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Precise Skin Cancer Detection Based on Gamma Transform and
Wavelet Convolution

BATI Shiqiang, CAI Yiren, LI Lihong "
(College of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, China)

Abstract: Skin cancer and melanocytic nevus share numerous similarities, which can result in a misdiagnosis by dermatologists.
To improve the screening accuracy of early skin cancer patients, the Gamma Transform Block (GMTB) based on Gamma Transform
(GT) and Wavelet Convolution Block (WTCB) based on Wavelet Transform (WT) are proposed. Furthermore, the Space-Frequency
Transform Network (SFTNet) for capturing fine-grained features of skin cancer is innovatively proposed based on the Detection Trans-
former(DETR) architecture. SFTNet-based skin cancer screening system can effectively improve disease detection accuracy because it
enhances the sample image at different channels and reduces over-fitting effect during the model training process. Simulation results on
HAM10000 dataset show that the accuracy of this system can reach 85. 5%, which underscores the significant clinical value of our ap-
proach in skin cancer assisted diagnosis.
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Fig. 10 Change curve of evaluation index in training process and verification process
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Tab.2 Evaluation indices of three groups of ablation experiments

;| f A TP TN FP Accuracy Precision F1 AP
ResNet18 1 444 28 561 0.724 1 0.720 2 0.837 3 0.020 9
1 ResNet34 1493 28 512 0.748 2 0.744 6 0.853 6 0.020 5
ResNet50 1341 0 664 0. 668 8 0. 668 8 0.801 6 0.027 5
2025 3 51 HFH S5 M FTAREAMTEIRAR 1001



LR HREAE Bk 5 S A2l KB
Vgl Rl TP TN FP Accuracy Precision F1 AP
WTCB-R18 1 495 19 510 0.748 0 0.745 6 0.8540 0.0190
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Tab.3 Comparison table of test dataset accuracy between SFTNet and the dataset benchmark model

P 3 ResNet18 ResNet50 Auto-sklearn Auto-keras  Google AutoML Vision SFTNet ( ours)
k[ 32] 0.727 0.719 0.734 0.756 0. 766 —
SCHk[33] 0.754 0.731 0.719 0. 749 0.768 —

A3 0.724 0. 669 — — — 0. 855
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Tab.4 Test evaluation indexes of different models on HAM10000 skin disease test dataset

X SR IR [N R R Accuracy Precision Recall F1
SCHR[42] LeNet 0.780 0. 414 0. 414 0.414
SCHR[43] VGG 0. 850 0. 850 0. 850 0. 850
SCHR[44] GooglLeNet 0. 805 0. 685 0. 581 0.59%
ik [45] ResNet 0. 852 0. 849 0.975 0. 908
SCHR[46] BoTNet 0.815 0.726 0. 686 0. 692
SCHR[47] GhostNet 0. 837 0. 837 0. 832 0. 833
SCHK[ 48] MobileNet 0.793 0. 630 0. 800 0.763
SCHR[49] MobileNet 0. 832 0. 830 0. 830 0.754
k[ 44] MobileNet-v2 0.819 0.714 0. 659 0. 664
SCHk[44]  MobileNet-v2 & GoogleNet-v2 0. 835 0. 766 0. 656 0.672
SCHR[46] MobileNet-v3 0. 843 0.798 0. 671 0. 693
SCHR[47] MobileNet-v3 0. 838 0. 839 0. 834 0.833
SCHR[47] MobileNet-v3 & CA 0. 847 0. 848 0. 845 0. 846
SCHR[47] MobileNet-v3 & SE 0. 848 0. 846 0. 849 0. 846
SCHR[47] Attention MobileNet-v3 0. 850 0. 849 0. 842 0. 841
SCHR[46] MobileViT-v3 0. 851 0. 802 0.722 0.738

A3 SFTNet 0. 855 0. 852 0. 851 0. 851
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Fig. 12 Data comparison of different models under the same index

1004 Radio Communications Technology

Vol. 51 No. 5 2025



& 12 AT, 7F Recall 5 F1 J7H , MobileViT-
v3 i 5 BoTNet, MobileNet-v2 . GoogLeNet , LeNet
B 2 (] 0 3 T )23 B X IE A R A AR, 11 26
H5 50 ) P BB HE ¥ A SFTNet>ResNet>MobileViT-v3 >
VGG > MobileNet-v3 > GhostNet > MobileNet-v2 > BoT-
Net>MobileNet>GoogLeNet>LeNet ; 17 £ X 4% ) % 45
B, 11 BB 1 BEHE ¥ 9 SFTNet> VGG > Res-
Net> GhostNet > MobileNet-v3 > MobileViT-v3 > Mo-
bileNet>MobileNet-v2>BoTNet>Googl.eNet>LeNet ,
LRSS R R N R AR I B 5 RO i R 2 T
FH A S, BAKIM S, SFTNet, ResNet, Mo-
bileNet-v3 = 2 5% &I [ 4 BE #¢ 5% , 1T GoogLeNet
LeNet ()14 Rl 55 . #5780 Y 1F B 58 o I i /s LAl
Gy iR IG I ANIE A W HITE K IR 12 W
Il PR3 52

5 HWIE

AR H LT GT AN B R K%
AP JFF DETR S84 0 3EmH T DLskcte , 76 K
JoR g G T T T R A A AR R R, O e R,
GMTB fe U8 5 T K 1Tk 55 G % 1L B i /D B A 3
Zrat AR P B LA BN s WTCB 78 5 19 238 3845
SRt AT S, 3 R B U IR A BT 1) (] 1)
P LRGN IR R 2 A E T FE 4R
T 22 G0 5 ARG U 4 66 1) [R) ), GMTB A1 WTCB .3
TN ARG SAS , HL 2R GUEE X Bz ik £F 2 9 7 22
ORI 112 W IE B R BAR, BRI R G A A — o otk
25 [A]

AT UL, 3T SFTNet A% E Jz ST 98 T 075 22 4
AMLBENS TR £ 35 1 2 JER s , A A b ) %
TR AR IR TAE A, % R G0 0T LAXT Rk
Joes FOE R AT DL O A T | 3 B A A G B YT BN
HeH5RH,

S % x ok

(1] Bt G2 T8 F FIELEEBERBI LS
ST AT R []/0L]. (2024-11-18) [ 2025-04-18].
hitp: //kns. enki. Net/kems/detail /61. 1415. R. 20241115.
2350. 007. html.

[2] BF, &4 AMAERFIM]. 10 K LR, AK
T & R RAE 2024,

[3] xidi&. ZARBES W L3k B & F % Rk 69 16 R
AT [D]. %A R EA K 5 ,2023.

(4] FRAE. BB e IE S b ey 2 AMNE[D].
Hf MR E IR 2021.

LM . EBES kbR e KAG

[5] BA,EZ54E, L0, 5 AREhEELEmii,
R M A AR A AR R a9 S B AT ], B
4 4 &,2021,50(4) :428-431.

[6] iz WEF BREH, ¥ AREEREEAL B
Sk A A A AR R o0 8RR 5 6 R [J]. AR R
%97 F % ,2019,26(4) :204-209.

[7] LIU W, ANGUEVOV D, ERHAN D, et al. SSD: Single
Shot MultiBox Detector [ C ] // European Conference on
Computer Vision. Cham: Springer,2016:21-37.

[8] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
Feature Hierarchies for Accurate Object Detection and Se-
mantic Segmentation[ C ] //Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. Co-
lumbus : IEEE ,2014 .580-587.

[9] GIRSHICK R. Fast R-CNN[ C]//Proceedings of the 2015
IEEE International Conference on Computer Vision. San-
tiago : IEEE 2015 : 1440-1448.

[10] REN S Q,HE K M,GIRSHICK R, et al. Faster R-CNN;
Towards Real-time Object Detection with Region Proposal
Networks [ J]. Advances in Neural Information Processing
Systems. IEEE ,2015,28:1137-1149.

[11] REDMON J,DIVVALA S,GIRSHICK R,et al. You Only
Look Once: Unified, Real-time Object Detection| C ] //Pro-
ceedings of the 2016 IEEE Conference on Computer Vision
and Pattern Recognition. Las Vegas:IEEE,2016.779-788.

[12] VASWANI A ,SHAZEER N,PARMAR N, et al. Attention
is All You Need[ J]. Advances in Neural Information Pro-
cessing Systems,2017,30:5998-6008.

[13] CARION N,MASSA F,SYNNAEVE G,et al. End-to-End
Object Detection with Transformers [ C ] //Proceedings of
the 2020 European Conference on Computer Vision. Glas-
gow : Springer,2020:213-229.

[14] REE BAKEHR F A TEH% % ARk H#EAR
B SEAM [ T]. d2h) 5 3 R, 2024,39( 11) :3597-3606.

[15] EM23b. Ak HAR AN T4 46 45 Bh B MK R T 4k B 577
#FIRE[D]. T T Ao EF 1R ,2024.

[16] TSCHANDL P, RINNER C, APALLA Z, et al. Human-
computer Collaboration for Skin Cancer Recognition[ J].
Nature Medicine,2020,26(8) :1229-1234.

[17] GONZALEZ R C,WOODS R E. Digital Image Processing
[M]. 4b3% . & F Tk kg4, 2020.

(18] &dh, HalAn, BrA. HFAB AR M]. b, F4
R AR 2022.

[19] FOURIER J B J. Théorie Analytique de la Chaleur [ M].
Paris ; Firmin Didot, 1822.

[20] AHMED N, NATARAJAN T, RAO K R. Discrete Cosine
Transform[ J ]. IEEE Transactions on Computers, 1974, 23
(1) :90-93.

2025 FFF 51 HEH 5 M

FTARBTEIRA 1005



LM Kl Bk b AAEE ARG

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

DEVANEY A J. The Slant Transform: An Orthogonal
Transform for Signal Processing[ J ]. [EEE Transactions on
Audio and Electroacoustics, 1972,20(2) ; 140-146.
WALSH J L. A Closed Set of Normal Orthogonal Func-
tions[ J ]. Transactions of the American Mathematical So-
ciety,1923,25(1) ;5-24.

DAUBECHIES I. Ten Lectures on Wavelets| M |. Phila-
delphia; Society for Industrial and Applied Mathematics,
1992.

3. BB ARG R AR e A[]].
¥+ E I E £ 2022,60(3) :21-23.

TSCHANDL P, ROSENDAHL C, KITTLER H. The
HAM10000 Dataset, a Large Collection of Multi-source
Dermatoscopic Images of Common Pigmented Skin Lesions
[ J]. Scientific Data,2018,5:1-10.

LAURENS V D M,HINTON G E. Visualizing Data Using
t-SNE[ J]. Journal of Machine Learning Research,2008,9
(86) :2579-2605.

LECUN Y,BOTTOU L,BENGIO Y, et al. Gradient-based
Learning Applied to Document Recognition[ J]. Proceed-
ings of the IEEE,1998,86 (11) :2278-2324.
KRIZHEVSKY A ,SUTSKEVER I,HINTON G E. Imagen-
et Classification with Deep Convolutional Neural Networks
[C] // Advances in Neural Information Processing Sys-
tems. Lake Tahoe ; Curran Associates Inc. ,2012; 1097 -
1105.

SIMONYAN K,ZISSERMAN A. Very Deep Convolutional
Networks for Large-scale Image Recognition [ C] //Pro-
ceedings of the 3rd International Conference on Learning
Representations ( ICLR 2015). San Diego: OpenReview,
2015.1-14.

SZEGEDY C,LIU W, JIA' Y Q,et al. Going Deeper with
Convolutions| C ] /] Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Boston; IEEE,
2015.1-9.

HE K M,ZHANG X Y,REN S Q, et al. Delving Deep into
Rectifiers ; Surpassing Human-level Performance on Ima-
genet Classification[ C ] Y Proceedings of the IEEE Inter-
national Conference on Computer Vision. Santiago : IEEE,
2015.1026-1034.

YANG J C,SHI R,NI B B. MedMNIST Classification De-
cathlon; A Lightweight Automl Benchmark for Medical Image
Analysis[ C] /IEEE 18th International Symposium on Bio-
medical Imaging(ISBT). Piscataway ;TEEE,2021;191-195.
YANG J C,SHI R, WEI D L, et al. MedMNIST v2: A
Large-scale Lightweight Benchmark for 2D and 3D Bio-
medical Image Classification[ J]. Scientific Data, 2023,
10(1) ;1-41.

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

FEURER M,KLEIN A, EGGENSPERGER K, et al. Effi-
cient and Robust Automated Machine Learning[ C ] //Ad-
vances in Neural Information Processing Systems. Montre-
al ; Curran Associates Inc. ,2015:2962-2970.

JIN H F,SONG Q Q, HU X. Auto-keras: An Efficient
Neural Architecture Search System [ C ] Vi Proceedings of
the 25th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. Anchorage: ACM,
2018.:1946-1956.

ARAVIND S, TSUNG-YI L, NIKI P, et al. Bottleneck
Transformers for Visual Recognition [ EB/OL]. [ 2025 -
04-107. hitps : //arxiv. org/pdf/2101. 11605.

HAN K, WANG Y H,TIAN Q,et al. GhostNet:More Fea-
tures from Cheap Operations[ C]//2020 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition
(CVPR). Piscataway;IEEE,2020;1580-1589.
HOWARD A G,ZHU M L,CHEN B, et al. MobileNets:
Efficient Convolutional Neural Networks for Mobile Vision
Applications[ EB/OL]. (2017-04-17) [ 2025-04-18].
https : //arxiv. org/pdf/1704. 04861.

SANDLER M, HOWARD A, ZHU M, et al. Mobile-
NetV2:Inverted Residuals and Linear Bottlenecks[ C ]/
2018 IEEE/CVF Conference on Computer Vision and
Pattern Recognition ( CVPR). Piscataway; IEEE, 2018
4510-4520.

HOWARD A,SANDLER M,CHU G,et al. Searching for
MobileNetV3[ C],//2019 IEEE/CVF International Confer-
ence on Computer Vision (ICCV). New York: IEEE,
2019.1314-1324.

WADEKAR S N, CHAURASIA A. MobileViTv3; Mobile-
Friendly Vision Transformer with Simple and Effective Fu-
sion of Local, Global and Input Features [ EB/OL ].
(2022-09-01) [2025-04-187. hitps; //arxiv. org/pdf/
2209. 15159v2.

NUGROHO A A,SLAMET I,SUGIYANTO. Skins Cancer
Identification System of HAM10000 Skin Cancer Dataset
Using Convolutional Neural Network [ EB/OL]. (2019 -
12-27)[2025-04-18]. https: /doi. org/10. 1063/1.
5141652.

RATUL A R,MOZAFFARI M H,LEE W S, et al. Skin
Lesions Classification Using Deep Learning Based on Di-
lated Convolution[ EB/OL]. (2020-06-05) [ 2025-04—
187. hitps ; //doi. org/10. 1101/860700.

THURNHOFER H K, LOPEZ R E, DOMINGUEZ E,
et al. Skin Lesion Classification by Ensembles of Deep
Convolutional Networks and Regularly Spaced Shifting
[J]. IEEE Access,2021,9:112193-112205.

1006

Radio Communications Technology

Vol. 51 No. 5 2025



[45]

[46]

[47]

(48]

PATIL S N,PATIL H D,ADHIYA K P, et al. Densenet-
201 for Skin Melanoma Classification; A Comprehensive
Performance Evaluation and Analysis [ J ]. International
Research Journal of Multidisciplinary Scope,2024,5(4) .
711-721.

LIU H,DOU Y,WANG K,et al. A Skin Disease Classifi-
cation Model Based on Multi Scale Combined Efficient
Channel Attention Module[ J]. Scientific Reports, 2025,
15:1-12.

PEL A TEZTEMEN LR EMN T EAR[D].
2, H/ALIFE K 52,2023,

SAE L W, WETTAYAPRASIT W, AIYARAK P. Convo-
lutional Neural Networks Using MobileNet for Skin Lesion
Classification[ C] /2019 IEEE Conference on Computer
Vision and Pattern Recognition Workshops ( CVPRW ).
Long Beach:IEEE,2019.242-247.

M. A

[49]

[50]

ik 5 Ak KA S

CHATURVEDI S S,GUPTA K,PRASAD P S. Skin Lesion
Analyser: An Efficient Seven-way Multi-class Skin Cancer
Classification Using MobileNet [ C ] // Advanced Machine
Learning Technologies and Applications: Proceedings of
AMLTA 2020. Singapore ; Springer, 2021 ; 165-176.

RAKE 3% EBF AT RSB S R IE
BAAP 2 W& BEA [ J/0L]. (2025-03-11) [ 2025-04-
18]. http: //kns. cnki. net/kems/detail/13. 1099. TN.
20250310. 1707. 012. html.

1£&

N2

(SR

attse 5, (1999—)  mil L wF oy A, E BT T,
RS TR B2,

EHEA F,(2000—) WL BFoE A, FBEWFIE
o3,

(*BIEEE)EWME L, (1973—), H+, #4&x, £

BEFETT 1] R AL B THRHLALE

2025 FFF 51 HEH 5 M

FTARBTEIRA

1007





