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Abstract. Registering mouse brain microscopy images to a reference atlas
is crucial to determine the locations of anatomical structures in the brain,
which is an essential step for understanding the function of brain circuits.
Most existing registration pipelines assume the identity of the reference plate –
to which the image slice is to be registered – is known beforehand. This might
not always be the case due to three main challenges in microscopy image data:
missing image regions (partial data), different cutting angles compared to
the atlas plates and a large number of high-resolution images to be identified.
Manual identification of reference plates as an initial step requires highly
experienced personnel and can be biased, tedious and resource intensive. On
the other hand, registering images to all atlas plates can be slow, limiting
the application of automated registration methods when dealing with high-
resolution image data. This work proposes to perform the image identification
by learning a low-dimensional space that captures the similarity between
microscopy images and the reference atlas plates. We employ Convolutional
Neural Networks (CNNs), in the Siamese network configuration, to first
obtain low-dimensional embeddings of microscopy image data and atlas plates.
These embeddings are contrasted with positive and negative examples in
order to learn a semantically meaningful space that can be used for identifying
corresponding 2D atlas plates. At inference, atlas plates that are closest to
the microscopy image data in the learned embedding space are presented
as candidates for registration. Our method achieved TOP-3 and TOP-5
accuracy of 83.3% and 100%, respectively, compared to the SimpleElastix-
based baseline which obtained 25% in both the Top-3 and Top-5 accuracy.3
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1 Introduction

Determining the location of anatomical structures in a mouse brain is an essential
step for analyzing and understanding the architecture and function of brain circuits,
and of the overall whole-brain activity [3]. Structures of interest can be located using
standardized anatomical reference atlases, usually taking a two-step approach:
1. Identification: The input brain slice has to be identified, i.e., the corresponding
2D atlas plate has to be found.

3 Source code is available at https://anonymous.4open.science/r/8A32/README.md
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Fig. 1. a) Two typical high-resolution microscopy images showing the cross-sectional view
of a mouse spinal cord in pseudo-color. The size of the input images in this work varied
between 17408×10240 and 25600×20480 pixels. Notice the artefacts due to low contrast,
tiling and missing regions, which make them challenging to process. b) Input images after
gray scale conversion c) Pre-processed images with histogram equalization

2. Registration: The identified slice is registered to the corresponding atlas plate.
Anatomical structures are determined based on the registered annotated plate.

In most cases, the acquired microscopy images of brain slices often suffer from
artefacts due to missing tissue regions, irregular staining, titling errors, air bubbles and
tissue wrinkles [12], as shown in Figure 1. This is further aggravated due to additional
variations in the images depending on the experimental procedures, instrumentation
noise, etc. This makes it difficult to identify and register mouse brain images. For
these reasons, practitioners usually resort to manually comparing image slices to 2D
atlas plates which can be very time-consuming.

Compared to the registration of mouse brain images, the first part of identification
has received far less attention from the research community. At the outset, wrong
identification of brain slices could lead to incorrect determination of anatomical
structures regardless of how well the image registration itself is performed. Therefore,
precise determination of anatomical structures requires accurate identification of brain
slices as a precursor.

The correspondence between brain slices and atlas plates could be found by
reconstructing a 3D volume from the brain slices and then registering them to the 3D
reference atlas [10]. However, it is not always possible to construct an accurate brain
volume, e.g. when brain slices are cut at different angles or when only few brain slices
are available or partial brain images are used. The difference in slice cutting angles
between the atlas plates and the acquired images is a common challenge affecting
the usefulness of atlas-based registration. In Figure 2 we illustrate an instance where
different regions of the same image could correspond to different atlas plates due to a
mismatch between the cutting angle of the acquired image from a brain slice and the
atlas plates. This way, the central region of an image corresponds to an atlas plate
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Fig. 2. Due to the difference in cutting angles compared to the atlas plates, no single ground
truth plate can be registered to the input images. In this illustration, we point this out
where the expert user usually would register different, usually consecutive, plates to different
regions of the image.

(Plate N) while the upper part of the image belongs to the previous plate and the
bottom part to the next atlas plate.

In this study, we investigate the problem of identifying the atlas plates correspond-
ing to mouse brain slices, when the image data are partial and/or acquired at different
cutting angles. The brain slices in this work are identified by finding the corresponding
2D coronal plates in the Allen Mouse Brain Atlas [8]. This is achieved by using con-
volutional neural networks (CNNs), used in the Siamese Network configuration [1, 7],
to obtain low-dimensional representations of the image data. These low-dimensional
embeddings are contrasted with positive and negative pairs to learn a semantically
meaningful space where the correspondence between brain slices and atlas plates can
be determined. The image identification method is compared to SimpleElastix, which
is based on the widely used tool Elastix [9], in terms of accuracy and speed.

2 Methods

Siamese Networks: In this work, CNNs are used to identify brain slices by matching
them to their corresponding atlas plates. The network architecture is comprised of
identical CNNs in the Siamese Network configuration [7], as shown in Figure 3. The
CNN, Sθ(·), takes an image I (of height H and width W) as input and outputs a
low-dimensional feature vector (embedding), h, i.e., Sθ(·):I∈RH×W 7→h∈RL, where
L is the size of the embedding space and θ are the learnable network parameters.
In the pairwise setting, two sister neural networks with shared parameters are used
(Figure 3-b).

The embeddings for brain slices, treated as the fixed image, are obtained as
hF =Sθ(IF )∈RL. The embeddings for the atlas plates, treated as the moving image,
are obtained in a similar manner, hM =Sθ(IM)∈RL. After obtaining the embeddings
of the fixed and moving images, their similarity is determined based on the Euclidean
distance between these embeddings, d(hM ,hF ). The reference atlas plate with the
lowest distance is then predicted to be the corresponding atlas plate for a given brain
slice.
Metric learning:The distance between the embeddings of more similar images should
be smaller than that between dissimilar images for the low-dimensional embedding
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Fig. 3. a) Network architecture of the model used comprising of a ResNet-backbone and a
multi-layered perceptron, Sθ(·), used to obtain low-dimensional embeddings of the brain
slices and atlas plates. b) Computing the similarity between brain slices and atlas plates
with CNNs based on the low-dimensional representations corresponding to the moving and
fixed images obtained from the identical CNNs, in a Siamese network layout, which are
further used to compute their pairwise similarity, d(·).

space to be meaningful. This is achieved in this work using weakly supervised metric
learning [2]. The Siamese networks for brain slice identification are trained to learn
the representation of images such that corresponding brain slices and atlas plates
would be closer to each other in the embedding space. We compare the embedding
space learned based on training the networks with two different loss functions:
1. Contrastive loss [4], given as:

L=


1

2
d(hF ,hM)2, if positive pair

1

2
max(0,m−d(hF ,hM))2, if negative pair

(1)

where the positive pair is comprised of the microscopy image, IF , and the corre-
sponding ground truth atlas plate, IM , and the negative pair can consist of any
non-ground truth atlas plate. The parameter m∈R+ is the margin used to control
the contribution from negative pairs.
2. Triplet loss [11], given as:

L=max(d(hA,hP )−d(hA,hN)+m,0) (2)

where hA, hP , hN are the embeddings of anchor- (IA), positive- (IP ) and negative-
(IN) images, respectively. Note that in case of triplet loss, a third sister network with
shared weights is included to obtain feature embeddings.

Two different types of triplets (IA, IP , IN) are sampled to calculate the triplet
loss. These triplets are defined based on the distance between the embeddings hA,
hP , hN of anchor IA, positive IP and negative IN images:

i) Semi-hard triplets: the distance between hA and hP is smaller than the distance
between hA and hN , however, the loss is still positive.

ii) Hard triplets: the distance between hA and hN is smaller than the distance
between hA and hP .
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When the models are either trained with contrastive- or triplet- losses, the training
process enforces structure to the embedding space so that the embeddings of similar im-
ages are pulled closer, whereas embeddings of dissimilar images are pushed away from
each other. At inference, new microscopy images are ideally closer to their correspond-
ing atlas plates in the embedding space. An overview of CNNs in Siamese network con-
figuration for atlas plate prediction with moving and fixed images is shown in Fig. 3.

3 Data & Experiments

3.1 Data

Microscopy data: Eighty-four high-resolution microscopy images of mouse brain
slices were acquired using a 10x objective in a Zeiss LSM 900 confocal microscope from
four animals. The size of the images varied between 17408×10240px and 25600×20480
px. Most of the images were partial as they were not capturing the entire brain slice.
For instance, the cortex or the cerebellar cortex were captured partially or, in some
images, were not captured at all as seen in first column of Fig. 4. The images of brain
slices were preprocessed, cropped and equalized using Contrast Limited Adaptive
Histogram Equalization (CLAHE) to reduce some artefacts, as shown in Figure 1.
The dataset was split into four sets: training (50 images), validation-1 (12 images),
validation-2 (10 images) and test (12 images).
Ground truth: The Allen Mouse Brain Atlas [8] was used as the reference atlas. It
consisted of 132 Nissl-stained coronal plates spaced at 100 µm, seen in the second
column of Fig. 4. The ground truth in these experiments were the atlas plate numbers
which were provided by a neuroscientist with expertise in manual registration of
these images. For a given brain slice, there could be several matching plates due to
the difference in cutting angles, as shown in Figure 2. However, the domain expert
marked a single plate to be the ground truth depending on whichever plate best
described specific regions of interest. This is to say, in most applications involving
these data there are no hard ground truths as each slice could correspond to several
consecutive atlas plates due to the difference in cutting angles.
Data augmentation: To capture variations in the microscopy data beyond the
limited training set extensive data augmentation (affine transformation, cropping
and padding, pepper noise) was applied to the training dataset. Data augmentation
was performed on all the 50 training set brain slices and also the 132 atlas plates.
In order to reduce computations, the high resolution images were resized to square
inputs of size 10242, 5122 or 2242 depending on the experiment.

3.2 Experiments
Experiments: The performance of our CNN-based slice identification method was
compared with a baseline SimpleElastix-based algorithm that identifies brain slices
based on mutual information (MI). The baseline method affinely registers each brain
slice with every atlas plate and picks the atlas plate with the highest MI. In total, 100
random hyperparameters from the SimpleElastix affine parameter map were tested.
The results of the best performing baseline model (with 7 resolutions using recursive
image pyramid and random sample region, 2800 iterations in each resolution level
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Table 1. Mean Absolute Error (MAE) on the validation-2 dataset for identifying brain
slices with our method. The lowest MAE is achieved by the network with ResNet50v2 base,
trained with semi-hard triplet loss and using 10242 images. B is the training batch size.

ResNet50v2 ResNet101v2
Loss B 2242 4482 10242 2242 4482 10242

Triplet (semi-hard) 32 2.5 2.2 2.8 1.9 3.1 3.1
16 2.0 3.7 1.8 2.6 2.1 2.7

Triplet (hard) 32 2.4 3.0 3.0 2.8 3.7 2.7
16 3.1 2.8 2.6 2.0 2.7 2.8

Contrastive 32 3.6 2.1 3.4 4.2 2.5 5.6

and disabled automatic parameter estimation) are used for comparison.
Metrics: The methods were evaluated based on three metrics: Mean Absolute
Error (MAE), TOP-N accuracy and inference time. MAE measured the accuracy
of predictions. For each brain slice all 132 atlas plates were ranked (starting from
zero) based on the similarity score (the Euclidean distance or MI, depending on the

method). Then MAE was computed as MAE=(
∑N
i=0yi)/N , where N is the number

of brain slices, yi is the position of ranked ground truth atlas plate for a given brain
slice i. With 132 atlas plates used, MAE can have values in the range [0,131]. If all
brain slices are identified correctly, MAE is equal to 0. To account for the inherent
ambiguity in ground truth we report Top-3, Top-5 and Top-10 accuracy.
Hyperparameters: Fig. 3-a) shows the architecture of the Siamese Networks with
the embedding space feature dimension L=64. The base of network consists of a
CNN-backbone implemented as ResNet network [5] pre-trained on the ImageNet
dataset. The CNN backbone is followed by a multi-layered perceptron that outputs
the embedding. While training the networks, all layers of the ResNets were frozen
except the last ones starting with the prefix conv5. The networks were trained on the
training dataset for a maximum of 10k iterations using the Adam optimizer [6] with
an initial learning rate of 10−4. The experiments were performed on Nvidia GeForce
RTX 3090 GPU, i7-10700F CPU and 32 GB memory. The training was stopped if
MAE on the validation-1 dataset was not decreasing for more than 2k iterations.
Results: The converged models based on validation-1 set were evaluated on the
validation-2 dataset, and the MAE performance for two ResNet backbones (ResNet50,
ResNet101), the various loss functions, input- and batch- sizes are reported in Table
1. The best performing configuration is the ResNet50 backbone network trained
with batch size (B) of 16 using input size 10242 with the semi-hard triplet loss with
MAE=1.8. This best performing model was further evaluated on the test dataset and
compared with the SimpleElastix-based approach, reported in Table 2. We notice
that the MAE on test set for our method is 1.42 compared to 60.4 for the baseline.
Our method obtained Top-3 accuracy of obtaining 83.3% compared to 25% for the
baseline. A similar trend is observed for Top-5 and Top-10 accuracy, where our
method achieves 100% accuracy. The total inference time on the test set for the two
methods are also reported in Table 2 where we observe that the baseline method
takes orders of magnitude more time than the trained CNN model.

Finally, the Top-5 predicted atlas plates on a subset of the test dataset are reported
in Table 3. In all the cases, the ground truth plate is within the Top-5 predictions
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Table 2. Performance of our CNN-based method compared to the SimpleElastix-based
approach on the test dataset for identifying brain slices reported as Top-N accuracy. Our
method trained with semi-hard triplet loss outperforms SimpleElastix-based approach by a
large margin in all the evaluated metrics. Inference time measures the time taken to identify
all 12 brain slices from the test dataset.

MAE TOP-1 TOP-3 TOP-5 TOP-10 Infer. time
SimpleElastix 60.4 16.7% 25% 25% 25% 12h 25 m
Siamese Networks 1.42 25% 83.3% 100% 100% 7.2 sec

Table 3. Identifying brain slices from the subset of the test dataset: the labels of ground
truth and Top-5 predicted atlas plates by our CNN-based method. Even though some
predictions are incorrect, all of them are close to the ground truth labels. Labels define the
position of atlas plates in the reference atlas.

Ground Truth Top-5 predictions

91 92, 91, 93, 90, 94
130 129, 128, 130, 131, 127
86 87, 88, 86, 85, 89
63 62, 61, 60, 63, 59
108 109, 110, 111, 112, 108

highlighted in bold. Examples of the predicted atlas plates by our method that have
the highest similarity are visualized in Fig. 4.

4 Discussions & Conclusions

Our CNN-based method in the Siamese network configuration used to identify brain
slices have shown impressive results, i.e. in finding corresponding coronal 2D atlas
plates. Our method performed well even when most images were missing image
regions, and some images belonging to different classes (plate numbers) looked very
similar to each other, thus making the identification task even more complex. Training
with contrastive- and triplet- losses solve this issue by using margin, i.e., dissimilar
images are not pushed away if the distance between them is larger than the margin.

The identification accuracy (MAE) had no clear correlation with the batch size
(16 and 32), the image resolution (224×224, 448×448, 1024×1024) and the type of
the base for the Siamese network (ResNet50v2 and ResNet101v2), as seen in Table 1.
However, using images with lower resolution and networks with fewer parameters
could further improve the inference time. We did not observe the performance of our
method to be highly influenced by the choice of loss functions. The models trained
with triplet loss rather than contrastive loss, on average, achieved higher accuracy,
however, the difference is not significant.

Evaluating the performance of the method using ambiguous ground truth data
due to variations in cutting angle was another challenge. This was overcome by
evaluating the methods using Top-N accuracy instead of only predicting the most
similar atlas plate. We observe that our method achieved TOP-5 accuracy of 100%
meaning that the actual corresponding atlas plate always falls in the top 5 predicted
atlas plates, as seen in Table 2. Further, the variations within the Top-5 predictions
for all five cases reported in Table 3 could be plausible, as most of the predictions are
neighbouring atlas plates of the ground truth. We also report the Top-1 accuracy and
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Fig. 4. Examples of the predicted (most similar) atlas plates by our method. Note that
in all cases the ground truth plates are predicted within the Top-5 candidates in Table 3.
Columns: (1) brain slices from the test dataset; (2) ground truth atlas plates; (3) predicted
atlas plates. The number in parentheses shows the label of the atlas plate, i.e. the position
of the atlas plate in the reference atlas.

notice a drop in performance for both methods due to the inherent ambiguity in the
ground truth. The inherent ambiguity of the ground truth makes our method more
useful as practitioners can explore several likely candidate atlas plates to register to.

In conclusion, we proposed to use CNNs in Siamese Network configuration trained
with contrastive- and triplet- losses as a method for identifying correspondence be-
tween complete and partial mice brain slices. Challenges such as partial/missing data
and variations in cutting angles were overcome by learning a semantically meaningful
embedding space. Our method has shown large performance improvements in both
accuracy and inference times compared to the SimpleElastix-based baseline. With this
work, we have we demonstrated the usefulness of this approach with a 2D reference
atlas. We hypothesize that the same method can also be applied to a 3D reference
atlas for further improved precision in the slice identification task.
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LeCun, Y., Säckinger, E., Shah, R.: Signature verification using a ”siamese” time delay
neural network. Advances in neural information processing systems 6, 737–744 (1993)

2. Chopra, S., Hadsell, R., LeCun, Y.: Learning a similarity metric discriminatively,
with application to face verification. In: 2005 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition (CVPR’05). vol. 1, pp. 539–546. IEEE (2005)

3. Furth, D., Vaissiere, T., Tzortzi, O., Xuan, Y.,
Martin, A., Lazaridis, I., Spigolon, G., Fisone, G., Tomer, R., Deisseroth, K., Carlen,
M., Miller, C.A., Rumbaugh, G., Meletis, K.: An interactive framework for whole-brain
maps at cellular resolution. Nature Neuroscience 21(1), 139–149 (Dec 2017).
https://doi.org/10.1038/s41593-017-0027-7, https://doi.org/10.1038/s41593-017-0027-7

4. Hadsell, R.,
Chopra, S., LeCun, Y.: Dimensionality reduction by learning an invariant mapping. In:
2006 IEEE Computer Society Conference on Computer Vision and Pattern Recognition
(CVPR’06). vol. 2, pp. 1735–1742 (2006). https://doi.org/10.1109/CVPR.2006.100

5. He, K., Zhang,
X., Ren, S., Sun, J.: Deep residual learning for image recognition. In: Proceedings
of the IEEE conference on computer vision and pattern recognition. pp. 770–778 (2016)

6. Kingma, D.P., Ba, J.: Adam: A method for stochastic optimization (2017)
7. Koch, G., Zemel,

R., Salakhutdinov, R.: Siamese neural networks for one-shot image recognition (2015)
8. Lein, E.S., Hawrylycz, M.J., Ao: Genome-wide atlas

of gene expression in the adult mouse brain. Nature 445(7124), 168–176 (Jan 2007).
https://doi.org/10.1038/nature05453, https://www.nature.com/articles/nature05453

9. Marstal, K., Berendsen, F., Staring,
M., Klein, S.: Simpleelastix: A user-friendly, multi-lingual library for medical image
registration. In: 2016 IEEE Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW). pp. 574–582 (2016). https://doi.org/10.1109/CVPRW.2016.78

10. Pichat, J., Iglesias, J.E., Yousry, T.,
Ourselin, S., Modat, M.: A survey of methods for 3d histology reconstruction. Medical
Image Analysis 46, 73–105 (May 2018). https://doi.org/10.1016/j.media.2018.02.004,
https://doi.org/10.1016/j.media.2018.02.004

11. Schroff, F., Kalenichenko, D., Philbin, J.: Facenet: A unified embedding
for face recognition and clustering. 2015 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR) (Jun 2015). https://doi.org/10.1109/cvpr.2015.7298682,
http://dx.doi.org/10.1109/CVPR.2015.7298682

12. Xiong, J., Ren, J., Luo, L., Horowitz, M.: Mapping
histological slice sequences to the allen mouse brain atlas without 3d reconstruction.
Frontiers in Neuroinformatics 12, 93 (2018). https://doi.org/10.3389/fninf.2018.00093,
https://www.frontiersin.org/article/10.3389/fninf.2018.00093


