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Abstract 

Early detection is among the strongest determinants of survival in breast 
cancer, and ultrasound imaging is a routine component of the diagnostic 
pathway, particularly for patients with dense breast tissue. This study 
applies YOLOv8n, a lightweight single-stage object detector, to the task of 
localising lesions in breast ultrasound images and separating benign from 
malignant findings. Pixel-level lesion masks from the 780 images of the 
publicly available Breast Ultrasound Images (BUSI) dataset were 
converted into axis-aligned bounding boxes by external contour analysis, 
while lesion-free images were retained as unlabelled negative examples. 
Images were partitioned class-wise into training, validation and test subsets 
in a 70/15/15 ratio, and class-specific offline augmentation was applied to 
the training subset only, which brought the numbers of benign and 
malignant training instances to approximately the same level (614 versus 
592). The model was trained for 50 epochs at an input resolution of 
640×640. On the test subset, which was used neither for training nor for 
model selection, the mean average precision at an intersection-over-union 
threshold of 0.50 (mAP@50) was 0.737 and mAP@50–95 was 0.506. 
Class-wise mAP@50 was 0.817 for benign and 0.656 for malignant 
lesions. The findings indicate that a lightweight single-stage detector can 
reach a reasonable localisation performance on a small ultrasound dataset, 
but that performance on the malignant class — the clinically decisive one 
— is not yet adequate for decision-support use. The contribution of this 
work is not a claim of high accuracy but a reproducible account of every 
step from data preparation to evaluation, together with an explicit statement 
of the limitations of the approach. 

1. Introduction

Breast cancer is the most frequently diagnosed cancer among women and remains one of the leading causes of 
cancer death worldwide [1]. Because prognosis depends heavily on the stage at diagnosis, early and accurate 
identification of lesions is clinically decisive. Mammography forms the basis of population screening programmes, 
but its sensitivity decreases in patients with dense breast tissue and in younger women; in these situations ultrasound 
is widely used as a complementary examination. Ultrasound involves no ionising radiation, is portable and is 
comparatively inexpensive. On the other hand, ultrasound images suffer from speckle noise, low contrast and 
operator-dependent variability, which makes their interpretation sensitive to the experience of the reader. 
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Deep learning has become a standard tool in medical image analysis over the past decade [2]. Work on breast 
ultrasound has concentrated largely on two tasks: classification of the image as a whole and pixel-level segmentation 
of the lesion region. Object detection, which localises the lesion with a bounding box and assigns it a benign or 
malignant label in the same pass, has received comparatively less attention. Yet a detection output is close to the 
form required by a clinical workflow: it tells the reader where the lesion is, which class it is assigned to, and how 
confident the model is. Detection models can also be trained with a lighter annotation burden than segmentation 
models, which require pixel-level masks. 
The YOLO (You Only Look Once) family, the most widely used representative of single-stage detection, treats 
detection as a regression problem solved in a single forward pass [3] and in its later versions has established a strong 
balance between accuracy and inference speed [4]. YOLOv8 is a current implementation that uses an anchor-free 
detection head with decoupled classification and regression branches [5]. The purpose of this study is not to propose 
a new architecture but to document, transparently and reproducibly, the realistic performance limits of YOLOv8 
on a small and markedly imbalanced public ultrasound dataset. Reported results on the BUSI dataset span a wide 
range in the literature, yet the partitioning strategy, the subset to which augmentation was applied, and whether the 
reported numbers come from a validation split or from a genuinely held-out test split are often left unstated. This 
ambiguity weakens the comparability of published results. 

1.1.  Contributions 

(i) A mask-to-box conversion procedure with explicitly stated intensity and minimum-area criteria is defined, 
producing axis-aligned bounding boxes in YOLO format; lesion-free images are retained as negative examples 
through empty label files. 
(ii) Class-specific offline augmentation is used to mitigate class imbalance and is applied to the training subset only, 
so that augmented copies cannot leak into the validation or test subsets. 
(iii) Results are reported class-wise and together with inference timings for both the validation subset and a test 
subset that was never used during training or model selection; a qualitative error analysis of a false-negative case is 
also provided. 

1.2.  Notation and organisation 

Throughout, an image is denoted by I and a bounding box by b = (x, y, w, h), where (x, y) is the centre of the box 
and (w, h) its width and height, all normalised to [0, 1] with respect to the image dimensions. Section 2 reviews 
related work, Section 3 states the problem and the evaluation measures, Section 4 develops the method, Section 5 
reports the numerical experiments, and Section 6 discusses limitations and conclusions. 

2.  Related Work 
Deep learning in breast ultrasound. A substantial part of the work on breast ultrasound analysis uses segmentation 
methods based on encoder–decoder architectures, of which U-Net is the reference model [9]. Segmentation is 
valuable because it allows quantitative measurement of lesion boundaries; however, pixel-level annotation is costly 
and converting the output into a clinical decision requires an additional classification step. 
Object detection. Detection methods divide broadly into two-stage and single-stage approaches. Two-stage 
methods such as Faster R-CNN first generate region proposals and then classify them, generally achieving high 
accuracy [8]. Single-stage methods, represented by the YOLO family, predict location and class in a single network 
pass and therefore reach far higher inference rates [3], [4]. YOLOv8 employs an anchor-free head that adopts the 
distribution focal loss formulation for box regression [14]; this design models the uncertainty of box boundaries 
probabilistically, which is useful for small objects with variable shape. 
Dataset. BUSI is one of the most widely used public datasets in breast ultrasound. It contains 780 images in three 
classes — normal, benign and malignant — together with the corresponding binary lesion masks [6]. Duplicate 
images and some inconsistent annotations have subsequently been reported in the dataset [7], which means that 
performance figures obtained on it should be interpreted with care. 
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Class imbalance. In imbalanced datasets the performance on the minority class is systematically lower. The 
principal remedies are reweighting of the loss function [15] and balancing the number of examples through data 
augmentation [13]. The present work adopts the second approach because its implementation is transparent and 
repeatable; the geometric and photometric transformations are performed with the Albumentations library [12]. 

3.  Problem Formulation 

3.1.  Dataset 

The study uses the publicly available BUSI dataset, which comprises 780 breast ultrasound images acquired from 
600 female patients [6]. The images are grouped into benign (437), malignant (210) and normal (133) classes, and 
a binary lesion mask delineated by an expert is supplied for every image containing a lesion. Figure 1 shows the 
class distribution of the raw dataset: the benign class contains more than twice as many examples as the malignant 
class. 

 
Figure 1. Class distribution of the raw dataset. Of the 780 images, 437 are benign, 210 malignant and 133 normal. 

Images of the normal class contain no lesion, so their masks are empty and no bounding box can be derived from 
them. Consequently, although the detection problem is formally defined over three classes, in practice it corresponds 
to a two-class detection task, with the normal images acting as negative (background) examples that discourage 
false positives. This distinction matters for the interpretation of the results and is revisited in Section 6. 

3.2.  Formulation of the detection task 

The objective is to learn a function f_θ that maps an image I to a finite set of predictions, f_θ(I) = {(b_i, c_i, s_i)}, 
i = 1, …, N, where b_i denotes normalised box coordinates, c_i ∈ {benign, malignant} the predicted class and s_i 
∈ [0, 1] the associated confidence score. The overlap between a predicted box and a ground-truth box is measured 
by the intersection over union (IoU): 

IoU�𝑏𝑏,𝑏𝑏��  =  
�𝑏𝑏 ∩  𝑏𝑏��
�𝑏𝑏 ∪  𝑏𝑏��

 (1) 

3.3.  Evaluation measures 

For a given IoU threshold τ, predictions that exceed τ and carry the correct class are counted as true positives (TP), 
the remaining predictions as false positives (FP), and unmatched ground-truth boxes as false negatives (FN). 
Precision is defined as P = TP / (TP + FP) and recall as R = TP / (TP + FN). The area under the precision–recall 
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curve obtained by sweeping the confidence threshold gives the average precision (AP) of the corresponding class, 
where P̃ denotes the monotonically interpolated precision and Rₙ the n-th recall level: 

AP =  �(𝑅𝑅𝑛𝑛  −  𝑅𝑅𝑛𝑛 − 1)  ·  𝑃𝑃�(𝑅𝑅𝑛𝑛)
𝑛𝑛

 (2) 

The mean over all classes is denoted mAP. Following the PASCAL VOC convention, mAP@50 is computed at τ = 
0.50 [11]; following the COCO convention, mAP@50–95 is averaged over τ ∈ {0.50, 0.55, …, 0.95} [10]. Both are 
reported here. The second measure is considerably more sensitive to the precision of box localisation and therefore 
always takes lower values. 

mAP@50 =  
1

|𝐶𝐶| � AP𝑐𝑐(𝜏𝜏 =  0.50)
𝑐𝑐 ∈ 𝐶𝐶

 (3) 

4.  Method 

4.1.  From masks to bounding boxes 

The grayscale mask supplied with each image was binarised at an intensity threshold of 10 and its external contours 
were extracted. For each contour the minimum axis-aligned enclosing rectangle was computed, and components 
with an area below 20 pixels were discarded as noise. The resulting boxes were normalised into YOLO format as 
centre coordinates and dimensions. Empty label files were written for fully empty masks (the normal class), so that 
these images act as background examples during training. Figure 2 shows the labels produced in this way on samples 
drawn from the training subset. 

 
Figure 2. Sample images from the training subset with the bounding-box labels derived from their masks. The images carrying an '_aug0' 

suffix in the lower row are copies produced by offline augmentation. 
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This conversion has two intrinsic limitations. First, an axis-aligned rectangle also encloses surrounding normal 
tissue when the lesion boundary is irregular, which reduces the overlap between box and lesion, especially for 
malignant lesions with spiculated margins. Second, if a mask contains several disconnected components, several 
boxes are produced. In practice the number of boxes equalled the number of images (Table 1), which indicates that 
the lesions in this dataset were annotated as single connected components. 

4.2.  Partitioning and class balancing 

Images were split independently within each class, using a fixed random seed (42), into 70% training, 15% 
validation and 15% test. The split was performed before augmentation, and augmentation was applied to the training 
subset only. This ordering structurally prevents the form of leakage in which the original of an image appears in 
training while an augmented copy of it appears in validation or test. 
The augmentation pipeline comprised horizontal flipping (p = 0.5), random brightness and contrast adjustment (p = 
0.5), rotation limited to ±10° (p = 0.5) and an affine transform (±5% translation, 0.95–1.05 scaling, p = 0.5) [12]. 
Transformations were applied jointly to the image and its mask, and bounding boxes were recomputed from the 
transformed mask, so that label–image consistency was preserved. To reduce class imbalance, the number of 
augmented copies was made class-dependent: one additional copy for benign images, three for malignant images, 
and none for normal images. As a result the numbers of benign and malignant training instances became 
approximately equal (Table 1). 

Table 1. Numbers of images and bounding-box instances in each subset after partitioning. Augmentation was applied to the training subset 
only. Normal images contain no lesion, so no boxes were generated for them; they were used as negative examples. 

Subset Benign Malignant Normal Total images Total boxes 

Training (before 
augmentation) 

307 148 95 550 455 

Training (after augmentation) 614 592 95 1301 1206 

Validation 65 31 19 115 96 

Test 65 31 19 115 96 

 

4.3.  Model and training configuration 

YOLOv8n, the smallest member of the YOLOv8 family, was selected as the detector. In its fused form the model 
has 73 layers, 3,006,233 trainable parameters and a cost of 8.1 GFLOPs at an input size of 640×640. The choice is 
motivated by the size of the training set: larger models exhibit a pronounced tendency to overfit at this scale. Weights 
were initialised from the public yolov8n.pt checkpoint released by Ultralytics [5], which is pretrained for detection 
on COCO [10]; the whole network was then fine-tuned. Of the 355 parameter tensors of the model, 319 were 
transferred from this checkpoint, the detection head being re-initialised for the three-class configuration. The default 
online augmentations of the Ultralytics implementation (mosaic, horizontal flip, HSV jitter, scaling, translation and 
random erasing) were left enabled, with mosaic augmentation disabled for the final ten epochs.  
The optimizer was left at the Ultralytics auto setting. For the dataset and batch size used here this selected AdamW 
[16] with an initial learning rate of 0.001429 and a first-moment decay of 0.9, and the trainer explicitly reported the 
nominal values lr0 = 0.01 and momentum = 0.937 as ignored. Weight decay of 0.0005 was applied only to the 
convolutional and linear weight group; normalisation weights and biases were left undecayed. The settings listed in 
Table 2 are therefore those of the completed run rather than the requested defaults.  
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Table 2. Training configuration and hyperparameters. All values not listed are the defaults of Ultralytics version 8.4.71. The optimizer, initial 
learning rate and momentum were selected automatically by Ultralytics (optimizer='auto'); the nominal defaults lr0 = 0.01 and momentum 
= 0.937 were consequently overridden. The values listed are the effective settings of the completed run. 

Setting Value Setting Value 

Model YOLOv8n Optimizer AdamW (auto-selected) 

Number of parameters 3,006,233 Effective initial learning rate 0.001429 

Input resolution 640 × 640 Momentum (β₁) 0.9 

Batch size 16 Weight decay 0.0005 

Epochs 50 Warm-up epochs 3 

Early-stopping patience 15 (not triggered) Loss weights (box/cls/DFL) 7.5 / 0.5 / 1.5 

Random seed 0 Hardware NVIDIA Tesla T4 

5.  Numerical Experiments 

5.1.  Experimental setting 

All experiments were run in the Google Colab environment on a single NVIDIA Tesla T4 GPU. The software stack 
consisted of Python 3.12.13, PyTorch 2.11.0 (CUDA 12.8) and Ultralytics 8.4.71. Training for fifty epochs took 
approximately 0.40 hours (24 minutes). Model selection followed the default Ultralytics procedure. After every 
epoch the network is evaluated on the validation subset and a scalar fitness value is computed from the resulting 
metrics; the checkpoint attaining the highest fitness is retained as best.pt. In the version used here the fitness weights 
over [precision, recall, mAP@50, mAP@50–95] are [0, 0, 0, 1], so fitness reduces to the validation mAP@50–95. 
All results reported in Table 3 were obtained with this best.pt checkpoint, which corresponds to epoch 36. It is not 
the epoch at which the validation mAP@50 peaked (0.744 at epoch 37, Figure 4a): the two criteria disagree on this 
run, and the checkpoint selected on mAP@50–95 is the one used throughout. The test subset was evaluated once, 
in the final assessment only. 

5.2.  Training behaviour 

Figure 3 shows the evolution of the box and classification losses. Both training losses decrease steadily, whereas 
the validation box loss plateaus in the range 1.10–1.20 after roughly epoch 25. The widening gap between the 
training and validation curves indicates a tendency to overfit, which is expected given the limited diversity of the 
training set. The sharp spike in the validation classification loss at the second epoch is associated with the high 
learning rate of the warm-up phase and disappears rapidly thereafter. 
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Figure 3. Training and validation losses against epoch: (a) box loss, (b) classification loss. 

Figure 4 reports mAP@50 and mAP@50–95 measured on the validation subset. Both measures rise quickly during 
the first 15 epochs and then flatten with pronounced oscillation. The highest validation mAP@50, 0.744, was 
observed at epoch 37, although, as explained in Section 5.1, the checkpoint retained for evaluation was the one 
maximising mAP@50–95 rather than mAP@50. The amplitude of the oscillation is explained by the size of the 
validation subset, which contains only 96 instances: at this scale whether a handful of instances are matched or 
missed changes the measure visibly. The precision and recall curves in Figure 5 reflect the same behaviour, with 
the two measures fluctuating against each other throughout training. The early-stopping patience of 15 epochs was 
never triggered. 
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Figure 4. Average precision measured on the validation subset against epoch: (a) mAP@50, (b) mAP@50–95. 

 
Figure 5. Precision and recall on the validation subset against epoch. 

5.3.  Validation and test results 

Table 3 summarises the class-wise performance of the selected model on the validation and test subsets. On the test 
subset the overall mAP@50 was 0.737 and mAP@50–95 was 0.506. The differences between the two subsets 
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(mAP@50 = 0.726 on validation) should not be regarded as meaningful at this scale: both subsets contain 96 ground-
truth boxes, and differences of this magnitude from a single split fall within the range of sampling variability. 

Table 3. Performance of the selected model on the validation and test subsets. The normal class contains no bounding boxes and is 
therefore excluded from the average precision computation. 

Subset Class Precision Recall mAP@50 mAP@50–95 

Validation Benign 0.928 0.799 0.839 0.634 

Validation Malignant 0.665 0.705 0.614 0.356 

Validation All 0.797 0.752 0.726 0.495 

Test Benign 0.761 0.783 0.817 0.585 

Test Malignant 0.679 0.645 0.656 0.428 

Test All 0.720 0.714 0.737 0.506 

 

The precision and recall values in Table 3 are not read at a fixed operating point. Detections were produced with 
the Ultralytics validation defaults, which retain all predictions above a confidence floor of 0.001 after class-wise 
non-maximum suppression at an IoU threshold of 0.7. Precision and recall curves were then constructed over 1000 
confidence levels, and the values reported are those at the confidence level maximising the smoothed mean F1 score 
across classes. The mAP values, in contrast, are integrals over the full precision–recall curve and are therefore 
independent of any single confidence threshold. A deployment would require this operating point to be fixed 
deliberately — and, for a screening-support application, biased towards recall — rather than inherited from an F1-
optimal criterion that weights false positives and false negatives equally. 
The most notable finding is the gap between the classes: on the test subset mAP@50 reaches 0.817 for benign 
lesions but only 0.656 for malignant ones, and the gap widens under the stricter mAP@50–95 measure (0.585 versus 
0.428). Three explanations are plausible. First, the raw dataset contains roughly half as many malignant as benign 
examples; offline augmentation equalises the counts but adds no new information, merely replicating 
transformations of the examples already present. Second, malignant lesions typically have irregular, spiculated 
boundaries that an axis-aligned box represents poorly, which lowers the probability of a match at high IoU 
thresholds. Third, malignant lesions frequently produce pronounced acoustic shadowing, and whether the shadowed 
region is included in the lesion can introduce a systematic offset between the ground truth and the prediction. 
In terms of throughput, the model reached an average inference time of 5.8 ms per image on the test subset (6.8 ms 
preprocessing, 3.8 ms postprocessing). These figures indicate a computational cost compatible with real-time 
operation on a single T4 GPU, which places the model at a scale suitable for an application running concurrently 
with an ultrasound examination. 

5.4.  Qualitative assessment and error analysis 

To examine the behaviour of the model beyond the aggregate measures, inference was performed on a malignant 
image at a confidence threshold of 0.25, the Ultralytics prediction default. The subset membership of this image 
was not recorded at the time the figure was produced. We subsequently identified the file and regenerated the 
partition from the same fixed random seed, which places it in the test subset; six images appearing in the training-
set illustration of Figure 2 were used as anchors and all fell in the training partition of the regenerated split, which 
is consistent with, though not proof of, an exact reconstruction of the original partition. In the case shown in Figure 
6 the model produced no detection: the lesion was missed entirely. The lesion boundary separates only weakly from 
the surrounding tissue and marked acoustic shadowing is present. The quantitative evidence for this failure mode 
comes from the test subset in Table 3, where a recall of 0.645 over 31 malignant instances corresponds to 
approximately eleven malignant lesions missed at the F1-optimal operating point. False negatives of this kind are 
clinically costlier than false positives, since missing a malignant lesion has far more serious consequences than an 
unnecessary request for further examination. Lowering the confidence threshold would reduce their number at the 
expense of precision, but this trade-off must be fixed on a large and independent test set rather than inferred from 
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individual cases. The threshold of 0.25 used here is the prediction default and is deliberately distinct from the 
threshold-free protocol underlying Table 3. 

 
Figure 6. Inference on a malignant image assigned to the test subset by regenerating the partition from the recorded random seed. No 

bounding box was produced at a confidence threshold of 0.25; the case illustrates the false-negative behaviour of the model. 

6.  Discussion and Conclusion 
This study trained a YOLOv8n-based model for lesion detection in breast ultrasound images and documented every 
step of data preparation, training and evaluation. The values obtained on the held-out test subset, mAP@50 = 0.737 
and mAP@50–95 = 0.506, show that a lightweight detector trained on a small dataset can attain a reasonable 
localisation performance. Performance on the clinically decisive malignant class (mAP@50 = 0.656, recall 0.645), 
however, is not adequate for decision-support use. 
The limitations should be stated plainly. (a) The dataset is single-centre and comprises 780 images; whether the 
results generalise to other devices, protocols and populations was not tested. (b) The split was performed at image 
level rather than at patient level, so several images from the same patient may fall into different subsets. The reported 
presence of duplicate images in BUSI [7] increases this risk and means that the reported figures may be somewhat 
optimistic. (c) Results are reported for a single training run on a single split; although the split itself is reproducible 
from the recorded seed, no cross-validation and no repetition over different seeds were carried out, so confidence 
intervals cannot be given. (d) No comparative baseline (for instance a two-stage detector or other YOLO versions) 
was evaluated. (e) Since the normal class carries no bounding boxes, the model in fact learns a two-class detection 
task, and the contribution of normal images as background examples was not measured separately. (f) This is a 
computational feasibility study; no clinical validation was performed at any stage and the model presented here 
must not be used for diagnostic purposes. 
Three directions stand out for future work. First, patient-level stratified cross-validation combined with repetition 
over random seeds would attach confidence intervals to the reported figures. Second, class imbalance can be 
addressed not only through augmentation but also through loss-level reweighting such as focal loss [15], and the 
contribution of the two mechanisms can be separated. Third, given that axis-aligned boxes represent irregular lesion 
shapes poorly, instance-segmentation heads that learn detection and segmentation jointly may produce more 
informative output, particularly for the malignant class. Finally, cross-dataset evaluation over several public datasets 
would be decisive for measuring generalisation. 
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