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Abstract Camouflaged object detection(COD) plays a crucial role in natural scene analysis and security monitoring. However,
the complexity and diversity of camouflaged objects pose significant challenges to the performance of detection models. Existing
knowledge distillation methods are primarily used for model compression by aligning the output features of teacher and student
networks to achieve lightweight models. Nonetheless, these methods often overlook the rich semantic information contained in the
intermediate features of teacher networks. Additionally, fixed learning rate strategies struggle to adapt to the significant scale
differences between teacher and student models,leading to instability during the distillation process. To address these issues, this
paper proposes a lightweight camouflaged object detection model based on structured knowledge distillation. The method levera-
ges structured knowledge to improve the traditional soft and hard label loss calculation, significantly enhancing the distillation
performance. Furthermore, the learning rate optimization problem is modeled as an optimization task to stabilize performance fluc-
tuations during the distillation process. Experimental results demonstrate that the proposed method achieves an S,, of 82. 9% and
81.0% on the COD10K-V3 and CAMO camouflaged object detection datasets, respectively, while reducing training time to 6. 5
hours.
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2. WA AL . 7% method=KD, EPOCHS= Epochs, k=0, K=10 (%
ZH0 /) BoE NG B GR R I SOH 8 k T H 2
A D)5 B ZR AL+ /

3.fori<1tondo

4. tea_ features=get_teacher features(teacher,i);/ * 2 Ui £ $&

HUER | A REACRRAE + /

5. stu_features=get_student_features(student,i);/ * %4 [ 2% 42
BUES | S REAREAE + /
6. loss= distillation_loss(tea_features,stu_features) ; / * fr &4 * /

7./ S RRAED R -/

8. 183 M 1 i £E %% > & learning_rate = LR. adjust_learning_
rate() ;

9. fifkaEA M i loss Al learning_rate JZ i) {4 4%

10,/ * FUWAEAE WA PERE * /

11.  if student. accuracy << teacher. accuracy then

12. k=k+1;

13. if k=K then Y1l 277 ¥ method=non_KD;

14. else # H i 48% k=0;

15. end for

16. 4 th I 2547 192 A2 K 45 Student
4 XBREHRSH

4.1 XWRBERSHIEE

SR FR B, 2B B T Linux P & AT, 6 2R E K
NVIDIA GeForce RTX 4080(16 GB B.47) . WAF 64GB, JF &k
454945 CUDA 12. 2, Torch 2. 0.1 #l Python 3. 10,

ST HO0 M 4% R BiRefNet, 2 £E W 4% 77 U1l 45
) ResNet101, % AR R4 — 4R 512 X512 5 K.l
25 B At K/ (Batch_size) 9 2, AL 2% 9 Adam, %) 4R %
N 1X1070 PR B0l 50 4.

YIZRFERT .50 3 I LRI 6. 5 h,
4.2 HFEEHRS5ISEEE

IR AN« o T 960 UEA SCRE AL (37 1kt 68 F A
£ B AR A AL 35 42 CAMO F1 COD10K-V3 #E47I14%, 4n
#1573,

£1 KR
Table 1 Datasets
Dataset Train Test
CAMO 1000 250
CODI10K-V3 6000 4000

CAMO B 45 1000 7k AR AE Rl g A0 250 3k A
A4 R IR 4R s COD10K-V3 i 4 8 3647 10 000 sk B 4%, H
H 6000 K FUNZR, 4000 3K B F ML, S T Of TE o o ¢ A0
NP A 5 Sk C22 40 TR A9 DIl 2k 48 Fn il ik 48, 7 A
CAMO 1 COD10K-V3 M3 £ b 37 Al AR SCRLARY
4.3 FHEERSEYX

T AT A PE A, R B T2 A 19 45 AR S-mea-
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A SCKER LCKD 78 CAMO #l COD10K-V3 %8 4 I
5 —46 SOTA BRIy it e g5 Rk 2 pra, Ko b
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Table 2 Experiment results of camouflaged object detection and the proposed method

. CAMO CODI10K-V3
K Su t Ez A Fg 4 MAE ¥ Sw t Ez 4 Fy 4 MAE y
SINety, 1] 0.751 0.771 0. 606 0.100 0.771 0. 806 0.551 0.051
SINetV2,, 4] 0. 820 0. 882 0.743 0.070 0.815 0. 887 0. 680 0.037
UGTR,, [12] 0.787 0.823 0.686 0.086 0.818 0.853 0.667 0.035
FEDER,; 33 0. 802 0.867 0.738 0.071 0. 822 0. 900 0.716 0.032
E-UGTRy, [3*] 0.717 0.801 0.581 0.114 0.754 0. 823 0.541 0. 055
ZoomNety, 30 0. 820 0.878 0.752 0.066 0.838 0. 888 0.729 0.029
FSPNety, 31 0. 856 0. 899 0.799 0.050 0.851 0.895 0.735 0. 026
SegMaRy, [32] 0.815 0.874 0.753 0.071 0.833 0.899 0.724 0.034
LCKD(Ours) 0.810 0.823 0. 801 0.176 0.829 0.829 0.720 0.155

N 2 BRI LUE L, LCKD ZEZ D e 8 br F A T
BT LR

(1) 555 908 %) (SINet #l SINetV2) *f 1t

TEW A oHls 4 1, LCKD W S, 48 #5 35 %) T 0. 810 #0
0.829,## T SINet 19 0. 751 1 0. 771 ;{8 1E 1R 52 i 20 Y
CAMO #5545 b R 524l SINetV2, fEFy 3545 F . LCKD
iKE| T 0.823 fi1 0. 829, #H b F SINet 1% 0. 771 H1 0. 806 1 —
FE MR (AR T SINetV2,

(2) 5 Transformer-based J5 ¥ (UGTR, E-UGTR I
FEDER) # [t

EFA$ 4 £, LCKD B S, 8t i5 8 7 0. 810 Al
0.829,TF UGTR 4 0. 787 F1 0. 818 . E-UGTR #Y 0. 717 Al
0.754,L J% FEDER B9 0. 802 1 0. 822, Fy#845 F.LCKD ik
FT 0.823 F10.829, %/ T E-UGTR B 0. 801 Ml 0. 823, {H 1
T FEDER,

(3)5 SOTA J5#: (ZoomNet, FSPNet i1 SegMaR) # Lt

LCKD RETE— L4845 EIR KT SOTA J5 ik HEMEN
— iR R O e ARG A R, O 2 AR RS B &
WA b LR SN, ML Z T 5 £ SOTA #i5
FARTETERE b R UL S (8 3 5 TF 88 K, U1 25 R H B I R] G
KL MR L TR, R, LCKD 1 — Fp e 8 9 O 3 . 7 52
Bz ] o 5T BAR A

ST EE R LW L 7E CODI0K F1 CAMO $6iE4E F, A STy

25 1 M RE T LA A 3 SO o — S A A O B A A I 4SS A )
i 2% 11 25 50 YA IE] S 6. 5 h, 75 COD10K 48 4 I 4 ¥
PHUIN 0] 45 76 % 90 s,

H5MA R SOTA J5 M H . LCKD 7S {75 #E B3 B J7 1
WA G, i H A BN A 7E COD10K-V3 fl CAMO ¥t 4 I
PR E O T HARE R, 3k 3 Frg) . LCKD ) i Bk ] 4L
90s(COD10K-V3) fil 40s(CAMO) , 1% /5 F Z Vil W 4% BiRefNet
DL R g AR UGTR, 5 1 [ i, LCKD Ay #2502 5 &
TR R AL T vk . AnEE 4 FTF, LCKD 1 3 s
Jg4.2X 107 SRR 2. 7X10°,% UGTR 1 BiRefNet

KRG BEAR , 3 — 2B B 5IF T LCKD 7688 %1 s 45 A0 i 4 4 % 1Y
P,
F 3 HEB A RS L
Table 3 Comparison of inference time
Networks Times/s
DTINet 220
UGTR 121
BiRefNet 334
LCKD 90
DTINet 120
UGTR 67
BiRefNet 68
LCKD 40
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Fa BRSEEMF SR XL
Table 5 Comparison of model parameters and floating point

operations(FLOPs)

Networks Params FLOPs

BiRefNet 2.200X 108 1.0Xx101
UGTR 4.887 X107 3.1x107
LCKD 4.200 %107 2.7x107

LCKD 5 UGTR 8 g4 FE X e i & 4 froR o 16 37 90 9F
B P %E B bRl gk it , LCKD # b F UGTR X3l 2% 40715 fdy
AR SE 57 TN ER

bt R

LCKD UGTR

=

Bl 4 LCKD 5 UGTR 20 i #2551 4 1L
Fig. 4 Comparison of inference results between LCKD and UGTR

models

g F iR . LCKD 7Efh % H Ar ki AT 55 o B AR T8 48
TR R fth B LR AR Y
4.5 HELIRIS

5% G5 AR AL SR 5 2k TH BTN Bl A R Ak 2 o) R
AT R 40 04 T4 Bl 2 56 43 BT 5 DA IE 2 AT % LCKD 4 8 1 5T ik .
A BB e LCKD i SCHEAS B, 43 #7 X e 2 45 SR 1
o, LA COD10K-V3 4 & E il 47, B iz £ 4 4 2
2 O e B A AT 45 H S L R R AR e R P 2 T B
8, I ELAS SCHY 32 50 46 3 43 R BF Al 2 S T BN S AT
BE VTN, DT 4 rei 52 30 (0 0] {5 B L LA 38 o £ 07 i 7E D 26 B AR
AT 55 VR A AL .

S T BRI 2548 Ak 0 PR A 2R T B AR 1 G R 2R AR i
AT A B X B B U (Y Softmax A1 % 55 18 A 45
P H A B )5 i o Hfr 4 0 Baseline ;s 65 A 18] J2 45 #4946 0130
PRI A3 B B, I B i L 2 T B R Y O vk (LA 7 ) 4% B o
JZ MSELoss fil L1Loss), 4 H 4y £y LCKD w/o Mid-Fea-
ture, SEEREERUNIFE 5 FTAl,

F 5 AR T AR B Y 3 S 4 2 AR

Table 5 Ablation experimental results of the structural loss
calculation module
Vi S/ % Params
Baseline 70.3 4.2X107
LCKD w/o Mid-Feature 77.4 4.2X107
LCKD w/o Final-Output 78.6 4.2x107
LCKD 82.9 4.2X107

H 2 5 A %1, 5 Baseline # It . LCKD # fh %% H b5 6 I 4T:
%S, EMN 70, SUARTFEN T 82. 9% . WA L5 H AL J0 IR AR 1T
B GI A RFRT T AR NHERE . XEHEN
LCKD fE % 38 2 2 B 18] 2 19 3= 8RR 4E ARG SUAE B 38 58

HRRAERIRRE T . IR, 5125 0 Ak 0 SR T 55 0 oK 1Y
A AR S8, Ik Ah, M T LCKD w/o Mid-Feature,
SERE Y LCKD 3l job X o 8] J2 R AE 08 A7 25 44 10 A 3L, 18 45451 2K
THATE R, R TR, M T LCKD w/o Final-
Output, LCKD 1 F AL 55 T %0 0i A 2% A p AL )2 i i ! 7
FRAE Lt AR B0 [ 2B L, H UL R B T 4 A B R M B
[ B o 485 4 A0 IR 5 1A 32 AR 5% 1155 I X IR 46 45 4
B 5% i A R L A U1 GRS ) 04 %o b b il R 38 5 1R 25 (MISE) A4
YR (LD R T E 22 5 KL #UE A -8Bt 2
WEAER 9T L s AN 2 Jd 2 1 Din il st )

h T BE S A R AR AR T R A L DL 2 )
HIEFFIN LRI J7 1 (i % 9 LCKD w/o LR Supervision, % 5 %
9 1X070) fd FH % G B B 203 2] R U Y vk (A 4 A
StepLR-LCKD) , DA J fifi A< 3C 17 3 Wa B 5 ) SR 500E 19 7 vk il
XL 9280 . M mAZE M LI AT 5 W I LI E 7
R LCKD w/o LR Supervision, StepLR-LCKD #1 LCKD
TR A 0 v R YIRS IR 4 K 6 RSl .

# 6 BhaA LA > ST RS g 45 2R

Table 6 Ablation experimental results of dynamic learning rate
optimization
Ik S,/ % Train Time/h
LCKD w/o LR Supervision 70.3 6.5
StepLR-LCKD 77.7 7.0
LCKD 82.9 6.5

M2 6 H X L4 SR AT 1L A b LCKD w/o LR Supervi-
sion, LCKD £ Il 25 it 8 rp Al DUKR 975 2% A= 0 2% 04 2% 20 1% I ok
SIS A 2 3 A DT T4 e T o A I 4 o 3T S0 I 2% A
A RO B RE AT B K B AR T . R 22 3] R
WA BRI AN T 254, SRR R A, B RTIIE 2 K
s )4 T AR ST R (A R B TR R A M S
I 1 s [R) B AR5, A LT StepLR-LCKD, LCKD A4 [
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B R Bk R R PR A PR O AR AT TR R A A AR A SR R
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[ 38 4 il 52 56 3600 T 485 4 1 0 LR R T SR B R Bl 3
I b 2 S M o S5 AR N TR 2R T SR HLGE S 4
Do £6% v [11) J22 AR AE T 0 L3 480 oA 65 4 T AT L 4 8 T 2R IR
RIS MAEG T TS TR . sh S b 2 %
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AR 2R TF R, Il i B S B A A ST R OR R AR T T
FE N I AR 0 e M DT M e T A T 46 DL R 2] LU
Do £6% w2 B AR 1) 1) L, SIC B 25 SR 3R B I A #E COD 2441
P4 DS T W BB T . AR L 2 R X 2
R A AR R, 7E RSB L T T RE B AR A ZE (Y



306

Com puter Science T HEHMLFF2¥:  Vol. 53,No. 4, Apr. 2026

WP 5 I HL 2 25w DL A 2 2T R SR W H) 3 oz 1 73 AT 4 = 1)L
HAE B ER " BT AT BB AT E R H L. R
T — 25 R 2R T 50 5 M A R e DL — 20 4R T R A A

DK

(1]

2]

[3]

[4]

[5]

[6]

7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

JE.

2 % X M

FAN D P,JI G P,SUN G L,et al. Camouflaged object detection
[C1// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2020.2777-2787.

HINTON G, VINYALS O,DEAN ]J. Distilling the knowledge in
a neural network [J]. arXiv:1503. 02531,2015.

CHEN H.WANG Y.XU C,et al. Learning student networks
via feature embedding [ J ]. IEEE Transactions on Neural Net-
works and Learning Systems,2020,32(1) :25-35.

FAN D P,JI G P,CHENG M M,et al. Concealed object detec-
tion [ J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence,2021,44(10) :6024-6042.

WANG K, BI H, ZHANG Y, et al. D? C-Net: A Dual-Branch,
Dual-Guidance and Cross-Refine Network for Camouflaged Ob-
ject Detection [J]. IEEE Transactions on Industrial Electronics,
2021,69(5) :5364-5374.

LYU Y,ZHANG J,DAI Y, et al. Simultaneously localize, seg-
ment and rank the camouflaged objects [ C]// Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2021:11591-11601.

REN J.HU X,ZHU L.,et al. Deep texture-aware features for
camouflaged object detection [ J]. IEEE Transactions on Circuits
and Systems for Video Technology.2021,33(3):1157-1167.
JIG P,FAN D P,CHOU Y C,et al. Deep gradient learning for
efficient camouflaged object detection [ J]. Machine Intelligence
Research,2023,20(1):92-108.

SUN Y.WANG S,CHEN C,et al. Boundary-guided camou-
flaged object detection [J]. arXiv:2207. 00794,2022.

ZHANG J,LYU Y, XIANG M, et al. Depth confidence-aware
camouflaged object detection [J]. arXiv:2106. 05608,2021.
ZHONG Y, LI B, TANG L,et al. Detecting camouflaged object
in frequency domain [ C]// Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. 2022
4504-4513.

YANG F,ZHAI Q. LI X, et al. Uncertainty-guided transformer
reasoning for camouflaged object detection [ C]//Proceedings of
the IEEE/CVF International Conference on Computer Vision.
2021:4146-4155.

LIU Z,ZHANG Z,TAN Y, et al. Boosting camouflaged object
detection with dual-task interactive transformer [C]// 2022 26th
International Conference on Pattern Recognition(ICPR). IEEE,
2022:140-146.

YIN B,ZHANG X,FAN D P,et al. Camoformer: Masked sepa-
rable attention for camouflaged object detection [ J]. IEEE

Transactions on Pattern Analysis and Machine Intelligence,

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

2024,46(12):10362-10374.

MENG Z,LI J,ZHAO Y,et al. Conditional teacher-student
learning [C] // 2019 IEEE International Conference on Acous-
tics, Speech and Signal Processing(ICASSP 2019). IEEE, 2019
6445-6449.

LI T,LI J,LIU Z,et al. Few sample knowledge distillation for
efficient network compression [ C] // Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
2020:14639-14647.

ROMERO A.BALLAS N.KAHOU S E,et al. Fitnets: Hints
for thin deep nets [J]. arXiv:1412. 6550,2014.

GAO M, SHEN Y, LI Q.,et al. An embarrassingly simple ap-
proach for knowledge distillation [J]. arXiv:1812.01819,2018.
ZHOU G,FAN Y,CUI R,et al. Rocket launching: A universal
and efficient framework for training well-performing light net
[C]//Proceedings of the AAAI Conference on Artificial Intelli-
gence. 2018.

ZHU X,GONG S. Knowledge distillation by on-the-fly native
ensemble[ C]// Advances in Neural Information Processing Sys-
tems. 2018.

SI'Y H,CHENG Q,HUANG J C. A dynamic multi-teacher set-
ting method for knowledge distillation [J]. Computer Science.,
2025,52(5):241-247.

ZHENG P,GAO D,FAN D P,et al. Bilateral reference for high-
resolution dichotomous image segmentation [ ] ]. arXiv: 2401.
03407,2024.

ZHAO H W,WU H,MA K,et al. Image classification frame-
work based on knowledge distillation[ J]. Journal of Jilin Uni-
versity ( Engineering and Technology Edition), 2024, 54(8):
2307-2312.
MIRZADEH S I,FARAJTABAR M,LI A,et al. Improved
knowledge distillation via teacher assistant [C]// Proceedings of
the AAAI Conference on Artificial Intelligence. 2020: 5191-
5198.

LOSHCHILOV I,HUTTER F. Sgdr:Stochastic gradient de-
scent with warm restarts [ J]. arXiv:1608. 03983,2016.

FAN D P,CHENG M M.,LIU Y,et al. Structure-measure:
A new way to evaluate foreground maps [ C] // Proceedings of
the IEEE International Conference on Computer Vision. 2017
4548-4557.

ACHANTA R.HEMAMI S,ESTRADA F.et al. Frequency-
tuned salient region detection [C]// 2009 IEEE Conference on
Computer Vision and Pattern Recognition. IEEE, 2009: 1597-
1604.

FAN D P,GONG C,CAO Y,et al. Enhanced-alignment measure
for binary foreground map evaluation [ J]. arXiv: 1805. 10421,
2018.

BORJI A,CHENG M M, JIANG H,et al. Salient object detec-
tion: A benchmark [ J]. IEEE Transactions on Image Proces-
sing,2015,24(12) :5706-5722.

PANG Y,ZHAO X,XIANG T Z,et al.Zoom in and out:



R AR A BT R A R U A U Y A ek B e R A T A Y

307

[31]

[32]

[33]

[34]

A mixed-scale triplet network for camouflaged object detection
[C]// Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2022:2160-2170.

HUANG Z,DAI H,XIANG T Z.et al. Feature shrinkage pyra-
mid for camouflaged object detection with transformers [C] /
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 2023:5557-5566.

JIA Q,YAO S,LIU Y,et al. Segment,magnify and reiterate:
Detecting camouflaged objects the hard way [ C]// Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2022 .:4713-4722.

HE C,LI K,ZHANG Y.,et al. Camouflaged object detection
with feature decomposition and edge reconstruction [ C] // Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2023:22046-22055.

SONG J Y,LUO X Z. A lightweight camouflaged object detec-

tion model based on attention mechanism and knowledge distil-

lation [J]. Journal of Hubei University ( Natural Science Edi-

tion) ,2024,46(5) :611-620.

SONG Jianhua, born in 1973, Ph.D. pro-
fessor, postgraduate supervisor, is a
member of CCF (No. 27785M). Her
main research interests include network

and information security.

ZHANG Yan, born in 1974, Ph.D, pro-
fessor, doctoral supervisor. His main
research interests include code security

and so on.

(SEAE 2 48 - AT BD



