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Behavioural Neuroscience
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Zebrafish in Behavioural Neuroscience




Zebrafish in Behavioural Neuroscience
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Zebrafish Virtual Reality (VR) Setups
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Zebrafish setups lack information in 2D
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Prediction pipeline for 3D locomotion of
free-swimming zebrafish in real-time
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Two 2D positions
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Jocher, Qiu, & Chaurasia [16]

Two 2D positions
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Frequency

Refraction introduces depth error
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Correcting for refraction
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Triangulating current 3D position

Fish Head Trajectory Over Time
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Triangulating current 3D position
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Predicting future 3D positions
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Predicting future 3D positions
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LSTMs (Long short-term memory)
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TCNs (Temporal Convolutional Networks)
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TCNs perform better in accuracy and latency
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TCNs in a VR context

/ \ [ Speed: 120 Hz r
Projector: 70 Hz
- @EE}@ [ Accuracy: <5 mm

Camera: 120 Hz

\ / [ Latency: ~3 ms

19



COCO mAPSL95

sod z

Future Work & Applications

P ultralytics

YOLO

Synced

Camera 1 =

Camera O

Get frame x

1

YOLO inference -

(2D)

—e— YOLO11
YOLOv10
YOLOv9
YOLOv8
YOLOV?
YOLOv6-3.0
YOLOvS
PP-YOLOE+
" DAMO-YOLO
YOLOX
EfficientDet
2 4 é tll 1ID Té 1I4 1I6
Latency T4 TensorRT10 FP16 (ms/img)
Jocher, Qiu, & Chaurasia [16]
Fish Head Trajectory Over Time
0
1000
0 ]
2000
3000 &
=
=
4000
£
©
&
5000
6000
7000

l

Preprocessing

H

Increase accuracy for
free-swimming tasks

Get frame x

|

YOLO inference -
(2D)

|

Preprocessing

Update VR visual feed

Triangulate + transform - (3D)

/ Catching fish by
predicting trajectory

11

Pose input seq

uenes (el) Multi-fish tracking

Pose output seq

AN

uence (out x 3D)

feed

Closed loop

back

20



From predicting zebrafish to predicting
human disease

Lu etal., 2016 [15]
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