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Spatial attention-based multilayer fusion method for high-quality

class activation map

Zhang Jian, Zhang Yiran", Wang Zicong
Wuhan Digital Engineering Institute, Wuhan 430205, China

Abstract: Objective The success of deep convolutional neural networks (DCNNs) in image classification, object detec-
tion, and semantic segmentation has revolutionized the field of artificial intelligence (AI). Models based on DCNNs have
demonstrated exceptional accuracy and have been deployed in various real-world applications. However, a major drawback

of DCNNs is their lack of interpretability, which is frequently referred to as the “black-box” problem. When a DCNN
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makes a prediction, understanding how and why it arrived at that decision is a challenging task. This lack of transparency
hinders our ability to trust and rely on these models’ output, particularly in critical domains, such as healthcare, autono-
mous driving, and finance. In medical diagnosis, for example, comprehending the reasoning behind a model’s diagnosis is
crucial for healthcare professionals to make informed decisions about patient care. Explainable AI (XAI) aims to address
this issue by providing human-interpretable explanations for decisions made by complex machine learning models. XAl
seeks to bridge the gap between model performance and interpretability, allowing users to understand the inner workings of
a model and have confidence in its output. Researchers have been actively developing techniques and methods for enhanc-
ing the interpretability of deep learning models. One approach is to generate visual explanations through techniques, such
as class activation map (CAM) , gradient-weighted CAM (Grad-CAM) , and smooth Grad-CAM. These methods provide
heat maps or attention maps that highlight the areas of an input image that influence the model’s decision the most. By visu-
alizing this information, users can gain insights into the features and patterns that the model focuses on when making predic-
tions. Experimental evidence shows that CAM methods can effectively enhance the interpretability of image classification.
However, existing methods can only provide rough range explanations and suffer from the issues of excessively large bound-
ary effects and insufficient granularity. To address these problems, spatial attention-based multilayer fusion for high-
quality CAM (SAMLCAM) is proposed. SAMLCAM combines channel attention and spatial attention mechanisms based on
Gra’ d-CAM. SAMLCAM achieves more effective object localization and enhances visual interpretability by addressing the
issues of excessively large activation map boundaries and lack of fine granularity through multilayer fusion. Method In
existing CAM methods, only the channel weights are considered, while beneficial information from spatial position, which
contributes to target localization, is frequently overlooked. In our study, a hybrid attention mechanism that combines chan-
nel attention and spatial attention is proposed to enhance the interpretability of target localization. The spatial attention
mechanism focuses on the spatial relationship among different regions in feature maps. By assigning higher weights to
regions that are more likely to contain the target object, SAMLCAM can enhance the precision of object localization while
reducing false positives. This attention mechanism allows the model to allocate more attention to discriminative features,
improving object localization. One key improvement of SAMLCAM lies in its multilayer attention mechanism. Previous
methods frequently suffer from boundary effects, wherein activation maps tend to have excessively large boundaries that
may include irrelevant regions. SAMLCAM addresses this issue by refining attention maps at multiple layers of a network.
It not only relies on the results from the final convolutional layer but also considers multiple aspects, including attention to
shallow layers. This feature enriches the reference information, resulting in a more comprehensive understanding of the
semantic information of the target object while reducing unnecessary background information. This multilayer attention
mechanism helps gradually refine boundaries and improve localization accuracy by reducing the influence of irrelevant
regions. Moreover, SAMLCAM deals with the problem of insufficient granularity in CAM. In some cases, activation maps
generated using previously available methods lack fine details, making precisely identifying the object of interest a chal-
lenging task. SAMLCAM overcomes this limitation by leveraging the multilayer attention mechanism to capture more
detailed information in activation maps, resulting in high-quality CAM with enhanced visual interpretability. The ImageNet
Large-scale Visual Recognition Challenge (ILSVRC) 2012 dataset is a large-scale image classification dataset that consists
of over a million labeled images from 1 000 different categories. It is widely used in benchmarking computer vision models.
The evaluation results on the ILSVRC 2012 validation dataset demonstrate the effectiveness of SAMLCAM in improving
object localization and energy localization decision metrics. The proposed method contributes to the field by offering a more
comprehensive understanding of how deep models make decisions in visual tasks and provides insights into improving the
interpretability of these models. The proposed SAMLCAM method is evaluated on five backbone convolutional network
models by using the ILSVRC 2012 validation dataset and compared with five state-of-the-art saliency models, namely,
Grad-CAM, Grad-CAM++, XGradCAM, ScoreCAM, and LayerCAM. The results demonstrate the performance improve-
ment of SAMLCAM compared with the lowest-performing methods in the Locl and Loc5 metrics, with an increase of over
8%. In addition, when comparing energy localization decision metrics, SAMLCAM exhibits an improvement of more than
7% over the lowest-performing methods. Notably, the improved method reduces the contextual background areas that sur-

round the target sample region, negatively affecting the confidence metric. However, in terms of the credibility metric,
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SAMLCAM maintains relatively high performance with only a small gap compared with the other methods. In addition, we
conduct a series of comparative experiments to clearly demonstrate the effectiveness of the fusion algorithm in the form of
images. Result In conclusion, the SAMLCAM method presents a novel approach for enhancing the interpretability of
DCNN models. By incorporating channel attention and spatial attention mechanisms, the proposed method improves object
localization and overcomes the limitations of previous methods, such as excessive boundary effects and lack of fine granular-
ity, in CAM. The evaluation results on the ILSVRC 2012 dataset highlight the performance improvement of SAMLCAM
compared with other methods in terms of localization and energy localization decision metrics. The proposed method contributes
to advancing the field of visual deep learning and offers valuable insights into understanding and improving the interpretability of
black-box models. Conclusion The proposed method demonstrates superior explanatory performance across various convolutional
neural network architectures by expanding the response coverage of target sample regions while effectively suppressing responses
in background or irrelevant areas, thereby enhancing the precision and reliability of the interpretability results.

Key words: class activation map(CAM) ; explainability artificial intelligence ; attention mechanism; image classification
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Table 2 Comparison results of ablation experiments for SAMLCAM

/%

LR 2% RATER VLG 22 mBEA AL ] fERETTI Locl Loc5 EBPG
- - GradCAM (Selvaraju % ,2017) 4987  62.13 45.62
N - SACAM 4996  62.75 45.65
ResNet34
- N MLCAM 55.01 68.36 50.99
N J SAMLCAM 55.65  69.25 51.36
- - GradCAM(Selvaraju 55 ,2017) 34.24 43.52 43.45
N - SACAM 46.25 59.72 47.75
VGG19
- v MLCAM 4562 59.47 56.21
N J SAMLCAM 49.62  64.04 56.70
- - GradCAM (Selvaraju 55 ,2017) 54.96 66.07 47.44
N - SACAM 55.15 66.39 47.74
DenseNet201
- N MLCAM 56.54  68.03 50.43
N N SAMLCAM 56.67  68.17 50.58

< VBRI PO F b S0 P (R 55 D5 1 0= 53 e e PR RN o T AL

CAM++  XGradCAM | SmoothGradCAM++ | LayerCAM
FIIE T B 2 B 7 1% Score CAM, ELWE MY HE A
AR TR T 25 A Y H AR AR SRS B RCR .
2.5.1 FHEbEE AT

P 5 g 5 H AR UGS [R] S0 181 D7 ik 4 T Ak
AL RS R R 5 AT S B A UG ORTR Y 1
B E AR, 200 5873 B S X6 R AT A B S B0
Bl J7 ¥ . GradCAM. Grad-CAM++ . XGradCAM FlI
ScoreCAM iX 4 F J5 ik R e LR & 216 FUZ B FR1IE
R P IO H AR AU 18T o R, H AR iy 2
WO v B PR T i ) X i, B AR
Sl AR ME A T AN S A A Il R, 491120, 72565 3 51 1Y
“garbage truck 78I, A2 BB A R B BE , X H
PR R 004 55 2 B HUIR A AR T H AR R EL
B X, SmoothGrad CAM++ 8 #R 3 1 - Vg 52 /E 184
5810 HARI R R 55 5 BT R RE S s H AR
(RVE T AE B o A, -3 Ah BT 30 2 1Y) 5% ) 3 B0
ST AR BB WEE 1589 “airliner” 75 ] 1
HirY kM ImAGa & TELZEREREL.
LayerCAM J7 il 1 2B ARZE YRS 1, ROk
A B THE HARP) PR B 58 B DX AT AN e, B i IX
SO 21 5 SR, O L H BR XA Y I R
Wz, ZmERY R EWRER, MEZT,
SAMLCAM AEGEERG 28 OSBRI (4 BT A ARG IX.

Il , I I Jre B AR A5 9 SR R Z B R A
2.5.2 ZHrEUET AL

Z Hir T AL B 7EAL ] B AR BITE & 2K
BRI DL, AN LEE SR AR e AL HARPI A, 30 75 ] e
S W A I H AR o SR, BUAT 9 289 e
ST 7 EETE RN 1 58 224> H AR G I T I 5 R
PR, FEAE TC 1k A T s SO 28 0 R A5 R i
REERFAE . S BEA SR )7 e 2 H AR nl AL 7
(LR R e i A 2 R D O L 5 5 o T 8
K1 6 JiE7n 1 2 22 H AR RS 2 R 20 07 vk /Y nT AL
fRZE R . GradCAM . Grad-CAM++ 1 XGradCAM £ H
P X elE i SRBUARL, AR AFTE H bR s I g ]l
Jok A A B WK . ScoreCAM £ 5 5% H
PRI BAER T ERAS bR B O 4
5 4 5BRTE T A7 LR “zebra” , 55 S SR T
ZEA B “sorrel” o B #R SmoothGrad CAM++ Fll Layer-
CAM TE 2 H bR o 07 T VEREA BT T ABA A EA
S o AN, 55 2 51 % “bagel " B 7 55 AN 741, 46 3 51
FER 4 51 0 3 B2 A H AR PR Z TB)RG 4 BL AR , 52
SEANLREE o X T Z2 YR B bR R0 R Ak,
SAMLCAM RES A 20 3 2 1 H AR AR 1 X 3, I
2D HARY AR Z 18] (AR S22 G, AT 775 I 348 53
B B BRI G0 57 X, 5825 4 xR [l
PRIR ) o3 B e

2475



2476

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 30,No. 7,Jul. 2025

garbage truck

airliner streetcar

LayerCAM XGradCAM ScoreCAM SmoothGradCAM++ Grad-CAM++ Grad-CAM

SAMLCAM

K5 HAREI ST AL B

Fig. 5 Visual analysis of single target images
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Fig. 6 Visual analysis of multi-objective images
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2.6 EEFH
2.6.1 SiEENRE

ARSI S E AT 55 19 Loc-K 48 A1k PEAl
A L S TS R A5 0] LAVERA M 58 S S SR 11
HFRA R A5 B B L IEhR A 22 8] i S e
J& ToU (intersection over union ) , fi & 42 T &5 5. |
e IBUE AR B dems 1 12, 2 R0 A 2 FORE 5
R AR LS FAHE R T 0. 5 1, I %38
I PR T RRAL A A B A SR S D b R AT 1 55 e B H b e
A7, V55 T A R 45 2R P B9 5 e, B Locl 48 4R
(Loc5 F8 R A HUE AR B2 B 19 5129010 o

FRAE R 3 A BUE s , A SCOE ik L H A vk
A SRR R AR B bR AR R o X AR T ik
I3 AR R B & R 26 14T 1 I, 7 ResNet34

) 2% o, SAMLCAM F4) Loc1 1 Loc5 16 #5 o] IR T =
55.65% #1 69.25%, A0 % T H At 77 5 B9 Locl A
3. 84%~10. 8% MY HE T}, Loc5 A 4. 97%~12. 98%
P TF 5 75 VGG19 M 4% 1, SAMLCAM 1 Locl F1 Loc5
FEARAT LA T 2= 49. 62% H1 64. 04% , A% T HoAth )5
B Locl A 2. 07%~15. 38% 42Tt , Loc5 A 3. 82%~
20. 52% MY HE T} 5 7F DenseNet201 {45 H1 , SAMLCAM
1Y) Loc1 Fl Loc5 4845 AJ LA$& T+ 28 56. 67% F168. 17%,
AHHE T HA 77 ¥ Loel A 1. 52%~9. 02% F 32 T,
Loc5 A 1.78%~9. 85% M4 T+ . Bk nl LIF H,
SAMLCAM 75 X A [7] B 25 Hh (1) H Ao 42 e 5 7
T Y46 ST 3T, AT LA 2o X B A 42 44 A7 850 1 4
FhoAe 2% H bR A DX 3500 A %500 e, 15 B A FH 2
FE B bR, e E PR AR LR 45 5 .

#&3 SAMLCAM 958 S B E L XFLL 45 3R
Table 3 Comparison results of weakly supervised localization of SAMLCAM

1%

T RS TR 2%
AT R ResNel34 VGG19 DenseNet201

Locl Loc5 Locl Loc5 Locl Loc5
GradCAM (Selvaraju %5 ,2017) 49.87 62.13 34.24 43.52 54.96 66.07
GradCAM++( Chattopadhay %5 ,2018) 50.51 62.90 43.84 56.16 53.30 64.42
SmoothGradCAM++(Omeiza % ,2019) 51.31 64.28 45.24 53.23 54.12 65.16
XGradCAM (Fu%%,2020) 49.87 62.13 36.59 46.63 53.75 64.93
ScoreCAM (Wang %% ,2020) 44.85 56.27 41.11 52.48 47.65 58.32
LayerCAM (Jiang %% ,2021) 49.56 61.75 46.25 59.72 55.15 66.39
ShapCAM (Zheng %5 ,2022) 50.11 62.33 41.31 53.42 54.81 65.23
LPCAM(Chen 1 Sun,2023) 50.28 63.71 47.55 60.22 55.05 62.39
PolyCAM (Englebert %5 ,2024) 51.81 62.29 42.73 53.48 54.29 65.31
SAMLCAM (430) 55.65 69.25 49.62 64.04 56.67 68.17

TE IR TR R % 9 e L4 2R

2.6.2 REEENIRIERES]

A ik L PSR A5 R EBPG & — MR BT H AR
RS EA AR Tt . %8s EEIARIEAR
{CEXT HFR AT G HEAT IE BT, 38 75 BRI R
[vi) DX ) o PR R (R ) IX 3, L R SR AR O 2
PO L P 1 E BRSO L P 1% T A e
HEZ BTN

(9)

Sener =

KA DL UYL, AR T H AR
LS R A P RIE SR 14 B 8

T AREIR T 53 BIRERE A B A B 2% ResNet34
VGG19 Fl DenseNet201 A 5 (Y 24 80 [ A g B Ty
R EBPG FEFREEH o X Al i Bk i o B e R )
(1) 4 B 26 L JE AT 7 MK, 78 ResNet34 B 2% 1 |
SAMLCAM 1] DL ¥ EBPG 45 br #2 T+ 2= 51. 36%; £
VGG19 M 2 ) a] LUK H 42 F+ & 56.70%; 7E
DenseNet201 ¥ 2% v, o] LLUBE H AR TH 2 50. 58%. %%
Pt 20, SAMLCAM X AN [ 11 45 R o) 246 #8742 T 1)
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Table 4 Comparison results of EBPG for SAMLCAM

/%

R Bt B R0 45
A i 12
ResNet34 VGG19 DenseNet201
GradCAM (Selvaraju%5,2017) 45.62 43.45 47.44
GradCAM++( Chattopadhay %5 ,2018) 45.42 46.64 47.52
SmoothGradCAM++( Omeiza % ,2019) 46.23 48.56 48.63
XGradCAM (Fu%,2020) 45.62 44.10 48.10
ScoreCAM (Wang % ,2020) 43.56 52.01 46.03
LayerCAM (Jiang %5 ,2021) 42.75 46.43 43.57
ShapCAM (Zheng %5 ,2022) 44.25 52.11 46.38
LPCAM(Chen #1 Sun,2023) 48.71 50.22 49.26
PolyCAM ( Englebert % ,2024) 47.28 51.36 47.64
SAMLCAM (Z30) 51.36 56.70 50.58

TE RTS8 25 91 e AL 2

BOR U] T SAMLCAM EA #h 78 fif B 4t 19 15 5 1Y
RE1 It HAEE AR 2 rh B — e 8- e, 1 L 42
FHRCR AR U SAMLCAM F A7 G X I8l A Bl 2 F i
SRE R (B L TT LAXS H A5 4 X sl 2 5 £ 9
HEgm o i Wos , B i IX 43 51 B R AE 5 TO AR AR
X35
2.6.3  AIEERIIEAG

FH Average Drop i Average Increase YE R {ZE
JE R FIRAR AR L 32X T8 5 Y 32 2B ARTE TR
7 T R A5 D e o A TR AT i R B A
P IR BT AR H bR I 8 55 AOR % BR#EAT T
Y, Al A MR SR h e E AR G X, an s 7
7 R A B e R I s A BRI 2% 30470028 OF
WEE H AR A ) B AT BE 2 AL o ek W 0 1 R 0 AR
Ak, VA it R85 R0 5 AR I 248 DR SR 4 52, DT 46 1
ST T A v e X T BE AV R M 26 43 e S Y
ediE . Horb, Average Drop J& X0 B 15 BE T B 0 ) ¢
{38 PR, Average Increase £ %) 19 & 8.5 & L FHA9 1
oL ECEAE R TR T

58 R , 14 F] DenseNet201 1E 4 15 fift B 45 1
W & 5t , SAMLCAM f¥) Average Drop [% % 6. 756% , J&-
X EE T e th B A G DL o AE HABAE BT, Average
Drop Fll Average Increase W #j1 48 b b F 8 14 17k
SEIFARER AL , 3K 2 T AR S8R T vk n] LA R AR

Il

&
K7 K () Sk ()

Fig. 7 Original image (left) and interpretation image (right)

H AR 5 50 SOMF R, (B2 B AR A4 DX/
i, AT RE S B0E T SR BRI DT R AR A
SR, BRI, 7E 52 T4 5 167 BE 7 Al vt WL ARICR
(Y[Rl I , 3 BEFE PR AR T e O 25 R 0 22 LU /DN L g
i 7 CRUE S35 1 e 4R T A SR A b AR T A
JE o RIS AR IY rh s Bk — 0 ek R Ak
7719
2.6.4 FERILME

TEH LR E Y 5T ASCE SR AT Ak 7
P B 0 HE R RO, TR N R 55
FYFERTRE 2K o AT AR TH A i e P4 ik
H1 1Y ResNet34 . VGG-16 Fl DenseNet201 [ 45 /F 4 £f
i B A AR A, N2 FF £ 4l 4 ImageNet ILSVRC
2012 B UELE TR B AL BRIE T 2 000 M A B4, iE
ATHER FEVETEAL . FPS(frames per second ) F T 7FA4%
TERVAE 25 78 A F L i A B R | B RE R0 T LA AR 3 Y
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&5 SAMLCAM HJTI{E EXTEE 45 R
Table 5 Results of the credibility comparison of SAMLCAM

1%

TR RPN
ARk Average Drop Average Increase
ResNet34  VGG19  DenseNet20l  ResNet34  VGG19  DenseNet201
GradCAM (Selvaraju % ,2017) 11.431 23.736 8.313 35.769 18.742 42.058
GradCAM++( Chattopadhay % ,2018) 10.580 17.183 8.122 32592 24396 38.310
SmoothGradCAM++( Omeiza 25 ,2019) 9.213 16.285 8.056 30.584  22.135 38.560
XGradCAM (Fu % ,2020) 11.431 22235 9.255 35.769 20.140 41.677
ScoreCAM(Wang % ,2020) 10.430 17.460 8.663 32719 21.220 37.675
LayerCAM (Jiang %% ,2021) 8.645 13.160 6.812 31.385 24.778 32.530
Shap-CAM (Zheng % ,2022) 10.210 16.221 8.015 29.481 22.018 38.236
LPCAM(Chen #1Sun,2023) 11.236 15.236 8.114 29.012 21.412 31.256
Poly-CAM(Englebert % ,2024) 10.107 16.318 8.251 28.139  20.178 36.459
SAMLCAM (430) 9.421 15.087 6.756 29.543 23.189 39.371

T L PR 7R 25 B B A4 R

o

PGB . AR S0 R FPS HEAT 22540 155 110 b Bk 3
XJ LG, FEGE T 8] A S 1k Y L B PR Al 38 A
BRIF I RS . 13K 6 TR, ScoreCAM
ShapCAM . LPCAM F1 PolyCAM #b F 35 Ji B &) 418
AR SR RATY AT LA 21 55 A 30 72 R 7 v Ak 2
JE, R B TERE A AR AN [ B 1 S T A M B 4G b5

2.7 HRMBHEIRD

AR RO 1 H 2R 2 — S R A i
R 25 1 45 R TE80 5 7 LA SOE BRI R, 2. 5719 1
TEVEPPALFI 2. 6 719 B BTG AT 2 X 19 208 28 45 3
TR AR IERf 45 R AR BEH AR 1 0B o AT
JR7 (R WA B R 45 00 e A Dk sl B R 45 2k 1

&6 SAMLCAMHJFPS LE%E R
Table 6 Comparison results of FPS for SAMLCAM

1(i/s )
Fefir A AN 2%
AR i
ResNet34 VGG19 DenseNet201
GradCAM (Selvaraju % ,2017) 1.932 2.038 1.645
GradCAM++( Chattopadhay %5 ,2018) 1.844 1.954 1.556
SmoothGradCAM++( Omeiza % ,2019) 1.851 1.902 1.561
XGradCAM (Fu %,2020) 1.866 1.919 1.555
ScoreCAM (Wang %5 ,2020) 1.206 0.656 0.320
LayerCAM (Jiang %% ,2021) 1.845 1.892 1.537
ShapCAM (Zheng %5 ,2022) 1.031 0.718 0.794
LPCAM(Chen #1Sun,2023) 1.023 0.924 0.736
PolyCAM ( Englebert %5 ,2024) 0.958 0.618 0.481
SAMLCAM (A30) 1.856 1.923 1.550

T L SRR 5 8 B A2 2R
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ResNet34 W 28 55 15 5328 S HOAR R R IR H . Bk
H, B8 5 1 8 RIS 2 51 3 W T T O YOG
XF 42 “crash helmet” , ResNet34 [ 2% X H: %) o 5 ¢
TEFR I “BEFC 4 B 7 o3 B L T B R OG5 A
TR HARX S5 06 i XA VG B A O 5 14 8

crash helmet

Grad-CAM
XGradCAM

Grad-CAM++
LayerCAM

SmoothGradCAM++
MLCAM

ScoreCAM
SAMLCAM

SmoothGradCAM++  Grad-CAM++ Grad-CAM

ScoreCAM

B9 55 3 51 F1 %5 4 51 36 B ResNet X 2% XF K115 73 25 45
IR “parachute” Ff- 25 ) T 45 3R LR R I, 2R PH0G
B 7 iR PR A T R R 2 SR n A R i R R R I
TR B 4325 A “parachute” o B 1% W 4% 75 1 2k 3 F
o BT o 22, SR A 2 I 4K TE B bR A3 2R
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Fig. 8 Analysis of the error results of the CNN by the CAM

3 & i

TR S AE MR AUk |32 o F Sl T & 50R
BN FEEARRY RS R T IR 2 T B Y
REEIE AR GUREA B A7 A, PR R ik = 1
W8, X A5 U 4 52 B BR ) 1 v R
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] REE

ZOTER T Z B IR A EE IS, R L
T X T AR AR ST, AN T H AR AR 0 B
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38 A T Al S IR TR AR R AL A R
-5 Z R MR E LG, RHT
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