly reducing the dominance of the teacher model.
This approach encourages the student model to explore and
develop its potential more fully. The DIPKD method en-
hances the purity of knowledge transmission by selectively
de-noising and decoupling information while also supple-
menting features in detail. This approach strengthens the
effectiveness of feature transfer, ensuring more refined and
accurate knowledge transmission, which enhances the clar-
ity of transmitted information and significantly improves the
performance of knowledge distillation in SAR object detec-
tion tasks.

The main contributions of this work can be summarized
as follows:

* We propose the DIPKD method to address the issue of
noise in SAR images compromising knowledge purity
during distillation. Specially, Selective Noise Suppres-
sion (SNS) module effectively reduces speckle noise in-
terference in the global features.

* We propose the Knowledge Level Decoupling (KLD)
and Reverse Information Transfer (RIT) modules, which
effectively address the imbalance in knowledge levels
and the lack of detailed local feature information in the
student model.

* Extensive experiments demonstrate that our approach
achieves state-of-the-art results in both single- and two-
stage detector tests, significantly enhancing the student
model’s performance and even surpassing the teacher
model on certain metrics.

Related Works
Object Detection in Remote Sensing Images

Recent advancements in object detection have led to signif-
icant improvements in accuracy. Mainstream deep learning-
based algorithms can be divided into single-stage (Redmon
et al. 2016) (Redmon and Farhadi 2017) (Tian et al. 2020)
and two-stage detectors (Cai and Vasconcelos 2018) (He
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et al. 2017) (Xie et al. 2021). Remote sensing images, with
their complex backgrounds, multi-scale targets, varying as-
pect ratios, and inconsistent orientations (Wan et al. 2023),
pose unique challenges, especially for lightweight detectors.
Additionally, speckle noise in SAR images complicates fea-
ture extraction, disrupting key information transmission. To
overcome these challenges, researchers have developed spe-
cialized algorithms, often building on existing architectures
like Faster-RCNN, SSD (Liu et al. 2016), and RetinaNet.
Notable advancements include Li et al.’s rotation-sensitive
RPN using polygonal anchors (Li et al. 2017), Wang et al.’s
Adaptive Spatial Feature Pyramid for small targets (Wang
et al. 2019a), and Xu et al.’s feature alignment detection
method to address scale variations (Xu et al. 2021).

Knowledge Distillation

Knowledge distillation, introduced by Hinton (Hinton,
Vinyals, and Dean 2015), is a model compression technique
that enhances student model performance by transferring
knowledge from a teacher model. Existing methods are cat-
egorized into logit-based, feature-based (Heo et al. 2019)
(Romero et al. 2014), and relation-based approaches (Liu
et al. 2019) (Park et al. 2019) (Tung and Mori 2019). How-
ever, its effectiveness diminishes in complex tasks like ob-
ject detection. Chen et al. first applied KD to object de-
tection by having the student imitate the teacher’s features
and regression results (Chen et al. 2017). Li et al. ad-
dressed foreground-background imbalance by distinguish-
ing positive and negative regions using RPN features (Li,
Jin, and Yan 2017). Wang et al. simulated fine-grained fea-
tures through cross-location differences (Wang et al. 2019b),
and Zhang et al. used attention-guided feature extraction
with simulated masks (Zhang and Ma 2020a). Yang et al.
introduced a KD method for remote sensing image detec-
tion (Yang et al. 2022b), but it neglected the relationship be-
tween different instances. Our method, instead, employs an
information fidelity distillation strategy that enhances key
knowledge transfer to the student while focusing on refining
feature and minimizing noise interference.

Our Method
Problem Definition

In the object detection task, the model processes a set of in-
put images and labels information {X,Y} during training,
where labels contain category and location data. The model
divides the images into regions and performs classification
and regression tasks within those regions. Specifically, the
images are fed into the model to generate category proba-
bilities and location information, which are then compared
with the label values to calculate the loss:

Lgt:L(fm(x)vy)vXexverv (D

where x and y denote the image and corresponding label
respectively. fy,,(-) denotes the the process of extracting fea-
tures from the model backbone or neck. L(-) denotes cross
entropy loss function or smooth L; loss function.
Knowledge distillation involves a pre-trained teacher
model and a student model to be trained. The student’s loss
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Figure 2: Overview of our DIPKD framework. The teacher and student model features undergo selective wavelet denoising and
feature knowledge decoupling through the SNS and KLD modules, allowing the student model to focus on the most critical
information from the teacher model. The RIT further mitigates the student model’s over-reliance on the teacher model.

function typically has two parts: the loss between ground
truth labels and the student’s outputs, and the loss between
the features or predictions of the teacher and student mod-
els. Since feature distillation offers better constraints than
prediction distillation, we use feature distillation as our base
method (Romero et al. 2014). Most detectors leverage multi-
scale semantic information through Feature Pyramid Net-
works (FPN) (Lin et al. 2017a), which integrate semantic
information from different levels of the backbone network
for final predictions. The features produced by FPN play a
decisive role in prediction outcomes. Generally, feature dis-
tillation is formulated as:

(FkT,i,j - fadp(Fliz‘,j)y , (2)

where F'T and F'® denote the FPN features from the teacher
and student, respectively, and f,q,(-) is the adaptation layer
to reshape the ' to the same dimension as F7'. H, W de-
note the height and width of the feature and C' is the number
of channels.

Overall Framework

The inherent noise in SAR images compromises the pu-
rity of knowledge in teacher models, diminishing the effec-
tiveness of traditional knowledge distillation techniques. To
address this, we propose the Dual Information Purification
Knowledge Distillation (DIPKD) method. As illustrated in
Figure 2, our approach involves three key steps: the Selective
Noise Suppression (SNS) module minimizes feature noise,
the Knowledge Level Decoupling (KLD) module separates
and refines knowledge, and the Reverse Information Trans-
fer (RIT) module enriches the student’s focal information.
This process significantly improves the purity and efficacy
of the transferred knowledge.
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We applied our method to both the two-stage detector
Faster-RCNN (Ren et al. 2015) and the single-stage de-
tector RetinaNet (Lin et al. 2017b). Faster-RCNN uses a
Region Proposal Network (RPN) to generate candidate re-
gions (ROIs), followed by classification and bounding box
regression. In contrast, RetinaNet generates numerous an-
chors across each feature map scale, directly performing ob-
ject classification and bounding box adjustment through its
classification and regression subnetworks. Our KD method
is applied to the features outputted by the FPN layer.

Selective Noise Suppression

Speckle noise, a common issue in SAR images, signifi-
cantly complicates effective knowledge distillation. To ad-
dress this, we introduce the Selective Noise Suppression
(SNS) module, which targets and denoises critical local fea-
tures and channels. The SNS module employs feature atten-
tion to guide wavelet transform-based denoising. As illus-
trated in Figure 3(a), the SNS module’s impact on feature
processing is evident, with its effectiveness in suppressing
speckle noise demonstrated through comparisons of Equiv-
alent Number of Looks (ENL), Speckle Suppression Index
(SSI), and Speckle Suppression and Mean Preservation In-
dex (SMPI) against the fast Fourier transform method. The
results clearly show the superiority of the SNS module. Fig-
ure 3(b) provides a 3D comparison of features before and
after applying the SNS module, highlighting the enhance-
ments in feature quality. Additionally, Figure 3(c) illustrates
that directly applying wavelet transform denoising to SAR
images can also yield improved results.

Previous works, like SENet (Hu, Shen, and Sun 2018)
and CBAM (Woo et al. 2018), have shown that emphasiz-
ing key pixels and channels can significantly enhance the
performance of CNN-based models. In a similar vein, AT
demonstrated that a straightforward method for generating
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(c) Comparison of Image denoising

Figure 3: The speckle noise suppression effect of the
SNS module: (a) Comparison of denoising performance
among the original feature (gray), FFT denoising (blue), and
SNS denoising (orange), presenting three evaluation metrics
(from left to right: ENL, SSI~!, and SMPI~1). (b) 3D vi-
sual comparison of the original feature (blue) and the SNS-
denoised feature (red) using the ENL index (z-axis). (c) Ap-
plication of SNS module’s wavelet transform denoising on
SAR image.

a spatial attention mask can improve distillation outcomes
(Zagoruyko and Komodakis 2022). Based on these insights,
our approach employs a similar attention generation ap-
proach to precisely identify and focus on basic pixels and
channels, and then generates corresponding attention maps
to guide the denoising process.

We calculate the absolute mean on different pixels and
different channels:

C
1
Vii(F) = 5+ > [Fiisl, 3)
k=1
H W
c _ 1
VEWF) = 5 2D Pl @
i=1 j=1

where H, W, C denote the feature’s height, width, and chan-
nel. VZS] and V,C are the spatial and channel attention values.
| - | denotes absolute value calculation. Then the attention
map can be formulated as:

Azs,j(F) =H W. softlrnaux(ij(F)/T)7 (5)

AS(F)=C- softmax(VkC(F)/T), (6)
where 7 is the temperature hyperparameter proposed by
Hinton et al. to regulate the distribution.

Then, using the extracted attention map to guide the fea-
ture denoising by wavelet transform, the features after de-
noising are as follows:

F' = fwld(fdim(AkC) ' fdim(A;'s:j) ' Fk,i,j)7 (7)
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where F' denote input features, AC, A;9 j are the channel and
spatial attention map corresponding to the input features.
Swia(+) is the wavelet transform denoising function. (Choi
and Jeong 2019) faim (+) is the dimension matching func-
tion which unifies the dimensions of the input tensor with
the dimensions of F'.

Knowledge Level Decoupling

The DeFeat method (Guo et al. 2021) has demonstrated
that non-target regions within a feature can offer valuable
supplementary information to target regions. However, the
high background-to-target ratio in remote sensing images
can negatively impact target-level distillation. To address
this challenge, we propose the Knowledge Level Decoupling
(KLD) module. KLD effectively decouples features into tar-
get level and non-target level categories, allowing for sepa-
rate distillation of each. To further mitigate noise from com-
plex backgrounds, a random binary mask is applied to the
non-target-level features. This approach ensures more pre-
cise knowledge transfer, enhancing the overall effectiveness
of the distillation process.

First, we set a binary mask M to separate the background
from the foreground:

Mz’,j = {

where R denotes the ground-truth boxes, n denotes elements
in the set {0, 1}. ¢ and j are the horizontal and vertical coor-
dinates of the feature map, respectively. If (¢, j) falls within
the ground truth, then M; ; = 1, otherwise, itis 0 or 1.
Larger-scale targets will occupy more loss because they
cover more pixels, which can negatively impact the distilla-
tion of smaller targets. Additionally, the ratios of foreground
to background vary significantly across different SAR re-
mote sensing images. Therefore, to ensure equal treatment
of different targets and to balance the loss between fore-
ground and background, we set a scale mask .S as follows:

1, if(i,j) € R
n, Otherwise

(®)

e if(i,j) € R
) mow M)
Sij _{ N#, Otherwise ’ ©)
bg
H W
Nog=> > (1= M), (10)

i=1 j=1

where H, and W, denote the height and width of the
ground-truth box R.

During the training process, the neck features of the
teacher and student models are separated into target level
features and non-target level features for distillation after the
SNS module and KLD module, respectively. Then the target
level feature loss L4, and the non-target level feature loss
L4, are given as:

cC H W )
T S
Liar = Z Z ZMIQU : Sl/c,i,j : (Fk;J - f(Fk;])) )
k=1 i=1 j=1

(1)



FES D)),

(12)

/ ! T
M ;i Sk (Fi

Lntar a,J

C H W
k=1i=1 j=1

Mllc7,j = fdim(Mi,j)a Sllﬂ,i.,j = fdim(SiJ)a

(13)
M//cz] =By — Mllc,i,jv

where F is the tensor whose values are all 1. F'7" and F*’
denote the feature map of the teacher detector and the stu-
dent detector through the SNS module, respectively. There-
fore, the feature loss of distillation L f., is:

Lfea = aLar + BLntar- (14)

Reverse Information Transfer

Existing knowledge distillation methods usually constrain
the student model using only the teacher model’s output or
features. However, inherent differences between the models
can cause inconsistent feature perception, making the stu-
dent model miss critical details and limiting its predictive
potential. To address this, we propose a Reverse Informa-
tion Transfer (RIT) branch that uses the student model’s pre-
dicted output to enhance local feature knowledge guided by
the teacher model. This reduces the teacher model’s domi-
nance, helping the student model better utilize its predictive
power for more accurate results.

We feed student’s multi-scale features FZS ; from FPN and
their segmented regions into the classification head to obtain
class probability information. p. denotes the probability that
the feature region is an object of class c:

pe=P(c|F),FeF, (15)

where I’ denotes feature region and F denotes a set of fea-
ture regions.

For the classification information of each feature region,
the class probability is aggregated using the following max-
imum function:

PF = max P(c|F),

16
1<e<Cls ( )

1<ecns?e T
where Cls denotes the category of the object and Cls > 1.
PF denotes the probability that there is a target in the feature
region F'.

Next, we construct a feature that propagates reverse infor-
mation and map the class probabilities onto that feature:

3 F
Flie= ) PF,
FeF

a7

where < denotes the the mapping function, which aggre-
gates the classification information on all regions ' € F on
the reverse information feature F"?. Specifically, the P of
each feature region in the inverse information feature are su-
perimposed, and finally the locally enhanced feature is ob-
tained.

In addition, we use feature matcher to optimize the ex-
tracted reverse information feature:

F/m =

i sigmoid(Fif} + conv(FiT,;)), (18)

9278

where conv(-) denotes feature through the convolution layer.
The reverse information loss is given as follows:

H W
2
L = 33 (sigmoia (/7 1)~ F7) . 19)

i=1 j=1

To sum up, we train the student detector with the total loss
is given as follows:

L= Lgt+Lfea+’V'Lrit7 (20)

where L, is the original training loss of the student detector.

The distillation loss is calculated just on feature maps,
which can be obtained from the neck of the detectors. So
it can be easily applied to different detectors with FPN-like
network structures.

Experiments
Datasets and Implement Details

We evaluate the proposed method on the SSDD (Zhang et al.
2021) and HRSID (Wei et al. 2020) SAR datasets. For eval-
uation, the standard COCO-style measurement, i.e., Aver-
age Precision (AP), is used. We also report mAP with IoU
thresholds of 0.5 and 0.75, as well as AP for small, medium,
and large objects.

Our proposed method, DIPKD, is implemented under the
MMDetection (Chen et al. 2019) framework in Python. Un-
less otherwise stated, all the hyper-parameters follow the de-
fault settings of the corresponding student model for both
training and testing. DIPKD uses «, 3, « to balance the
loss of target and non-target in Eq.(14), reverse information
loss in Eq.(19), respectively. 7 = 0.5 is used to adjust the
attention distribution and mask rate is 25% for all the ex-
periments. We adapt the hyper-parameters av = 5 x 1075,
f=35x10"° and v =4.5 x 1077 for all the experi-
ments. Feature loss and inverse information loss are not
normalized, but choose the form of unified hyperparameter
which reduces the quantization effect. This kind of parame-
ter setting balances the feature loss, the reverse information
loss and the original loss well, and makes them exert their
own constraint effect.

Performance on Different Detection Frameworks

We validate the effectiveness of the proposed DIPKD
across multiple detection frameworks, including anchor-
based single-stage detectors (RetinaNet) and two-stage de-
tectors (Faster-RCNN). In these experiments, the teacher
models use ResNet50 as the backbone, while the student
model employs ResNet18 as the backbone.

In this research, we rigorously validated our DIPKD
method across both the two-stage Faster R-CNN and single-
stage RetinaNet frameworks. As detailed in Table 1, our
experimental results demonstrate that the DIPKD strategy
significantly boosts the performance of student detectors.
Remarkably, in some cases, the student models even sur-
passed their teacher models. For instance, within the SSDD
dataset, a student detector utilizing ResNet18 as its feature
extractor achieved an mAP of 60.2%, outperforming the



Detector Backbone ‘ mAP AP;y AP7; APs APy AP | mAR ARs ARm  ARp
ResNet50(tea) | 589 945 656 539 663 609 | 643 60.7 711 60.5
Faster-RCNN | ResNetl8(stu) | 574 924 650 543 639 531 | 634 604 694 555
8 ours 60.2 953 702 566 665 60.2 | 653 622 708 635
3 ResNet50(tea) | 48.5 847 533 4211 594 56.1 | 576 516 675 635
Ritinanet ResNet18(stu) | 449 824 439 382 573 454 | 545 480 657 550
ours 514 89.0 551 463 610 591 | 59.6 541 68.7 66.5
ResNet50(tea) | 589  78.8 67.6 593 672 313 | 627 6l1.1 760 522
Faster-RCNN | ResNetl8(stu) | 574 783 665 581 63.0 123 | 61.8 604 754 453
a ours 588 805 676 594 640 15.1 | 63.0 615 758 489
% ResNet50(tea) | 50.9 767 564 515 591 184 | 5677 550 710 464
Ritinanet ResNet18(stu) | 44.8 702 494 453 516 8.2 50.6 487 657 44.1
ours 50.6 782 551 517 562 124 | 56.8 554 687 471
Table 1: Results using different detection methods in the SSDD and HRSID dataset.
Method Ref SSDD HRSID SNS KLD RIT | mAP APgs APm APL
mAP  APs5o | mAP  APsg - - - | 574 543 639 531
Student 574 924 | 574 783 v - - 594 562 659 56.8
FKD ICLR20 | 57.0 942 | 575 1770 - v - 582 551 643 541
FRS NIPS21 577 928 | 57.8 782 - - v 59.7 558 658 59.6
FGD CVPR22 | 565 935 | 571 769 v v - 59.8 566 66.2 56.6
MGD | ECCV22 | 58.1 933 | 57.6 769 v - v 60.1 564 66.1 56.0
ARSD | TGRS22 | 579 937 | 582 79.1 - v v 59.8 56.1 657 575
TWA TGRS24 | 59.0 952 | 58.1 79.3 v v v 60.2 56.6 665 60.2
IFKD MM?24 59.7 948 | 580 79.0 Table 3. F RCNN ResNetS0-ResNet18 ablati q
able 3: Faster- esNet50-ResNet18 ablation stu
DIPKD 602 953 | 588 805 of different modules on SSDD dataset. g

Table 2: Comparison with sate-of-the-art methods using dif-
ferent datasets on Faster-RCNN ResNet50-ResNet18.

teacher model’s 58.5%. These findings highlight the sub-
stantial enhancement potential of student models when prop-
erly guided and suggest that the limits of performance can be
further expanded.

Comparison with SOTA Methods

We compared our DIPKD method with several state-of-
the-art knowledge distillation techniques, including FKD
(Zhang and Ma 2020b), FGD (Yang et al. 2022c), MGD
(Yang et al. 2022d), FRS (Zhixing et al. 2021), ARSD (Yang
et al. 2022a), TWA (Yang, Zhang, and Yang 2024), and
IFKD (Yang and Zhang 2024). FKD addresses foreground-
background pixel imbalance and inter-pixel relationship ex-
traction through guided and non-local distillation strategies.
FRS, FGD, and MGD use masking techniques to highlight
specific features. TWA and ARSD are designed for knowl-
edge distillation in remote sensing images, while IFKD
employs multi-information fusion. For a fair comparison,
we implemented these methods using the hyperparameters
specified in their original papers and evaluated them under
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the same experimental conditions and datasets.

As shown in Table 2, on the SSDD dataset, other distil-
lation methods overlooked the purity or imbalance of the
teacher model’s knowledge, leading to a decline in the stu-
dent model’s performance after distillation. In contrast, our
method effectively suppressed noise in the global features
while refining and enhancing the local features, thereby im-
proving the purity of the teacher’s knowledge. This approach
increased the student’s mAP by 2.8%, demonstrating its ef-
fectiveness and surpassing the teacher model’s performance
on several key metrics.

Ablation Study

We conducted ablation experiments to evaluate each mod-
ule’s impact on the knowledge distillation process. Table 3
shows that all modules independently improved the student
model’s performance, with the RIT module contributing the
most (+2.3 mAP), followed by SNS (+2.0 mAP) and KLD
(+0.8 mAP). Combined, they achieved the highest improve-
ment of +2.8 mAP, demonstrating the effectiveness of inte-
grating noise suppression, feature decoupling, and supple-
mentary knowledge.



T 0.25 0.5 0.75 1.0 1.25
mAP | 599 602 60.1 599 598
mAR | 65.1 653 652 65.1 65.0

Table 4: Sensitivity study of temperature hyperparameters 7
on SSDD dataset by Faster-RCNN ResNet50-ResNet18.

Mask Rate | 0% 25% 50% 75% 100%
mAP 60.0 60.2 60.1 59.7 58.1
mAR 64.8 653 650 645 629

Table 5: Sensitivity study of mask rate hyperparameters on
SSDD dataset by Faster-RCNN ResNet50-ResNet18.

Sensitivity to Hyperparameters

In Eq.(5) and Eq.(6), the temperature hyperparameter 7 ad-
justs the distribution of pixels and channels in the feature
map. The gap widens when 7 < 1 and narrows when 7 > 1.
We experimented with different 7 values to assess their im-
pact. As shown in Table 4, 7 = 0.5 led to a 0.3 mAP and
0.2 mAR improvement compared to 7 = 1, which does not
adjust the distribution. At 7 = 0.5, high-value pixels and
channels are emphasized, helping the student detector fo-
cus on crucial parts and perform better. The worst result was
only a 0.3 mAP drop from the best, indicating our method’s
robustness to 7.

In Eq.(8), we introduce a random variable n to adjust non-
target level feature knowledge, with a default mask rate of
25%. Experiments were conducted to assess the sensitiv-
ity of this parameter. As shown in Table 5, a 25% mask
rate led to a 0.2 mAP and 0.5 mAR improvement over a
0% mask rate. Randomly discarding background informa-
tion helps suppress complex noise and reduces detector in-
terference. However, when the mask rate is 100%, meaning
only target-level features are distilled, performance declines
sharply due to the loss of supplementary information from
non-target level features.

Visualization Analysis

The MGD method uses mask generation, the FGD method
focuses on local-global feature distinction, and the IFKD
method incorporates multi-information fusion. Figure 4’s
heatmap visualizations compare detectors, showing that the
undistilled student detector assigns higher weights to non-
target areas, affected by speckle noise and background clut-
ter in SAR images. While FGD, MGD, and IFKD improve
performance, they still face background interference. In con-
trast, our DIPKD method effectively suppresses non-target
weights and enhances feature focus in target-rich areas, like
the center.

As illustrated in Figure 5, MGD’s results are affected by
background complexity and speckle noise. FGD and IFKD
reduce background impact but remain sensitive to noise. In
contrast, our DIPKD method handles both issues effectively,
performing well on offshore, near-shore, and small target
images.
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Figure 4: Visual feature heat maps results of the MGD,
FGD, IFKD method and our proposed DIPKD method on
the SSDD datasets.

GT MGD FGD IFKD DIPKD

Figure 5: Visual detection results of images from the SSDD
dataset using Faster-RCNN with ResNetl8. The Ground
truth, MGD, FGD, IFKD and ours DIPKD method are com-
pared respectively.

Conclusion

This paper identifies the degradation of knowledge purity
in SAR images as a key challenge for student model per-
formance. To address this, we introduce the Dual Informa-
tion Purification Knowledge Distillation (DIPKD) method,
utilizing Selective Noise Suppression (SNS), Knowledge
Level Decoupling (KLD), and Reverse Information Transfer
(RIT) modules. Experiments on two detectors demonstrate
our method’s simplicity and effectiveness. Since it’s based
on FPN features, it applies across multiple detectors. The
analysis shows that students not only grasp core knowledge
from teachers but also surpass them in some metrics, though
optimizing knowledge acquisition remains a future focus.
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