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The level of differences between SHAP, LIME,
and Grad-CAM on an image classification task is
evaluated. The evaluation was performed on two
datasets, with one fine tuned and one pre-trained
model. The datasets were the CBIS-DDSM breast
cancer dataset with fine tuned ResNet-18 model,
and the Imagenet Object Classification Chal-
lenge (IOCC) with a VGG-16 pre-trained model.
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Introduction. Convolutional neural networks (CNNs) are
a subtype of neural networks developed specifically to
work with images [1]. They have achieved great success
both in research and in practical applications in recent
years, however, one of the major pain points when adopting
them is the lack of ability to interpret what is the reasoning
behind their conclusion. Because of this, various
explainable artificial intelligence (XAI) methods have been
developed; however, it is unclear if they show reasoning or
the same aspects of reasoning of CNNSs. In recent years
some of the most popular methods, LIME [2], SHAP [3],
and Grad-CAM [4], were evaluated using tabular data and
it was showed how significantly different results are [5] or
some were evaluated on a matter of trustworthiness with
human evaluation on medical images [6], there is still a
lack of measure of how different these methods are on
image classification models. This study uses correlation
and a popular segmentation measure, Intersection over
Union (loU)[7], to evaluate their differences.

Problem statement. The aim of this work is to evaluate
the level of differences between SHAP, LIME, and Grad-
CAM on an image classification task.

Description of methods. CNNs are based on a
hierarchical representation of perceiving visible features,
with each layer of the hierarchy representing higher and
higher levels of features, from singular shapes on the
lowest level to complex forms on higher levels. CNN is
usually composed of two broad stages, the feature
extraction stage and the classification stage. Feature
extraction is done by using convolution filters, with
possible hyperparameters such as a number of filters, filter
size, stride, padding, type of pooling, and activation
function. In the classification stage, the multidimensional
results of feature extraction are first “flattened” into a 1-
dimensional array with the previously mentioned pooling
operation, after which classification is done as usual with
artificial neural networks (ANNSs) [1].

As was previously demonstrated, in practice, humans
often trust more in systems that can provide explanations
for their decisions [8], which made a significant impact and
created a demand for algorithms that can produce
explanations.

ISSN 2707-4501. Cybernetics and Computer Technologies. 2025, No.2 69


https://doi.org/10.34229/2707-451X.25.2.6

V. YAVTUKHOVSKYI, V. TRETYNYK

Pixel-attribution methods explain the predictions of a model (usually a convolutional neural network)
in computer vision by attributing importance scores to individual pixels or regions in an input image. The
goal is to highlight which parts of the input were most influential in the model's decision. Some of the widely
used algorithms are LIME [2], SHAP [3] and Grad-CAM [4].

SHAP (SHapley Additive exPlanation) is a framework for using Shapley values [9] for explanation,
which is a system-agnostic approach for evaluating the importance of features during classification. It’s
done in the following steps:

For each feature i in a set of all features F, which has all feature subsets S, calculate the difference in
predictions of the model

di = fs u{i}(xs u{i}) —fs(xs), S € F\{i}.
Calculated weighted average of all such possible differences

b= ) ISIOFI = IS| = DIFI« ;.
S ER\(i}

LIME (Local Interpretable Model-agnostic Explanations) is an approach based on creating
perturbations in original data, where some features in the initial data are randomly modified, and the
classification process is done again, and comparing result values to assign importance to variables.[2] The
value of explanation can be defined as the following

§(x) = argminL(f, g, mx) + Q(g), g € G.

Where G is a class of potentially interpretable models, such as linear models or decision trees, f is the
initial model, ©x is a measure of distance between original and perturbed data, and €(g) is the complexity
of the selected model to be interpreted.

As the complexity is practically preselected when interpreting an algorithm, this task is transformed
into the minimization of the following function

Lo m) = ) m@ (f) - g’
z,z' €Z
Grad-CAM is an algorithm specific to CNNs, which creates class-discriminative explanations. The core
idea of the method is to compute gradients of the target class for the convolutional layers in the CNN. First,
class activations y€ are calculated, where ¢ denotes the selected class ¢. Then they are used to compute
gradients with respect to the feature map activations A* of the selected convolutional layer. The explanation
weight for each feature map is computed by global-average pooling of these gradients:

c 1 Z Z ay°¢
ay = o —
Z — & d A
Where Z is the product of the dimensions of the feature map. Then the saliency map can be obtained as

a weighted sum of feature maps. Optionally, as suggested by the authors of the method, the ReLLU function
is applied to retain only positive features, which is followed in this experiment.

LGraa-cam = RelU (Z g Ak)-

K

This map can then be upsampled for alignment to the input image resolution by applying bilinear
interpolation.

Evaluation methods. To assess the question about similarity between the values of three chosen
methods, it was decided to evaluate it from two perspectives: how they correlate and how they overlap. To
achieve that, methods were evaluated pairwise on a subset of data, calculating Pearson correlation
coefficient (PCC) and Intersection over Union (loU) measure [7].
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PCC is defined as
_cov(X,Y)
Px,y = o0y
Where X and Y are random variables, cov is covariance, o is the standard deviation.
loU for sets A and B is defined as
ANB
AUB’

Only positive values were considered, as it allows values to be calculated in the same way as the set
membership function. Values for each method were normalized (scaled to a range from 0 to 1), as each
method returns values of a different scale and can be hard to compare directly [10].

After that, the loU value for each pixel can be calculated as follows:

min(f(x), g(x))
max(f (x), g(x))
Data description

For this task, two datasets were used, CBIS-DDSM breast cancer dataset [11] was used for training and
evaluation of one model, and Imagenet Object Classification Challenge (I0CC) [12].

CBIS-DDSM consists of 10239 scanned film mammography images. It’s split into mass and
calcification type findings, and for the purposes of this paper, only mass type was considered, for which
there is a total of 1696 images. It contains normal, benign, and malignant cases with verified pathology
information. For simplicity, the data was used as a binary classification problem with the malignant class
staying as is, and normal and benign classes united into “non-malignant”.

IOCC consists of 1.4 million images with 1000 object categories, with one or more objects present in
the image with corresponding bounding boxes. For the experiment, 500 random images were selected, and
for each, the first object was selected as the class to be evaluated on.

Image classification models. In the experiment, for IOCC, a VGG-16 CNN [13] was used. VGG-16
is a CNN which has achieved great results in image classification tasks in research and machine learning
competitions. Its parameters can be found in Table 1.

IoU(A, B) =

IoU(f, g, x) =

TABLE 1. VGG-16 network details

Input shape 244 x 244 x 3
Total number of convolution layers 13
Total number of fully connected layers 3

Total number of parameters 14,977,857

For CBIS-DDSM, the process of transfer learning from ResNet-18 was used. This model uses residual
connections connected in basic blocks, which are then combined into residual blocks [14]. The model was
imported with the weights from the Imagenet challenge [15], all fully connected layers were removed and
replaced with new ones to be trained for the classification task. Details can be found in Table 2.

TABLE 2. Modified ResNet-18 network details

Input shape 244 x 244 x 3
Total number of residual blocks 8
Total number of fully connected layers 3
Total number of parameters 11,572,546
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The model was trained on 1318 images and evaluated on 378 images. It was trained over 12 epochs
with Adam [16], with the first 6 epochs having a 0.001 learning rate, and the following 6 having a 0.0001

learning rate.

Figures 1 and 2 show the dynamics of loss and accuracy on both train and validation data for the ResNet-
18 model per training epoch. The model has achieved 81.4 % accuracy on the training data and 61.9 %

accuracy on the validation data.
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FIG. 1. Loss of the model per training epoch. Red line corresponds to training data, blue to validation data
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FIG. 2. Accuracy of the model per training epoch. Red line corresponds to training data, blue to validation data
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Evaluation of similarity. The models were used to evaluate previously described PC and loU
measures. For SHAP, it was selected to use 100 evaluations as a limit for the number of subset evaluations.
For LIME, the number of perturbed images to train linear classifiers described in the algorithm was set to
100, and for the Grad-CAM last convolutional layer was selected to be reviewed and scaled to 224 x 224
with bilinear interpolation. VGG-16 model was evaluated on 500 sampled images, while ResNet-18 model
was evaluated on 378 validation images. Results for them are shown in tables 3 and 4 respectively.

TABLE 3. Correlation coefficients and loU metrics for LIME, SHAP, and Grad-CAM for the VGG-16 model for the

IMAGENET dataset
Pearson LIME SHAP Grad- loU LIME SHAP Grad-
statistic CAM CAM
LIME 1 0.236707 | 0.386474 LIME 1 0.299562 | 0.357367
SHAP 0.236707 | 1 0.328904 SHAP 0.299562 |1 0.430439
Grad- 0.386474 | 0.328904 |1 Grad- 0.357367 | 0.430439 |1
CAM CAM

TABLE 4. Correlation coefficients and loU metrics for LIME, SHAP, and Grad-CAM for the Resnet-18 model on the
Breast Cancer dataset

Pearson LIME SHAP Grad- loU LIME SHAP Grad-
statistic CAM CAM
LIME 1 0.078041 | 0.129545 LIME 1 0.088992 | 0.184091
SHAP 0.078041 |1 0.125460 SHAP 0.088992 |1 0.125865
Grad- 0.129545 | 0.125460 |1 Grad- 0.184091 | 0.125865 |1

CAM CAM

To get an intuition behind the numbers, fig. 3 visualizes samples and relative explanations given by
each method.

Conclusion and discussion

In this study, we evaluated the similarity between image explanations generated by SHAP, LIME, and
Grad-CAM using two different models trained for specific image classification tasks. The evaluation was
performed on two datasets, with one fine tuned and one pre-trained model. The datasets were the CBIS-
DDSM breast cancer dataset with fine tuned ResNet-18 model, and the Imagenet Object Classification
Challenge (I0CC) with a VGG-16 pre-trained model. Our analysis revealed that while all of the methods
aim to approximate feature importance, their outputs significantly differ, which makes it difficult to define
the true reasoning of the model. Quantitative similarity metrics confirmed that these methods were most
often independent, with less than half overlap on average. To add to that, metrics were also significantly
different depending on the dataset or the model. The definition of what should be the ground truth or has
the best practical use for these methods is complicated, as research contains both numerous variations of
fidelity metrics and significantly varies in human-based evaluation perspectives. Future work can include
evaluation of the impact of method parameters on the overlap, further investigation on the impact of the
dataset and the selected model on the similarity, or quantitative comparison of the models with human-based
metrics, such as comparing saliency maps with segmentation masks.
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SHAP

LIME Crad-CAM

FIG. 3. Examples of visualizations produced by different algorithms. Picture in the upper left corner is the image used for

the demonstration; bottom left is the original picture overlayed with heatmap produced by LIME; upper right is the
image with SHAP heatmap; and bottom-left is image with Grad-CAM heatmap. Heatmaps show high importance
with lighter colors, so yellow is the region with the highest importance, green colors indicate medium importance
and dark red and purple — low importance

Author contributions. Vladyslav Yavtukhovskyi — collecting and visualizing the data, selecting neural

network architectures, fine-tuning a model for classification, developing software for the experiment,
calculating experimental metrics; Violeta Tretynyk — conceptual structure, data analysis, writing
introduction and conclusion.

Data availability. Data used for the experiment is available with the following links:
https://www.kaggle.com/datasets/awsaf49/cbis-ddsm-breast-cancer-image-dataset CBIS-DDSM;
https://www.kaggle.com/competitions/imagenet-object-localization-challenge CBIS-DDSM: Breast

Cancer Image Dataset.
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Introduction. Convolutional neural networks (CNNs) are a subtype of neural networks developed
specifically to work with images [1]. They have achieved great success both in research and in practical
applications in recent years, however, one of the major pain points when adopting them is the lack of ability to
interpret what is the reasoning behind their conclusion. Because of this, various explainable artificial intelligence
(XAl) methods have been developed; however, it is unclear if they show reasoning or the same aspects of
reasoning of CNNSs. In recent years some of the most popular methods, LIME[2], SHAP[3], and Grad-CAM [4],
were evaluated using tabular data and it was showed how significantly different results are [5] or some were
evaluated on a matter of trustworthiness with human evaluation on medical images [6], there is still a lack of
measure of how different these methods are on image classification models. This study uses correlation and a
popular segmentation measure, Intersection over Union (loU) [7], to evaluate their differences.
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The purpose of the article. The aim of this work is to evaluate the level of differences between SHAP,
LIME, and Grad-CAM on an image classification task.

Results. In this study, we evaluated the similarity between image explanations generated by SHAP, LIME,
and Grad-CAM using two different models trained for specific image classification tasks. The evaluation was
performed on two datasets, with one fine tuned and one pre-trained model. The datasets were the CBIS-DDSM
breast cancer dataset with fine tuned ResNet-18 model, and the Imagenet Object Classification Challenge (I0OCC)
with a VGG-16 pre-trained model. Our analysis revealed that while all of the methods aim to approximate feature
importance, their outputs significantly differ, which makes it difficult to define the true reasoning of the model.
Quantitative similarity metrics confirmed that these methods were most often independent, with less than half
overlap on average. To add to that, metrics were also significantly different depending on the dataset or the
model. The definition of what should be the ground truth or has the best practical use for these methods is
complicated, as research contains both numerous variations of fidelity metrics and significantly varies in human-
based evaluation perspectives. Future work can include evaluation of the impact of method parameters on the
overlap, further investigation on the impact of the dataset and the selected model on the similarity, or quantitative
comparison of the models with human-based metrics, such as comparing saliency maps with segmentation masks.

Keywords: computer vision, convolutional neural network, Grad-CAM, LIME, SHAP, saliency maps,
explainable Al, XAl.
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Ouinka cxosxocrti MetoaiB SHAP, LIME i Grad-CAM nuis1 nosicHeHHs1 300pa:keHb NIPH
Kiaacupikamii

HTYY «KIII im. Ieopa Cikopcbkoeo»
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Beryn. 3ropTkoBsi Heliporni Mepexi (CNN) — 1ie AT HeHPOHHUX MEPEK, PO3POOIICHUH CHCIiaIbHO IS
pob6oTH 3 300pakeHHAMH. BOHU OCATIIN 3HAYHOTO YCIIXY SIK Y HAYKOBUX JOCIIDKEHHSX, TaK 1 B IPaKTUIHHX
3aCTOCYBAHHSX IPOTSATOM OCTaHHIX POKiB. IIpoTe oXHMM i3 KIIOYOBMX BMKIMKIB NpH iX BIPOBaKCHHI
3aJIMINAETHCS BIACYTHICTh MOXIIMBOCTI IHTEPIPETYBATH JIOTiKY NPUHHATTS pilleHs Moneuto. Uepes e Oyiau
pO3po0IIeHi pi3Hi METO¥ MOSCHIOBAHOTO MITYYHOro iHTeNeKTy (XAI), oJHaK A0CI 3aIMIIA€ThCS HESICHUM, UM
cripaBii Ii METOAM BimoOpaxaroTh JIOTiKy MipkyBaHb mozeieii CNN abo npuHaiiMHI Ti cami ii acrektu. Y
HEIIO0aBHIX JOCHIIKEHHX JAesKi 3 HalnonmynapHimux Merois — LIME, SHAP ta Grad-CAM — Gynu oniHeHi
Ha TaOJIMYHUX JaHUX, J1e OyJI0 TIOKa3aHO CYTTEBI BIAMIHHOCTI MK pe3ysibTaTaMu, a0o 5k aHalli3yBaIuCs 3 TOUKH
30py AOBIpH KOPHUCTYBa4ya Ha OCHOBI MEAMYHUX 300pakeHb. BogHOUac, Bce mie BiZICYTHS OI[IHKA TOTO, HACKITBKH
PI3HATBCS 1I METOIM TPH poOOTI i3 3amavamu kimacuikamii 300paxkeHb. Y Iid poOOTI MH 3aCTOCOBYEMO
KOpeJLILIHHNE aHali3 1 NOMyJsIpHY CerMEHTalliiHy MeTpUKy — nepeTuH Hajx o0’emnHanHsaM (Intersection over
Union, lIoU) — as1st O1iiHKY TXHIiX BiAMiHHOCTEH.

MeTa po60oTH. MeTO0 1IOTO JIOCHIDKEHHSI € OIliHKa PiBHA BiAMiHHOCTEH Mik Metogamu SHAP, LIME Ta
Grad-CAM vy 3amaui kiacudikariii 300paxeHb.

PesyabTaT. Y 1bOMYy JOCHIIPKEHHI MU OLIHMIM CXOXICTh Bi3yaJlbHUX MOSICHEHb, 3T€HEPOBaHUX
merogamMu SHAP, LIME ta Grad-CAM, BUKOPHCTOBYIOUH [Bi pi3HiI MOJENi, HATPEHOBaHI Ha KOHKPETHI 3a7adi
knacugikanii 300paxens. OuiHOBaHHA MpoBowiIocs Ha nBox natacerax: CBIS-DDSM (naracer 300paskeHb
paky MoJIO4HOI 3ai103H) i3 nmoHaBueHUM ResNet-18, Ta ImageNet Object Classification Challenge (IOCC) i3
nonepeaHb0 HarpeHoBaHoro VGG-16. Ham ananiz moxasas, 10, MONPH CHNBHY METY — alpOKCHMAIilo
Ba)KJIMBOCTI 03HAK, PE3yJbTaTH IIUX METOAIB CYTTEBO BiAPI3HAIOTHCSA, IO YCKIAIHIOE BU3HAYEHHS CIPaBKHbOT
JIOTiKH pimeHb Mojeli. KibKiCHI METPUKH CXOXOCTI MiATBEPAMIIM, IO I[i METOJM HaiyacTille MpaIforoTh
HE3aJIeXKHO, 13 CepeHiM MepeKpuTTsIM MeHIn Hix 50 %. KpiMm Toro, oTprMaHi 3HaueHHS METPUK CYTTEBO
3MIHIOBAJIMCS 3QJIC)KHO BiJl BUKOPHCTAHOTO JaraceTy abo Mojeni. BusHaueHHs TOro, sIKHMid i3 METOHIB CIIijg
BB@)KaTH «ETAIOHOMY ab0 HalOINbII MPAKTUYHUM, € CKIaIHUM 3aBJAHHAM, aJDKE HAyKOBI POOOTH NPOIOHYIOTh
YHCIIEHHI Bapiallii METPUK BiAMOBIAHOCTI, a TaKOX IEMOHCTPYIOTH iCTOTHY BapiaTHBHICTh y MigXOJax IO
OLIIHIOBaHHS 3 OOKY JroquHU. [IepCrieKTHBHIMY HanpsiMaM¥ MailOyTHIX JOCIIIKEHb MOXKYTh CTAaTH: BUBYCHHS
BIUTUBY [IapaMeTpiB METOIB HA CTYMiHb HEPEKPHUTTS, INTUOIINI aHaAIIi3 BIUIMBY BUOOPY aTaceTy Ta apXiTeKTypH
MOJIeNi Ha CXOXICTh pe3yabTaTiB, ab0 * KUIbKiCHE MOPIBHSHHSA i3 BUKOPUCTAHHSAM METPHK, 3aCHOBAHHX Ha
JIFO/ICHKIN OIIHIII, HATTPHUKJIIAJL, 3ICTABJICHHS KapT BaXIIMBOCTI 13 CErMEHTALliIHHUMU MacKaMHu.

KmouoBi ciaoBa: xoMm’toTepHuid 3ip, 3ropTkoBi HelponHi mepexi, Grad-CAM, LIME, SHAP, mamu
BaXKJTUBOCTI, OSICHIOBAJIbHUI IITY4HHH iHTENeKT, XAl
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