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Purpose: To develop and evaluate a sliding‐window convolutional neural network 
(CNN) for radioactive seed identification in MRI of the prostate after permanent 
implant brachytherapy.
Methods: Sixty‐eight patients underwent prostate cancer low‐dose‐rate (LDR) 
brachytherapy using radioactive seeds stranded with positive contrast MR‐signal 
seed markers and were scanned using a balanced steady‐state free precession pulse 
sequence with and without an endorectal coil (ERC). A sliding‐window CNN algo-
rithm (SeedNet) was developed to scan the prostate images using 3D sub‐windows 
and to identify the implanted radioactive seeds. The algorithm was trained on sub‐
windows extracted from 18 patient images. Seed detection performance was evalu-
ated by computing precision, recall, F1‐score, false discovery rate, and false–negative 
rate. Seed localization performance was evaluated by computing the RMS error 
(RMSE) between the manually identified and algorithm‐inferred seed locations. 
SeedNet was implemented into a clinical software package and evaluated on sub‐
windows extracted from 40 test patients.
Results: SeedNet achieved 97.6 ± 2.2% recall and 97.2 ± 1.9% precision for radioac-
tive seed detection and 0.19 ± 0.04 mm RMSE for seed localization in the images 
acquired with an ERC. Without the ERC, the recall remained high, but the false–
positive rate increased; the RMSE of the seed locations increased marginally. The 
clinical integration of SeedNet slightly increased the run‐time, but the overall run‐
time was still low.
Conclusion: SeedNet can be used to perform automated radioactive seed identifica-
tion in prostate MRI after LDR brachytherapy. Image quality improvement through 
pulse sequence optimization is expected to improve SeedNet’s performance when 
imaging without an ERC.
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1  |   INTRODUCTION

Radioactive seed localization after low‐dose‐rate (LDR) 
brachytherapy is essential to determine the radiation dose to 
the prostate and surrounding critical normal structures. X‐ray 
CT is most commonly used for post‐implant imaging because 
of the high contrast of the radio‐opaque seeds,1,2 and several 
algorithms for automatically localizing the seeds in CT im-
ages are currently available.3-5 However, 1 major limitation 
of CT is its low soft‐tissue contrast, which makes it difficult 
to delineate and contour the prostate and surrounding organs 
at risk. Additionally, the presence of the metallic seeds pro-
duces severe artifacts in the CT images, which increases the 
complexity of delineating the prostate boundary. In contrast, 
MRI provides high soft‐tissue contrast6 and may serve as an 
alternative to CT for post‐implant imaging.

Two general approaches for using MRI to localize radio-
active seeds after LDR brachytherapy have been reported. 
The first approach relies on co‐registration of separate CT 
and MR images for seed identification and anatomy delin-
eation, respectively.7-11 The second approach is based on 
MRI only, using either a single pulse sequence or multiple 
pulse sequences for different image contrasts.12-15 However, 
because the radioactive seeds do not produce MR signals, 
conclusively identifying their locations in MR images can be 
challenging, especially in the presence of other similar image 
features, such as needle tracks. A positive MRI contrast seed 
marker technology was recently developed to overcome this 
limitation16,17; with this approach, an MRI signal‐produc-
ing solution (C4) is encapsulated and placed as functional 
spacers between adjacent radioactive seeds. This approach 
provides an accurate means of indirectly localizing the radio-
active seeds through localization of the seed markers.

Imaging both the seed markers and anatomy previously 
required co‐registration of multiple MR images with different 
contrasts.18 Researchers recently demonstrated that the seed 
markers and anatomical structures could be imaged in a sin-
gle acquisition using a balanced SSFP pulse sequence and an 
endorectal coil (ERC).19 Although balanced SSFP imaging 
provides an accurate means for seed localization, certified 
medical dosimetrists (CMDs) must manually identify each 
seed in the MR images, which is time consuming and may re-
quire co‐registration or cross‐referencing with a post‐implant 
CT acquisition to identify inconspicuous seeds near anatomic 
boundaries. In addition, although it provides intrinsically su-
perior SNR, the use of an ERC increases study cost, reduces 
patient comfort, and decreases clinical throughput. Because 

of these limitations, the use of ERCs is largely limited to 
major academic medical centers. Methods to identify the ra-
dioactive seeds in MRI without an ERC should help expand 
the adoption of MRI for post‐implant assessment.

A couple of automated algorithms for radioactive seed 
localization in MRI have been proposed. The first method 
uses morphological operations and Laplacian of a Gaussian 
feature detection to detect the signal voids produced by the 
implanted radioactive seeds.20 This algorithm has only been 
applied to simplistic phantoms where the seed locations are 
easily identified. The second method also uses morphologi-
cal operations along with heuristically chosen image filters 
to identify the radioactive seeds.21 The average run‐time of 
the algorithm is 48 min and only 89% of the seeds could be 
identified on average. The specific mechanics of both algo-
rithms are very scarce and neither appear to be applicable in 
a routine clinical setting.

In theory, radioactive seed identification in post‐im-
plant imaging can be posed as a computer vision task. 
Convolutional neural networks (CNNs), recently re‐popu-
larized by the success of AlexNet,22 have been applied suc-
cessfully in several computer vision tasks, including object 
detection, classification, and localization. A common ap-
proach for object recognition is to train a CNN to predict the 
bounding box that surrounds a particular class of object in an 
image.23-27 This is an appropriate choice when the size and 
pose of the object varies across images, such as in natural 
images. However, when the object of interest is of a fixed 
size and remains consistent across different images, it may 
not be appropriate to predict a bounding box for the object 
of interest, especially when there are multiple objects of the 
same type in close proximity to each other. In the targeted 
application of prostate brachytherapy, multiple seed strands 
may be implanted in proximity, resulting in closely spaced or 
overlapping signal voids from multiple seeds on the image. 
Single‐shot bounding box detectors may identify these in-
stances as a single seed, reducing the recall. In contrast, a 
sliding‐window with a fixed sub‐window size could be used 
to predict the class of the object that is centered within a 
given sub‐window of the image. The location of the object 
could also be predicted within the sub‐window and mapped 
back to the original image to predict the global location of 
the seed.

In this work, we present the development and clinical in-
tegration of a sliding‐window CNN with a fixed sub‐window 
size for identifying radioactive seeds in MR images of the 
prostate after LDR brachytherapy. With our approach, we 
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effectively repose the task of radioactive seed identification 
as an image classification task at the sub‐window level. The 
algorithm, SeedNet, demonstrates high precision and recall of 
the radioactive seeds, fast inference, and ease of integration 
via general purpose graphics processing units (GPUs), which 
may be sufficient for use in a clinical setting. SeedNet per-
forms the seed identification in a fraction of the time required 
by CMDs, with or without the use of an ERC for imaging.

2  |   METHODS

2.1  |  Images
This study was performed under a retrospective Institutional 
Review Board‐approved protocol. Sixty‐eight patients were 
implanted with stranded radioactive seeds placed next to pos-
itive contrast MR‐signal seed markers (Sirius, C4 Imaging, 
Houston, TX). All MRI scans were performed on the day of 
the seed implantation. The patients were scanned on a 1.5T 
Siemens Magnetom Aera scanner (Siemens Healthineers, 
Erlangen, Germany). Each scan was performed with 2 18‐
channel external pelvic arrays in combination with a 2‐chan-
nel rigid ERC (Invivo, Gainesville, FL). Localizer images 
were used to guide the placement of the ERC and ensure 
its proper position relative to the prostate in both the supe-
rior–inferior and left–right directions. After the ERC was 
accurately positioned, patients were injected with glucagon 
to reduce peristaltic motion during image acquisition. The 
patients were scanned with a 3D constructive interference in 
steady‐state sequence that provided a mix of T1 and T2 con-
trast, which permits visualization of both the seed markers 
and anatomy in a single sequence. Depending on the prostate 
size, 80–96 slices were acquired to ensure adequate coverage 
in the superior–inferior direction. Typical scan parameters 
were: TR/TE = 5.29/2.31 ms; readout bandwidth = 560 Hz/
pixel; field of view = 15 × 15 cm; voxel dimensions = 0.59 
× 0.59 × 1.20 mm (interpolated to 0.29 × 0.29 × 1.20 mm); 
flip angle = 52°; total scan time = 4–5 min.

After imaging with the ERC was completed, the ERC was 
removed in 48 of the 68 patients, and the patients were re‐po-
sitioned and scanned again with the same 2 18‐channel exter-
nal pelvic array coils. Slight adjustments to the protocol were 
made to compensate for some of the SNR loss resulting from 
the removal of the ERC. The adjustments included increasing 
the voxel size and doubling the number of signal averages 
from 1 to 2. Additional information about the imaging proto-
col and scan parameters can be found in our previous work.28

2.2  |  Image label creation
A CMD (T.L.B.) manually identified the radioactive seeds 
in the MR images using a clinical software package (MIM 
Software, Cleveland, OH). Positive identification of the 

radioactive seeds was facilitated through localization of 
the positive contrast MR‐signal seed markers. The centroid 
coordinates of the radioactive seeds in each patient were 
exported to a text file to create the labels for the sub‐win-
dows. The seed coordinates were mapped to a voxel grid 
of the same size as the image to create a mask of the seed 
locations within the image grid (512 × 512 × number of 
slices). In the mask, background voxels were set to 0, seed 
voxels were set to 1, and seed marker voxels were set to 2. 
This mask was used to create the labels for the individual 
sub‐windows, described below.

Because imaging without an ERC has been shown to sig-
nificantly reduce CMDs’ ability to manually identify seeds,29 
seed identification in the images acquired without the ERC 
was facilitated by localization of the seed markers that were 
visible and by fusing the MRI with a post‐implant CT.

2.3  |  Sliding window algorithm
For limiting the image context to the location of the im-
planted seeds, a rectangular cuboid region of interest (ROI) 
surrounding the prostate was cropped from the 3D image. 
The ROI can either be drawn manually, which was the 
method performed in this study, or automatically defined 
with one of a number of automated prostate segmentation 
algorithms for MRI.30-36 A sliding‐window algorithm was 
written to scan the entire ROI in 3D sub‐windows with a 
user‐defined stride. For a given ROI of size ix × iy × iz, 
sub‐window size of wx × wy × wz, and stride of sx × sy × sz, 
the number of sub‐window translations in each orthogonal 
direction was computed as

where ⌈⋅⌉ indicates the ceiling operation. The total number 
of sub‐windows analyzed for a given patient is the product 
of nx, ny, and nz, ntotal =nxnynz. As such, increasing both 
the size of the sub‐window and stride of the sliding‐win-
dow reduces the number of sub‐windows to be processed 
per patient, which reduces the total computation time. 
However, increasing the stride of the sliding‐window in-
creases the probability of missing a seed if it is selected 
too large. Moreover, increasing the sub‐window size may 
increase the number of other seeds or seed markers cap-
tured in the window, potentially reducing the ability of the 
model to discriminate among seeds, seed markers, and the 
background anatomy. The optimal sub‐window dimensions 
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were experimentally determined by evaluating the preci-
sion and recall for multiple values of wx, wy, and wz, de-
scribed below.

The sliding‐window algorithm uses a for loop to loop over 
all combinations of the sub‐window coordinates based on the 
user‐defined stride and sub‐window dimensions. The voxel 

F I G U R E  1   The SeedNet architecture. The windows were processed with 3D CNNs. Three separate CNNs, each with the same configuration 
of layers, were trained to perform seed detection, classification, and localization tasks

F I G U R E  2   Sub‐window processing at inference time. First, each sub‐window was passed to the detector to identify windows containing 
seeds. The seed sub‐windows were then passed to a classifier to reject seed marker sub‐windows that, owing to their similar shape and proximity to 
the seeds, were incorrectly classified as seed sub‐windows. The seed sub‐windows from the classifier were passed to the localizer to pinpoint the 
precise location of the seed within the sub‐window. Finally, the seed sub‐windows were mapped back to their locations within the original image 
stack
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location of a designated corner of each sub‐window is stored 
to map the identified seed locations in the sub‐windows back 
to the original image stack. Each iteration of the for loop is 
an independent process and may be parallelized over the in-
dividual cores of multi‐core CPU architectures for reduced 
computation time.

2.4  |  Network architecture
Model compactness and computational efficiency were 
major considerations in the design of the model to enable its 
deployment on computer architectures with relatively low 
computing power (such as those used by CMDs). As such, 
the network was constructed by starting with a single con-
volutional layer, a fully connected layer, and an output layer, 
and then the number of convolutional layers was increased 
until the accuracy on the cross‐validation sub‐windows pla-
teaued at a maximum value. The resulting architecture is 
shown in Figure 1. The model consists of 3 3D convolutional 
layers with 3 × 3 × 3 convolution kernels. Maximum pooling 
(2 × 2 × 2, non‐overlapping) followed by batch normaliza-
tion and rectified linear unit activations were used between 
the convolutional layers. The third convolutional layer was 
connected to a fully connected layer with 2048 neurons. The 
output layer was a fully connected layer with 2 or 3 neurons, 
depending on the inference task. We note that this architec-
ture is similar to the one developed by LeCun et al.37 for clas-
sifying handwritten digits. The main differences, aside from 
the fact that SeedNet operates on 3D images, are that we have 
an additional convolutional layer before the fully connected 
layer and a different output size.

The sub‐window processing is summarized in Figure 2. 
Each sub‐window was first analyzed by a detector to identify 
the windows containing radioactive seeds. Because of their 
similar shape and proximity, some sub‐windows containing 
seed markers could be misclassified as seed sub‐windows 
by the detector. This is because, in a few instances, the seed 
markers may not produce their maximum MR‐signal and may 
be misinterpreted as seeds. Therefore, the seed sub‐windows 
from the detector were passed to a classifier to reject potential 
false–positives. Afterward, the seed sub‐windows from the 
classifier were passed to a localizer to identify the precise 
locations of the seeds within the sub‐windows. The sub‐win-
dows with the identified seed locations were then mapped 
back to the original image stack. The detector, classifier, and 
localizer were all constructed with the same configuration of 
layers as shown in Figure 1.

Two neurons (background, seed) were used in the output 
layer for the detection model. The classification model had 3 
neurons (background, seed, seed marker) in the output layer. 
The localization model had 3 neurons (1 for each of the x, 
y, and z coordinates) in the output layer to estimate the seed 
location within the sub‐window.

Two fully convolutional variants of the architecture shown 
in Figure 1 were tested. The first replaced the dense fully 
connected layer with a 3D convolutional layer using a 3 × 
3 × 1 kernel and no zero padding. The second replaced the 
dense fully connected layer with a 3 × 3 × 1 average pooling 
layer followed by a 3D convolutional layer using a 1 × 1 × 1 
kernel. The dense fully connected layer resulted in the lowest 
loss on the validation data set, being 2 orders of magnitude 
and 1 order of magnitude lower than the fully convolutional 
approaches, respectively.

2.5  |  Class imbalance
For a given patient, the number of sub‐windows to analyze 
is on the order of 104–105, depending on the size of the ROI 
encompassing the prostate. For example, consider a patient 
for whom ix = 180, iy =145, iz = 36, wx = 13, wy = 13, wz = 7, 
sx = 2, sy = 2, and sz = 1; from Equation (1), ntotal = 170,850 
sub‐windows. A majority of these sub‐windows contain the 
background anatomy, whereas only a fraction of them contain 
seeds. The exact number of sub‐windows containing seeds 
depends on the number of seeds implanted and the stride of 
the sliding‐window. Nevertheless, a large class imbalance ex-
ists between the sub‐windows containing seeds and sub‐win-
dows containing background anatomy.

To simulate the class imbalance encountered during 
inference, the detection and classification models were 
trained with imbalanced data by randomly undersam-
pling the majority class (background) and compensated 
by weighting the cross‐entropy loss function.38 We tested 
majority‐to‐minority class ratios of 10, 25, 50, and 100 
and found that they all yielded the same performance. 
Therefore, we chose a majority‐to‐minority class ratio of 
10 because it yielded identical performance with fewer 
training sub‐windows. The number of background sub‐
windows, nbg, in the detection training data was included 
at 10 times the number of seed sub‐windows, nseed. For 
the classification model, the number of seed sub‐windows, 
nseed, and number of marker sub‐windows, nmarker, were 
compared, and the minimum, nmin =min

(
nseed,nmarker

)
, 

was computed. The number of seed and seed marker sub‐
windows included in the classification training data were 
each included at nmin, and the background windows were 
included at 10 times nmin. The class labels for the seeds 
and seed markers were weighted with a value of 10 in the 
cross‐entropy loss functions.

2.6  |  Data augmentation
Each sub‐window in the training data set was processed with 
rotation affine transformations at 90°, 180°, and 270° in the 
axial (x–y) plane. Rotating the windows 180° about the x–z 
plane did not cause a reduction in the validation loss.
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2.7  |  Training
Eighteen of the 68 patients were randomly selected for train-
ing. Sub‐windows from these patients were extracted and 
used to train the model. Training was conducted with an 
Adam optimizer.39 The learning rate was set to 3 × 10−5. The 
sub‐windows were shuffled before training, and 20% of the 
sub‐windows were reserved for cross‐validation. Decaying 
the learning rate did not demonstrate an advantage in improv-
ing accuracy on the cross‐validation sub‐windows. A drop-
out rate of 50% was used.40 Weights were initialized using 
Xavier’s method.41 The model was trained for 100 epochs 
using a mini batch size of 128, and checkpoints were saved 
after each epoch. The model achieving the lowest loss on the 
cross‐validation sub‐windows was selected for testing. Cross‐
entropy was used as the loss function for the detection and 
classification CNNs. Mean squared error was used as the loss 
function for the localization CNN. The models were written 
in Python using TensorFlow (Google, Mountain View, CA) 
and Keras.42 The model was trained on a Dell 7920 comput-
ing server that operated under the Linux RedHat v7.2 operat-
ing system and contained 4 NVIDIA K2200 GPUs connected 
with SLI technology.

2.8  |  Determining optimal sub‐
window dimensions
The context from which the model will make inferences 
is defined by the sub‐window dimensions, wx, wy, and wz. 
Increasing the sub‐window dimensions gives the model 
more information with which to make inferences. However, 
because the seeds and seed markers are in proximity to one 
another, making the sub‐window dimensions too large 
would capture multiple seeds and seed markers in the same 
window, potentially reducing the model’s ability to dis-
criminate between the classes. Similarly, making the sub‐
window dimensions too small would not capture the entire 
seed or marker in the sub‐window. For evaluation of the 
impact of the sub‐window size, models were trained with 
different values of wx × wy × wz and evaluated based on 
precision and recall. Ten of the 68 patients (different from 
those used for training) were selected at random and used 
for the evaluation. The models that achieved the highest 
precision and recall on these 10 patients were selected for 
testing on the remaining patients.

An estimate of the minimum sub‐window size that fully 
encapsulates a seed can be computed with knowledge of 
the voxel dimensions of the MRI and physical dimensions 
of the radioactive seeds. Let the voxel dimensions be de-
fined as Δx, Δy, and Δz and the diameter and length of the 
cylindrical seeds be defined as dseed and lseed, respectively. 
Assuming isotropic resolution in the transverse (x–y) 
plane, Δx = Δy = Δxy, and the seeds would be 

approximately pseed
xy

=⌈ dseed

Δxy

⌉ pixels in diameter. In the z‐di-

mension, the seeds would be approximately pseed
z

=⌈ lseed

Δz

⌉ 
pixels in length. The susceptibility artifacts around the 
seeds cause the signal voids to bloom slightly larger,43 
which increases pseed

xy
 and pseed

z
 by ~1–3 pixels depending on 

the seed orientation.
The patients in this study were implanted with com-

mon brachytherapy seeds, including palladium‐103 seeds 
(Theragenics, Theraseed, Buford, GA), cesium‐131 seeds 
(IsoRay, Proxelan, Richland, WA), and iodine‐125 seeds 
(IsoAid, Advantage I‐125, Port Richey, FL). The overall 
length and diameter of these seeds were approximately 
4.5 mm and 0.8 mm, respectively. The seed markers were 
slightly smaller than the seeds. Additional pixels were 
added to the minimum sub‐window size to avoid cases in 
which a portion of the seed or marker is cut off along the 
edges, as discussed below. With the above considerations, 
we investigated sub‐window sizes of 11 × 11 × 5, 11 × 11 
× 7, 11 × 11 × 9, 13 × 13 × 5, 13 × 13 × 7, 13 × 13 × 9, 
15 × 15 × 5, 15 × 15 × 7, and 15 × 15 × 9. A sliding‐win-
dow stride of 2 × 2 × 1 was used for all sub‐window sizes. 
We did not use a stride >1 in the slice direction because it 
would cause the sliding‐window to skip slices and poten-
tially miss seeds.

2.9  |  Sub‐window labels
The seed and seed marker locations in the mask were 
cropped at the grid location where the prostate ROI was ex-
tracted from the image. The sliding‐window algorithm was 
processed on the masks of the seed and marker centroid 
locations to create the labels for the sub‐windows. Cases in 
which the seed or marker was partially cut off on the edge 
of the sub‐window were avoided by requiring the centroids 
of the seeds and seed markers to be in the central 3 × 3 
× 1 portion of the sub‐window to be classified as a seed 
or marker; otherwise, they were classified as background 
(Figure 3). This ensures that only seeds and seed markers 
that are fully encapsulated within the sub‐windows are ap-
propriately labeled.

Three sets of labels for each sub‐window were created. 
The first set of labels was created to train the detection 
model. Sub‐windows containing background were given a 
class label of 0, and sub‐windows containing seeds were 
given a class label of 1. The second set of labels was cre-
ated to train the classification model. Background and seed 
sub‐windows were given class labels of 0 and 1, respec-
tively, and seed marker sub‐windows were given a class 
label of 2. Finally, a third set of labels was created to train 
the localization model. The voxel coordinates (x, y, and z) 
of the seed and seed marker centroids within the sub‐win-
dow were used as the labels.
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2.10  |  Clinical implementation
SeedNet was integrated into a clinical software package used 
at our institution (MIM Software, Cleveland, OH) with the as-
sistance of a deep learning application engine (DLAE) that we 
recently developed44 (Figure 4). We used MIM’s software de-
velopment kit (SDK) to interface with the inference mechanics 
of DLAE. To demonstrate the integration, a prostate contour 
performed by a board‐certified radiation oncologist (S.J.F.) and 
a patient’s image volume were sent from MIM to a MATLAB‐
based SDK. In the SDK, a bounding box was extracted from the 
prostate contour and used to crop the prostate into a rectangular 
cuboid ROI. We note that variability in the prostate segmenta-
tion may produce slight variations in the ROI being scanned 
by the sliding‐window. Although we did not investigate these 
slight variations in the present study, they are not expected to 
significantly impact the seed identification performance. The 
sliding‐window algorithm was used to extract sub‐windows 
from the ROI using a sub‐window size of 13 × 13 × 7 and stride 
of 2 × 2 × 1. The sub‐windows were sent into DLAE, which 
loaded the SeedNet model and made inferences on the sub‐win-
dows. The seed location inferences were mapped back to the 
original image volume and were sent to MIM using the SDK.

2.11  |  Performance evaluation
SeedNet’s seed detection performance was characterized by 
computing the precision, recall, F1‐score, false discovery 
rate, and false–negative rate of the detections. The localiza-
tion performance was characterized by computing the RMS 
error (RMSE) between the inferred seed locations and the 
locations identified by the CMD.

3  |   RESULTS

All model inferences were performed on a Dell Precision 
Tower 7910 that operated under the Windows 7 operating 
system and equipped with a single NVIDIA Quadro M2000 
GPU. The performance metrics below are reported as the av-
erage ± 1 SD of the inferences for the cohort of test patients.

A sub‐window 13 × 13 × 7 in size achieved the highest 
combined precision and recall on the 10 validation patients, 
which is consistent with our preliminary studies.45-47 The 
precision and recall for this sub‐window size were 97.2 ± 
1.7% and 98.5 ± 1.2%, respectively. All test results reported 
below are based on a 13 × 13 × 7 sub‐window size.

Representative examples of SeedNet inferences for 4 pa-
tients imaged with an ERC are shown in Figure 5. The preci-
sion and recall for the 40 test patients are plotted in Figure 6. 
The F1‐scores, positive prediction summary, false discovery 
rates, and false–negative rates are shown in Figure 7 (left col-
umn). For the 40 test patients, the precision was 97.2 ± 1.9%, 
the recall was 97.6 ± 2.2%, and the inference time was 56.6 ± 
18.2 s. The F1‐score was 97.4 ± 1.5%, the false discovery rate 
was 2.8 ± 1.9%, and the false–negative rate was 2.4 ± 2.2%. 
The RMSE of the seed locations was 0.19 ± 0.04 mm. The 
false–positives, which reduced the precision, primarily oc-
curred in cylindrical dark crevices between anatomic bound-
aries, with the majority being near the apex of the prostate. 
No false–positives were observed in hemorrhaging areas or 
in regions where prior needle biopsies were performed. The 
false–negatives, which reduced the recall, occurred for seeds 
whose orientation deviated significantly from the rest of the 
seed population.

F I G U R E  3   Example sub‐windows of 
seeds and seed markers. (A) Sub‐window 
of a hyperintense seed marker. (B) The seed 
marker lies on the edge of the window, and a 
portion of the seed marker is excluded. This 
window would be labeled as a background 
sub‐window during training. (C) Sub‐
window of a hypointense seed. (D) The seed 
lies on the edge of the window. This window 
would also be labeled as a background sub‐
window during training
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A comparison of SeedNet inferences for a patient imaged 
with and without an ERC is shown in Figure 8. A spherical 
signal void was present in the prostate (red arrow). Because 
the shape was spherical rather than cylindrical (i.e., like a 
seed), SeedNet correctly identified it as background (true 

negative) in images acquired both with and without an ERC. 
Two seed markers were clearly present near the patient’s rec-
tal wall in the image acquired with an ERC (yellow arrows). 
However, in the image acquired without the ERC, these 2 
seed markers exhibited a reduced MR signal and made them 

F I G U R E  4   Data‐flow diagram demonstrating the integration of SeedNet into a clinical software package using DLAE

F I G U R E  5   Examples of raw SeedNet inferences from SeedNet for 4 representative patients. Each yellow “×” indicates a seed location 
inference. As expected, multiple inferences were observed for each seed because the sliding window visited each seed multiple times. The seed 
markers are the circular hyperintense signals. Each circular signal void that appears to be a seed but is not indicated by a yellow “×” is actually 
an interface between a radioactive seed and seed marker. Connected components analysis was used to combine the clusters into individual seed 
locations
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appear more as signal voids than as seed markers, causing 
them to be misclassified as seeds (false–positives). Finally, 
a region of negative contrast between anatomical boundaries 
was well visualized in the image acquired with the ERC (blue 
arrow). However, in the image acquired without the ERC, the 
same region appeared as a cylindrical signal void. The re-
duced SNR possibly caused SeedNet to incorrectly classify it 
as a radioactive seed (false–positive).

For the 20 test patient images acquired without the ERC, 
the precision was 90.5 ± 4.6%, the recall was 96.5 ± 2.3% 
(Figure 6), and the inference time was 50.5 ± 16.9 s. The 
F1‐score was 93.3 ± 3.0%, the false discovery rate was 9.5 ± 
4.6%, and the false–negative rate was 3.5 ± 2.3% (Figure 7, 
right column). The RMSE of the seed locations was 0.24 mm 
± 0.03 mm. Imaging without the ERC caused a reduction in 
SNR and overall image quality.28,29 Additionally, some of the 
seed markers exhibited substantially less signal and visually 
appeared more like seeds than as seed markers, possibly con-
tributing to SeedNet’s reduced precision.

The clinical integration of SeedNet shown in Figure 4 was 
performed on a Dell XPS laptop equipped with an NVIDIA 
GTX 1050 GPU. A comparison of radioactive seed location 
inferences from SeedNet and a CMD is shown in Figure 9. 
The resultant radiation dose distributions computed by MIM 
Software are also shown. For this example, the time required 
to make seed location inferences using the MIM integration 
was 90 s. Approximately 25 s of this time was required to ini-
tialize the SDK, send the images and prostate contour to the 
SDK from MIM, and send the seed locations from the SDK 
to MIM. The remainder of the time (65 s) was required to 
extract the sub‐windows, load the SeedNet models, and make 
inferences on the sub‐windows. The patient shown was im-
planted with 56 radioactive seeds. SeedNet identified 54/56 
of the seeds and 1 false–positive.

4  |   DISCUSSION

Existing methods for seed identification in prostate brachy-
therapy primarily rely on post‐implant CT images, and a 
number of automated seed localization algorithms have been 
developed and implemented into commercial software pack-
ages. Although CT provides excellent seed contrast, it lacks 
the necessary soft‐tissue contrast to delineate the prostate and 
surrounding organs. To incorporate organ boundary informa-
tion in the dosimetry, a dosimetrist typically must fuse the CT 
image with an intraoperative transrectal ultrasound image or 
an MRI acquired after the implant procedure. Moreover, the 
dosimetrist must manually co‐register the images and iden-
tify the seeds. Here, we present an automated approach to 
MRI‐based post‐implant seed detection and localization. The 
high precision and recall, along with the low computation 
time, demonstrate the potential of fully automated, MRI‐only 
seed identification for performing post‐implant dosimetry.

Although it provides intrinsically superior image quality, 
the use of an ERC has several disadvantages. In our experi-
ence, some patients may find the insertion of the ERC pain-
ful, especially since most patients are scanned on the day of 
their implant procedure. In addition, preparation of the ERC 
may take up to 20–30 min to set up the patient table, which 
reduces clinical throughput, particularly in high‐volume clin-
ics. The rigid ERC is also expensive and requires a special-
ized sanitation station to sterilize the coil after each patient. 
For these reasons, the ERC has been limited to a few large 
academic centers and is seen as an obstacle to the adoption 
of MR‐based post‐implant dosimetry by the majority of the 
brachytherapy community. The impressive precision and 
recall of SeedNet demonstrate the potential for automated 
radioactive seed identification in images acquired with and 
without an ERC. However, degradation in seed identification 
performance was observed on images acquired without an 
ERC when compared to the images acquired with an ERC. 
Methods to improve the image quality when imaging without 
an ERC are being actively investigated28 and are expected to 
improve SeedNet’s performance.

A previous study investigated the performance of CMDs 
in manually identifying radioactive seeds with and without 
the use of an ERC for imaging.27 The study revealed that 
CMDs could identify 90.8 ± 13.3% of the radioactive seeds 
in 27.2 ± 8.6 min when a rigid ERC was used for imaging. 
Without an ERC, the CMDs could identify 53.8 ± 33.4% of 
the radioactive seeds in 39.2 ± 10.4 min. SeedNet’s seed iden-
tification performance and inference time were better than 
that of the CMDs in images acquired both with and without 
an ERC, making it an attractive alternative to manual seed 
identification. Our results showed that SeedNet can identify 
almost all of the radioactive seeds in images acquired without 
an ERC, which may enable fully automated and MRI‐only 

F I G U R E  6   SeedNet’s precision and recall for the 40 patient 
images acquired with an ERC and the 20 patient images acquired 
without an ERC
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F I G U R E  7   F1‐score, positive prediction summary, false discovery rate, and false–negative rate for the randomly selected test patients 
acquired with (left) and without (right) an ERC

F I G U R E  8   Comparison of raw SeedNet inferences for the same patient imaged with (left) and without (right) an ERC. TN, true–negative; 
FP, false–positive
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post‐implant assessment without an ERC, thereby expanding 
the access of precision prostate brachytherapy to community 
hospitals and reducing the overall cost of brachytherapy. In 
addition, acquiring the post‐implant images and performing 
the dosimetry are ideally done on the same day of the im-
plant procedure. In the rare event that the patient does not 
receive the prescription dose to the prostate, the patient’s 
treatment may need to be supplemented with additional ra-
dioactive seeds. On high‐volume days, such patients may be 
required to stay an additional day before going home because 
of the lengthy time to perform the dosimetry. By significantly 
reducing the seed identification time to 1–2 min or less, 
SeedNet may make it possible to increase the daily capacity 
for prostate brachytherapy treatments and send all patients 
home on the day of their implant procedure.

The clinical implementation of SeedNet carries some 
practical considerations. The optimal sub‐window size may 
vary depending on the scan parameters selected for imag-
ing. For example, a sub‐window size other than 13 × 13 × 
7 may yield higher precision and recall for institutions using 
a spatial resolution different from that used in this study. In 
these cases, the sub‐window size used by SeedNet may need 
to be reevaluated. In addition, although SeedNet has excellent 
precision and recall, some false–positives or false–negatives 
may occur. In such instances, a CMD may need to review the 
seed location inferences to augment or supplement the infer-
ences. However, the CMD will have the entire image context 
to infer from (rather than a small sub‐window), which should 
make it relatively easy to reject any remaining false–positives 
or correct false–negatives.

Although MRI may be the best approach to post‐implant 
assessment, many clinics do not have the resources necessary 

to perform MRI‐only dosimetry. The approach presented in 
this article could potentially be used to automatically local-
ize radioactive seeds in CT images as well. Like post‐im-
plant MR images, post‐implant CT images are acquired with 
consistent acquisition parameters across patients. On CT, 
radioactive seeds appear as clustered high‐contrast regions, 
whereas the seed markers have Hounsfield units similar to 
those of soft‐tissue. Therefore, the training data would con-
tain sub‐windows of only 2 classes: seed and background. 
As such, a separate classification CNN may not be required, 
which could simplify the model and reduce the computa-
tional complexity.

One notable limitation of our study is that all of the im-
ages were acquired on a single MRI scanner from a single 
vendor. Therefore, our training data did not include potential 
variability in scanner hardware, receiver coil sensitivities, 
pulse sequence implementations, and image reconstruction 
across different vendors. A future study could incorporate 
images acquired on multiple scanners into the training 
data to evaluate the generalizability of SeedNet. Another 
limitation of our study is that our training data only con-
tained images acquired from our institution. As a result, 
variability in patient setup across institutions was not in-
cluded in the training data. However, our model weights 
were trained on a large number of sub‐windows, and the 
features learned by the model are expected to be useful for 
other institutions interested in implementing SeedNet. To 
facilitate investigation by interested readers, we have made 
our trained models available for download at https://github.
com/jeremiahws/SeedNet. A transfer learning approach48 
could be used to tailor SeedNet to the images acquired at 
other institutions.

F I G U R E  9   Example of SeedNet’s (left) and a CMD’s (right) seed location inferences and corresponding radiation dose distributions in MIM 
Software. The prostate contour was deactivated to allow for unobscured visualization of the isodose lines. The radioactive seeds are depicted as 
green circles

https://github.com/jeremiahws/SeedNet
https://github.com/jeremiahws/SeedNet
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5  |   CONCLUSION

We developed and evaluated a sliding‐window CNN that uses 
a fixed sub‐window size to detect and localize radioactive 
seeds in post‐implant MRI of the prostate after LDR brachy-
therapy. SeedNet demonstrated high precision and recall for 
radioactive seed detection in a fraction of the time typically 
required of a CMD. SeedNet can localize implanted radioac-
tive seeds in MR images acquired with or without ERC, albeit 
with reduced precision when an ERC is not used. Image qual-
ity improvements achieved through pulse sequence optimi-
zation may improve SeedNet’s performance when imaging 
without a rigid ERC, potentially enabling more widespread 
access and use of MRI for precision LDR prostate brachy-
therapy. SeedNet can be incorporated into clinical software 
packages and clinical workflows for improved efficiency in 
LDR prostate brachytherapy.
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