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Abstract. Accurate brain tumour segmentation is insufficient for clin-
ical decision support if the model cannot show whether its prediction
is based on tumour-relevant evidence. Post-hoc methods such as Grad-
CAM and Score-CAM are widely used in medical imaging, but their
heatmaps are not optimised for tumour-mask alignment and may be dif-
fuse or spatially imprecise. This paper proposes an explainable YOLOvS8-
based framework for efficient whole tumour localisation on multi-modal
BraTS2020 MRI slices. The framework combines a reproducible H5-to-
YOLO conversion pipeline, YOLOv8n-seg for single-class tumour locali-
sation, and a native evidence head attached to internal YOLOvS8 feature
representations. Unlike post-hoc CAM methods, the evidence head is
trained to generate tumour-relevant spatial evidence directly from the
model feature space.

The native evidence maps are compared with Grad-CAM and Score-
CAM on tumour-positive test samples using Dice, IoU, energy inside
the tumour mask, pointing-game accuracy, and Hausdorff distance. The
proposed method achieves higher Dice and IoU, stronger pointing-game
performance, and lower boundary disagreement than both CAM base-
lines. Its maximum activation falls inside the tumour mask in 84% of test
cases, compared with 38% for Grad-CAM and Score-CAM. Qualitative
results further show compact tumour-centred evidence maps, while the
CAM baselines are less precise or more diffuse. These findings show that
explanation quality in medical segmentation should be evaluated as a
measurable spatial property. The proposed framework provides an effi-
cient and reproducible explanation-by-design approach for interpretable
YOLO-style brain tumour localisation.

Keywords: Applied intelligence - Explainable artificial intelligence -
Medical informatics - Reproducible AI - Brain tumour localisation -
YOLOv8 segmentation - Native evidence learning - BraTS2020 - Mag-
netic resonance imaging - Heatmap alignment

* Corresponding author: d.muhammadl@universityofgalway.ie

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2026

Cite as: Mc Cabe, C., et al.: Evidence From Within: Explainable YOLOvS8 for Reproducible
Brain Tumour Localisation. In: Mahmud, M., et al. (eds.) Applied Intelligence and Informat-
ics. AII 2026. CCIS, vol. 3206, pp. 276-290. Springer, Cham (2026).



Explainable YOLOvS8 for Tumour Localisation 277

1 Introduction

Brain tumours require accurate localisation, delineation, and follow-up assess-
ment for diagnosis, treatment planning, surgical guidance, radiotherapy plan-
ning, and monitoring. Magnetic resonance imaging (MRI) is central to glioma
assessment because T1, contrast-enhanced T1, T2, and FLAIR sequences pro-
vide complementary structural and pathological information. In clinical practice,
tumour burden is defined not only by lesion presence, but also by spatial extent,
surrounding tissue relationships, and multimodal appearance [12].

The Brain Tumour Segmentation (BraT§S) benchmark has standardised glioma
segmentation research through multi-institutional MRI data, expert annotations,
and common evaluation protocols [19]. Although 3D volumetric networks dom-
inate BraTS-style benchmarks, efficient 2D localisation models remain useful
for tumour-bearing slice identification, visual screening, lightweight deployment,
and explanation-oriented analysis [19, 5, 11].

Deep learning has improved medical image segmentation, but clinical adop-
tion remains limited by uncertainty about whether predictions are based on
clinically meaningful evidence [14, 13, 14]. A segmentation mask shows what the
model predicted, but not necessarily why. This is especially important in brain
tumour MRI, where acquisition variability, intensity normalisation artefacts, and
heterogeneous tumour appearance can affect model behaviour. While XAI has
gained attention in medical imaging, much early work focused on classification
rather than dense prediction. Semantic segmentation requires spatially struc-
tured explanations at pixel or region level, making explanation quality more
demanding to evaluate [4,17].

Class activation mapping methods such as Grad-CAM and Score-CAM are
widely used to visualise regions influencing convolutional neural networks [16,
20]. However, these post-hoc heatmaps are not directly optimised during learn-
ing, can be coarse or threshold-sensitive, and may not align with expert anno-
tations. For brain tumour MRI, clinically meaningful explanations should be lo-
calised around tumour tissue and quantitatively comparable with tumour masks.

In this work, we propose an explainable YOLOvS8-based framework for brain
tumour localisation and segmentation using multi-modal BraTS2020 MRI slices.
YOLOVS provides an efficient single-stage architecture with segmentation sup-
port, making it suitable for fast localisation and mask prediction [18]. Although
recent studies have explored YOLOvS8-style models for brain tumour detec-
tion and localisation [7], explanation remains external or underexplored in most
YOLO-based medical imaging studies.

The proposed framework converts BraTS2020 H5 MRI slices into a YOLO-
compatible segmentation format, trains YOLOv8n-seg for whole tumour local-
isation, and attaches a native evidence head to internal YOLOvS8 feature rep-
resentations. Unlike Grad-CAM and Score-CAM, which are applied after pre-
diction, the evidence head is supervised using tumour masks and produces a
feature-coupled spatial evidence map. We hypothesise that this design can gen-
erate heatmaps that are more spatially aligned with tumour annotations while
preserving YOLOvVS localisation efficiency.
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The main contributions of this work are as follows:

1. We propose an explainable YOLOvS8-based framework for efficient brain
tumour localisation and segmentation from multi-modal BraTS2020 MRI
slices.

2. We introduce a native evidence head that generates model-internal heatmaps
from YOLOVS feature representations, enabling explanation-by-design rather
than relying only on post-hoc visualisation.

3. We develop an H5-to-YOLO conversion and training pipeline for BraTS2020,
allowing tumour masks to support both YOLOvS8 segmentation and evidence
supervision.

4. We compare native evidence maps with Grad-CAM and Score-CAM using
qualitative visualisation and quantitative tumour-mask alignment metrics.

5. We evaluate explanation quality as a measurable spatial property using Dice,
IoU, energy inside the tumour mask, pointing-game accuracy, and boundary
disagreement.

2 Related Work

Brain tumour segmentation, YOLO-based medical localisation, post-hoc visual
explanation, and native explainability form the main research context of this
work. Existing BraTS studies have achieved strong volumetric segmentation
performance using multimodal MRI and advanced encoder-decoder or hybrid
architectures [9, 19, 8, 5]. However, these methods are mainly evaluated through
predictive metrics and do not directly assess whether the model evidence is
clinically meaningful. YOLO-based approaches offer efficient lesion localisation
and have recently been adapted to medical imaging and brain tumour detection
[15,2,7]. In parallel, Grad-CAM and Score-CAM remain common post-hoc ex-
planation baselines [16,20], but their heatmaps are not explicitly optimised for
tumour-mask alignment. Recent work on self-explainable and biomedical XAI
argues for explanation mechanisms that are integrated into model design rather
than applied only after prediction [6, 3, 10]. Table 1 summarises how the proposed
framework is positioned with respect to these research directions.

3 Methodology

Let D = {(X;,Y;)}¥; denote the multimodal BraTS2020 MRI dataset, where
X; is the MRI volume of subject ¢ and Y is the corresponding voxel-level tumour
annotation. Since YOLOvVS segmentation is formulated for 2D image inputs, each
3D volume is decomposed into axial slices. For slice s, FLAIR, T1ce, and T2 are
stacked as a pseudo-RGB input:

IfEAIR ITlce IT2] c RHXWXB. (1)

Xias :[ s ? 7,8 17,8

The original BraTS$ labels Y; s € {0,1,2,4}*W are merged into a binary whole
tumour mask:

M, 4 (u,v) = 1[Y, (u,0) € {1,2,4}], M, € {0, 1}V, 2)



Explainable YOLOvS8 for Tumour Localisation

279

Table 1. Compact summary of related work and positioning of the proposed frame-

work.

Research area

Main focus

Remaining gap

Position of this
work

BraTS  tumour Multimodal volumet- Strong segmentation Uses BraTS2020
segmentation ric glioma segmenta- performance, but for efficient tu-
tion using MRI se- limited  assessment mour localisation
quences such as T1, of whether internal and explicit
Tlce, T2, and FLAIR evidence is spatially explanation-
[9,19,5]. meaningful. alignment evalu-
ation.
YOLO-based Fast lesion detection, Most studies focus Extends
medical imaging localisation, and on precision, recall, YOLOv8n-
segmentation using mAP, or mask qual- seg with a native
single-stage architec- ity, with limited na- evidence head for
tures [15,2,7]. tive explanation. tumour-centred
heatmap genera-
tion.
Post-hoc CAM Visual explanation Heatmaps can Compares Grad-
explanations using Grad-CAM be coarse, layer- CAM and Score-
and Score-CAM after dependent, and CAM with native
model training [16, weakly aligned evidence  maps
20]. with expert tumour using the same
masks. spatial metrics.
Native explain- Explanation mecha- Faithfulness and spa- Trains a feature-
ability nisms integrated into tial alignment require coupled evidence

the architecture or careful evaluation, es- head and evalu-
training process [6,3, pecially in medical ates explanation
1]. segmentation. quality quantita-

tively.

The task is therefore single-class whole tumour localisation and segmentation.
The model predicts a bounding region, segmentation mask, confidence score, and

native evidence map:
f@(Xi,s) = (Bi787 Si,87/c\i757 Ei,s) . (3>
The H5 data are converted into YOLOvVS segmentation format through modal-
ity normalisation, mask binarisation, contour extraction, and polygon-label gen-
eration. Each modality image I is independently normalised using percentile

clipping:
~ lip (I 1 I)) — pi(I
T, v) = P L), 1D, poo(I)) — p1 (D
poo(X) — p1(I) + €

where p; and pgg are the first and ninety-ninth percentiles. Each binary tumour
mask is converted into one or more external contours. For connected component

: (4)
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k, the YOLO polygon is:

kook
Pk = oyt T Yni (5)
1,8 W’ H y W ) H b)

where (gcgﬂyf) is the j-th polygon vertex. The corresponding YOLO label is
Zf, =10, Pf,s], where class index 0 denotes whole tumour. For slices with multiple
disconnected tumour components, each valid component is written as a separate
YOLO polygon with the same class label. Components smaller than 20 pixels
are removed to suppress very small artefacts, and empty slices are retained in a
controlled proportion to preserve background representation.

The segmentation model is based on YOLOv8n-seg. Given an input slice, the
YOLOvVS8 backbone and neck extract multi-scale feature maps:

(PO} = g0 (xi. (6)

where gy denotes the feature extractor. The segmentation head predicts bound-
ing boxes, class confidence scores, mask coefficients, and prototype masks:

(oG Ao = ({FO)). "

The final mask is reconstructed by combining mask coefficients with prototype

masks:
R
Si7S:U Za;ﬂ,s ?i”,s ) (8>
r=1

where a;  is the r-th mask coefficient, Q:S is the r-th prototype, and o(-) is the
sigmoid function. YOLOVS is trained using:

EYOLO = )\boxﬁbox + >\cls£cls + )\dﬂ‘cdﬂ + Aseg£seg~ (9)

To provide model-internal explainability, a native evidence head ¢, is at-

tached to a selected YOLOvVS feature map Fgés) and maps it into a single-channel
heatmap:

E.,=Up (a (% (F“)))) ., E., €0, 1", (10)

Here, ¢, is a lightweight convolutional module and Up(-) upsamples the heatmap
to the input resolution. Unlike Grad-CAM and Score-CAM, the proposed evi-
dence map is not produced using backward gradients or repeated masked forward
passes. It is trained to map internal YOLOvVS features to tumour-relevant spatial
evidence.

The evidence head is supervised using the whole tumour mask. Its objective
combines alignment, sparsity, and smoothness:

£EH = £a1ign + /\sparseﬁsparse + )\TV£TV7 (11)
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where

2 Zu v Ei’vs(u7 U)M‘,‘ (U, U) + €
Latign = Lock (Bis, M) + (1 - ’ n _

Zu,v Ei»S(Uﬂ v) + Zu,v Mi,S(uv v) +e

(12)
The sparsity term is Lsparse = ﬁ Eu’v E; s(u,v), and the total variation term
encourages spatial coherence between neighbouring pixels. In this implementa-
tion, YOLOVS is first trained using Equation 9; the evidence head is then trained
on frozen YOLOvVS feature representations using Equation 11, with Agparse = 0.01
and )\TV = 0.005.

The proposed evidence head should be interpreted as a feature-coupled spa-
tial evidence module, not as proof of causal faithfulness. Because the evidence
head is trained after YOLOvVS using frozen feature representations, it evaluates
whether tumour-relevant spatial information is recoverable from the learned fea-
ture space. Mask-supervised evidence alignment supports spatial plausibility and
annotation consistency, but it does not alone establish that the evidence map is
causally responsible for the final YOLOvVS prediction.

For comparison, Grad-CAM and Score-CAM are implemented on the same
trained YOLOvS model. Given the selected feature map F) and tumour target
score y¢, Grad-CAM computes:

azizzz

Score-CAM replaces gradient weighting with score-based activation weighting;:

e exp(y°(xi,s © Up (Ay))) . B .
b= 5 exp (4 (xi © Up (A,))) O oeomoam = RelU (; mm) - (19)

All heatmaps are resized to the same spatial resolution. Score-CAM uses the top
32 activation channels to reduce computational cost while retaining the most
responsive feature maps.

Explanation quality is assessed by comparing each heatmap with the ground-
truth tumour mask. For method m € {EH, GradCAM, ScoreCAM}, the heatmap

H", is normalised to [0, 1] and converted into a binary support region:

c cp (£
(z  GaGraacam = ReLU (Z akFi )> . (13)
OF, " (u,v) -

. H?", — min (H!,) ~ .
HY, = R (u0) = 1A (w0) > o ()]

’ max (H;"s) — min (H;”S) +e€ ’ ’ ’
(15)

The evaluation metrics are summarised in Table 2. These metrics quantify
overlap, intensity concentration, peak localisation, and boundary agreement be-
tween each explanation and the tumour mask.

For a test set T, each method-level score is reported as:

Z Qr, (16)

(z s)ET
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Table 2. Explanation-alignment metrics used to evaluate heatmaps against tumour

masks.
Metric Formula
2R, N M, 5]+ ¢
Dice Dicely, = ; :
" RT[ 4+ M| +e
Rzns NM; s
ToU ToUZ, = ﬂ

IR™ UM, s| +¢
Yoo Hi (0, 0)M s (u,v) + €
Zu Y ITI;?S(u, v)+e

Pointing game PG™ =1 M, <arg ma>)( ﬁzng (u, ’U)> =1

(u,v

Energy inside mask EIM™ =

Hausdorff distance HD™ = max{ sup inf |la—Dbll2, sup inf ||b—al
acdR", beoM; bedM; , aeBR;'fs

where QZTS denotes any metric from Table 2. This enables the native evidence
head, Grad-CAM, and Score-CAM to be compared under identical spatial eval-
uation conditions.

4 Experimental Setup

Experiments were conducted on the BraTS2020 training data in H5 format,
where each file contained a 2D multimodal MRI slice and its tumour mask.
The metadata files, meta_data, name_mapping, and survival_info, were used
only for inspection and consistency checking. Each slice was converted into a
three-channel pseudo-RGB image using FLAIR, contrast-enhanced T1, and T2.
All non-background labels were merged into a binary whole tumour mask and
converted into YOLOvV8 polygon annotations.

To prevent data leakage, splitting was performed strictly at subject level
before slice conversion. Patient identifiers were inferred from Hb5 filenames us-
ing a deterministic rule. In total, 369 subjects were identified and split with
random seed 42 into 258 training, 55 validation, and 56 testing subjects, with
no subject overlap across subsets. After conversion and controlled retention of
background-only samples, the YOLO-formatted dataset contained 18,300 train-
ing slices, 4,028 validation slices, and 4,232 testing slices. Tumour-positive slices
accounted for 15,872, 3,493, and 3,671 samples in the three subsets, respectively.

The framework was implemented in Python using PyTorch and Ultralytics
YOLOvS8. H5 processing used h5py, while image conversion, mask processing,
contour extraction, and polygon generation used OpenCV. The base model was
YOLOv8n-seg, initialised with pretrained weights and fine-tuned for single-class
whole tumour segmentation at 640 x 640 resolution. After YOLOvS training,
a lightweight native evidence head was attached to internal feature layer index
—2 and trained on frozen YOLOvVS feature representations using binary whole
tumour masks. The evidence head was trained for 25 epochs with learning rate
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1x 1073, using BCE, Dice, sparsity, and total variation terms with Agparse = 0.01
and Apy = 0.005.

Grad-CAM and Score-CAM were implemented as post-hoc baselines on the
same trained YOLOv8 model. Score-CAM used the top 32 activation channels.
For all explanation methods, heatmaps were resized, normalised to [0,1], and
binarised using the 80th percentile threshold. Explanation evaluation was per-
formed on the same 100 tumour-positive slices selected from the patient-disjoint
test set using the fixed experimental seed, enabling paired comparison across all
methods. “

5 Results

5.1 Localisation and segmentation performance

The H5-to-YOLO conversion pipeline transformed the BraTS2020 H5 data into
YOLOVS segmentation format without failed samples. In total, 26,560 slices were
converted, including 18,300 training slices, 4,028 validation slices, and 4,232 test
slices. The tumour-positive counts were 15,872, 3,493, and 3,671, respectively,
with the remaining slices retained as background-only examples.

YOLOv8n-seg showed stable optimisation for single-class whole tumour lo-
calisation. As shown in Table 4, all training losses decreased, with the largest
reduction observed for classification loss. This suggests that the model learned
effective foreground-background discrimination for tumour-bearing slices.

Table 5 reports validation performance. The model achieved similar precision
for box and mask outputs, indicating reliable tumour-positive predictions when
a region was detected. However, recall remained moderate, which suggests that
small, subtle, or low-contrast lesions remain challenging for isolated 2D YOLO-
style localisation.

After YOLOv8n-seg training, the native evidence head was trained on frozen
YOLOvVS feature representations. As shown in Table 6, the training loss de-
creased by 32.11% over 25 epochs, indicating that the evidence head learned
tumour-relevant spatial evidence from the trained feature space.

5.2 Explanation alignment results

The native evidence head was compared with Grad-CAM and Score-CAM on
100 tumour-positive test slices selected from the patient-disjoint test set using
the fixed experimental seed. The same slices were used for all methods to enable
paired comparison. Table 7 reports mean scores with 95% confidence intervals.
The native evidence head achieved the strongest overall spatial agreement
with tumour masks. It improved Dice by 94.03% over Grad-CAM and 164.65%
over Score-CAM, and achieved the best IoU, pointing-game accuracy, and Haus-
dorff distance. Its maximum activation fell inside the tumour mask in 84% of test
samples, compared with 38% for both CAM baselines. It also reduced boundary
distance by 28.84% relative to Grad-CAM and 28.51% relative to Score-CAM.
Paired Wilcoxon signed-rank tests showed significant improvements for Dice,
IoU, pointing-game accuracy, and HD relative to both baselines, with p < 0.001
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Table 3. Compact experimental configuration.

Component

Setting

Dataset

Subject split

Random seed

Input channels

Task

Slice-level split
Tumour-positive slices
Background-only slices
Base model

Input size

YOLOVS training
AMP

Evidence layer
Evidence-head training

Evidence supervision

Loss weights
XAI baselines

Score-CAM setting
Heatmap threshold

Explanation samples

Segmentation metrics
Explanation metrics

Environment
Hardware

Runtime design

BraTS2020 H5 MRI slices with image and mask ar-
rays.

Strictly patient-disjoint; 369 subjects split into 258
training, 55 validation, and 56 testing subjects.

42.

FLAIR, T1ce, and T2 as pseudo-RGB input.
Single-class whole tumour localisation and segmen-
tation.

Train: 18,300 slices; validation: 4,028 slices; test:
4,232 slices.

Train: 15,872; validation: 3,493; test: 3,671.

Train: 2,428; validation: 535; test: 561.
YOLOvS8n-seg with pretrained initialisation.

640 x 640.

80 epochs, batch size 8, workers 0, SGD, learning
rate 0.01, momentum 0.9.

Disabled due to local CUDA torchvision NMS
compatibility.

YOLOVS internal feature layer index —2.

25 epochs on frozen YOLOvS feature maps, learning
rate 1 x 1073,

Binary whole tumour masks with BCE, Dice, spar-
sity, and total variation terms.

Asparse = 0.01 and Ary = 0.005.

Grad-CAM and Score-CAM on the same trained
YOLOv8 model.

Top 32 activation channels.

80th percentile threshold after normalisation to
[0,1].

100 tumour-positive test slices selected from the
patient-disjoint test set.

Precision, recall, mAPso, mAPs50.95, Dice, and IoU.
Explanation Dice, explanation IoU, energy inside
mask, pointing game, and Hausdorff distance.
Windows, Jupyter Notebook, Python 3.9.18, Py-
Torch 2.2.2 + CUDA 11.8, Ultralytics 8.3.51.
NVIDIA GeForce RTX 4080 GPU with 16 GB mem-
ory.

Native evidence requires one forward pass; Grad-
CAM requires forward and backward passes; Score-
CAM requires multiple forward passes.
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Table 4. YOLOv8n-seg training loss convergence for whole tumour localisation.

Loss term Initial Final Reduction
Box loss 1.6307 0.7673 52.95%
Segmentation loss 3.1459 1.5922 49.39%
Classification loss 2.4903 0.4439 82.18%

Distribution focal loss 1.3860 0.9316 32.79%

Table 5. Validation performance of YOLOv8n-seg for whole tumour localisation and
segmentation.

Output Precision Recall mAP50 mAP5g.05
Box 0.8092 0.5377  0.6323 0.3711
Mask 0.8056 0.5353  0.6243 0.3563

in all reported comparisons. The large rank-biserial correlations indicate con-
sistent improvements across paired samples. Grad-CAM achieved the highest
energy-inside-mask score; therefore, we do not claim that native evidence out-
performs Grad-CAM on this individual metric. Rather, the proposed method
provides a stronger balance across overlap, peak localisation, and boundary
agreement.

5.3 Qualitative heatmap comparison

Figure 1 shows six representative examples selected from the same evaluated sub-
set. The native evidence head produced compact and tumour-centred heatmaps,
while Grad-CAM highlighted broader tumour vicinity and Score-CAM produced
more diffuse activation across brain or peripheral regions. These visual patterns
are consistent with the higher pointing-game accuracy and lower boundary dis-
agreement of the proposed method.

5.4 Efficiency and runtime analysis

The native evidence head is computationally efficient because it generates heatmaps
directly from internal YOLOvVS feature representations using a lightweight con-
volutional branch. It requires one forward pass and no gradient computation.
Grad-CAM requires a forward and backward pass, while Score-CAM requires
multiple masked forward passes, making it the most computationally expensive
explanation baseline.

The validation run required 652.39 seconds for 4,028 validation slices on the
RTX 4080 workstation, corresponding to 10.87 minutes. Table 9 summarises the
computational characteristics of the explanation methods.

Overall, the results support the main hypothesis: YOLOv8n-seg provides
efficient tumour localisation, and the proposed native evidence head improves
spatial explanation alignment while avoiding the repeated forward-pass cost of
Score-CAM.
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Table 6. Native evidence-head training behaviour.

Metric Value Epoch
Initial training loss 0.4933 1
Final training loss 0.3349 25
Best validation loss 0.4149 3

Final validation loss 0.4307 25
Training-loss reduction 32.11% 1-25

Table 7. Explanation alignment on 100 tumour-positive test samples. Values are mean
with 95% confidence intervals in brackets. Higher is better for Dice, IoU, energy, and
PG; lower is better for HD.

Method Dice IoU Energy PG HD
Grad-CAM 0.1096 [0.0837,0.1356] 0.0636 [0.0477,0.0794] 0.7360 [0.6700,0.8020] 0.38 [0.2844,0.4756] 477.26 [467.65, 486.87]
Score-CAM 0.0804 [0.0661, 0.0946] 0.0434 [0.0354,0.0514] 0.0323 [0.0269,0.0377] 0.38 [0.2844,0.4756] 475.09 [465.54,484.63]

Native evidence 0.2127 [0.1814,0.2440] 0.1284 [0.1074,0.1494] 0.5582 [0.5073,0.6091] 0.84 [0.7678,0.9122] 339.63 [321.70, 357.57]

6 Discussion and Future Work

This study examined whether a YOLOv8-based brain tumour localisation model
can be extended with a native evidence head to generate spatially meaningful ex-
planations from internal feature representations. The results support the central
hypothesis that feature-coupled evidence learning can produce more tumour-
aligned explanations than commonly used post-hoc CAM methods. However,
the scope of this work should be interpreted carefully. YOLOv8n-seg is not in-
tended to replace full volumetric 3D segmentation networks. Instead, it provides
an efficient 2D localisation framework in which explanation quality can be eval-
uated as a measurable spatial property.

The localisation and segmentation results show that YOLOv8n-seg achieved
reliable precision for both bounding-box localisation and mask prediction, with
box precision of 0.8092 and mask precision of 0.8056. The recall values were
more moderate, with box recall of 0.5377 and mask recall of 0.5353. This sug-
gests that the model was conservative in detecting tumour-positive regions and
may miss small, subtle, low-contrast, or weakly represented lesions in individ-
ual 2D slices. From a clinical perspective, this is an important limitation. The
proposed framework should therefore be viewed as an explainable localisation
aid for highlighting tumour-relevant regions, not as a standalone screening or
diagnostic system.

The main finding is that the native evidence head outperformed Grad-CAM
and Score-CAM on the key spatial explanation metrics. It achieved the highest
explanation Dice, highest explanation IoU, highest pointing-game accuracy, and
lowest Hausdorft distance. The pointing-game result is particularly relevant, as
the native evidence head placed its maximum activation inside the tumour mask
in 84% of test samples, compared with 38% for both Grad-CAM and Score-
CAM. This indicates that the strongest evidence point produced by the native
branch was more likely to correspond to annotated tumour tissue.
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Table 8. Paired improvements of native evidence over post-hoc CAM baselines. Pos-
itive values indicate improvement for Dice, loU, and PG; for HD, positive values in-
dicate reduced boundary distance. RBC denotes rank-biserial correlation from paired
Wilcoxon signed-rank tests.

Comparison Dice A IoU A PG A HD reduction A
Native vs Grad-CAM 0.1031 [0.0875,0.1186] 0.0649 [0.0541,0.0756] 0.4600 [0.3579,0.5621] 137.63 [124.03,151.23]
RBC 1.000 1.000 0.958 1.000
Native vs Score-CAM 0.1323 [0.1130, 0.1516] 0.0850 [0.0708, 0.0993] 0.4600 [0.36187 0.5582] 135.46 [120.587 150434]
RBC 0.999 0.999 1.000 0.980

Original Image Ground Truth Grad-CAM Score-CAM Our Proposed

Case-1

N

Case-2

Case-3

‘

Case-4

Case-5

Case-6

AL
elelolelele

Fig. 1. Qualitative comparison of explanation heatmaps for six tumour-positive cases
selected from the evaluated test subset. The native evidence head produces compact
tumour-centred heatmaps, while Grad-CAM is less precise and Score-CAM shows more
diffuse activation across non-tumour regions.

This improvement can be attributed to the design of the evidence head. Grad-
CAM and Score-CAM are applied after model training and are not directly opti-
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Table 9. Computational characteristics of the explanation methods.

Method Forward passes Backward pass Relative cost
Native evidence 1 No Low
Grad-CAM 1 Yes Moderate
Score-CAM Multiple No High

mised for tumour-mask alignment. Their heatmaps are class-discriminative, but
not necessarily spatially precise. In contrast, the proposed evidence head is su-
pervised using tumour masks and learns to transform YOLOvS internal feature
maps into compact tumour-relevant evidence. The qualitative results support
this interpretation, showing more tumour-centred activation for the proposed
method, while Grad-CAM was less precise and Score-CAM often produced dif-
fuse activation across non-tumour regions.

At the same time, mask-supervised evidence alignment should not be in-
terpreted as proof of causal faithfulness. The evidence head is trained after
YOLOvVS using frozen feature representations, which means that it evaluates
whether tumour-relevant spatial information is recoverable from the learned fea-
ture space. It does not prove that the evidence map is causally responsible for
the final YOLOvS8 prediction. Therefore, the proposed explanation should be
described as feature-coupled and spatially aligned, rather than fully decision-
coupled or causally faithful.

The comparison also shows that explanation quality should not be judged
using a single metric. Grad-CAM achieved the highest energy-inside-mask score,
but this did not translate into better overlap, peak localisation, or boundary
agreement. This suggests that heatmap energy alone can overstate explanation
quality if the spatial support remains broad or imprecise. For medical segmenta-
tion, overlap, pointing-game accuracy, and boundary agreement provide a more
complete assessment of whether the highlighted evidence is clinically meaningful.

A further advantage of the native evidence head is computational efficiency.
It generates the explanation map through a lightweight convolutional branch
using internal YOLOvVS features and requires only a forward pass. Grad-CAM
requires a backward pass, while Score-CAM requires multiple forward passes over
activation-masked inputs. This makes the proposed evidence head more suitable
for rapid and repeatable explanation generation, particularly when many MRI
slices must be processed.

Future work should focus on three directions. First, the current 2D slice-based
formulation should be extended to 2.5D or 3D modelling to capture volumetric
tumour continuity and improve recall for subtle lesions. Second, the evidence
head should be integrated directly into the YOLOvVS training objective so that
localisation, segmentation, and evidence learning are optimised jointly, making
the explanation pathway more decision-coupled. Third, stronger clinical and
external validation is needed, including radiologist assessment and testing on
independent MRI datasets from different scanners, institutions, and acquisition
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protocols. These steps are necessary before the framework can be considered for
real-world clinical deployment.

7 Conclusion

This work presented an explainable YOLOvS8-based framework for brain tu-
mour localisation using multi-modal BraTS2020 MRI slices. The framework con-
verts H5 MRI data into YOLOvVS segmentation format, trains YOLOv8n-seg for
whole tumour localisation, and introduces a native evidence head for generat-
ing tumour-relevant heatmaps from internal feature representations. Compared
with Grad-CAM and Score-CAM, the native evidence head produced more spa-
tially aligned explanations, with higher Dice and IoU, stronger pointing-game
performance, and lower Hausdorff distance. These findings support the main
claim that explanation quality in medical segmentation should be evaluated as
a measurable spatial property. Overall, the proposed evidence-head design offers
an efficient explanation-by-design alternative for interpretable YOLO-style brain
tumour localisation.
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