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Abstract. Breast cancer is a significant global health concern, where
early detection is crucial for effective treatment and better patient out-
comes. Deep learning has emerged as a promising tool for the automated
analysis of breast imaging, with the potential to reduce the workload of
radiologists and enhance diagnostic sensitivity. The RetinaNet architec-
ture is especially appealing for mass detection in mammograms, merging
the advantages of single-shot detectors with the feature extraction ca-
pabilities of a feature pyramid network. This paper demonstrates the
critical importance of selecting the backbone feature extractor embed-
ded in RetinaNet. It is also shown that fine-tuning pre-trained backbones
on the specific domain of interest significantly contributes to enhancing
performance. This study addresses a critical gap by offering an evalua-
tion of different feature extraction backbones and training methodologies
for RetinaNet models applied to high-resolution breast imaging.
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1 Introduction

Breast cancer remains a significant global health concern, with early detection
being a crucial factor for an effective treatment and improved patient recovery,
reducing mortality by a substantial factor when implemented [33]. This process,
however, is heavily reliant on the expertise of radiologists and their availabil-
ity [27]. In recent years, the integration of machine learning in breast imaging
has shown promising results in the automated detection of breast masses and
microcalcifications. It could reduce the workload or stress experienced by radi-
ologists due to the growing number of images they need to handle, as well as
improve their sensitivity [28]. In particular, the research in the landscape of deep
learning algorithms for breast mass detection has grown exponentially, reflecting
the urgent need for accurate, open, and efficient diagnostic tools.

Deep learning applied to breast imaging is characterized by a wide variety of
architectures, ranging from simple networks derived from natural image process-
ing [1] to increasingly specific and complex systems [11,28,30]. However, when
implementing these networks, it is common to use the default configuration of
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the architecture [12,25], without considering the effect of its different components
on the performance of the system.

In this paper, we evaluate the effectiveness of different variants of the Reti-
naNet architecture [17] for the detection of breast masses on mammograms.
Indeed, the distinguishing feature of the RetinaNet architecture lies in its capa-
bility to incorporate various backbone models utilized for the binary classifica-
tion of patches within images. It remains an open question as to which of these
backbones yields optimal performance in breast imaging applications. Further-
more, we demonstrate the importance of adopting a learning methodology that
first fine-tunes pre-trained backbones on the application domain, before training
the entire RetinaNet model. These contributions offer guidelines to train simple,
adaptable deep learning models whose performance reaches the state-of-the-art
for mass detection in breast imaging.

2 Related Work

In this section, the main deep learning architectures that are commonly applied
to mass detection in mammograms are presented. These algorithms are cate-
gorized according to the underlying architectures. Moreover, the challenges and
limitations associated with the existing methods are highlighted, which will call
for the novel approach that is introduced in the subsequent sections.

A first approach to computer-aided decision (CAD) based on deep learning
in mammograms consists in considering mass detection as an image classification
task. This restricts detection to a binary decision based on presence or absence of
masses in either the entire mammogram or a predefined region of interest (ROI).
This approach is simple in terms of training requirements, as it only necessitates
binary annotations. However, it is far from ideal to reduce the amount of work
of radiologists. Indeed, if radiologists wish to delve deeper into the decision
made by the system, they have no indication about which part of the image is
identified as suspicious, which necessitates further scrutiny in analysis. This lack
of interpretability can be mitigated by introducing explainability components to
the neural networks with techniques such as Grad-CAM [26] or weakly supervised
feature localization with attention maps [7]. However, such approaches attempt
to trace back the inner working of the models exclusively from the value of their
existing weights and can be improved by further guiding the model with more
complete annotations, including information about the localization of masses.

Another common approach consists of using segmentation-based methods,
such as the well-known U-Net architecture [24]. Such methods output binary
segmentation masks that closely outline the contours of the anomalies, which
provides information about the localization. These methods are widely used in
the context of deep learning applied to medical imaging, as they allow a precise
targeting of affected tissues. In the context of breast imaging, this approach is
often chosen for the detection of microcalcifications because of their wide variety
in terms of shapes and dimensions, as well as because of the importance of the
shape for diagnostic purposes [4]. Unfortunately, the training of segmentation-
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based neural networks requires a substantially greater amount of effort compared
to binary classification. Indeed, significant expertise and time are required to
accurately delineate the contours of each anomaly present in the images.

An intermediate option between binary classification and segmentation-based
methods is object detection. The task of object detection consists in locating
bounding boxes around the elements of interest. The training of a neural network
for lesion detection only requires approximate annotations provided as bound-
ing boxes, which drastically reduces the time commitment from radiologist while
maintaining a satisfactory level of explainability and localization. Work in tumor
detection using bounding boxes is extensive and includes a variety of detection
networks such as YOLO [21], Faster R-CNN [22], and PAA [13]. Among these
methods, single-shot detection networks such as YOLO and RetinaNet are often
used because of their fast inference speed. For instance, a modified version of
YOLOv3 was used to obtain a model less biased towards low recall caused by
the vast number of easy negative cases in mammogram databases [31]. How-
ever, YOLO networks often lack performance when it comes to the detection of
small objects. Faster R-CNN, a two-shot detection network, has been proved to
overcome such issues on the OMI-DB database [1]. An even deeper three-stage
network based on PAA has also been shown to improve detection capabilities [11].

In this context, the RetinaNet detection network is an appealing alterna-
tive, as it combines the detection performance of Faster R-CNN with an efficient
single-shot detector [17]. The RetinaNet architecture consists in incorporating a
classifier network as the backbone of a feature pyramid network (FPN), which
enables feature extraction at various scales. These features are fed to subsequent
layers to predict the localization and class of detected targets in a single stage.
RetinaNet has been used with a satisfactory level of success in literature. How-
ever, it is often restricted to images with small resolution to reduce the hardware
requirements [23]. Consequently, the large resolution of mammograms (around
3000×4000 pixels) has remained a big challenge for a long time, often restraining
the use of convolutional neural networks to very reduced resolutions.

To overcome this limitation, Jung et al. combined a mammogram of reduced
size with 25 overlapped sections of the mammogram at full resolution [12]. The
final prediction was taken as the combination of the predictions using a stan-
dard RetinaNet network with a ResNet50 backbone over the different views of
the same breast. The rapid advancement of GPU capabilities, as well as the
emergence of more efficient classification networks like ConvNeXt, are quickly
overcoming the limitations related to the size of mammograms and can further
improve the detection capabilities of RetinaNet. Unfortunately, there is currently
a lack of systematic evaluation of feature extraction backbones and of training
methodologies for RetinaNet models applied to breast mass detection at high
resolutions. This paper aims to contribute to filling this gap. Since the release of
RetinaNet, newer networks such as FreeAnchor [32] and TOOD [6] have demon-
strated promising detection capabilities. However, the objective of this study
is not to identify the best-performing detection network, but to explore simple
architectural and training modifications that improve detection performance.
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3 Materials and Methods

Designing a deep learning model for the detection of breast masses involves a
multitude of decisions about the data pre-processing, about the design of the
network architecture, as well as about the training methodology. This section
provides a comprehensive description of the steps that were followed to train a
RetinaNet model for breast imaging that integrates different backbones.

3.1 Dataset

One of the largest and most widely used mammogram datasets is the "Digital
Database for Screening Mammography" (DDSM) [10]. The dataset that was used
to train our RetinaNet models is the "Curated Breast Imaging Subset" (CBIS-
DDSM) dataset [15], a revised and standardized subset of DDSM. This dataset is
composed of 6775 digitized film mammograms from 1566 patients. The original
DDSM dataset contains either imaging studies with no signs of tumor, or imaging
studies with masses or microcalcifications. This contrasts with the revised version
that excludes the normal exams, and only contains images of breasts with either
masses or microcalcifications. Furthermore, images in the revised dataset are
encoded using the DICOM interoperable format and underwent some additional
corrections. In this work, only the images of the CBIS-DDSM dataset containing
masses are taken into consideration. Several preprocessing steps are then applied
to the source dataset, as described below:

Corrections to the dataset: Despite its high-quality data curation process,
the CBIS-DDSM dataset contains some inconsistencies. Indeed, a portion
of the segmentation masks delineating tumors do not match the dimensions
of the mammograms. As a result, superimposing the coordinates of some
masks can result in an erroneous position of the tumor on the source mam-
mogram. In such cases, a simple resizing of the mask to the dimensions of
the associated mammogram was proved to solve the issue. Consequently, in
this work, wherever the source mask does not match the resolution of the
mammogram, a resized version of the mask is used.

Dataset split: To prevent any contamination between the training, the valida-
tion, and the test sets, the source dataset is split at the patient level instead of
the image level. This patient-wise separation of the original dataset ensures
that the model is not evaluated on an image containing a mass already seen
from another angle or on breast tissue from the same patient. To this end,
the whole CBIS-DDSM dataset is merged, then uniformly split at the patient
level according to a 80%/10%/10% train/validation/test distribution.

Patch generation for normal tissues: In the early phases of the training,
a part of the model is trained on a patch classification task. It is therefore
needed to generate 256×256 image patches that include either breast masses
or normal breast tissues. Since the CBIS-DDSM dataset lacks images of
normal breast tissues, such patches are extracted from all mammograms from
the dataset. To avoid selecting tissue containing lesions, a segmentation mask
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encompassing all anomalies in the mammogram is generated. This mask is
subsequently dilated using a 256 × 256 pixel kernel to incorporate a safety
margin around the tumors. To also avoid sampling too much background
instead of healthy tissue, this dilated mask is then merged via a binary
"OR" operation with a background mask, obtained through binary Otsu’s
thresholding of the breast image. The resulting mask is inverted to produce
a segmentation mask of the normal breast tissue, with safety margins. The
patch center is then uniformly drawn in this mask, to create a patch that
contains normal breast tissue, while ensuring the absence of known lesions.

Patch generation for breast masses: In order to generate patches contain-
ing masses, all the masses available in the training set are randomly sampled.
Two different strategies are then applied depending on the size of the sampled
masses. The first strategy is used for masses with an area that is greater than
40% of the area of the patch. In this case, the center of the patch is drawn
uniformly among the points of the patch situated inside the tumor. The sec-
ond strategy is used for smaller masses, for which centering the patch inside
the mass would result in highly similar patches when sampling the same tu-
mor. A random perturbation is generated uniformly in the range from −25%
to +25% of the patch side, in both the x and y directions. The center of the
patch is then defined as the sum of the barycenter of the tumor mask and
this random offset. The percentage of the area of the tumor visible on this
patch is then computed and patching is repeated from the start if the ratio
is smaller than 80% until this criterion is met. The combination of those two
strategies ensures to combine coverage of the entirety of large masses, while
benefiting from greater peripheral coverage next to smaller masses.

Data augmentation: To augment the number of training images and reduce
overfitting, a combination of different data augmentation techniques is used.
The images are randomly flipped with a probability of 50% in both the hori-
zontal and vertical direction. The patches are resized with a scale uniformly
distributed between 80% and 120%. Patches are rotated by an angle that
is randomly selected between 0°, 90°, 180°, and 270°. Affine transformations
are then applied to the patches to add an additional rotation in the −5° to
+5° range, a relative translation in the 0% to 5% range in both directions,
and a shearing in the −5° to +5° range in both directions. If the modified
image is greater than the original dimensions, a center crop is applied with
the original image dimension to reduce memory footprint of large images.

Contrast enhancement: To enhance the local contrast in dense breast tissues,
each image is processed with an adaptive histogram equalization algorithm
for both training and inference. The algorithm used for this purpose is Con-
trast Limited Adaptive Histogram Equalization (CLAHE) [20]. CLAHE is
applied with a grid size of 8×8 and a clip limit of 1. To apply the algorithm,
the image must first be converted to integer, and converted back in the 0 to
1 range in floating point after the contrast enhancement before being fed to
the network. The effect of contrast enhancement is illustrated in Figure 1.
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Fig. 1. Examples of portions of mammograms from CBIS-DDSM before (a and c), and
after (b and d) applying CLAHE.

3.2 Deep learning models

The model used in this work is an adapted version of RetinaNet [17] using differ-
ent feature extraction backbones. RetinaNet is a single-stage detector network
based on a feature extraction backbone extended with two different heads for
classification and regression. The features of the classification network are ex-
tracted at three different scales by the feature pyramid network (FPN) [16] and
fed to the two heads of the network. This multi-scale feature extraction allows
combining the higher-resolution features of the first layers, which is required for
the precise detection of small tumors and precise contours, while using the more
abstract features of the deeper layers to obtain better classification of the lesions.
The classification head of the network is responsible for detecting candidate le-
sions, and eventually predicting their class, while the regression head is tasked
with predicting the dimensions and position of the bounding boxes.

As RetinaNet relies on its backbone to produce features relevant for lesion
detection, the backbone model can have an important influence on the quality
of the detection, as well as on the memory footprint of the model and on the
execution time that is needed for inference. In this work, backbone with different
sizes and characteristics are integrated to the network and compared on the task
of detection of breast masses. The following backbones have been investigated:

ResNet: ResNet is a well-known type of classification network that is widely
used on image classification tasks [9]. Its architecture is simple, using four
blocks of convolutional layers and a classification head. The RetinaNet ar-
chitecture is traditionally built on the top of a ResNet50 backbone.

ResNeXt: ResNeXt networks are improved versions of ResNet that exploit a
new dimension, the so-called cardinality [29]. Compared to ResNet blocks,
the blocks are reduced in the channel dimension, but each block is duplicated
C times (C being the value of the cardinality) and the output of every sub-
block is aggregated. Even under the condition of maintaining complexity,
increasing the cardinality can improve classification accuracy of the network.

ConvNeXt: ConvNeXt networks represent another evolution of ResNet that
aims to reach the same high classification performance as vision transform-
ers [5], while maintaining the simplicity of traditional convolutional net-
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Table 1. The set of hyperparameters used for the different training phases. Phases 1A
and 1B consist in training the patch classifier alone. Phases 2A and 2B correspond to
the training of the RetinaNet network.

Training phase 1A 1B 2A 2B
Task Patch binary classification Patch binary classification Mass detection Mass detection
Loss function Binary cross entropy loss Binary cross entropy loss Focal loss Focal loss
Trained layers Final fully-connected layer Complete backbone Heads of RetinaNet Complete RetinaNet
Batch size 32 32 1 1
Learning rate 1e-4 1e-4 1e-4 1e-5
Weight decay 5e-4 5e-4 1e-4 1e-4
Optimizer RAdam RAdam SGD SGD
Learning rate scheduler Cosine annealing Cosine annealing Cosine annealing Cosine annealing
Epochs 100 100 100 100
Batch normalization state Unfrozen Unfrozen Frozen Frozen

works [18]. Their biggest addition is a special type of convolution named
"depth-wise convolution" which increases the receptive field of the network
without increasing computational complexity. Because of an alternating be-
tween two distinct types of blocks inside the ConvNeXt network, connecting
the FPN of RetinaNet to a ConvNeXt network is not as straightforward as
with ResNet or ResNeXt networks. Indeed, instead of feeding the output of
the last three blocks of the network to the FPN, we need to feed one out
of every two blocks. This is because only blocks 0, 2, 4, and 6 down-sample
the dimension of the feature maps, and therefore extracting two consecutive
layers does not result in extracting different resolution feature maps for the
different levels of the FPN. For this reason, in this work, the layers extracted
by the FPN are the outputs of layers 3, 5, and 7.

3.3 Training

The training of the RetinaNet model is divided into four parts, two for training
the backbone on a patch classification task, and two for training the complete
RetinaNet network. The training starts with a backbone that is pre-trained on
the ImageNet dataset [3]. In the first training phase (1A), all the layers of the
backbone network are frozen, except for its classification head that is fine-tuned
to distinguish patches containing normal tissues from patches corresponding to
tumor masses. In the second phase (1B), all other layers of the backbone are
unfrozen, and the model is fine-tuned on the patch classification task with a
lower learning rate. Once the backbone is trained, it is extended with a FPN
and integrated as the feature extractor of the RetinaNet model. In the third
learning phase (2A), the resulting RetinaNet model is trained on the task of mass
detection, while keeping the weights of the backbone frozen. In the final phase
(2B), the weights of the backbone are unfrozen, and the learning rate is lowered
again to fine-tune the entire RetinaNet network. For the last two phases, the
batch normalization layers are kept in a frozen state to prevent instabilities that
could result from training batch normalization with a unit batch size. Table 1
reports the hyperparameters that were used throughout the distinct phases. The
four training phases are illustrated in Figure 2.
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Fig. 2. Configuration of the network (a) in phases 1A and 1B, and (b) in phases 2A
and 2B. The frozen layers are displayed with dotted contours and a reduced opacity.

3.4 Metrics

This study employs commonly used metrics to assess the accuracy and reliability
of the networks. In the context of breast mass detection, a True Positive (TP)
happens when the model correctly predicts the presence of a mass. An Inter-
section over Union (IoU) threshold at 0.2 between the true bounding box of a
mass and the predicted one is used to consider them matching, which is con-
sistent with standard conventions for mass detection in mammograms [11]. A
False Positive (FP) happens when the model incorrectly predicts the presence of
a mass. The False Positive per Image rate (FPI) is the average number of FP for
a prediction on any given image. The True Positive Rate (TPR) represents the
ratio of the total number of TP, against the sum of all TPs and FPs. This ratio
is also known as sensitivity. Finally, the Free response Receiver Operating Curve
(FROC), is the plot of sensitivity versus the average number of false positives
per image. This metric is analogous to the Receiver Operating Curve (ROC) in
image-level evaluation, but for lesion-level evaluation.

4 Results

In the following section, we present the results of our study on the impact of nu-
merous factors on the performance of the breast mass detection network. We
examine the effect of backbone pre-training, the influence of backbone fine-
tuning within the detection network, and compare different backbone architec-
tures for the RetinaNet model. Additionally, we analyze the performance relative
to network size and compare our results with other works on the same dataset.
This systematic evaluation provides insights into the optimal configurations and
strategies for enhancing the accuracy of breast mass detection.

4.1 Effect of backbone pre-training

This section explores the benefits of pre-training the model used in the backbone
of the detection network on the task of patch classification, instead of using a
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Fig. 3. (a) Effect of pre-training the backbone on a patch classification task before its
integration in RetinaNet. The baseline shown in red is the result of using a backbone
pre-trained on ImageNet only. (b) Effect of the addition of the final fine-tuning stage
of the whole network (phase 2B) on ConvNeXt base and on ConvNeXt small. The
baseline shown in red is the result of bypassing the final fine-tuning.

network that is pre-trained on ImageNet as such. Indeed, most earlier works sim-
ply fine-tune the complete RetinaNet network, without training the underlying
feature extractor on the domain of interest first. Figure 3 (a) depicts the FROC
curve for the RetinaNet model trained in two ways: firstly, using the four-stage
approach suggested in this paper, and secondly, using only stages 2A and AB
with the pre-trained backbone. A significant jump in performance can be ob-
served at every point of the FROC curve if pre-training the backbone on the
patch classification task. These results indicate that first training the backbone
sub-network on the specific task of mammography mass classification can help
the network converge to a better optimum in the lesion detection task. Note
that both networks were trained until convergence, therefore the improvement
in performance is not due to a longer training time.

4.2 Effect of backbone fine-tuning inside the detection network

The previous section indicates the interest of fine-tuning the patch classifier.
One might intuitively believe that since this backbone is already fine-tuned,
unfreezing its weights during the final stage of RetinaNet training would yield
no additional benefits. Figure 3 (b) displays the comparison of the FROC curve
of two models, before and after stage 2B. This experiment shows that even after
pre-training the backbone classifier in stages 1A and 1B, the addition of stage
2B allows to further ameliorate the TPR of the network at any FPI.

This result indicates that unfreezing the weights of the backbone in the final
training phase of the model is beneficial, even in the case of a feature extractor
trained to convergence on the same dataset. This may be due to the additional
layers corresponding to the FPN and to the two RetinaNet heads, which add
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several layers of abstraction to the deeper feature of the network, hereby requir-
ing a finer adjustment of the shallower features of the network. These findings,
combined with those of Section 4.1, indicate that the optimal convergence of
the model cannot rely solely on a feature extraction backbone trained on the
target dataset, nor can it rely solely on the RetinaNet model to fine-tune this
backbone on its own. For optimal detection performance, a combination of these
two factors seems to be required.

4.3 Backbone comparison

The detection performance of the RetinaNet model depends upon the choice of
the backbone. In this section, to assess the significance of this decision, vari-
ous feature extraction backbones are compared for the task of detecting breast
masses. Figure 4 compares the performance of RetinaNet models embedding
six different backbones (ResNet50, ResNet101, RestNeXt50, ConvNeXt base,
ConvNeXt small, and ConNeXt tiny) after training them using the four-stage
method described in Section 3.3. This figure indicates that the traditional Reti-
naNet model based on a ResNet50 backbone is competitive with respect to other
combinations, but its performance is overtaken by a handful of alternatives.

Among these alternatives, the models based on ConvNeXt seem to perform
best, with performance consistently above the ResNet50 baseline, with a sen-
sitivity up to 18% greater for the same FP rate. For the same FPI of 0.5, the
ConvNeXt base network reaches a TPR of 0.87, while the ResNet50-based net-
work peaks at 0.74 TPR, with an increase of 17.6% in sensitivity. ResNet101,
a larger variant of the model, provides only a slightly higher overall sensitivity.
However, some models that are more recent than ResNet, such as ResNeXt50,
appear to be behind in terms of performance on this specific task, as can be seen
by the overall lower FROC score compared to the networks configured with the
other backbones. Despite the apparent advantage of the ResNeXt model in some
image classification tasks [29], this superiority does not seem to transfer to mass
detection in the CBIS-DDSM dataset within a RetinaNet detection model.

These findings are further validated by the mean Average Precision (mAP)
of the various models at an IoU threshold of 0.2. The ResNet50-based model
achieves a mAP of 0.6806, while the ResNet101-based model attains a mAP of
0.6897, indicating a marginal performance difference between the two models. In
contrast, the ConvNeXt-based models exhibit significantly higher mAP values,
with the tiny, small, and base variants respectively achieving mAPs of 0.7264,
0.7649, and 0.7736, which highlights their superior detection performance.

4.4 Performance relative to the size of the network

In Figure 5, a modest correlation between model size and detection capabilities
can be observed, although it is not entirely consistent. Indeed, bigger models
in general achieve higher scores, with the largest model demonstrating the best
performance and the smallest model showing the poorest. However, the net-
works based on ConvNeXt small and ConvNeXt tiny exceed the performance
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Fig. 4. Comparison of the FROC of the RetinaNet model with five different backbones.
All networks are trained using the four-stage training.

Fig. 5. Comparison of TPR for different rates of FPI in relation to total model size.

of the larger ResNet101 network at every measured threshold. This could be a
result of their larger receptive field and their novel convolution method, allowing
them to make better use of the large resolution of the mammogram. Moreover,
the performance of RetinaNet-based on ConvNeXt small and ConvNeXt tiny is
comparable to that of the ConvNeXt base model, despite the latter being larger
by a factor of 77% and 192% respectively. The lack of a larger improvement in
performance relatively to the size of the model indicates that with the right ar-
chitecture, a small model is sufficient for mass detection on small mammogram
datasets such as CBIS-DDSM. Further research would be necessary to determine
whether this fact holds true for larger datasets or more complex tasks.

As expected, the inference time of the models is strongly correlated with
the size of the network, with the ConvNeXt-based model respectively averaging
88ms, 143ms and 211ms per iteration for the base, small, and tiny variations
on a NVIDIA RTX A4500 GPU. The ResNet-based models average 75ms and
102ms per iteration for the 50 and 101 variations on the same hardware. These
inference times are all of the same order, but could be of importance in the case
of inference on slower hardware.
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Table 2. Comparison of the proposed method vs. CAD systems trained and evaluated
on CBIS-DDSM, expressed as true positive rate at given false positive per image rate.

Method Model type Size of test set TPR @ FPI

Yu et al. [30] GFNet 348 0.89 @ 2.21
0.90 @ 2.91

Lbachir et al. [14] HRAK + BTC + SVM 152 0.91 @ 0.65
Peng et al. [19] Faster R-CNN + ResNeXt Unknown 0.94 @ 2.2805

Cao et al. [2] Faster R-CNN+FPN+FL+NL
trained w/ CBIS-DDSM+INbreast+BCD ∼320 ∼0.8 @ 0.4

Ours RetinaNet + FPN + ConvNeXt base 249
0.8 @ 0.38
0.89 @ 0.57
0.95 @ 1.07

4.5 Comparison with other works on CBIS-DDSM

Table 2 shows a comparison of the proposed method against other similar CAD
systems trained on CBIS-DDSM. Our method is on par with the state of the
art, offering either higher TPR at comparable FPI, or similar TPR at a lower
FPI. These results show that despite its size, CBIS-DDSM remains a challenging
dataset. This difficulty can partly be attributed to the dataset being composed
of digitized scans. These scans, originating from analog sources, exhibit lower
contrast and more artifacts compared to fully digital mammograms. Access to
high-quality datasets continues to be one of the major obstacles to perfecting
CAD for breast cancer screening [8].

5 Conclusion

This paper introduces an efficient, comprehensive methodology to train a Reti-
naNet network on the task of mass detection in breast imaging. The achieved
performance aligns with the state-of-the-art results on the CBIS-DDSM dataset.
The importance of selecting a proper backbone network for use as a feature ex-
tractor has been highlighted. It has also been shown that fine-tuning pre-trained
backbones on the specific domain of interest is a crucial element for enhancing
the performance of RetinaNet models. We argue that transparently disclosing
such training methodology is crucial for ensuring the reproducibility of deep
learning algorithms in medical imaging.

The scope of this work is currently limited to the detection of breast masses
and ignores microcalcifications or other types of lesions. Future work will train
RetinaNet models that are at the same time applicable to the detection of breast
masses and microcalcifications, and that predicts the malignancy of the lesions.
The potential of alternative multi-scale feature extractors such as Bidirectional
FPN will also be explored, as well as multi-view feature extraction to enhance
the detection of challenging lesions such as architectural distortions and focal
asymmetries. Finally, it is planned to publicly release pre-trained RetinaNet
models as free and open-source software. This initiative aims to contribute to the
advancement and implementation of computer-aided detection in breast imaging,
offering benefits in education and research contexts.
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