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Abstract:  

Rodent models are important in mechanistic studies of the physiological and 

pathophysiological determinants of behaviour. The Open Field Test (OFT) is one of the 

most commonly utilised tests, assessing rodent behaviour in a novel open environment. 

The key variables assessed in an OFT are general locomotor activity and exploratory 

behaviours and can be assessed manually or by automated systems. Although several 

automated systems exist, they are often expensive, difficult to use, or limited in the type 

of video that can be analysed. Here we describe a machine-learning algorithm – dubbed 

Cosevare – that uses a trained YOLOV3 DNN to identify and track movement of mice 

in the open-field arena. We validated Cosevare’s capacity to accurately track 

locomotive and exploratory behaviour in 10 videos, comparing outputs generated by 

Cosevare with analysis by 5 manual scorers. Behavioural differences between control 

mice and those with diet-induced obesity (DIO) were also documented. We found the 

YOLOV3 based tracker to be accurate at identifying and tracking the mice within the 

open-field arena and in instances with variable backgrounds. Additionally, kinematic 

and spatial-based analysis demonstrated highly consistent scoring of locomotion, centre 

square duration (CSD) and entries (CSE) between Cosevare and manual scorers. 

Automated analysis was also able to distinguish behavioural differences between 

healthy control and DIO mice. The study found that a YOLOv3 based tracker is able to 

easily track mouse behaviour in the open field arena and supports machine learning as a 

potential future alternative for the assessment of animal behaviour in a wide range of 

species in differing environments and behavioural tests.  

Keywords: Deep learning, YOLO, automated, behavioural tests, open-field test, 

rodents 
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1. Introduction 

Obesity and depression, among several 'modern' chronic diseases, have increased in 

prevalence at alarming rates over recent decades. The associated burden of disease is 

significant for both the individual and health care systems, especially given strong 

associations between these disorders and comorbidities including coronary heart disease 

(CHD), type-2 diabetes (T2D), and other mental illness 
1-7

. Investigations of diet and 

stress-related disorders, and their influences on neurobiology and behaviour are thus of 

particular importance and have increased in recent years. Rodent models are widely 

used to study both metabolic and behavioural abnormalities, providing a cost-effective 

means of investigating behavioural outcomes with disease and other interventions over 

relatively short periods of time. Behavioural parameters assessed are generally centred 

around sensory motor as well as learning and memory functions in response to testing 

environments.  

The tools used in characterisation and analysis of rodent behaviour vary, however 

image-analysis of video-recordings is the most common methodology 
8-11

. Video-

tracking analysis utilises locomotion-based parameters that can be used to ascertain a 

broad range of behavioural parameters. These include the frequency, duration, and 

reluctancy of rodent entry into unfavourable (open and/or elevated) environments, 

which are accepted as surrogate measures of anxiety levels or fear responses. During 

testing, additional behaviours, based on an animal posture and state, can also be 

assessed, including rearing, grooming, head raising, hunching and head dipping, which 

are each interpreted as reflecting a different emotional response 
12

. Methods for the 

analysis of animal videos vary across studies and may involve manual scoring by 

investigators or automated image analysis. Automated systems provide the advantage of 
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unbiased and potentially more consistent assessment of behaviours, together with 

detailed measurement of distance, time-based variables and spatial location.  

Traditionally, automated detection of an object using video-recording systems is 

determined on the basis of the objects grey scale or their hue and saturation values in 

contrast to the background arena which allows it to subtract the background and identify 

the object 
9, 11, 13, 14

. Due to the reliance of the detection on the difference between the 

object and background, this methodology is highly dependent on a homogenous and 

colour stable background as irregularities in the background may increase background 

noise and prevent accurate object detection.  

Machine learning algorithms have received considerable attention in recent years as a 

viable method for object recognition due to their ability to obtain a large number of 

connection patterns and identify objects and predict classes in varied environments with 

a high degree of speed and accuracy. DNN models for object detection do not rely on 

clear distinctions of brightness and colour between the object and background, but 

instead identifies patterns in image data matrices. Details of machine learning 

algorithms methodology and application have been extensively reviewed elsewhere 
15

. 

Their increase in the use of this technology coincides with an increase in processing 

power, and recent advancements in deep neural network (DNN) models, such as You-

Only-Look-Once (YOLO) v3, which significantly reduces analyses time by only 

processing the image once. Despite only analysing each frame once, YOLOv3 

maintains a high level of accuracy 
16

.  

Molecular- and neurobiologists may benefit from the advancements in machine learning 

in the field of behaviour classification as a means for accurate detection of rodent 

kinematics, especially in tests that involve more complex and dynamic testing 
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environments. A local software developer (APrograming, Australia) was approached for 

colloboration to create a machine-learning based tracking software using freely 

available and open-sourced software to overcome the limitations we have experienced 

using manual and free automated tracking software. This study aimed to validate the 

tracking of a YOLOv3 based object detection software for the analysis of behaviour of 

mice subject to an open-field test. The aim of the study was to determine whether this 

open-sourced machine-learning software could be used to improve upon our current 

manual methods of quantifying locomotion and behaviour of a mouse in one of the most 

commonly utilised behavioural tests. The accuracy, validity, and potential utility of the 

machine-learning based software was determined both mechanically and manually, and 

its efficacy in identifying behavioural differences in a real-world application was 

determined in a mouse model. 
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2. Methods 

2.1. Automated Tracking of Mouse Kinematics  

2.1.1. Object Identification Using Machine-Learning 

The tracking software – named Cosevare - was developed using a combination of 

TensorFlow and YOLOV3 to identify and track the mouse within the open field testing 

arena. YOLOv3 implementation was used to provide the necessary DNN dependencies 

backend with Nvidia Compute Unified Device Architecture (CUDA) support 
17, 18

. 

Images from the open-field recordings are manually annotated and inputted into the 

Tensorflow DNN to create a data matrix. This data matrix is then passed through 

YOLOV3 which normalises the data to determine bounding boxes for potential objects 

as well as make class predictions. This is done by overlaying a grid of cells over the 

image and having each cell make its own bounding box and class predictions (Figure 

1). YOLOv3 also uses the initial data matrix to create weighted training files under 

different exposure and colour conditions to improve object recognition per cycle 

(epoch) and allows for faster object detection and class predictions.  
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YOLOv3 was trained using eight videos of mice in an open-field arena were used in 

training the algorithm to identify mice. All videos were recorded using a white arena 

and a brown C57BL/6 mouse to replicate real-world experimental conditions. Sixty 

frames per min from six of the videos were extrapolated, and a total of 2800 images 

were used for training. Extracted frames were then manually annotated with the label 

“mouse” using the open-source python project LabelImg, and exported in a PASCAL 

Figure 1. YOLOv3 detection pipeline 

Bounding box Class probability 

Output 

YOLOv3 object 

detection 

Input frame 

Mouse 

Mouse 
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VOC format 
19

 (Supp Fig 1). The Pattern Analysis, Statistical Modelling and 

Computational Learning (PASCAL) VOC project provides a toolset for annotating and 

standardising image datasets for object class recognition. The YOLOv3 model was 

trained within the following parameters;  

- Input size:  All images were resized to 352px to reduce memory usage during 

training 

- Learning rate: 0.001 as per recommendation 
16

 

- Weights: Default YOLOv3 weight fill based on the COCO dataset 

- Batch size: 4 due to memory restrictions 

YOLOv3, using the bounding box and anchors, identifies the mouse in each frame and 

estimates its centre position for the body using the formula:       (   )  
(         )

 
  

(         )

 
 .  A workflow of how images of the dataset are processed using YOLOv3 

has been described in Figure 1 

2.1.2. Distance and Region-of-Interest Determination 

The distance was calculated using the real-dimensions of the open-field arena provided 

by the user prior to analysis and converted to a pixel:centimetre ratio. After review and 

detection of the mouse in each subsequent frame, the difference in position relative to 

the previous frame was used to calculate the distance of pixels moved and converted to 

cm using the pixel:cm ratio. The pixel distance was calculated using Pythagoras 

theorem:         √(       )  (       ) ; and then converted to a real-

world distance (cm) using the arena dimensions inputted by the user. The calculated 

distance was then added to the cumulative distance travelled by the tracking object. The 

average and current speed of the mouse was determined using the converted distance 
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(cm) and the formula:       
        

    
 for each frame interval. To determine frequency 

of entries and time spent in the region of interest (center square), the system checks the 

midpoint of the mouse at each frame and then determines which bounding box it is 

contained within. The time is then added to a cumulative tally for the current box it is 

in. The cumulative time is converted into an estimated percentage of time spent in each 

bounding box using the formula            
               

              
    , and is done for each 

bounding box and saved to the file system for validation by the user. Once analysed, a 

.CSV file with frame-by-frame- data is generated with the cumulative distance travelled, 

average speed over the cumulative run-time, current speed, duration, and frequency of 

entries into any regions-of-interest selected (Figure 2). Additionally, a video with a 

tracking trace is created along with sequential images of both a location heatmap and 

trajectory tracing over analysis time. The software’s overall workflow is described in 

the block diagram in Figure 3.  
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Figure 2.  Graphical representation of minute-by-minute data output for two mice. (A) 

Cumulative total distance travelled over the 15-minute period (B) Distance travelled every 

minute (C) Current calculated speed for minute (D) Average speed calculated every minute 

over the 15-minute period (E) Cumulative centre square duration over the 15-minute period (F) 

Cumulative centre square entries over the 15-minute period 
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Figure 3. Block diagram describing workflow of software. 
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2.2. Validation of Cosevare  

A series of validation studies were performed to assess the validity of the software and 

to determine whether the data produced was reproducible and accurate. To accomplish 

this, 3 mini validation studies were performed: (1) Distance calibration and 

reproducibility; (2) Validation by five manual scorers; and (3) Identification of 

behavioural abnormalities in C57BL/6 mice fed an obesogenic diet.  

All analysis of videos of C57BL/6 mice (Ethics#: MSC/05/17/AEC) were conducted at 

an analysis rate of 2 (every 2
nd

 frame) using 15-minute videos (25FPS; 22500 frames; 

Resolution = 640x360) in an open field arena (70 x 70 x 36 cm L,W,H; white floor and 

walls). The computer used to analyse videos had the following characteristics: CPU, 

Intel
®
 Core™ i7-8700K CPU @ 3.7 GHz (6 Cores), 3.4 GHz; Memory, 16GB Ram; 

GPU, Nvidia GeForce RTX 2070 8G VRAM with 288 Tensor cores and 2304 CUDA 

cores. 

2.2.1. Distance Calibration and Reproducibility. 

To determine the consistency and accuracy of distance tracking, the software analysed 

footage of a mouse-shaped object fixed to a rotating arm driven by an electrical motor. 

The software’s distance tracking was tested over a 5-minute period using two different 

positions along the affixed arm to adjust circumferential distance. To determine run-to-

run variation of the assessed behaviour parameters (distance, CSD, and CSE), two 

videos of C57BL/6 mice with differing locomotion and exploratory behaviour were 

analysed at two different analysis rates; analysis rate 1 (Every frame) and 2 (Every 2
nd

 

Frame) in triplicate.  
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2.2.2. Comparison of Data Obtained with Software or by Human Scorers 

To assess the accuracy of the data obtained with the image-analysis software when 

compared to human scorers, 10 videos with different levels of locomotion were 

evaluated using both the software and 5 human scorers. Human scorers were initially 

asked to assess the following variables: line crossings (LC; proxy distance), CSD, CSE, 

assisted rearing (rearing against the wall), unassisted rearing (rearing without touching 

the wall), rest/cleaning time. The scorers were informally trained by a laboratory team 

member on how to identify each behaviour parameter. Inconsistent scoring of CSD and 

CSE was observed between human scorers. Based on these findings, formal training on 

appropriate recording techniques for CSD and CSE was provided in a training 

workshop and scorers were asked to reanalyse the 10 videos. For the software analysis, 

videos were analysed in duplicate. CSE scored by Cosevare was validated prior to 

statistical analysis using the frame-frame data and the traced trajectory (Supp Fig 3). 

2.2.3. Software Validation using a Dietary Intervention Model That Elicited 

Markedly Different Behaviour 

To assess the tracking software’s capacity to detect changes in animal behaviour after 

an intervention, mice that had developed a diet induced obesity (DIO) were chosen for 

analysis. A subset of behavioural videos of C57BL/6 mice from previous feeding 

studies performed by our lab were analysed using the software. After a week of 

acclimatization, animals were randomly divided into two dietary groups (control and 

Western diet) and fed their respective diets for 16 weeks. The Control group (n=24) 

were maintained on a standard rodent chow (Specialty Feeds, Western Australia): 70% 

of energy from carbohydrates, 11% from fat, 17% from protein, and 2% from crude 
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fibre. The DIO group (n=24) were fed a diet of standard rodent chow supplemented 

with refined sugar, animal fat, and condensed milk in order to promote obesity. The 

caloric makeup of the DIO diet was 61% energy from carbohydrates, 27% from fat, 

11% from protein, and 1% from crude fibre 
20

. After 16 weeks of feeding, locomotor 

activity and exploratory behaviour were assessed in the open-field arena. Mice were 

transported to the testing room and were habituated to the arena room for 30 minutes 

prior to testing. The arena was cleaned with 80% ethanol (w/v) between each test and 

allowed to dry prior to testing.  

2.2.4. Statistics 

Data was analysed using GraphPad Prism 8 and presented as means ± SD. To compare 

locomotion, a Pearson’s correlation was performed to explore the relationship between 

manually scored LC and automated distance (cm). A two-way ANOVA (Video x 

Scoring Technique) was used to compare differences in CSD and CSE scoring between 

human scoring and automated tracking. Variability between scorers and automated 

duplicate runs is expressed using the coefficient of variance (CV% =  

                  

    
     ). The CV% was calculated for each video scored and then 

presented as mean CV% ± SD of CV%. Similarity and agreement between scorers and 

between scorers and automated scoring were also assessed using an inter-class 

correlation coefficient (ICC). ICC estimates and their 95% confident intervals were 

calculated using SPSS statistical package version 23 (SPSS Inc, Chicago, IL) based on a 

two-way random effects model with absolute agreement. Behavioural parameters 

assessed in the dietary intervention validation were compared using a student’s T-test.  
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3. Results  

3.1. YOLO Detection Accuracy, Distance Calibration and 

Reproducibility  

The accuracy of the YOLOv3 detection algorithm was assessed by determining its mean 

average precision (mAP) and intersection over union (IOU) for two additional videos 

(5000 images). The detection model average degree of precision 

(
              

(                              )
) was found to be 99.8% across both videos (Table 1) and 

indicates the software is able to accurately identify the “mouse” class in the open field 

arena. Similarly, the IOU, which is a measure of the overlap between the predicted 

bounding box and actual object bounding box was found to be 77%, indicating 

acceptable bounding box determination. Both indices support that YOLOv3 detection 

model can identify the mouse and its location within the open-field arena.  

 

Consistent tracking was observed for videos with inconsistent backgrounds such as 

strong shadows, light reflections, and mouse reflections in the testing arena (Figure 4). 

An average processing time of 7:40 minutes was observed for a 15-minute video at 

25FPS (22500 frames; ~50 frames analysed per second) at a resolution of 640x360 or 

Table 1. Testing results for two testing videos. 

Dataset size mAP (%) IoU (%) 

5000 images 99.8 73 

mAP = Mean Average Precision: A measure of how often the software correctly predicted the mouse class over all 

class predictions.  

IoU = Intersection over union: A measure of the overlap between the predicted bounding box and actual (ground 

truth) bounding box when determining the mouse object’s location in the image.  
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4:30 minutes for the same video but only every second frame analysed (11250 frames; 

~80 frames analysed per second) .  

Using video footage of a mouse-shaped objected affixed to a rotating arm, the software 

quantified the total distance travelled after 5-minutes with >95% accuracy (Table 2). 

This was consistent for each radius and at different speeds. Similarly, no difference in 

estimated distance was seen between analysis rates.    

Table 2. Mechanical calibration of distance travelled using a mouse image affixed to a rotating arm at 

different radii positions. Two 5-minute runs of each radii were analysed at analysis rate 1 and 2 

 Expected  Analysis rate 1  Analysis rate 2 

Run 
Radius 

(cm) 

Speed 

(RPM) 

Distance 

travelled (cm) 

Distance 

travelled (cm) 

Accuracy 

(%) 

Distance 

travelled (cm) 

Accuracy 

(%) 

1 
15 

74 34871.67 34038 97.61 33880 97.16 

2 80 37699.10 36335 96.38 36138 95.86 

3 
20 

76 47752.20 46141 96.63 45899 96.12 

4 78 49008.84 47625 97.18 48115 98.18 

Figure 4. YOLOv3 detection and tracking of mice. The algorithm was successful in continuous 

tracking of the mouse in environments of (A) Shadows, (B) Light reflections, (C) Mouse reflections 

B A C 
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To assess run-to-run variability of the behavioural parameters, 2 videos were analysed 

in triplicate at analysis rate 1 and 2. All variables were observed to be highly consistent, 

with minimal variation between runs (data not shown; <5% CV%). Further, no effect of 

analysis rate was observed for distance travelled, CSD or CSE (data not shown; 

<5%CV).  

3.2. Validating Cosevare’s Distance and Region-Based Variables using 

Human Scorers  

3.2.1. Distance Travelled 

Manual scoring quantifies distance moved based on number of line crossings (LC) that 

occurred over the video. Assessment of LCs of all 10 videos by the 5 scorers reveals a 

high level of consistency between scorers (Avg CV% scorers = 8.24±4.19%) with an 

excellent reliability ICC value of 0.993 (95% CI = 0.976–0.998). Cosevare scoring of 

distance travelled (in cm) was compared to the manual scorers (LC) for the 10 videos. 

Due to differences in variable type, the two methods cannot be directly compared, 

however a significantly high level of correlation was noted between scoring 

methodologies when using videos of diverse locomotion (Figure 5; R
2
 = 0.95; 

p<0.0001).  
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3.2.2. Centre Square Duration  

Manual scoring of centre square duration (CSD) for the 10 videos was moderately 

variable between manual scorers at (Avg CV% scorers 15.07±18.75%) but with an 

excellent ICC reliability of 0.992 (CI 95% = 0.979–0.998). Comparison of the CSD 

scores obtained using Cosevare (21.11 ± 0.34 secs) and manual scoring (21.14 ± 2.16 

secs) reveals that scoring method had no effect on the CSD scores documented [Fig 6A; 

Scoring method F(1,40)=1.00; p=0.32]. Sidaks post-hoc analysis does reveal one video to 

be significantly different between the scoring techniques (Fig 6A; Video 3, p<0.0001). 

Including the average of automated scoring of CSD into the ICC evaluation of trained 

manual scorers reveals excellent consistency between manual and automated scoring, 

Figure 5. Correlation between Cosevare scoring and trained manual scoring of locomotion.  The 

average distance of the ten videos assessed by Cosevare plotted against manual scoring of LC by the five 

scorers Error bars represent standard deviation between scorers. 
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with an ICC value of 0.992 (CI 95% = 0.981–0.998). Our observations also revealed 

that to achieve more consistent scores a stringent scoring approach was important. 

Formal, structured training was required to effectively implement this more accurate 

and rigorous scoring. This improved scoring approach however increased the time 

required to manually score a 15-minute video from 20.26 ± 3.86 minutes to 35.8±11.5 

Figure 6. Calculation and comparison of exploratory parameters. (A) CSD scored by 

both Cosevare and the trained scorers for the 10-videos. In Video 3, the difference was due 

to the mouse spending an extended period of time idling along the centre square border. 

While the software consistently determined whether the mouse was inside or outside the 

centre square, the manual scorers were more nuanced about whether temporary entries and 

exits were scored. (B) CSE scored by both Cosevare and the trained scorers for the 10-

videos. Validated CSE was used for the automated scoring. 

*Significantly different between methods; ****p < 0.0001 
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minutes.  
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3.2.3. Centre Square Entries  

Manual scoring of CSE by the trained scorers for the 10 videos was similarly variable 

(Avg CV% scorers = 13.67±9.96), however still maintained a high ICC value of 0.994 (CI 

95% = 0.983–0.999), indicating excellent reliability. Cosevare scoring of CSE was 

validated prior to statistical analysis (entries before, 196; entries after, 178), with only 

the validated CSE used for statistical analysis. The majority of entries removed were 

false positives that occuured when a mouse lingered for prolonged periods of time on a 

centre square border. Comparison of scored CSE between Cosevare (18.65 ± 0.85 

entries) and manual scoring (16.68 ± 1.55 entries) reveals a trend for an effect of 

scoring technique on scored CSE [Fig 6B; Scoring technique: F(1,40)=3.64; p=0.06]. 

Reliability analysis between the validated automated scoring of CSE and trained 

scoring of CSE reveals an ICC value of 0.996 (CI 95%; 0.990–0.999), suggesting 

sustained excellent reliability between Cosevare and human scoring. Prior to validation, 

automated analysis did overestimate the number of CSE in Video 3 (data not shown), 

however this was corrected for after manual validation of CSE using the generated 

frame-by-frame data (Supp Table 1-2).  

3.2.4. Variables Assessed by Manual Scoring Only 

Several additional kinematic, environmental, and posture-based variables in the OFT 

can be assessed by human scorers. These include, but are not limited to, rearing 

(unassisted), rearing against the wall (assisted), prolonged idle time, and grooming. The 

consistency of these additional variables was assessed between scorers as well as 

information regarding the effect of training on manual scorers can be found within the 

supplementary materials (Supplementary Figure 4-5; Supplementary Table 3).  
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3.3. Cosevare’s Analysis of Mice with DIO  

To assess the ability of the tracking software to identify differences in behaviour in 

mice, animals that developed DIO after 16-weeks of Western diet feeding were chosen 

for analysis. Mice selected for behavioural assessment were significantly heavier than 

their control diet counterparts (Fig 7A; p<0.0001). Total distance travelled in 15-

minutes was significantly reduced in the DIO compared to control mice (Fig 7B; 

p=0.002). Similarly, CSD was significantly lower in DIO compared to control diet mice 

(Fig 7C; p=0.01). Validated CSE (Supp Table 4-5) was also significantly lower in DIO 

compared to control mice (Fig 7D; p=0.0002).  Additionally, both the heatmap and the 

traced line visually reveal the locomotive and exploratory differences between groups, 

as seen in representative images from a mouse from each group (Fig 7E-F; Supp Table 

6-7). 
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Figure 7 (COLOUR). Comparison of open-field parameters between mice fed a control diet (n 

=5) and a western-diet (n=5). (A) Body weight differences due to dietary intervention. (B) 

Cumulative distance travelled by each dietary group at both 5- and 15-minutes. (C) Calculated CSD 

for each dietary group at both 5- and 15-minutes. (D) Calculated CSE for each dietary group after 

validation 5- and 15-minutes. (E) Tracked trajectory of a representative Control mice after 15-

minutes in an OFT. (F) Tracked trajectory of a representative DIO mice after 15-minutes in an OFT. 

○ Open circle samples are representative mice chosen for tracked trajectory 

*Significantly different between groups; *p < 0.05, **p < 0.01, ***p < 0.001, p<0.0001 
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4. Discussion 

Research tools and tests for assessing rodent behaviour are critical in advancing our 

understanding of the biological basis of behaviours in health and disease, and in the 

development of treatment options 
21

. Several behavioural tests assessing a wide array of 

behavioural parameters have been developed to characterise behaviour. Manual scoring 

of such parameters, however, can be a time-consuming and laborious task that is also 

subject to variability, human bias and differences in the scoring approach across 

laboratories. Several automated systems have been developed in an attempt to address 

these issues, however these can be expensive, non-user-friendly, limited in the types of 

video and behavioural parameters that can be assessed, require intermediate 

programming experience or, require 3
rd

 party licensed software 
9, 11, 22, 23

. Due to some 

of the limitations (strong shadows, harsh reflections, or incorrect video formats) of our 

own pre-recorded videos, we were unable to utilise freely available software. We were 

therefore interested in exploring additional software options for the analysis of both 

traditional behavioural tests as well as any future behavioural tests that occur in more 

complex environments.   

In this paper, we describe the development and validation of a software system using 

YOLOv3 to automatically identify and track a mouse in the commonly utilised open-

field test. The recent advances in GPU computing and DNN algorithms have allowed 

for greater utilisation of machine-learning in several fields of technology and biology 

and the automation of more complex tasks. The software utilises open-source and free 

libraries to output frame-by-frame analysis of total distance travelled, and frequency and 

duration of entries into designated regions. The main findings of the present study are: 
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1) Cosevare using YOLOv3 was able to identify and track a mouse in the open-field test 

with a high degree of precision. 2) The software was able to accurately track the 

distance a mechanical mouse-like object moved; 3) Cosevare tracking using YOLOv3 

and a commercially purchased GPU was able to process videos in significantly less time 

than manual scoring; 4) The software’s analysis of CSD and CSE is highly comparable 

to trained manual scoring 5) Cosevare was able to identify locomotive and exploratory 

behavioural differences in a mice model of DIO. 

Cosevare uses a trained DNN with YOLOv3 to predict the location of a mouse within 

each analysed frame of footage.  Due to the simplicity of the testing environment, 

YOLOv3 was able to identify and predict the mouse and determine its bounding box 

location with a high degree of precision and accuracy, especially in environments with 

heterogenous backgrounds or harsh light reflections which can often adversely affect 

the accuracy other video detection systems 
14

.  The YOLOv3 based algorithm was also 

able to process videos using a commercially purchased GPU from Nvidia’s GeForce 20 

series (RTX 2070; 2018) in substantially less time than is possible with manual scorers. 

Indeed, the software could process a single video three times before a human scorer 

finished a single video analysis.  

Locomotion was confirmed to be consistent and reproducible to real-world parameters 

with the mechanical validation demonstrating both accurate distance tracking and 

minimal run-run variation at both analysis rates. Comparing absolute distance (cm) to 

manually scored distance (LC) further reveals a high correlation between the two 

scoring techniques. Manually scored LC is a proxy-measure of mouse locomotion and 

relies on the absolute binary distinction of a line crossing (crossed or not crossed). 

Although this can be used to gauge the general locomotion of the animal, it is not 
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capable of quantifying distance moved within a square or area before a line crossing. In 

contrast,  automated analysis using the objects’ actual change in position in relation to 

real-world dimensions and is able to overcome this limitation. While comparing two 

different outcome measures through correlation does not appropriately compare these 

two metrics, it does highlight the software’s capacity to distinguish between low and 

high locomotive patterns, and together with the mechanical validation, it supports the 

consistency of the absolute distance calculation to perform between-group analysis.  

Cosevare’s analysis of CSD and CSE in 10 videos was compared to manual scoring by 

5 scorers. We chose to validate the Cosevare data against manual scoring due to the 

financial costs of commercial software, similar to Bello-Arroyo et al. 
14

.  Initially, we 

observed a high degree of inter- and intra-scoring variation in manual scoring of CSD 

and CSE. This observed difference in untrained manual scorers supports the need for 

both appropriate training as well as secondary validation of manually scored videos and 

further highlights the need for automated analysis of temporal-based variables. After 

formal training, we were able to determine that compared to manual scorers, the 

software was able to accurately quantify CSD and CSE with a high degree of reliability. 

The software was prone differences in CSD and CSE scoring compared to manual 

scorers in instances where a mouse was found to idle near the centre square, such as in 

Video 3, where the software determines absolutely if the mouse is inside or outside the 

box. In contrast, the human scorers were more nuanced about whether temporary entries 

or exits were scored. This locomotive behaviour resulted in an appreciable difference 

between manual scorers and the software, but also in a high variability between manual 

scorers. Although this difference exists, automated scoring of CSD was consistent 

across runs, and the threshold of what is classified as an “entry” or “exit” could be 
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adjusted for dependent on the researchers aims.  An advantage of the automated analysis 

compared to manual scoring is the frame-by-frame data output and the ability to show 

traced trajectory lines, which allows for easy validation of false and true positives by 

both the primary researcher and by secondary validators.  

Analysis of mice with DIO revealed that the software can distinguish between 

behavioural phenotype differences, which include reductions in both locomotion and 

exploratory behaviours when compared against control (lean) mice. This is consistent 

with previous studies that demonstrate that both high-fat or high sucrose diets induce 

anxiety-like behaviours in rodents 
25, 26

. These results demonstrate that the software can 

distinguish between behaviours in healthy control mice and those with moderate 

metabolic disruption. Additionally, heatmaps and traced line tracjetories provide for a 

useful visual profiling that allows for a more nuanced analysis of spatial and locmotive 

patterns.  

Limitations and Future Directions 

A limitation of machine-learning based tracking is that due to its reliance on trained data 

it can only detect a dark coloured object (rodent) against a white background. An 

advantage, however, that the software can be trained to identify different coloured 

rodents in different environments with varying complexities. We also recognise that in 

reporting distance-based locomotion (as opposed to line crossings), direct comparison to 

manual scoring of locomotion is not possible; other investigators may continue to use 

line-crossings as a means to manually validate distance or to automatically validate 

videos from previous experiments where required. The software is also unable to assess 

additional kinematic variables seen in other programs like MouseMove 
11

 such as left 
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and right turn counts, and freeze/idle time. However, as those are kinematic-based 

variables that can be calculated from the tracking data and do not rely on DNN, we did 

not feel that it was necessary to assess in the current study.  In saying that, machine 

learning could be leveraged to aid in the assessment of several kinematic, social, and 

posture based-behavioural parameters that are difficult to accurately program using 

traditional methods. Using machine-learning to assess social behaviours has already 

been investigated by Hong et al.,
8
 who demonstrated the versatility of machine learning 

to assess both traditional and novel behavioural parameters. In regard to the open-field 

test, analysis of assisted rearing (rearing against the box wall) is a variable that could be 

aided by DNN-based predictions and easily validated by the researcher.  

Object identification and tracking in complex environments in conjunction with the 

heatmap and traced trajectory extends the software’s usage outside of any single rodent 

behaviour tests. Machine-learning based tracking can potentially allow for assessment 

of locomotion and spatial positioning in a wide range of testing arenas and experiments, 

such as the elevated plus maze, Y-maze, or tail suspension test, as well as in several 

species such as in spiders and their positioning and web building in response to drugs, 

zebra fish in a novel tank diving test, cells within media, or tracking fungal growth  
27-30

.  

Summary and Conclusions 

Cosevare using YOLOv3 generated accurate and consistent data that was both 

comparable to manual scoring and able to distinguish between behavioural phenotypes 

based off traditional kinematic and spatial variables. The DNN was able to accurately 

identify the mouse within the open-field arena even under conditions where there were 

strong shadows, light reflections, and mouse reflections within the arena. DNN-based 
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object identification was utilised to ensure accurate tracking in our current environment 

as well as in future testing environments without requiring additional software. The 

software also analyses videos in a much shorter time than our current manual scoring 

when using a commercially purchased GPU with further reductions in time possible 

with higher performance GPUs. In conclusion, we found that machine-learning based 

tracking of mice in the open-field arena was successful and more reliable than manual 

scoring and  with significant potential for expansion of tracking in more complex 

environments. Furthermore, due to the DNN being trained on our videos, the shadows 

and strong reflections that limited us from using free software were circumvented.  
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Highlights 

 Freely available machine-learning algorithms were used to create a tracking software 

for rodent behaviour. 

 The software was successful in tracking in the open-field test and determining 

exploratory behaviour.  

 Behavioural differences were observed in a mouse model of obesity.  


