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FINet: Frequency Injection Network for Lightweight
Camouflaged Object Detection

Weiyun Liang , Graduate Student Member, IEEE, Jiesheng Wu , Yanfeng Wu , Xinyue Mu ,
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Abstract—Existing camouflaged object detection (COD) meth-
ods typically have large model parameters and computations, hin-
dering their deployment in real-world applications. Although using
lightweight backbones can help alleviate this problem, their weaker
feature representation often leads to performance degradation.
To address this issue, we observe that frequency information has
shown effective for cumbersome networks, but its effectiveness for
lightweight ones has not been thoroughly investigated. Biological
studies indicate that the human visual system utilizes distinct neural
pathways to respond to different frequency stimuli, contributing
to specialization and efficiency. Motivated by this, we propose
an efficient frequency injection module (FIM) to aid lightweight
backbone features by separately injecting detailed high frequency
and object-level low frequency cues at each stage. FIM can be
used as a plug-and-play component in existing COD networks to
enhance backbone features at a low cost. With FIM, our proposed
frequency injection network (FINet) achieves competitive perfor-
mance against most state-of-the-art methods with much faster
speed (692FPS for the input size of 384×384) and fewer parameters
(3.74 M).

Index Terms—Camouflaged object detection, lightweight model,
frequency information, feature fusion.

I. INTRODUCTION

CAMOUFLAGED object detection (COD) aims to detect
objects that visually blend into their surroundings, which

has a wide range of downstream applications [1]. Recently,
with the advent of large-scale benchmarks [1], [2], existing
works mainly adopt deep models for COD, whose methods
can be roughly divided into three categories, i.e., designing
elaborate feature exploration modules [1], [3], [4], incorporating
auxiliary tasks (e.g., classification [5], salient object detection
(SOD) [6], and ranking [2]), and exploiting prior knowledge
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(e.g., texture [7], frequency [8], [9], [10], [11], and edge [12],
[13], [14]).

While these methods have made remarkable achievements,
their high performance often comes from large model parame-
ters and computations, which hinders their deployment in real-
world applications, especially on mobile devices. Unfortunately,
there is a limited number of works that focus on lightweight
COD frameworks, resulting in an urgent need to design efficient
models for COD. In the well-established realm of SOD, one
straightforward approach is to replace cumbersome backbones
with lightweight ones, which often have weaker feature repre-
sentation capability [15]. Current SOD works typically design
elaborate multi-level, multi-scale, and attention methods [16],
[17], [18], [19], [20] to enhance lightweight backbone features.
However, since COD presents more significant challenges than
SOD due to the intrinsic similarity between foreground and
background, as well as ambiguous edges, discriminative camou-
flaged traces are difficult to capture [8]. Hence, solely exploring
RGB domain features may require more complex designs and
introduce more parameters to enhance the learning capability for
discriminative features [1], [3], [4], [21], which may contradict
the original intention of lightweight design.

Fortunately, we note that the frequency domain information
contains invisible discriminative camouflaged clues, which has
shown effective for cumbersome networks [22]. However, its
effectiveness for lightweight ones has not been thoroughly in-
vestigated. The key issue lies in how to carefully aid lightweight
backbone features with discriminative frequency cues for COD,
while maintaining a lightweight design.

To address this issue, we observe the biological studies [23]
indicate that the human vision system utilizes distinct neural
pathways to respond to different frequency stimuli, enabling
more effective handling of specific information types and en-
suring efficiency. Motivated by this, we consider that process-
ing high and low frequency bands separately can disentangle
the complexity of frequency information and facilitate a more
refined treatment of specific frequencies, thereby effectively
exploring subtle discriminative cues. Specifically, we propose
an efficient frequency injection module (FIM) for lightweight
COD, which separately injects spatial detailed high frequency
cues and object-level low frequency cues into RGB features
to mine complementary camouflaged traces in two domains
and strengthen lightweight backbone features. As illustrated in
Fig. 1, with FIM, our proposed frequency injection network
(FINet) only has 3.74 M parameters and 1.25 G FLOPs, and
achieves 692FPS for the input size of 384 × 384 on a single
NVIDIA RTX 3090 GPU, while matching the performance of
most state-of-the-art (SOTA) methods.

Our main contributions can be summarized as follows:
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Fig. 1. Performance, parameters, and inference speed compared with state-of-
the-art methods. The performance is measured using the weighted F-measure
(Fw

β ) on the CAMO dataset [5]. Our FINet achieves extremely high speed and
superior performance with minimal parameters.

� We propose an efficient frequency injection network
(FINet), which achieves 692FPS with only 3.74 M param-
eters, for lightweight COD. To the best of our knowledge,
we are the first to investigate lightweight COD from a
frequency perspective.

� A frequency injection module (FIM) is proposed to sep-
arately inject spatial detailed and object-level frequency
cues into backbone features to mine camouflaged traces.
FIM can be used as a plug-and-play component in current
models to enhance the feature representation of backbone
features with frequency cues at a low cost.

� Extensive experiments demonstrate that the proposed
FINet achieves competitive performance against most
SOTA methods on four benchmark datasets.

II. METHODOLOGY

A. Overview

The architecture of our proposed FINet is illustrated in
Fig. 2. Specifically, given an input RGB image I ∈ RH×W×3,
the backbone network extracts hierarchical features {Fi}4i=1 ∈
RHi×Wi×Ci , where H , W , C, and i represent height, width,
channel, and the i-th stage, respectively. Meanwhile, follow-
ing [24], we obtain the frequency domain feature Ffreq ∈
R

H
8 ×W

8 ×192 from I, and partition it into high and low frequency
bands, denoted as Fh and Fl ∈ R

H
8 ×W

8 ×96, respectively. Then,
FIM separately injects the high and low frequency features into
Fi at each stage. Finally, the asymmetric decoder blocks (ADBs)
gradually fuse the multi-stage features in a top-down manner and
generate the final prediction.

B. Frequency Injection Module

As shown in Fig. 2, FIM consists of two modules, namely
high frequency injection module (HFIM) and low frequency
injection module (LFIM), designed to separately process high
and low frequency bands, respectively. Unlike [8], which learns
a global frequency prior for all stages, FIMs are used at each
stage, enabling the adaptive learning of essential frequency
bands for features at each stage to suit their distinct semantics.

Due to the input frequency features are manually extracted [24],
they unavoidably contain redundant information. Hence, both
HFIM and LFIM adopt a compress and recover scheme to filter
out redundant information and recalibrate prominent features.
Inspired by [25], HFIM and LFIM both adopt a local and a
global branches to enhance features from both local and global
scales. Specifically, the FIM can be formulated as

Ḟi = δ(B(f1×1(Fi)),

FH
i = B(f1×1(Cat[Ḟi; δ(B(f1×1(Up(Fh))))])),

FL
i = B(f1×1(Cat[Ḟi; δ(B(f1×1(Up(Fl))))])),

F̈i = B(f1×1(δ(HFIM(FH
i )⊕ LFIM(FL

i )))), (1)

where f1×1,B, and δ denote the 1× 1 convolutional layer, batch
normalization layer, and GELU activation, respectively. Cat[·; ·],
Up(·), and ⊕ indicate concatenation, bilinear interpolation, and
element-wise addition, respectively. F̈i ∈ RHi×Wi×C ′

i is the
output of the FIM. Note that the input RGB and frequency
features Fi, Fh, and Fl are first processed by three convolutions
to adjust the feature channel to C ′

i, respectively. FH
i and FL

i are
inputs of HFIM and LFIM.

1) High Frequency Injection Module: Since high frequency
features contain more spatial details (e.g., texture differences
and contours of camouflaged objects), HFIM compresses and re-
covers features along spatial dimension to filter out background
interference and obtain subtle camouflaged traces. For the local
branch, a depthwise separable convolution (DSConv) with a
stride of r is adopted to reduce the spatial dimension, and a
bilinear interpolation is used to restore the feature. While for the
global branch, we adopt a global spatial attention mechanism
to distribute more global information and generate the global
attention map. The HFIM can be defined as

Mlocal
i = B(f̂3×3(Up(δ(B(f̂r

3×3(F
H
i )))))),

Mglobal
i = FH

i ⊗ σ(f̂3×3(Up(δ(B(f̂r
3×3(τ(F

H
i ))))))),

ḞH
i = B(f1×1(M

local
i ⊕Mglobal

i )), (2)

where τ and σ denote averaging the channels of the input feature
and the sigmoid function, respectively. f̂r

k1×k2
indicates the k1 ×

k2 DSConv with a stride of r, and r is a reduction ratio. The
superscript r will be omitted without ambiguity if we have a
stride of 1. For example, f̂3×3 is the 3× 3 DSConv with a stride
of 1. Mlocal

i , Mglobal
i , and ḞH

i denote outputs of local branch,
global branch, and HFIM, respectively.

2) Low Frequency Injection Module: Since low frequency
features contain more object-level artifacts (e.g., object regions
where color and texture change gently), LFIM focuses more
on channel dimension to integrate various types of features and
generate comprehensive object regions. Similar to HFIM, the
LFIM adopts 1× 1 convolutions to compress and recover the
feature channel with a ratio of r. For the global branch, the
global average pooling (GAP) is used to capture the global scale
information. The LFIM is defined as

Nlocal
i = B(f1×1(δ(B(f1×1(F

L
i ))))),

Nglobal
i = FL

i ⊗ σ(f1×1(δ(B(f1×1(GAP(FL
i )))))),

ḞL
i = B(f1×1(N

local
i ⊕Nglobal

i )), (3)
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Fig. 2. Overall architecture of the proposed FINet, which comprises two components: frequency injection module (FIM) and asymmetric decoder block (ADB).
The FIM mainly consists of two modules: high frequency injection module (HFIM) and low frequency injection module (LFIM). The high and low frequency
features, denoted as Fh and Fl, are extracted from the input image following [24].

where Nlocal
i , Nglobal

i , and ḞL
i denote outputs of local branch,

global branch, and LFIM, respectively.

C. Asymmetric Decoder Block

According to [26], complementing square convolution kernels
with asymmetric ones can strengthen the feature representation
by exploring orthogonal characteristics. Motivated by this, we
design a lightweight asymmetric decoder block (ADB) to im-
prove the performance of the 3× 3 DSConv with asymmetric
DSConvs by adding few parameters, as illustrated in Fig. 2.
Given the input feature Ei, ADB is formulated as

Ėi = f1×1(Ei),

Ëi = B(f̂3×3(Ėi)⊕ f̂1×3(Ėi)⊕ f̂3×1(Ėi)), (4)

where Ëi is the output of the ADB. The 1× 1 convolution
adjusts the feature channel consistent with the next stage.

D. Loss Function

Following [1], [3], [4], we combine the weighted binary cross-
entropy loss (Lw

BCE) and the weighted intersection over union
loss (Lw

IoU ). We supervise the final prediction of our model (P1)
and the coarse prediction maps ({Pi}4i=2). The loss function is
defined as

L =
4∑

i=1

Lw
BCE(Pi,G) +

4∑

i=1

Lw
IoU (Pi,G), (5)

where G is the ground-truth.

III. EXPERIMENTS

Due to page limitations, additional results are provided in the
supplemental file.

A. Experimental Settings

1) Datasets: Following [1], [3], we evaluate our model on
four benchmark datasets, i.e., CHAMELEON [27], CAMO [5],
COD10K [1], and NC4K [2].

2) Metrics: Following [4], [28], [29], we adopt four met-
rics to evaluate the performance, i.e., structure-measure (Sα),

adaptive E-measure (Ead
φ ), weighted F-measure (Fw

β ), and mean
absolute error (M ). The model parameters, FLOPs, and FPS are
calculated following [3] and [30].

3) Training and Implementation Details: The pre-trained
EfficientNet-B0 [31] backbone is used as the encoder. During
the training phase, the input images are resized to 384× 384
and augmented by random flipping, copping, rotation, and color
enhancement. We utilize the Adam optimizer with a weight
decay of 4e-8. The initial learning rate is 2.6e-4 and follows a
cosine decay strategy. Our model is implemented with PyTorch
framework and trained for 200 epochs on a single NVIDIA RTX
3090 GPU. The batch size is set to 32.

4) Comparing State-of-The-Art Methods: We compare our
proposed method with 17 SOTA methods, i.e., SINet [1],
PFNet [28], R-MGL [12], LSR [2], JCOD [6], UGTR [32],
C 2 FNet [21], DTC-Net [7], ERRNet [13], SINetV2 [3], C
2 FNetV2 [4], ZoomNet [33], R-MGL_V2 [34], FEDER [35],
FSPNet [36], SAM [37], and TinyCOD [29]. Note that TinyCOD
is the first tiny model for COD [29].

B. Comparison With State-of-The-Art Methods

1) Quantitative Comparison: As shown in Table I, our FINet
only has about 15% parameters and 10% FLOPs of SINetV2 [3],
and achieves about 1.8 times faster. Our FINet outperforms
SINetV2 [3] by 0.2%, 1.9%, 0.6%, and 0.3% in terms of Sα,
Ead

φ , Fw
β , and M on COD10 K, respectively. Compared with

the lightweight model TinyCOD [29], FINet has about 1 M
fewer parameters and 0.15 G fewer FLOPs, and outperforms
it on both CAMO, COD10 K, and NC4K. The reason might
be explained that TinyCOD [29] just reinforces RGB features,
which needs more parameters to improve the model learning
capability. While our FINet surpasses 13 SOTA methods, it
still falls behind some of the recent complex models, e.g.,
FEDER [35] and FSPNet [36]. This suggests the ongoing need
for research in lightweight COD methods.

2) Qualitative Comparison: The qualitative comparison re-
sults are shown in Fig. 3. For these challenging scenes, our model
obtains superior results, while other methods often incompletely
predict objects (e.g., rows 1 and 4), distract by background
objects (e.g., rows 2 and 3), or struggle to fully detect multiple
objects (e.g., row 5).
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TABLE I
COMPARISON WITH SOTA METHODS

Fig. 3. Qualitative comparison with SOTA methods.

TABLE II
ABLATION STUDIES OF THE MAIN COMPONENTS

C. Ablation Study

The results of ablation studies are listed in Table II. Model (e)
is our final model, i.e., FINet.

1) Significance of the FIM: To evaluate the significance of
FIM, HFIM, and LFIM, we remove each of them and get model
(a), (b), and (c), respectively. The results show that removing
either HFIM or LFIM causes a performance degradation, and
removing both of them leads to the most significant performance
drop, demonstrating the effectiveness of FIM, HFIM, and LFIM.
It can be observed that removing HFIM causes Sα to decrease
by 0.8% and 0.4% on CAMO and NC4K, respectively, while the
removal of the LFIM only reduces Sα by 0.2% and 0.1%. This
suggests that both high and low frequency features contribute to
COD, with high frequency information being more effective.

2) Effectiveness of the ADB: We remove ADBs in our FINet
and get model (d). Comparing the results of model (d) and (e),
the ADB improves Ead

φ by 0.3%, 0.7%, and 0.2% on CAMO,
COD10 K, and NC4K, respectively. This indicates the effective-
ness of the ADB.

D. Feature Visualizations of the FIM

As shown in Fig. 4, we utilize Grad-CAM [42] to visualize
the features in the FIM. Seeing the red boxes in Fig. 4, the HFIM
concentrates on regions with distinct textures or color compared
to the surroundings, such as the vertical patterns of the moth and
the fin of the flounder. The LFIM focuses more on regions inside
the object with relatively consistent patterns. The FIM combines

Fig. 4. Feature Visualizations of the FIM.

TABLE III
UNIVERSALITY OF THE FIM

the attention areas of both HFIM and LFIM, and focuses on the
entire object. The above analysis demonstrates the effectiveness
of the FIM.

E. Universality of the FIM

To evaluate the universality of our FIM, we conduct two
experiments and the results are listed in Table III. First, we add
FIMs after backbones of SINet [1] and SINetV2 [3], and obtain
SINet-FIM and SINetV2-FIM, respectively. Comparing their
results, adding FIM boosts the performance at a very low cost,
e.g., SINet-FIM improves Fw

β by 1.4% and 2.2% on COD10 K
and NC4K respectively, and only increases 0.4% parameters of
SINet [1]. This demonstrates that our FIM can be efficiently
used as a plug-and-play component in other models. Second,
we replace our backbone with the TinyNet-A [41] used by
TinyCOD [29]. It can be observed that our model has fewer
parameters and FLOPs while outperforms TinyCOD [29] by a
large margin. The above observations indicate the generalization
potential of FIM for other backbones.

IV. CONCLUSION

In this letter, we propose an efficient frequency injection
network, namely FINet, for lightweight COD. FIM separately
injects detailed and object-level frequency cues into RGB fea-
tures to strengthen lightweight backbone features. Extensive
experiments demonstrate that our FINet achieves competitive
performance against most SOTA methods, with lower model
complexity and much faster speed.
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