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Abstract

The Y-maze behavioral test is a pivotal tool for assessing the memory and exploratory tendencies of mice in novel envi-
ronments. A significant aspect of this test involves the continuous tracking and pinpointing of the mouse’s location, a
task that can be labor-intensive for human researchers. This study introduced an automated solution to this challenge
through camera-based image processing. We argued that key point localization techniques are more effective than object
detection methods, given that only a single mouse is involved in the test. Through an experimental comparison of eight
distinct neural network architectures, we identified the most effective structures for localizing key points such as the
mouse’s nose, body center, and tail base. Our models were designed to predict not only the mouse key points but also the
reference points of the Y-maze device, aiming to streamline the analysis process and minimize human intervention. The
approach involves the generation of a heatmap using a deep learning neural network structure, followed by the extraction
of the key points’ central location from the heatmap using a soft argmax function. The findings of this study provide a
practical guide for experimenters in the selection and application of neural network architectures for Y-maze behavioral
testing.
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I. INTRODUCTION

Behavioral experiments are commonly used to test the
learning and memory functions in brain disease research
and clinical trials such as Alzheimer and dementia. For
example, researchers widely use the Y-maze behavior test
to assess behavioral tasks in preclinical analyses of short-
term spatial learning and memory [1]. The Y-maze is a
simple maze with three arms shaped like Y, as shown in
Fig. 1. Y-maze is a behavioral test that measures the
willingness of normal rodents to explore new environments.
Rodents usually tend to explore new environments rather
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than ones they have already explored [2]. Based on these
rodents’ behavior, the effect of the administered drug could
be determined on the medically manipulated variables by
observing the behavioral patterns of the experimental
mice.

Experimental mice generate data continuously, inde-
pendent of the observer’s schedule, necessitating constant
observation and recording of their behavior. Temporary
interruptions can lead to inaccurate recording of sequential
behavioral patterns. Moreover, changes in the observer’s
criteria due to factors such as environmental changes or
fatigue can significantly undermine the reliability of the
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Fig. 1. A Y-maze comprises three arms A, B, and C.

experiment. While non-stop observation could enhance
data reliability, it is impractical due to the substantial
increase in experimental costs.

The introduction of a deep learning model capable of
processing Y-maze images from a simple camera offers a
solution. This approach enables continuous experimentation
and analysis, thereby enhancing the reliability of the
experiment and reducing costs.

Commercial Y-maze automation systems, while expensive,
are recognized for their superior performance. Previous
research on Y-maze test automation has utilized high-
computation depth cameras like Kinect or entrance detection
sensors [3, 4]. These methods, akin to commercial products,
also necessitate costs for environmental setup and software
development. In this study, we provided performance test
results for various deep learning models that utilize
images from a basic camera to predict mouse location.
Our findings aimed to assist experimenters in establishing
cost-effective Y-maze experimental environments tailored
to their specific needs.

While the object detection method based on deep
learning models [5—10] could be employed to implement
the Y-maze experiment, it may not be the most efficient
approach. Given that only a single mouse is involved in
the Y-maze, continuous positioning of the mouse is
sufficient for result analysis. Therefore, a deep learning
model that estimates three key locations—the tip of the
mouse’s nose, the center of its body, and the beginning of
its tail—is more appropriate for locating the experimental
mouse within the Y-maze. To further streamline the
analysis of the Y-maze test, our models also predict four
additional key points that provide the reference positions
of the Y-maze device. These reference points, highlighted
as green dots in Fig. 2, typically need to be manually
drawn or set by the experimenters. These approaches,
akin to key point localization methods used in applications
such as pose estimation, face alignment, and facial
landmark detection, can be effectively applied to estimate
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Fig. 2. Prediction two cases such as device (green) and moues
(red).

the location of the mouse or device within the Y-maze,
thereby enhancing the efficiency and accuracy of the
experiment.

Sections II and III introduce existing studies on position
estimation techniques mainly used for pose estimation or
face alignment. Section IV shows the experimental
results of various architectures and hyperparameters. The
last section describes a summary of the paper and future
research. The key contributions of this paper are as
follows:

1. The automation of the Y-maze behavior test was
demonstrated using straightforward key point
localization models, thereby circumventing the need
for methods with high computational demands such
as segmentation, object detection, or point cloud
processing.

2. Deep learning models that utilize simple camera
imagery was introduced, negating the need for depth
cameras or additional sensors.

3. A comprehensive overview of the performance and
computational requirements of various neural network
models was provided facilitating their selection
based on specific needs.

4. The performance outcomes achieved through the
selection and combination of various neural network
optimization options was illustrated on the ResNet-
50 backbone.

5. The proposed models were designed to predict both
device reference points and mouse key points,
thereby simplifying the analysis process of the Y-
maze behavior test.

6. In the spirit of open science, we make the source
code of our models publicly available. This will
enable experimenters to tailor their experimental
environment according to the specific requirements
of the Y-maze test and their individual research
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needs. The source code can be accessed at https://
github.com/gompanghee/KeypointDet for YMaze.

Il. RELATED WORKS

Pose estimation and facial landmark detection are
representative problems requiring feature point location
prediction. Pose estimation is a problem of predicting the
location of joint points in the human body and recog-
nizing motions based on those locations. Facial landmark
detection is a problem of predicting the locations of facial
feature points, and its usage is for facial expression
recognition, character identification, and facial pose
estimation. Common to both problems is the key point
location prediction. A heatmap in the form of gaussian
distribution, as shown in Fig. 3, was created first. Then a
method of estimating the key point position using
gaussian approximation or soft argmax function [11] was
applied to the heatmap. This process is called heatmap
regression.

Pose estimation and facial landmark detection are key
tasks that necessitate the prediction of feature point
locations. Pose estimation involves predicting the positions
of human body joints to discern movements, while facial
landmark detection involves predicting facial feature points
for applications such as facial expression recognition,
character identification, and facial pose estimation. Both
tasks share a common element: key point location
prediction. This process, known as heatmap regression,
begins with the creation of a heatmap in the form of a
Gaussian distribution, as depicted in Fig. 3. Subsequently,
a Gaussian approximation or soft argmax function [11] is
applied to the heatmap to estimate the key point position.

Examples of deep learning models that use this process
are UniPose [12], HRNet [13], and ADNet [14]. As shown
in Fig. 4, UniPose and HRNet estimate the location of
feature points using heatmap regression in pose estimation,
and ADNet estimates the locations of feature points using
heatmap regression in facial landmark detection.

The creation of a heatmap centered on each key point

(a) (b)

Fig. 3. (a) Source image and (b) Gaussian distribution heatmap.
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(a) (b)

Fig. 4. (a) Heatmap regression in pose estimation (http://
human-pose.mpi-infmpg.de) and (b) facial landmark detection
(https://thispersondoesnotexist.com).

necessitates a backbone network architecture capable of
extracting relevant feature maps. In localization-related
applications, including object detection, pose estimation,
and facial landmark detection, backbone models such as
VGGNet [15], ResNet [16, 17], Inception [18, 19], and
EfficientNet [20, 21] are frequently employed. Researchers
have explored methods for effective feature map extraction
based on these backbone models.

OpenPose [22] employs VGGNet as its backbone,
leveraging the deepened convolutional neural network
(CNN) layer depth for effective feature extraction.
EfficientPose [23] uses EfficientNet as its backbone,
optimizing the combination of network width, depth, and
input resolution to extract feature maps with minimal
unnecessary computations. TFPose [24] utilizes a transformer-
based backbone [25], which has a low dependency on
training parameters, thus mitigating side effects such as
gradient vanishing and hard backpropagation compared
to CNN and multi-layer perceptron (MLP) [26]. This
allows the transformer to extract features more easily by
connecting layers that are relatively deep and wide.

Our experiment targets eight neural networks: VGG-
19 [15], ResNet-50 [16, 17], Inception v3 [18, 19],
MobileNet v2 [27], EfficientNet v2 [20, 21], Swin V2 (a
transformer-based small neural network) [28, 29], U-Net
[30], and Hourglass Net [31].

The method used to identify key point locations in pose
estimation and facial landmark detection can be applied
to localize mouse key points. Consequently, solving these
two problems leads to similar backbones and processes.
The subsequent section details the creation of a heatmap
and the identification of key point locations within it.

lll. HEATMAP REGRESSION

A. Gaussian Distribution Heatmap
A heatmap on a CNN can be used to represent probable

key point locations in an image or feature map. Instead of
using numerical coordinates, these locations can be
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Fig. 5. Localization information represented by probability
distribution.

Fig. 6. Probability space represented by deep learning model.

depicted as bright spots on the heatmap. In essence, each
pixel’s brightness value in the image signifies the
probability of it being a key point, creating a probability
distribution as illustrated in Fig. 5.

As shown in Fig. 6, a deep learning model can be
trained to output high values for locations with a high
likelihood of being key points and low values for less
probable locations. The resulting feature map closely
resembles a heatmap.

Given that a probability distribution approximates a
normal distribution as the population size increases, the
Gaussian distribution, a standard normal distribution,
serves as an excellent model for the heatmap.

B. Localization using Gaussian Approximation

To extract key point coordinates from the heatmaps,
we can utilize the Gaussian distribution approximation.
Key points can be easily found using least square
approximation with the formula shown in Eq. (1). Since a
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heatmap is modelled with gaussian distribution, the
method estimates the key point location with a Gaussian
distribution. Approximated ¢ and 12;’ are the predicted
coordinates (x , y ). Z is a heatmap, X is a matrix with a
set of integers from 0 to the width-1 of Z, and Y is a
matrix with a set of integers from 0 to the height-1 of Z. o
is the standard deviation of the gaussian distribution.

a

Azﬁ B2 = %(X Y1)+ (202 1n(27ro'22) —X? - y2)'
_a?—
2

)

However, if an outlier not similar to the Gaussian
distribution is included, the least square approximation
makes a considerable error.

C. Localization using Soft Argmax

To estimate the key point coordinates corresponding to
the position expressed in the heatmap, the coordinates of
the pixels having the largest brightness value must be
found. The argmax may be used for this purpose. Argmax
function, expressed as Eq. (2), is a function of finding the
location of the maximum value in a 1-d vector X, so it
appropriately extracts the location of the highest probability
value. Argmax function for a two-dimensional matrix X
can be described as Eq. (3) for x-axis coordinates and
Eq. (4) for y-axis coordinates.

argmax(X) = {i|x; = x,Vx € X}, X €ER, 2)
argmax(X); = {i|x;; = x,Vx € X}, (3)

argmax(X); = {j|xij = x,Vx € X}, 4)

However, argmax returned only integer values and was
not differentiable. Expressing the coordinates of the
center of the heatmap only as integers has limitations in
increasing the accuracy of coordinate prediction, especially
since the height and width of the heatmap have already
been scaled down several times. Therefore, we predicted
granular locations using the soft argmax function, which
can consider not only the maximum but also other values.
Unlike the argmax function, the soft argmax function,
shown in Eq. (5), is based on a continuous function. Not
only does the maximum value affect the output, but also
all the other values, including the minimum value, affect
the output. Since the heatmap assumed a normal distribution,
the soft argmax function was suitable for predicting the
center coordinates in the heatmap. Soft argmax function
for a two-dimensional matrix X can be represented as
Eq. (6) for x-axis coordinates and Eq.(7) for y-axis
coordinates.
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ePxi

soft —armax(X) = Ziml, &)
]
ePxij

soft — armax(X); =2Wi, 6)
ePxij

soft — armax(X); ZZW}' (7)

IV. EXPERIMENTS
A. Dataset

Images in the top view, such as in Fig. 7, are used as
data sets for Y-maze test automation. Of the total images,
40,691 images were used as a train set, 5,155 images as a
validation set, and 5,000 images as a test set.

Various data augmentations were applied to the images
in the dataset for the regularization and generalization of
the models. They were 50%—150% Random Contrast,
50%—-150% Random Saturation, 70%-130% Random
Brightness, 20%—-100% Random JPEG Quality, -45° to
45° Random Rotation, and -5% to 5% Random Translation.

Truth data used for loss calculation was composed of a
gaussian distribution. Considering that the network output
was sigmoid-activated, the gaussian distribution for
heatmap can be expressed as a function within the range
[0,1], shown in Eq. (8). In Eq. (8), o is 2.0, N is a matrix
that listed integer sets from O to heatmap width as in
Fig. 8(a), and M is a matrix that listed integer sets from 0
to heatmap height as shown in Fig. 8(b) width. In
addition, x and y are key point coordinates.

N=x)*+(M=y)*

fOoy) =exp (———). ®)

Fig. 7. An example image of the dataset.
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N =
0 1 2 |3 4 |5 6
0 1 2|3 4 |5 6
0 1 2 |3 4 |5 6
(2)
0 0|0 0 0 0|0
1 1 1 1 1 1 1
2 2 |2 2 2 2|2
3 3 |3 3 3 3|3
M =

(b)

Fig. 8. Heatmap index matrixes for (a) heatmap width and (b)
heatmap height.

B. Loss and Metric

For heatmap regression, either binary cross entropy
loss, as represented by Eq. (9), or Kullback-Leibler (KL)-
divergence loss, as represented by Eq. (10), as a loss
function, were employed. In this experimental context,
clear contrast was crucial for accurate position representation.
While predicting true positives is important, predicting
true negatives was equally significant. Therefore, we
chose binary cross-entropy loss, which considered both
scenarios, over KL-divergence loss. In Egs. (9) and (10),
n is a batch size and m is a size of heatmap.

Loss ==Y, — 3™ (¥;; - logy; — (1 — ;) - log(1 — ¥;;)),
©)

(10)

1 1 Yij
Loss = —¥isy ¥t (Y- IOg?_ij')'

We may use as a metric a function that uses the
coordinate error of each key point. However, when the
scale of the image is different, as shown in Fig. 9, the

Gwanghee Lee et al.



Exploration of Key Point Localization Neural Network Architectures for Y-Maze Behavior Test Automation

absolute error in the coordinates is meaningless because
the zoomed-in image inevitably has a smaller absolute error.

Normalized mean error (NME) is a scale independent
metric that avoids this problem by including a scale
factor d representing scale like Eq. (11). As shown in
Fig. 10(a), the metric of face landmark detection, i.e.,

@ Prediction

|E1_E2| N |E3_E4| Truth

Fig. 9. Different scaled images.

(b)

Fig. 10. Standard d between two tasks: (a) interocular d of face
landmark detection (https://thispersondoesnotexist.com) and
(b) length d of the arm of Y-maze.

Gwanghee Lee et al.

NME,,..ocuia 18 defined by setting the pupil distance as a
scale factor. Since the arm’s length is clearly defined in
the Y-maze test, NME ,,,, was defined with a scale factor
d set to the arm’s length, as shown in Fig. 10(b). In
Eq. (11), k is a number of key points.

NME (%) — 1}‘:_()2?:1 ||Ki_ i"Z . (11)

C. Results

Table 1 shows the results of experiments comparing
various backbones. To maintain the same input resolution
conditions, we set the input size to 224x224. However, in
the case of Hourglass Net, the input size was set to
256%256 to prevent the problem of not recovering to the
original size during up sampling. In addition, since each
backbone has a different structure, the output size appeared
differently.

The backbone neural network with the highest perfor-
mance was EfficientNet v2, achieving 0.988% NME. The
backbone, which showed the high performance with the
least memory and computation, was MobileNet v2 [28],
reaching 1.473% NME with only the 2.23 million parameter
and 0.577 GFLOPs. Configuring EfficientNet v2 as the
backbone was best when recognition performance is
important. But it is better to use MobileNet v2 when
memory and computational optimization were important.

Table 2 shows the results of experiments to find out the
effects of various options for ResNet-50. The neural
network options for ResNet-50 were different depths,
widths, input resolution scaling, large kernel size application
and Dropblock [32], which are denoted as Depth, Width,
Resolution, Large Kernel and Dropblock, respectively, in
Table 2. ResNet-50 was used as the reference model to
observe the effect of only various options since it is used
frequently as a basic model. Doubled input resolution
performed best at 0.986% NME, but the computation
volume increased four times to 28.922 GFLOPs. The
experiment’s highest performance with the smallest com-
putations and number of parameters was maintained when
a large kernel with depth wise separable convolution was
applied, recording 2.037% NME with 13.413 million
parameters and 4.919 GFLOPs. The reason may come
from MobileNet [33,27] which used the depth-wise
separable convolution, where the number of parameters
and computations decreased even though the kernel size
increased. When the input resolution was 224, increasing
the depth, as shown in the “Depth +102” option, showed
a significant performance drop, but double input resolution,
as shown in the “Resolution X2 and Depth +102” option,
made the drop very small [34]. Table 2 shows that the
“Depth +102” option causes the performance to drop
from 1.147 NME to 1.888 NME. However, the option
“Resolution x2” leads to the improved NME 0.986 and
the option “Resolution %2 and Depth +102” [34] to NME

http://jcse.kiise.org



Journal of Computing Science and Engineering, Vol. 17, No. 3, September 2023, pp. 100-108

Table 1. Results of the experiments comparing the performance of backbones

Backbone model

VGG-19

ResNet-50

Inception v3
MobileNet v2
EfficientNet v2, BO
Swin v2, tiny Window8
U-Net

HourglassNet

Output size

Table 2. Results of the experiments to analyze the effect of options

Option

Default

Depth +102

Width x2

Large kernel (21x21)
Dropblock (20%, 5x5)
Resolution x2

Resolution x2 and Depth +102
Resolution x2 and Width x2
Resolution x2 and Large kernel

EfficientNet and resolution x2

Number of

Computation

1.066, the less improved performance. We could observe
a similar phenomenon for the option “Width x2” which
incurs the performance drop from 1.147 NME to 1.356
NME. However, the option “Resolution x2 and Width
x2” led to a less improved performance of 1.040 NME
than the option “Resolution x2” with 0.986 NME. A
similar phenomenon happens with the option “Large
Kernel (21x21)” [35]. Dropblock did not contribute to
the performance improvement. In the ResNet-50 network
option experiment, only the doubled input resolution
option leads to better performance.

Combining the EfficientNet v2 B0, which showed the
best result on the backbone experiment, and doubled
input resolution, which showed the best result on the
option experiment, achieved 0.681% NME. It is the best
of all experiments. As a result, 0.681% NME indicated
that, given d is 35 cm, the error for each key point is
approximately 35 (cm) x 0.681 (%) x 1/100 = 0.23835
(cm). With this level of accuracy, the proposed model,
which is EfficientNet and double resolution, is deemed
sufficient to replace the observer.

http://dx.doi.org/10.5626/JCSE.2023.17.3.100

Input size (heatmap size) parameters (x10°%) (GFLOPs) NME (%)
224x224 14x14 19.128 36.368 1.453
224x224 7=7 22.618 7.230 1.147
224x224 5%5 20.916 5.308 1.098
224x224 =7 2.230 0.577 1.473
224x224 7=7 5.722 1.362 0.988
224x224 77 26.347 9.156 3.276
224x224 14x14 9.028 22.529 1.074
256x256 64x64 30.441 63.438 1.438

Model In_put Number of . Computation NME

size parameters (x10°)  (GFLOPs) (%)

ResNet-50 224x224 22.618 7.230 1.147
ResNet-152, 102 more layers 224x224 55.790 21.099 1.888
Double channels 224%224 89.954 28.385 1.356
21x21 kernels and separable convolution 224x224 13.413 4919 2.037
Added dropblock at several layers 224x224 22.618 7.305 3.540
Double resolution 224x224 22.618 28.922 0.986
Double resolution and 102 more layers 448x448 55.790 84.395 1.066
Double resolution and channels 448%448 89.954 113.542 1.040
Double resolution and 21x21 kernels 448x448 22.593 28.316 1.053
Double resolution and with EfficientNet 448x448 5.722 5.444 0.681

V. CONCLUSION

We have experimented on various deep neural networks
for key point localization to determine the location of mice,
which is essential for Y-Maze behavior test automation,
and confirmed that there are several networks with NME
close to 1.0. In particular, it was observed that using
EfficientNet as a backbone achieved the best NME. In
addition, experiments were conducted to verify the
effectiveness of width, depth, input resolution scaling,
Dropblock, and large kernel, which can lead to performance
improvement based on ResNet, which shows relatively
good performance with little structural change. As a
result, input resolution scaling is the most effective.
Applying doubled input resolution to EfficientNet leads
to the best results in both experiments, achieving 0.681
NME.

We will extend our approach to multiple Y-maze tests
by choosing and cropping each area of the Y-maze. In
addition to mouse localization, a Y-maze behavior analysis
program must be developed for specific tests.
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