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Abstract: Objective Spatial adaptive steganographic algorithms usually embed secret messages in image regions with com-
plex textures or edges to reduce visual distortion and statistical detectability. Therefore, the resulting embedding modifica-
tions are weak, sparse, and highly content-dependent. These subtle traces are easily masked by natural image textures,
local intensity changes, and background noise, which makes reliable image steganalysis difficult, especially under low or
moderate embedding payloads. Although deep-learning-based steganalysis methods have achieved better performance than
handcrafted feature methods, existing models still have several limitations. Most of them rely mainly on single residual pre-
processing, which may not fully exploit frequency-band information related to steganographic modifications. In addition,
convolutional structures are effective for local texture extraction but have limited ability to model long-range contextual rela-
tionships. Moreover, cover and stego features are often highly overlapped in the feature space, making it difficult for cross-
entropy loss alone to form a clear decision boundary. To address these problems, this paper proposes an image steganalysis
network integrating equal-resolution frequency bands and contrastive clustering, termed CRF-CCNet. Methods The pro-
posed CRF-CCNet is designed from three aspects: residual preprocessing, feature extraction, and discriminative optimiza-
tion. In the preprocessing stage, an equal-resolution Laplacian frequency decomposition module is constructed to extract
high-, middle-, and low-frequency residual components without spatial downsampling. This design preserves weak embed-
ding traces while capturing complementary residual responses in different frequency bands. SRM high-pass filter banks are
further applied to each band to enhance steganographic residual information. Considering that different frequency bands
contribute unequally to detection, an adaptive attention fusion mechanism is introduced to dynamically adjust their
weights. In the feature extraction stage, a Multi-Path Feature Enhancement Module is designed with three parallel
branches. A lightweight Swin Transformer branch is used to model global contextual dependencies, a depthwise separable
convolution branch is adopted to extract local texture features with relatively low computational cost, and a central differ-
ence convolution branch is introduced to enhance neighborhood intensity differences and edge-related perturbation
responses. The outputs of the three branches are integrated through a gated fusion mechanism, enabling the network to
combine global, local, and differential information. In the classification stage, a Multi-Scale Contrastive Clustering Loss is
introduced. Dynamic class prototypes are maintained for cover and stego samples at different feature scales, reducing intra-
class distances while enlarging inter-class margins. Meanwhile, a cross-scale consistency constraint is imposed on stego
features to maintain structural coherence among different feature levels. Results Experiments were conducted on the BOSS-
Base 1. 01 and BOWS2 datasets using three typical spatial adaptive steganographic algorithms, namely WOW, HILL, and
S-UNIWARD. The proposed method was compared with representative steganalysis networks, including SRNet, LWENet,
FA-CLNet, and HSMNet, under the same data setting. Under the BOSS+BOWS2 training setting with an embedding pay-
load of 0. 4 bpp, CRF-CCNet achieves detection accuracies of 94. 81%, 89.55%, and 92. 47% for WOW, HILL, and S-
UNIWARD, respectively, outperforming HSMNet by 0. 83, 1. 55, and 1. 15 percentage points. Compared with the light-
weight steganalysis network LWENet, CRF-CCNet improves the accuracy on WOW at 0. 4 bpp from 90. 59% to 94. 81%,
with a gain of 4. 22 percentage points. Meanwhile, the number of parameters is reduced from 0. 82 M to 0. 67 M, corre-
sponding to a reduction of approximately 18. 3%. Although the FLOPs increase slightly from 19. 45 G to 20. 25 G, the two
models remain at the same computational scale, and CRF-CCNet reaches an inference speed of 82. 4 FPS. Ablation experi-
ments further verify the effectiveness of the equal-resolution multi-band preprocessing, the multi-path feature enhancement
module, and the multi-scale contrastive clustering loss. Conclusions CRF-CCNet improves the representation and discrimi-
nation of weak steganographic perturbations by combining equal-resolution multi-band residual modeling, multi-path fea-
ture enhancement, and multi-scale contrastive clustering optimization. Experimental results show that the proposed method
achieves better detection accuracy for several spatial adaptive steganographic algorithms while maintaining a relatively
small parameter size and high inference efficiency. Therefore, CRF-CCNet provides an effective lightweight framework for
spatial image steganalysis.
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Fig. 4 Flowchart of Feature Extraction Stage
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Fig. 5 Multi-scale Contrastive Clustering Loss Module Diagram
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0.1 0.2 0.3 0.4
Algorithm Arithmetic
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WOowW LWENet 75.67 83.97 85.78 87.85 88.82 89.97 90.59 95.36
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Fig. 8 Visualization of Partial Models at 256X256 Resolution
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Table 2 Ablation Experiment of the Internal Structure of
MP-FEM

Transformer CNN CDC []#% ACC

MP-FEM fi% o | Sl
B e e ome (@

B CNN 4% v 93.13
CNN+Transformer v v 93.47
CNN+CDC v v 93.72
=R P v v v 93.95
SR RS v v vV v 9%l4

E Visualization of Features (Vithout MS-CCLI tSNE Visuakzation of Multi-Scale Clustering Features (MS-CCL)
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K9 AL R HEREHR TRHE 0 -SNE n] #4k
Fig.9 t-SNE Visualization of Feature Distributions With and
Without MS-CCL
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Table 3 Ablation Experiment

AR 4R Muli-  MP-  MS-  Accuracy
(Model)  #i#9  Band FEM  CCL  -wow(%)
BaselineA v 93.05%
Model B v v 93.72%
Model C v v 94.14%
Model D v v 93.57%
Model E v v v 94.40%
Ours F v v v v 94.81%
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LWENet H 0.2433 [ &= 0.1422, FA-CLNet H
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Table 4 Comparison of Steganalysis Error Rates for Dif-

ferent Algorithms on Two Datasets

BOSS BOSS + BOWS2
GIRFS

02bpp 04bpp 02bpp 0.4 bpp
SRNet 0.2961 0.1459 0.2089 0.1313
LWENet 0.2433 0.1441 0.1422 0.0941
FA-CLNet 0.2231 0.1367 0.1312 0.0795
HSMNet 0.2265 0.1102 0.1400 0.0602
CRF-CCNet 0.1849 0.1019 0.1109 0.0519
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I SRNet L K% 5% 2 94 A5 % LWENet AR R A% g 1E
T X EE 25 RN S Fis .
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LWENet f1A< 371543 5124 0. 82 MAI0. 67 Mo AHLL
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AR R R IE F R B8 1 1 [R] B A 5 R AT T A 7Y
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FE T B2 4% B )7 1, SRNet ) FLOPs ik |
114. 20 G, 1fif LWENet #il CRF-CCNet 4351 4 19. 45 G
F120.25 Go BARAR T LM T LWENet #4511
0. 80 G FLOPs, {HAXIE K 24 4. 1% , B ARAT {4 15 7E [7]
— R, LK T SRNet, 75 B TR H 60 Z2 95015 5%
22 FEARIN 22 [ AR R AAE 38 58 245 4 O SR B8 I A T 5
UiEiEl
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2 AR 2.6 FPS, IR 081 /2 S HH 75 K 5 i
SRNet FH T % 45 45 k4 5 %, HC 4 380 ok (R 18,5
FPS, B AR TR il 259800 AR SOy v A
PRI o R I R 1 [ ST L 28 A U A B A T80

MG RS BE A, CRF-CCNet BUS 17 94. 81% )
HET R, 2% 8 T SRNet [1)-86. 87% Al LWENet i}
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LWENet $2 @& T 4.22 N H 40 o 78S 5 g b
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Table 5 Performance Analysis

FLOPs

Method  Params(M) ©) FPS ACC(%)
SRNet 4.77 114.20 18.5 86.87%
LWENet 0.82 19.45 85 90.59%
Ours 0.67 20.25 82.4 94.81%
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