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EXPLANATION DETECTED BRAIN TUMOURS IN MRI IMAGES
USING YOLOV8 WITH LIME-BASED INTERPRETATION

Relevance. Precise identification of brain tumours in magnetic resonance imaging (MRI) is a critical task in medical
image analysis. Although deep learning—based object detectors achieve high localisation accuracy, their limited transparency
restricts trust and routine adoption in clinical practice, highlighting the need for explainable artificial intelligence (XAI) approaches.
Object of research. The object of this research is the automated detection of brain tumours in MRI scans using convolutional
neural network — based object detection models. Subject of research. The subject of the research is the integration
of YOLOV8 object detection models with the Local Interpretable Model-Agnostic Explanations (LIME) method to interpret
individual detection outputs in medical imaging. Purpose. The aim of this paper is to develop and evaluate an explainable framework
for brain tumour detection in MRI images by integrating YOLOvV8-based object detection with LIME-based interpretation and
by quantitatively assessing the quality of the generated explanations. Methods. Two YOLOV8 variants (YOLOv8n and YOLOVS8s)
were trained and evaluated on a publicly available MRI dataset containing glioma, meningioma, and pituitary tumour classes.
LIME was applied to generate superpixel-based, box-conditioned local explanations for individual detections. Detection performance
was assessed using precision, recall, mMAP@50, and mAP@50-95. Explanation quality was quantitatively evaluated using stability,
sparsity, maximum superpixel weight, and entropy metrics. Results. Experimental results demonstrate that both YOLOvV8 models
achieve high detection performance, with YOLOvV8s providing slightly improved accuracy. LIME successfully highlights
image regions that most influence model decisions, and the proposed quantitative metrics confirm that the generated explanations
are stable, informative, and aligned with clinically relevant tumour regions. Conclusions. The proposed framework provides
a practical approach for combining accurate tumour localisation with interpretable and quantitatively validated explanations,
supporting reliability-oriented evaluation of Al-based clinical decision-support systems.
Keywords: Explainable Artificial Intelligence (XAl); LIME; medical image analysis, brain tumour detection; MRI; YOLOVS.

Introduction thereby enabling critical scrutiny, error analysis, and

safer integration into clinical workflows [10, 12, 13].

Relevance and an overview of scientific works

The use of artificial intelligence (Al) and machine
learning has become increasingly widespread in modern
healthcare [1]. It aligns with trends in precision and
smart medicine developed under Industry 4.0 [2, 3].
This approach has the potential to reduce human error in
diagnosis and treatment selection [4, 5]. This progress is
particularly evident in medical image analysis, including
ultrasound, X-ray, and magnetic resonance imaging
(MRI) [6]. One of the key challenges in medical image
processing is the accurate and timely identification of
brain tumours in magnetic resonance imaging (MRI) [7].
While deep learning has significantly advanced
localisation and classification performance in medical
images, its limited transparency restricts trust and routine
adoption in clinical practice [8, 9, 10]. Object detection
models such as the YOLO family offer fast, end-to-end
tumour localisation and class prediction, yet their
decision paths are difficult to interrogate and validate by
clinicians [11]. This motivates explainable artificial
intelligence (XAI) approaches that expose which image
regions and visual cues drive algorithmic decisions,

In neuro-oncology, the tension between performance
and transparency is particularly acute. MRI appearances
of glioma, meningioma, and pituitary tumours can
overlap, and downstream clinical actions (biopsy
planning, therapy selection, and follow-up strategies)
depend on how much confidence care teams place
in algorithmic suggestions [9]. Beyond general
“interpretability”, healthcare decision support systems
must satisfy broader reliability requirements: stable
behaviour under minor perturbations, robustness to
distributional shifts, traceability of contributing factors,
and explicit treatment of uncertainty. These requirements
have been widely recognised in the reliability engineering
community, including for healthcare applications
where human factors and organisational contexts shape
outcomes, and where aleatory and epistemic uncertainties
must be disentangled and managed [4, 5, 14].

Existing XAl research in medical imaging has
largely focused on classification or segmentation
networks (e.g., U-Net variants for BRATS-style tasks),
with explanation techniques such as Grad CAM/Grad
CAM++ or relevance propagation providing saliency
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maps over the full image [1,3]. However, object
detection, where the model first proposes bounding boxes
and then assigns class confidences, poses distinct
explanation challenges. Post hoc methods must attribute
predictions to a specific detection rather than the whole
image; they should reflect both localisation and
classification components and be compatible with
non-differentiable post-processing steps used by modern
detectors (e.g., NMS). As a result, despite encouraging
reports of YOLO-based medical detectors, high-quality,
box-conditioned, and quantitatively assessed explanations
for detection outputs remain underexplored [10, 12, 15].

To address these limitations, the present study
integrates a modern one-stage detector, YOLOVS8, with
the LIME framework to obtain local, model-agnostic,
superpixel-based explanations that are explicitly tied
to individual detections (bounding boxes) in brain MRI.
We evaluate two YOLOvV8 variants (YOLOv8n and
YOLOVSs) to study the trade-off between computational
efficiency and both accuracy and interpretability,
following a consistent training and evaluation protocol on
a public MRI dataset comprising glioma, meningioma,
and pituitary tumours. We further complement qualitative
overlays with a set of quantitative explanation metrics:
stability, sparsity, maximum superpixel weight, and
entropy. These metrics are designed to assess how
concentrated, consistent, and interpretable the explanations
are in practice. This combined perspective aims to bridge
performance metrics (precision, recall, mMAP@50,
MAP@50-95) with reliability-oriented interpretability
indicators meaningful for clinical decision-making.

From a reliability engineering perspective, quantifying
explanation behaviour enhances the robustness of Al
systems in healthcare. Stable, sparse, and clinically
aligned explanations facilitate expert verification, support
effective handover between algorithm and clinician, and
mitigate risks associated with spurious correlations [5, 16].

Setting objectives

The aim of this paper is to develop and evaluate an
explainable framework for brain tumour detection in MRI
images by integrating YOLOv8-based object detection
with LIME-based interpretation and by quantitatively
assessing the quality of the generated explanations.
The proposed solution integrates YOLOv8-based
object detection models with the LIME explainable
artificial intelligence technique to improve the
transparency and reliability of model predictions.

This paper makes the following contributions:

e Conditioned, model-agnostic explanations for
MRI tumour detection. LIME is adapted to generate
box-conditioned superpixel explanations for YOLOv8
detections in brain MRI, enabling clinicians to verify why
a specific bounding box and tumour class were proposed
rather than only viewing global image saliency.

e Quantitative evaluation of explanation quality.
A compact set of interpretability metrics (Stability,
Sparsity, MaxWeight, and Entropy) is introduced and
computed to assess robustness, concentration, and
distribution of importance across superpixels. These
metrics operationalise reliability-oriented interpretability
by linking explanation behaviour to desirable properties
such as robustness and focus.

e Empirical study across model capacities.
YOLOv8n and YOLOv8s are compared under identical
training conditions and dataset splits to analyse how
model capacity affects detection performance (precision,
recall, mAP@50, mAP@50-95) and the structure and
stability of generated explanations.

e Reliability-aware perspective for clinical Al.
Interpretability is situated within a broader reliability
engineering framework for healthcare, providing
a principled rationale for adopting quantitative XAl
criteria in deployment-oriented evaluations.

The methodology

Dataset

The experimental evaluation was performed using
a publicly available brain tumour MRI dataset designed
for automated tumour detection tasks. The dataset
contains magnetic resonance images annotated with the
position of pathological areas and each image is labelled
according to the tumour type, including glioma,
meningioma, and pituitary tumours [17].

The dataset was selected due to its compatibility
with object detection frameworks and its suitability for
training YOLO-based models [18]. All images were
resized to a uniform resolution to ensure consistency
during training and inference. The dataset was divided
into training, validation, and test subsets, enabling
objective evaluation of detection performance and
explainability results.

This dataset provides a representative collection of
MRI scans with varying tumour sizes, locations, and
visual characteristics, which enables robust evaluation
of both detection accuracy and model interpretability.
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YOLOv8-based brain tumour detection

Brain tumour detection was performed using the
YOLOV8 [19] object detection framework, which is
designed to localize objects within images by predicting
bounding boxes in a single forward pass. YOLOvV8 was
selected for its balance between detection accuracy,
computational efficiency, and flexibility for training
on custom datasets.

In this study, two YOLOvV8 model variants were
utilised: YOLOv8n and YOLOv8s. The YOLOv8n
variant is a lightweight model optimised for fast inference
and reduced computational requirements, whereas
YOLOvV8s provides higher detection accuracy at the cost
of increased model complexity. Comparing these
two variants enables analysis of the trade-off between
efficiency and performance in medical image applications.

Both models were trained under identical conditions
to ensure a fair comparison. Training was conducted
on resized MRI images with a fixed input resolution,
and standard data augmentation techniques were applied
to enhance model generalisation. The models were
optimised using stochastic gradient-based learning and
evaluated using established object detection metrics.

The detection outputs consist of bounding boxes
with associated confidence scores and tumour class
predictions, which serve as inputs for subsequent
explainability analysis using the LIME method.

Explainable Artificial Intelligence (XAl) [12]

In recent years, a wide range of explainability
methods has been proposed to address the limited
transparency of deep learning models in medical imaging.
Gradient-based approaches, such as Grad-CAM and
Grad-CAM++, are among the most frequently used
techniques. These methods visualize important regions
by analyzing gradients in convolutional layers, which
makes them relatively fast and easy to apply. However,
their explanations are often coarse and heavily dependent
on the model's internal architecture. Moreover, they
are mainly designed for classification tasks and may
not fully capture localized decision regions in object
detection scenarios.

Another group of methods is based on relevance
propagation, such as Layer-wise Relevance Propagation
(LRP). These approaches aim to trace the model’s
prediction back to individual input pixels, providing
detailed relevance maps. While this can provide fine-
grained explanations, LRP requires direct access to
the model's structure and careful adaptation to specific

architectures, limiting its flexibility when working with
complex detection models.

Perturbation-based methods, such as SHAP and
LIME, explain predictions by modifying parts of the
input and observing changes in the model's output. SHAP
is grounded in game theory and provides consistent
feature importance estimates, but its computational cost
becomes high for image-based data. This can limit its
practical use in real-time or large-scale medical imaging
applications.

LIME offers a more practical and intuitive
alternative. It generates local explanations by approximating
the complex model's behaviour for a single input using
a simple, interpretable model. In the case of images,
LIME operates on superpixels, which correspond to
coherent image regions and are easier for humans to
interpret. This allows LIME to clearly highlight areas that
positively or negatively influence the model’s decision.

The choice of LIME in this work was motivated by
several factors. First, LIME is fully model-agnostic and
can be directly applied to YOLOv8 without modifying
the detection architecture. Second, its focus on local
explanations aligns well with clinical requirements,
where understanding individual predictions is more
important than global model behaviour. Finally, LIME
provides both visual explanations and numerical
importance values, enabling not only qualitative
assessment but also quantitative evaluation of explanation
stability and relevance. For these reasons, LIME was
considered a suitable explainability method for interpreting
brain tumour detection results in MRI images.

LIME-based explanation of detection results [20]

To enhance the interpretability of the proposed brain
tumour detection framework, the Local Interpretable
Model-Agnostic Explanations (LIME) method was
applied to the YOLOv8 model predictions. LIME is
a perturbation-based explainable artificial intelligence
technique that provides local explanations for individual
predictions by approximating the behaviour of a complex
model in the neighbourhood of a specific input instance.

In the context of MRI image analysis, LIME first
segments the input image into superpixels, which
represent homogeneous, spatially coherent regions.
These superpixels serve as interpretable components
that can be selectively modified. LIME then generates
a large number of perturbed samples by randomly
masking different combinations of superpixels, while
keeping the remaining regions unchanged. Each
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perturbed image is subsequently processed by the trained
YOLOV8 detection model.

Based on the variations in the model’s predictions
across these perturbed samples, LIME estimates the
contribution of each superpixel to the final detection
outcome. A locally weighted linear model is fitted to
approximate the complex decision function of YOLOV8
in the vicinity of the analysed prediction. The resulting
coefficients of this surrogate model reflect the relative
importance of individual superpixels, with positive
weights indicating regions that support tumour detection
and negative weights indicating regions that reduce
the confidence of the prediction.

In this study, LIME was applied specifically to
bounding box predictions for detected tumour regions.
The generated explanations were visualised by overlaying
the most influential superpixels onto the original MRI
images, enabling intuitive qualitative assessment of the
model’s attention. This visualisation enables verification
that the model relies on clinically meaningful tumour
regions rather than irrelevant background structures.

Evaluation metrics

The performance of the proposed brain tumour
detection framework was evaluated using standard object
detection metrics and dedicated explainability metrics
to assess the quality of LIME-based explanations.

Detection performance was measured using
precision, recall, and mean average precision (MAP).
Precision is the proportion of correctly detected tumour
regions among all detections, while recall measures the
model's ability to identify all relevant tumour regions.
The mean average precision was computed at
an intersection-over-union threshold of 0.50 (MAP@50)
as well as across multiple thresholds ranging from 0.50 to
0.95 (MAP@50-95), providing a comprehensive
assessment of detection accuracy [21].

To quantitatively evaluate the interpretability of
LIME-generated explanations, several complementary
metrics were used, each capturing a different aspect of
explanation quality. Together, these metrics provide a
more comprehensive understanding of how the model
distributes attention across image regions and how
reliable the generated explanations are.

Let x denote an input MRI image. Using LIME,
the image is segmented into N superpixels

S = {Sl' Sz, ""SN}'

Let ddenote a single detection produced by
YOLOVS, defined by a bounding box and its predicted
tumour class.

For explanation purposes, LIME represents
perturbed samples using an interpretable binary vector
z € {0,1}", where z; = 1 indicates that the superpixel s;
is present (not masked) and z; =0 indicates that
it is masked.

LIME approximates the behaviour of the detection
model in the neighbourhood of image x with respect to
detection d using a local linear surrogate model:

N
9@ =Fo+ Y Fize

where 8; € R represents the importance weight assigned
to superpixel s;.

Let B = (B, Bz .., By) denote the vector of
superpixel importance weights for a single explanation.

Stability measures the robustness of explanations to
small perturbations in the input image. For a given
image x, LIME explanations are generated multiple times
under slight input variations (e.g., noise injection,
repeated perturbation sampling).

Let g8 = (X, B, .., ) denote the vector of
superpixel importance weights obtained in the k-th run,
k=1,..,K.

Stability is defined as the mean standard deviation
of superpixel weights across runs:

N
1
Stability = NE swd (8L, P, ..., B,
i=1

Sparsity quantifies the proportion of superpixels that
have a non-negligible contribution to the explanation.
Sparse explanations involve only a limited number
of influential regions, making them easier to interpret
and more clinically meaningful. In contrast, lower
sparsity values indicate that the model relies on a broader
spatial context.

Let 7> 0denote a small threshold defining
“non-negligible” importance (€.9., T = 0.01 - max; | f; 1).

Define the indicator:

[ Bi 1>,

-t
L7 10, otherwise.
Sparsity is computed as:

1 N
Sparsity = NZ I;.

i=1
MaxWeight represents the maximum absolute
importance value assigned to a single superpixel.
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This metric highlights the most influential image
region contributing to the prediction and provides insight
into whether the model relies strongly on a dominant
area. A higher MaxWeight value suggests that a specific
region plays a critical role in the detection decision,
which is desirable when this region corresponds to the
actual tumour location.

MaxWeight captures the strength of the most
influential superpixel in the explanation:

MaxWeight = L'Ellfl..),(N [ B; I.

Optionally, normalized by the sum of absolute
weights:
max | B; |
Z?]:l Iﬁj |.

Entropy evaluates how the importance weights are
distributed across all superpixels. Lower entropy values
indicate that importance is concentrated in fewer regions,
leading to clearer, more interpretable explanations.
Higher entropy, on the other hand, reflects a more
uniform distribution of importance, suggesting that
multiple regions jointly influence the model’s decision.

First, normalize absolute weights to obtain
a probability distribution:

[ B P =
=1 1B 1

Entropy is then computed using Shannon entropy:

MaxWeight,,orm =

pi = 1,...,N.

N
Entropy = — Z pilog,(pi),

i=1
where terms with p; = 0 are defined as contributing
zero to the sum.

All explainability metrics were first computed at the
level of individual detections and then averaged over
correctly detected tumour instances in the test set.
The practical computation of these metrics was
performed under the following assumptions:

e LIME explanations were generated using the
same number of superpixels and perturbation samples
across all experiments.

e Stability was computed using repeated LIME
runs on the same image.

e Sparsity threshold Twas defined relative to the
maximum absolute weight to ensure scale invariance.

e Metrics were averaged over correctly detected
tumour instances to obtain representative values.

From a reliability engineering perspective, stability
relates to robustness under uncertainty (epistemic
variability); sparsity reflects importance concentration

and cognitive interpretability; MaxWeight aligns with
factor dominance in importance analysis; entropy
captures uncertainty dispersion across decision factors.

The combination of detection and explainability
metrics enables joint evaluation of model performance
and transparency, which is essential for assessing
the suitability of deep learning models for clinical
decision-support applications [13, 15].

Experimental Results

The experimental evaluation was conducted to
assess both the detection performance and the
explainability of the proposed framework for brain
tumour detection from MRI images. The experiments
focused on comparing two YOLOV8 model variants and
analysing the interpretability of their predictions using the
LIME method. All experiments were conducted under
identical settings to ensure reproducibility.

Software implementation and Python libraries

The proposed framework was implemented in
Python due to its extensive ecosystem of libraries
for deep learning, image processing, and explainable
artificial intelligence, as well as its widespread adoption
in medical image analysis research.

The YOLOV8 detection models were implemented
using the Ultralytics library, which provides an efficient
and user-friendly framework for training, evaluating, and
deploying state-of-the-art object detection models.
This library was used for model configuration, training,
inference, and evaluation, including the computation
of detection performance metrics.

The LIME library was employed to generate
explainable visualizations of model predictions.
Specifically, the lime_image module was used to produce
local explanations based on superpixel perturbations,
enabling interpretation of YOLOV8 detection results
without requiring access to the internal architecture
of the model.

For image preprocessing and superpixel segmentation,
the scikit-image library was utilized, particularly the
skimage.segmentation module. This library was used to
divide MRI images into homogeneous regions required
for LIME-based explanations. Additional numerical
computations were performed using NumPy, while
visualization of results was carried out with Matplotlib,
which was used to generate figures, heatmaps, and
annotated MRI images.
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Together, these Python libraries enabled efficient
implementation of the proposed detection and
explainability pipeline, ensuring reproducibility of
experiments and facilitating comprehensive analysis
of both model performance and interpretability.

Training setup

The YOLOV8Nn and YOLOvV8s models were trained
using the Ultralytics framework on annotated MRI
images under identical training conditions to ensure
fair comparison. All input images were resized to a fixed
resolution of 640 x 640 pixels prior to training.

Both models were trained for 40 epochs with
a batch size of 16, using stochastic gradient-based
optimization. Standard data augmentation techniques,
including geometric transformations and intensity
variations, were applied to improve model generalization.
The dataset was divided into training, validation,
and testing subsets.

Early stopping was applied with a patience of
5 epochs, meaning that training was terminated if no
improvement in validation performance was observed
over five consecutive epochs. Model weights were
automatically saved during training, and the version
achieving the best validation performance was selected
for final evaluation on the test set.

Detection results

The detection performance was evaluated using two
variants of the YOLOV8 object detection model, namely
YOLOv8n (nano) and YOLOV8s (small), which differ in
terms of model complexity, number of parameters,
and computational requirements. The YOLOv8n model
represents a lightweight architecture optimized for faster
inference and lower hardware demands, whereas
YOLOv8s offers increased representational capacity,
enabling more accurate feature extraction at the cost
of higher computational load.

Both models were trained under identical conditions
using the same annotated MRI dataset and the same
training and validation splits. To ensure a fair and
objective comparison, performance evaluation was
conducted on an independent held-out test set that was
not used during training or validation. This approach
minimises the risk of overfitting and allows assessment
of the models’ generalisation ability.

Table 1 summarizes the quantitative detection
results obtained by the evaluated models. The YOLOv8s
model achieved higher precision and recall values

compared to YOLOVS8n, resulting in improved mean
average precision across both evaluated loU thresholds.
This performance gain reflects the ability of the larger
model to capture more complex visual patterns present
in MRI images.

Table 1. Detection performance comparison of YOLOv8
models

Metric YOLOv8n YOLOv8s Difference

| Overall performance |
Precision (P) 0.889 0.906 +0.017
Recall (R) 0.863 0.871 +0.008
mAP@50 0.918 0.927 +0.009
mAP@50-95 0.700 0.713 +0.013

| Glioma |
Precision (P) 0.802 0.823 +0.021
Recall (R) 0.713 0.768 +0.055
MAP@50 0.812 0.834 +0.022
mAP@50-95 0.519 0.545 +0.026

| Meningioma |
Precision (P) 0.945 0.972 +0.027
Recall (R) 0.937 0.937 0.000
MAP@50 0.975 0.983 +0.008
mAP@50-95 0.823 0.836 +0.013

| Pituitary tumour |
Precision (P) 0.921 0.922 +0.001
Recall (R) 0.941 0.908 -0.033
mAP@50 0.966 0.962 —0.004
mAP@50-95 0.757 0.758 +0.001
Despite its lower complexity, YOLOv8n
demonstrated  competitive  detection  performance,

indicating that lightweight models can still provide
reliable tumour localization when computational
resources are limited. This trade-off between accuracy
and efficiency is particularly relevant for practical
deployment scenarios, such as real-time clinical decision-
support systems.

The confusion matrix presented in Fig. 1 provides a
detailed insight into the class-wise performance of the
YOLOv8s model for brain tumour detection. Overall,
the model demonstrates strong discriminatory capability
across all three tumour classes, with many samples
correctly classified.

For the glioma class, 282 samples were correctly
classified, with only 3 misclassifications as meningioma
and no confusion with pituitary tumours. The meningioma
class achieved 136 correct predictions, with a small
number of errors, including 4 samples misclassified as
glioma and 2 as pituitary tumours, indicating partial
visual similarity among these tumour types.

The pituitary tumour class showed the most reliable
performance, with 184 correctly classified samples and
only one misclassification as meningioma. Overall,
misclassifications were rare and occurred mainly between
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glioma and meningioma classes, reflecting overlapping
MRI characteristics. These results confirm the robustness
and stability of the proposed detection framework.

Confusion Matrix

Glioma 3 0
[%2]
2]
i)
; Meningioma - 4 136 2
I~
=
Pituitary tumor - 0 1

Predicted class

Fig. 1. Confusion matrix of the model

Explainability results

The explainability of the proposed brain tumour
detection framework was analysed using the LIME
method to identify which image regions contributed most
to YOLOv8 model predictions. The objective of this
analysis was to verify whether the detection decisions
were based on clinically relevant tumour regions and to
compare the interpretability of the model variants.

Figure 2 presents an MRI brain image with
superpixels highlighted by their contribution to the
YOLOvV8 model's prediction. Although the tumour region
is clearly included among the highlighted areas, LIME
also marks several superpixels that do not visually
correspond to pathological tissue.

Fig. 2. Visualization of LIME explanation no. 1

This result indicates that the explanation
encompasses multiple regions of the image, not all of
which represent tumour-related structures, demonstrating
the local nature of the LIME-based explanation.

Figure 3 shows the corresponding heatmap
visualization of the same LIME explanation. The heatmap
provides a continuous representation of feature
importance, revealing that the influence of relevant
regions is more dispersed compared to well-performing
cases. This representation helps to better understand why
the explanation is considered less reliable.

'+ 0.100
r 0.075
r 0.050
r 0.025
r 0.000
r—0.025

—0.050
I—0,075

Fig. 3. Heatmap visualization of LIME explanation no. 1

Figure 4 presents an example of a LIME-based
superpixel explanation generated for a correctly detected
tumour. The highlighted superpixels are predominantly
concentrated within the tumour area, indicating that the
model focuses on pathological regions when making
predictions. The clear alignment between the superpixel
importance and the tumour boundaries suggests that the
detection model relies on meaningful visual features
rather than unrelated background structures.

Fig. 4. Visualization of LIME explanation no. 2
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To provide a more detailed view of the spatial
distribution of feature importance, Fig. 5 illustrates
a heatmap representation of the LIME explanation for
the same detection case. Warmer colors indicate regions
with higher influence on the model’s prediction.
As shown in the figure, the highest contribution values
are localised within the tumour region, while the
surrounding brain tissue exhibits significantly lower
influence. Minor contributions outside the tumour area
can be attributed to contextual information or intensity
gradients present in MRI images.

K

0.25
0.20
0.15
[— 0.10
0.05

0.00

-0.05
-0.10

Fig. 5. Heatmap visualization of LIME explanation no. 2

Together, the superpixel-based visualisation (Fig. 4)
and the heatmap representation (Figure 5) offer
complementary insights into the YOLOvV8 model's
decision-making process. While the superpixel visualisation
highlights discrete influential regions, the heatmap
provides a continuous view of importance distribution.
This combined analysis confirms that the model’s
predictions are primarily driven by tumour-related image
features, supporting the transparency and reliability of the
proposed explainable detection framework.

Quialitative evaluation of LIME explanations

To complement the qualitative analysis based on
visual inspections of LIME explanations, a quantitative
evaluation was conducted to objectively assess the quality
and characteristics of the generated explanations.
Quantitative interpretability metrics enable systematic
comparison of explanation stability, spatial concentration,
and importance distribution, providing deeper insight
into the model’s decision-making behaviour beyond
visual interpretation alone.

Table 2 presents a quantitative evaluation of the
explanations generated using the LIME method,
providing insight into the stability, concentration, and

distribution of superpixel importance. These metrics
enable objective assessment of explanation quality
beyond qualitative visual inspection.

Table 2. Quantitative interpretability metrics for LIME

Metric Value
Stability 0.0302
Sparsity 0.6442
MaxWeight 0.2840
Entropy | 5.1498
The stability value of 0.0302 indicates low

variability in superpixel weights, suggesting that the
generated explanations are robust and consistent under
small perturbations of the input image. This behavior is
desirable in medical imaging applications, where reliable
and repeatable explanations are essential for building
trust in automated systems.

The sparsity metric reached a value of 0.6442,
indicating that approximately two-thirds of the
superpixels contributed meaningfully to the model’s
decision. This result suggests that the model does not rely
on a single isolated region but instead integrates
information from a broader spatial context. While highly
sparse explanations may indicate overly localized
reasoning, the observed sparsity reflects a balanced
attention pattern that captures both focal tumour regions
and their immediate surroundings.

The maximum superpixel weight of 0.2840
confirms the presence of dominant regions with strong
influence on the model output. These highly weighted
superpixels correspond to visually salient tumour areas
observed in the LIME visualizations, reinforcing the
consistency between quantitative metrics and qualitative
explanation maps.

Finally, the entropy value of 5.1498 indicates
a relatively distributed allocation of importance across
multiple superpixels. This suggests that the model’s
predictions are supported by several relevant image
features rather than being dominated by a single region.
Such behavior is particularly important in medical
image analysis, where pathological patterns may span
multiple spatial structures.

Overall, the quantitative results summarized in
Table 2 demonstrate that the LIME explanations are
stable, informative, and well-aligned with clinically
relevant image regions. The combination of focused
dominant areas and distributed contextual information
supports the transparency and reliability of the proposed
explainable brain tumour detection framework.
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Discussion

Conclusions

The results confirm that YOLOv8-based object
detection is a suitable approach for brain tumour
localization in MRI images. Both evaluated models
achieved high detection performance, with YOLOvV8s
consistently outperforming YOLOv8n across most
metrics. The improved performance of YOLOVSs is
mainly attributed to its higher model capacity, which
enables more effective representation of complex tumour
patterns, particularly for gliomas.

Analysis of the confusion matrix showed that
misclassifications were infrequent and occurred primarily
between glioma and meningioma classes, which exhibit
similar visual characteristics in MRI scans. Pituitary
tumours were detected with high reliability, likely due to
their distinct anatomical location. These findings are
consistent with observations reported in related medical
imaging studies.

The explainability analysis demonstrated that LIME
provides meaningful insight into the model’s decision-
making process. Both qualitative visualizations and
guantitative  metrics indicated that the models
predominantly focus on clinically relevant tumour
regions. The YOLOv8s model produced more stable and
concentrated explanations, while YOLOv8n showed
more distributed importance patterns, suggesting that
increased model complexity contributes not only to
higher accuracy but also to improved interpretability.

Several limitations should be considered. The analysis
was performed on two-dimensional MRI scans, and
tumour localization was limited to bounding boxes rather
than precise segmentation. Additionally, LIME provides
local explanations that may vary depending on perturbation
settings. Despite these limitations, the proposed
framework effectively combines detection performance
with explainability and supports the development of
transparent Al-based medical image analysis systems.

In terms of future directions, the proposed
framework can be extended to include a wider range of
brain tumour types, which would improve its applicability in
more diverse clinical scenarios. Additionally, future work
may focus on generating structured textual descriptions of
detected or non-detected tumours, providing clinicians
with interpretable summaries that complement visual
explanations. Such extensions could further enhance
the practical usability of explainable detection systems
in clinical decision-support workflows.

This paper presented an explainable framework
for brain tumour detection from MRI images based on
YOLOvV8 object detection models and the LIME
explainable artificial intelligence method. Experimental
results demonstrated that YOLOv8 models achieve
reliable detection performance across multiple tumour
types, with the YOLOVS8s variant providing improved
accuracy and more stable explanations.

The integration of LIME enabled transparent
interpretation of model predictions by highlighting
clinically relevant image regions. Quantitative
interpretability metrics further confirmed the stability
and informativeness of the generated explanations,
supporting the trustworthiness of the proposed approach.

Despite certain limitations, including the use
of two-dimensional MRI images and bounding box
localization, the proposed framework effectively
balances detection accuracy and explainability. Future
work will focus on extending the approach to three-
dimensional data, incorporating segmentation-based
methods, and exploring additional explainability
techniques to further enhance clinical applicability.
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BUABJIEHHSA ITYXJIMH I'OJIOBHOI'O MO3KY HA MPT-30BPAKEHHAX
3 MOXKJIMBICTIO ITIOSAICHEHHS BUKOPUCTAHHSA YOLOVS8 Y LIME

AxktyanbHicTh. TouHa ineHTH(iKallis MyXJIMH TOJOBHOTO MO3Ky 3a IOIOMOIOI0 MarHiTHO-pe3oHaHcHoi Tomorpadii (MPT) e
KPUTHYHO BAaXKIMBHM 3aBJAHHSIM B aHANI31 MEAWYHHUX 300pa’keHb. Xoda MiIXoqu TITMOOKOTr0 HaBUYaHHS YacTO JOCATAIOTH BiMiHHOL
IPOAYKTUBHOCTI BUSBJICHHS, iM 4acTo Opakye IpO30pOCTi B Mpolecax MPUHUHATTS pimieHb. Llg BiACyTHICTH iHTEpHpeTOBaHOCTI
oOMerKye TOBipY B KJIIHIUHIHM MPAaKTHUIIl Ta CTBOPIOE CHIIbHY MOTPeOy Y BIPOBAIKEHHI METOIB MOSICHIOBAJIFHOTO IITYYHOTO 1HTEIIEKTY
(XALl). 06'ext pocaimkenns. OG'€KTOM I[BOTO JOCHIPKEHHS € aBTOMATH30BAHUI MPOIEC BHUSABJICHHS ITyXJIMH FOJIOBHOIO MO3KY Ha
MPT-ckanax 3 BHUKOPHCTAaHHAM IIiAXOIiB Ha OCHOBI 3TOPTKOBHX HeWpoHHHX Mepex. I[Ipeamer pocaimxenHs. Ilpenmerom
JIOCHIJDKEHHSI € 3aCTOCYBaHHS Mojesel BusBieHHs 00'ekTiB YOLOVS pazom 3 metozoMm nosicaroBaibHocTi LIME amst inTepnperartii
BUXOJiB MOZENi B KOHTEKCTI aHaji3y MeAW4HHX 300paxeHb. Mera. MeToro wmi€i cTarTi € po3poOka Ta OLIHKA MOSCHIOBAIBHOT
CTPYKTYpPH IJIsl BUSIBIICHHS ITyXJIMH TOJOBHOTO MO3KY, SIKa iHTeTrpye BHSBICHHS 00'ekTiB Ha ocHOBI YOLOVS 3 iHTepmnperoBaHicTIO,
kepoBanoro LIME, 3a miaTpUMKH KiITBKICHOI OI[IHKHU SIKOCTI mosicHeHHs. Pe3yabraTn. ExcrniepuMeHTanpHa OI[iHKA IEMOHCTPYE, L0
Mozeni YOLOVS 31aTHI TOYHO BUSBISITH BHOpaHi THITH ITyXJIMH TOJIOBHOTO MO3Ky Ha 300pakeHHsx MPT, toxi six LIME ycmimHo
BU3Havyae oOyiacTi 300paXkeHHs, SIKi MaroTh HAWOUIBIIMI BIDIMB Ha pIlICHHS MoJeTi. 3alpoIloHOBaHI KiJIbKICHI METPUKH
MiATBEPKYIOTh CTaOUIBHICTh Ta PO3PIIKEHICTh 3TCHEPOBAHUX TMOSICHEHb, THUM CAaMHM MOKPAIIlyIOYH I1HTEPIPEeTOBaHICTh
Ta HaJ(iHICTh 3aIIPOIIOHOBAHOI CHCTEMH BHSBJICHHSI.

KurouoBi cjioBa: BHABICHHS MyXJIHHHU rojoBHOro mo3ky; MPT; YOLOVS; 3posyminuii mryunmii intenexr; LIME; anami3
MEJIIYHUX 300paKeHb.
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