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 A B S T R A C T

Microscopic magnetic resonance imaging (𝜇MRI) is a versatile, non-invasive imaging modality and a potential 
candidate for studying the internal biomechanics associated with locomotion of small, freely behaving 
invertebrate model organisms. However, conventional 𝜇MRI acquisition is inherently sequential and relatively 
slow, limiting its ability to capture the locomotion and physiological dynamics of insects that occur on much 
faster timescales. In our previous work, we introduced an in situ spherical treadmill setup with integrated 
optical imaging system compatible with an ultra-high-field magnet, enabling motion-compensated imaging of 
tethered active insects. Here, we extend this platform by developing an accelerated 𝜇MRI acquisition scheme for 
dynamic insect biomechanics. As a proof-of-concept, we evaluate the feasibility of optimizing a RARE (fast spin-
echo) sequence for imaging the relatively slow dynamics of a behaving sun beetle (Pachnoda marginata). The 
proposed method uses a dynamic undersampling strategy to accelerate acquisition, combined with retrospective 
view-sharing to partially fill k-space and exploit temporal redundancies. A deep learning module further refines 
the images by correcting the resultant undersampling artifacts. This integrated framework enables correlated 
time-resolved 𝜇MRI and optical imaging of a tethered active insect, broadening the capabilities of non-invasive 
biomechanical studies in small, behaving organisms.
1. Introduction

Investigating freely moving model organisms is fundamental to 
advancing our understanding of the connection between biological 
function and behavior. Dynamic imaging plays a central role in such 
studies, enabling the visualization of motion and body deformation in 
living systems. A range of imaging modalities, including optical [1,2] 
and X-ray techniques [3,4], have been widely employed to capture 
motion across diverse spatial and temporal scales. Alternatively, micro 
magnetic resonance imaging (𝜇MRI) provides a uniquely powerful, 
non-invasive means of probing soft biological tissues, offering high 
contrast and detailed structural and functional information. However, 
the inherently sequential and relatively slow nature of MRI acquisition 
poses substantial challenges for dynamic imaging, particularly when 
capturing the rapid, complex, and irregular motions characteristic of 
freely behaving small organisms.

Recently, we introduced an in situ treadmill setup with an integrated 
MR-compatible optical imaging system [5,6] for motion-compensated 
imaging of a tethered behaving insect. This platform provides an ef-
fective, non-invasive method for visualizing internal structures during 
tethered locomotion in insect-sized model organisms. However, insect 
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locomotion is often highly irregular, making it challenging to apply 
conventional gating-based MRI methods to visualize true body dy-
namics with sufficient spatio-temporal resolution. Fast dynamic MRI 
techniques offer a promising alternative, as demonstrated in various 
preclinical and clinical applications [7,8]. Advances in hardware and 
reconstruction algorithms have enabled dynamic MRI to achieve real-
time imaging of rapid physiological processes, making it increasingly 
valuable for studies requiring both high spatial and temporal resolu-
tion [9–11]. In this study, we investigate the feasibility of accelerating 
dynamic 2D 𝜇MRI within the constraints of a single-coil acquisition in a 
tethered, active insect, with the goal of visualizing the abdominal stride 
patterns associated with locomotion.

Deep learning-based methods have emerged as the state-of-the-
art for accelerated MRI, spanning the full pipeline from acquisition 
to reconstruction [12,13]. A wide range of architectures have been 
proposed, and U-Net [14] derived supervised image-to-image transla-
tion networks continue to serve as strong baselines for undersampled 
reconstruction. The scarcity of training data for both clinical and pre-
clinical MRI remains a significant challenge. This issue is even more 
pronounced in the 𝜇MRI domain, owing to the uniqueness of the animal 
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models or samples employed. In our previous study, we addressed this 
limitation through a transfer learning approach [6] for the case of 
MRI motion artifact correction of tethered active insect. In the present 
work, we extend this methodology to the problem of undersampled MRI 
reconstruction.

The degree of undersampling, and consequently the achievable ac-
celeration in dynamic MRI, is tightly coupled to the desired spatiotem-
poral resolution. Excessive undersampling can degrade reconstruction 
quality, particularly when deep learning is applied only as a post-hoc 
artifact correction step. View-sharing is an MRI interpolation technique 
that reconstructs missing k-space data by exploiting information from 
neighboring acquisitions. It is often integrated with undersampling 
strategies to reduce scan time [15–17], and thereby enhancing the 
apparent temporal resolution for dynamic imaging. This capability has 
proven particularly valuable in dynamic imaging applications, such 
as cardiac and contrast-enhanced studies, where rapid acquisition is 
essential [18,19]. However, aggressive view-sharing can introduce tem-
poral blurring and motion-related artifacts when inconsistencies arise 
with the true underlying dynamics. Integrating compressed sensing 
(CS) reconstruction with view-sharing has been shown to reduce the 
temporal footprint and associated blurring. Restricting view-sharing 
to a small region of k-space, typically the most recent neighboring 
lines and reconstructing the remaining undersampled data with CS 
shortens the effective temporal footprint without compromising image 
quality [20,21]. In the present work, we extend this concept by re-
placing the CS reconstruction with a deep learning module, enabling 
rapid reconstructions with improved image quality. We propose a 
hybrid reconstruction framework that first employs view-sharing to 
coherently augment the undersampled 𝑘-space data, and then applies 
a deep learning module as a postprocessing step to correct remaining 
undersampling artifacts, enhancing the fidelity of dynamic images. 
This approach improves the temporal resolution required for in vivo
𝜇MRI characterization of the abdominal pitching motion in tethered
Pachnoda marginata, while simultaneously enabling correlated, time-
resolved optical imaging, with potential to inform future studies of 
behavior and biomechanics.

2. Methodology

2.1. Experimental setup

We developed an in situ treadmill setup with an integrated optical 
imaging system for motion-compensated 𝜇MRI of an active Pachn-
oda marginata inside a 15.2T ultra-high-field magnet (Bruker Biospin, 
Ettlingen, Germany) [5]. A detailed description of the system’s de-
sign and operation is provided in [5]. The system incorporates a 
3D-printed tethering assembly that stabilizes the insect within the bore 
while maintaining minimal restraint, enabling MRI of actively behaving 
specimens. It is integrated with a commercial 35mm inner-diameter 
quadrature 1𝐻 birdcage RF volume coil (Bruker Biospin, Ettlingen, 
Germany) tuned to 650MHz, as illustrated in Fig.  1(a–c). An MR-
compatible optical imaging system has also been integrated within the 
bore (details available in [5]) to enable correlated imaging of external 
morphological dynamics of the insect during tethered locomotion.

2.2. k-space undersampling and view-sharing

We used single-coil Cartesian undersampling to acquire single-slice 
2D sagittal MRI temporal frames. The k-space was undersampled ac-
cording to the schematic shown in Fig.  2. For each 200 × 200 k-space 
frame, the central 60 phase-encode lines were fully sampled to capture 
low-frequency information, complemented by 20 peripheral phase-
encode lines randomly selected, with each of the 7 consecutive frames 
having a unique peripheral sampling pattern. This variable-density 
random sampling with a fully sampled center favors preservation of 
low-frequency information, such that undersampling artifacts manifest 
2 
primarily as blurring rather than aliasing. A RARE (Rapid Acquisition 
with Relaxation Enhancement) [22] sequence available in Paravision 
360v3 (Bruker BioSpin, Ettlingen, Germany) was modified to support 
acquisition with a custom phase-encoding table for each frame.

Acquisition parameters were: repetition time (TR) = 150ms, echo 
time (TE) = 5ms, RARE factor = 10, field of view (FOV) = 30mm ×
30mm, undersampled matrix size = 80 × 200, in-plane resolution = 
150 μm × 150 μm, slice thickness = 0.7mm, repetitions = 140, no signal 
averaging, acquisition time of 1.2 s per frame, and a total acquisition 
time of 168 s, corresponding to an effective acceleration factor of 𝑅 =
2.5. The sequence parameters and undersampling design were selected 
to favor better spatial resolution and temporal efficiency for depicting 
internal morphology, rather than optimizing for conventional tissue 
contrast. The resulting atypical contrast is adequate for resolving the 
structural features examined in this study.

Retrospective view-sharing was implemented by incorporating pe-
ripheral k-space lines from the two frames preceding and the two 
frames following each target frame (i.e., frames 𝑛 − 2 through 𝑛 + 2) 
to increase the effective data density per frame (Fig.  2(a–c) shows the 
case for 𝑛 − 1 and 𝑛 + 1). The resulting k-space was then processed 
using the discrete fast Fourier transform to produce the reconstructed 
MR images (Fig.  2(d)). The view-sharing reconstruction has been imple-
mented using custom MATLAB (MathWorks, Natick, MA, USA, R2024b) 
scripts. The resulting reconstructions contained undersampling arti-
facts, which were subsequently corrected using a deep learning model 
as a downstream processing step (Fig.  2(e)).

2.3. Deep learning for undersampled MRI artifact correction

2.3.1. Datasets
We used the same ground-truth datasets as in our previous work 

on 𝜇MRI motion artifact removal [6]. Here, they were repurposed to 
generate paired training images for undersampling artifact correction. 
Two fully sampled datasets were used. The first was a publicly available 
T1–weighted adult human brain MRI dataset [23], acquired with a 12-
channel coil and normalized to a single complex-valued image set of 
size 256 × 256, from which a subset of 3750 unique images was used. 
The second consisted of 200 sagittal MRI slices of inactive insects (Fig. 
1(e)), acquired on a 15.2T Bruker system with a 35mm quadrature 1𝐻
birdcage coil using RARE sequence. Imaging parameters were TR = 
500ms, TE = 5ms, matrix size = 256 × 256 pixels, FOV = 30mm ×
30mm, in-plane resolution = 117 μm × 117 μm, slice thickness = 1mm, 
no averaging, RARE factor = 4, and acquisition time of 32 s for a single 
image. All the insect MR image intensities were scaled linearly by a 
factor of 1.5 for better visualization unless stated otherwise.

2.3.2. MRI undersampling simulation
k-space–based simulation was employed to generate undersampled 

MRI data for the model training. Fully sampled brain MRI [23] k-
space slices of size 256 × 256 pixels were used as ground truth. 
Undersampling was applied along the phase-encoding direction us-
ing a variable-density mask: the central 15 k-space lines were fully 
sampled, while the peripheral lines were sampled randomly with vari-
able density, resulting in an overall sampling rate of approximately 
13%–33%.

For the insect dataset, 200 fully sampled MR images of size
256 × 256 pixels served as ground truth. Each image was undersampled 
multiple times using independent undersampling masks, generating 
a total of 500 undersampled–fully sampled image pairs. In each k-
space, the central 24 phase-encode lines were fully sampled, while 
the peripheral lines were undersampled with random variable-density 
pattern, resulting in an overall sampling fraction of 20%–50%. The 
difference in central k-space sampling between the brain and insect 
datasets reflects the SNR and feature content: brain MRI has higher 
SNR and more structural detail, allowing fewer fully sampled lines, 
whereas the 𝜇MRI insect data requires more central lines to preserve 
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Fig. 1. In situ treadmill setup for MRI of a behaving insect. (a) Overview of the treadmill setup inside the 15.2T magnet. (b) 1𝐻 RF volume coil and MR-compatible 
camera inside the bore. (c) Schematic of a tethered active insect on the treadmill inside the coil. (d) Sagittal MRI slice reference position. (e) Sagittal MRI of an 
inactive insect highlighting the brain and alimentary canal.
Source: Adapted from Chenakkara et al. [5].
Fig. 2. Schematic representation of retrospective view-sharing (VS) with deep learning (DL)-corrected reconstruction. (a) Previous k-space. (b) Current k-space.
(c) Next k-space. (d) View-shared MRI. (e) Deep learning-corrected MRI.
essential information. The full pipeline is illustrated in Fig.  3: (a) fully 
sampled magnitude image, (b) corresponding k-space magnitude, (c) 
undersampling mask, (d) undersampled k-space magnitude, and (e) 
zero-filled reconstruction magnitude image.

For the model evaluation, the dataset consisted of a simulated insect 
test set of 150 image pairs, which were retrospectively undersampled 
at effective acceleration factors of 𝑅 = 2×, 3×, and 5×. In all cases, ad-
ditive complex Gaussian noise was added to the fully sampled k-space 
data before undersampling to improve robustness.

2.3.3. Deep learning model architecture and training
We used a transfer learning strategy, following our previous work

[6] (Fig.  3(f) and (g)), where the model was first pretrained on a large 
3 
brain MRI dataset and subsequently fine-tuned end-to-end on a smaller 
insect MRI dataset. The fine-tuning set was a balanced mix containing 
equal contributions from the brain and insect datasets. Let 𝑥 ∈  denote 
an undersampled MRI image with reconstruction artifacts and 𝑦 ∈ 
the corresponding fully sampled reference image; the objective is to 
learn a mapping 𝑓𝜃 ∶  →  such that the output 𝑦̂ = 𝑓𝜃(𝑥) closely 
approximates 𝑦. The deep learning model [6] is first pretrained on 
the brain MRI dataset brain by minimizing the mean squared error 
(MSE) loss pretrain(𝜃) = E(𝑥,𝑦)[‖𝑓𝜃(𝑥) − 𝑦‖22], enabling the network to 
learn general features that reduce undersampling artifacts, primarily 
blurring. The model is then fine-tuned on the mixed dataset fine using 
a combined loss that weights SSIM [24] and MSE at 0.8:0.2, given by 
 (𝜃) = 0.8(1−SSIM(𝑦, 𝑦̂))+0.2‖𝑓 (𝑥)−𝑦‖2, which balances perceptual 
fine 𝜃 2
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Fig. 3. Schematic representation of deep learning for undersampled MRI reconstruction artifact correction. (a) Fully-sampled MRI. (b) Fully-sampled k-space. (c)
Undersampling mask. (d) Undersampled k-space. (e) Zero-filled (ZF) MRI reconstruction. Deep learning training pipeline (f) Pre-training with brain MRI dataset.
(g) Fine-tuning with insect MRI dataset.
quality and pixel-wise accuracy. Model parameters are optimized using 
the Adam optimizer [25], enabling the network to adapt to insect 
MRI characteristics while retaining the representations learned during 
pretraining.

The model [6] is a modified U-Net [14] with an encoder–decoder 
structure and skip connections. The encoder has five hierarchical levels 
with feature channels [16, 32, 64, 128, 256], using 256 × 256 single-
channel input. Each level employs a DoubleConv block (two 3 × 3 
convolutions with batch normalization and ReLU) and 2 × 2 max-
pooling for downsampling. The bottleneck has two 3 × 3 convolutions 
with 512 channels. The decoder upsamples via 2 × 2 transposed con-
volutions, followed by DoubleConv layers, with skip connections from 
the encoder to preserve spatial details. The output is generated through 
a 1 × 1 convolution, producing a single-channel 256 × 256 artifact-
free MR magnitude image. The model is inherently capable of handling 
input sizes different from those it was trained on. Further details 
regarding the model architecture can be found in the Supplementary 
Information of [6].

For pre-training, the model was trained on a brain MRI dataset of 
undersampled and fully sampled image pairs with a 3000/750 training–
validation split. Images were intensity-normalized and augmented via 
rotation and flipping to improve robustness. Training was performed as 
a pixel-wise regression task using MSE loss, a batch size of 12, and the 
Adam optimizer [25] with an initial learning rate of 1×10−4. The model 
used early stopping with a 20-epoch patience (𝛥 = 1 × 10−4), and the 
learning rate was reduced to a final value of 1×10−8 when the validation 
loss stopped improving around epoch 303. The model architecture and 
all the reported hyperparameters were determined empirically through 
experimentation.

For end-to-end fine-tuning, we trained the model on a mixed dataset 
consisting of 500 brain MR image pairs (a subset of the pre-training 
data) and 500 insect MR image pairs, using an 800/200 training–
validation split. All training hyperparameters were kept identical to 
those used during pre-training, except for a reduced learning rate of 
1 × 10−7 and a limit of 15 epochs to avoid overfitting. A combined 
MSE–SSIM loss function (0.2:0.8) was employed to balance pixel-level 
accuracy with perceptual image quality. Model performance was eval-
uated on both simulated and real undersampled images, which is 
provided in Section 3. All experiments were run on a workstation 
equipped with an NVIDIA RTX A5000 GPU (24 GB memory) with CUDA 
support, 256 GB RAM, using the Spyder 5.4.3 IDE, Python 3.9.17, and 
the PyTorch [26] library on Windows 10 (Microsoft, 2019).

2.4. Quantitative image assessment

We evaluated undersampling artifact correction quality of the im-
ages using two quantitative metrics. The Structural Similarity Index 
4 
Measure (SSIM) [24] compares luminance, contrast, and structural 
information between a reference image 𝑥 and a corrected image 𝑦: 

SSIM(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝐶1)(2𝜎𝑥𝑦 + 𝐶2)

(𝜇2
𝑥 + 𝜇2

𝑦 + 𝐶1)(𝜎2𝑥 + 𝜎2𝑦 + 𝐶2)
, (1)

where 𝜇 and 𝜎2 denote mean intensity and variance, 𝜎𝑥𝑦 is the co-
variance, and 𝐶1, 𝐶2 are constants. SSIM ranges from −1 to 1, with 1 
indicating perfect similarity.

As a reference-free measure, Gradient Entropy (GE) captures random-
ness in normalized gradient magnitudes 𝑔𝑖 with probability 𝑝(𝑔𝑖):

GE = −
∑

𝑖
𝑝(𝑔𝑖) log 𝑝(𝑔𝑖), (2)

where lower GE values correspond to sharper, more structured MR 
images [27,28]. All metrics were computed using custom Python scripts 
with OpenCV [29] v4.10.0, scikit-image [30] v0.21.0, and SciPy [31] 
v1.11.1.

2.5. Animal handling

Live adult sun beetles (Pachnoda marginata) were sourced from an 
online pet store (https://thepetfactory.de) and housed in a custom ter-
rarium at room temperature with water and fruits as diet. The protocol 
for animal handling and tethering followed previously described meth-
ods [5,6]. A single beetle was used for the undersampled acquisition, 
initially immobilized by cooling for 15 min, and subsequently placed in 
a ventilated container. For tethering, a drop of UV-cured adhesive (Delo 
Industrial Adhesives GmbH & Co. KG, Windach, Germany) was applied 
to the 3D-printed PLA tether, which is then positioned on the beetle’s 
dorsal scutellum. The adhesive was cured under a UV lamp for 10 s, 
after which the tethered insect was placed on the treadmill inside the 
RF volume coil for the MRI acquisition. After experiments, the tether 
was removed with a cotton swab soaked in warm water, and the beetle 
was euthanized after the study.

3. Results

3.1. Deep learning for undersampled MRI

3.1.1. Model evaluation on simulated data
We evaluated the fine-tuned model on a set of 150 simulated under-

sampled insect MR images across different acceleration factors (2×, 3×, 
and 5×), using structural similarity index (SSIM) and gradient entropy 
(GE) as quantitative metrics. The ground truth k-space was retrospec-
tively undersampled following the strategy described in Section 2.3.2. 
Zero-filled (ZF) reconstructions for the acceleration factors are shown in 

https://thepetfactory.de
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Table 1
Gradient entropy (GE) and structural similarity index (SSIM) for zero-filled (ZF) and deep learning (DL)–corrected 
reconstructions of the simulated dataset at different acceleration factors (mean ± SD, 𝑛 = 150).
 Acceleration GE SSIM

 ZF DL ZF DL  
 2× 3.230 ± 0.051 2.154 ± 0.086 0.6461 ± 0.0709 0.7585 ± 0.0707 
 3× 3.453 ± 0.070 2.191 ± 0.095 0.5846 ± 0.0808 0.7447 ± 0.0699 
 5× 3.594 ± 0.087 2.284 ± 0.110 0.5361 ± 0.0853 0.7184 ± 0.0802 
Fig.  4(a–c), and their corresponding deep learning (DL) corrections are 
shown in Fig.  4(e–g). The fully sampled ground truth image is shown 
in Fig.  4(d). The quantitative image quality metrics are summarized 
in Table  1 and visualized as bar graphs in Fig.  4(h) and (i). The vari-
able density undersampling predominantly introduces blurring, which 
is mitigated by DL correction across all tested acceleration factors. 
However, higher acceleration factors result in progressively smoother 
reconstructions, likely due to over-regularization by the network, as 
expected for single-coil acquisitions. Based on these observations, an 
acceleration factor of 2.5× was selected for the experimental acquisition 
in the subsequent sections.

3.2. Dynamic MRI: view-sharing with deep learning correction

The pipeline begins with undersampled k-space acquisition of a 2D 
slice (position reference Fig.  1(d)) across 140 repetitions, generating 
dynamic frames with an effective acquisition time of 1.2 s per frame, 
as described in Section 2.2. The k-space magnitude for a sample frame 
is shown in Fig.  5(a). The zero-filled (ZF) reconstruction of this frame 
is shown in Fig.  5(b), and the deep learning (DL)-corrected ZF recon-
struction is shown in Fig.  5(c). For comparison, the view-shared (VS) 
k-space magnitude of the same frame is shown in Fig.  5(f), followed by 
its ZF reconstruction in Fig.  5(g) and the corresponding DL-corrected 
VS reconstruction in Fig.  5(h). The image-time profiles corresponding 
to the 140 frames for each of the above cases (i.e., Fig.  5(b), (c), (g), and 
(h)) are shown in Fig.  5(d), (e), (i), and (j), respectively. Dynamic 2D 
RARE images were acquired with a repetition time of 150ms. The short 
TR prevents full recovery of longitudinal magnetization between exci-
tations, resulting in frame-to-frame intensity fluctuations, as observed 
in Fig.  5(d) and (e). The temporal smoothening of the view-sharing step 
reduces the intensity oscillations (see Fig.  5(i)), while the subsequent 
DL-correction sharpens the final images, as evident in Fig.  5(j).

As ground-truth dynamic images are not available, we evaluate 
reconstruction quality using the gradient entropy (GE) metric, which 
is a reference-free measure. Lower GE values indicate better MR image 
quality. The GE values for the sample frames are provided directly 
in the figures. As expected, the VS reconstruction exhibits lower GE 
than the ZF reconstruction, and the DL correction further reduces GE 
for both cases. Although the added peripheral k-space lines improve 
spatial resolution, their lower signal-to-noise ratio (SNR) introduces 
additional noise into the reconstruction. The DL model effectively sup-
presses this noise while preserving the resolution gain. Fig.  5(k) shows 
the GE distribution, computed using kernel density estimation (KDE), 
for ZF reconstructions and their DL-corrected counterparts, where DL 
correction reduces GE from 3.384 ± 0.214 to 2.421 ± 0.199. Similarly,
Fig.  5(l) shows the GE distribution for VS reconstructions before and 
after DL correction, with GE improving from 3.221 ± 0.092 to 2.228 ±
0.055. Notably, VS reconstructions exhibit lower GE than ZF even prior 
to DL correction, and the combination of VS and DL correction yields 
the lowest GE overall, demonstrating improved image quality.

3.2.1. Correlated dynamic 𝜇MRI and optical imaging
The integrated MR-compatible camera provides real-time optical 

images of external morphology, temporally synchronized with DL-
corrected dynamic 𝜇MRI frames depicting internal anatomy
(see Fig.  6). Dynamic MRI acquisition parameters are provided in 
Section 2.2. Image–time profiles along a selected line are shown for 
5 
both modalities in Fig.  6(a) and (b). Representative frames illustrat-
ing different stride phases of the insect’s abdominal pitching during 
tethered locomotion, with corresponding frame indices (𝑛 = 140) and 
times relative to the first displayed frame, are shown in Fig.  6(c) and 
(d). The final correlated video is provided as supplementary material. 
In tethered insect locomotion, behavioral variability reflects natural 
differences in movement patterns, even under controlled experimental 
conditions. As a result, gross abdominal motion occurs intermittently, 
while internal organ movement dominates the dynamic sequence. 
Observed instances of gross abdominal motion are indicated in Fig.  6(a) 
and (b).

4. Discussion and conclusion

We have demonstrated that 𝜇MRI can resolve distinct abdominal 
pitching dynamics in a live, tethered insect. The internal morpho-
logical dynamics revealed by MRI can be directly correlated with 
external morphological movements captured through the integrated 
optical imaging system. This multimodal approach opens the possibility 
for non-invasive, simultaneous visualization of internal and external ab-
dominal kinematics during locomotion, providing insights inaccessible 
to conventional optical methods alone.

Dynamic and real-time MRI is typically performed using gradient-
echo (GRE) or echo-planar imaging (EPI)–based sequences, often com-
bined with advanced non-Cartesian trajectories. In the present study, 
however, we employed a RARE (Fast Spin-Echo) sequence to over-
come the low SNR and severe susceptibility artifacts introduced by the 
beetle’s dense chitinous exoskeleton and internal air pockets, which 
are limitations commonly encountered in many invertebrate models 
at high-field 𝜇MRI [32,33]. The spin-echo refocusing train in RARE 
provides intrinsically high SNR and robust suppression of signal loss 
and geometric distortion arising from steep susceptibility gradients at 
exoskeleton–tissue interfaces, whereas GRE-based non-Cartesian meth-
ods such as spiral and radial imaging are generally more prone to 
𝑇 ∗
2 -related dephasing and off-resonance blurring or distortion under 
these conditions. Exploring optimized non-Cartesian approaches and 
compensation techniques to improve robustness in this setting will be 
an important direction for future work.

View-sharing was incorporated as a preprocessing step to enhance 
the apparent information content of the undersampled k-space, thereby 
improving the subsequent deep learning correction and the effective 
temporal fidelity of the reconstructed dynamic images. In the present 
study, the motion model evolves slowly enough that minor view-
sharing artifacts can be neglected, and the deep learning model focuses 
solely on mitigating undersampling artifacts. While aggressive view-
sharing may lead to temporal blurring, explicitly modeling it within the 
deep learning framework can further improve artifact correction and 
the fidelity of the reconstructed images. In principle, end-to-end deep 
learning-based MRI reconstruction models are capable of implicitly 
learning temporal correlations present in dynamic data to enhance tem-
poral resolution. However, this requires large, representative datasets, 
which are difficult to obtain for non-rigid, irregular or unpredictable 
motion, such as our case of tethered insect locomotion. View-sharing 
offers a classical, motion-agnostic strategy to fill missing k-space lines 
using information from neighboring frames, supplying the network 
with an improved initial estimate, and reducing the temporal footprint. 
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Fig. 4. Deep learning-based correction of undersampling artifacts for the simulated dataset (𝑛 = 150). (a–c) Zero-filled (ZF) reconstructions at 2×, 3×, and 5×
acceleration, respectively. (d) Fully sampled ground truth image. (e–g) Corresponding deep learning (DL)–corrected reconstructions for 2×, 3×, and 5× acceleration.
(h) Mean gradient entropy (GE) across acceleration factors. (i) Mean structural similarity index (SSIM) across acceleration factors.
Importantly, this method is not restricted to RARE sequences and can 
be applied to other imaging protocols with minimal adjustment.

The proposed methodology is not intended to achieve state-of-the-
art high-speed dynamic MRI performance, and the resulting temporal 
resolution of 1.2 s per frame at 2.5× acceleration is therefore not directly 
comparable to advanced clinical research protocols, which benefit from 
larger voxels and parallel coil arrays. The significantly smaller voxel 
volume of the insect 𝜇MRI limits the SNR even at the ultra-high 
field of 15.2T, and consequently the attainable acceleration rate. As a 
6 
result, the proof-of-concept demonstrated here is suited to imaging the 
relatively slow abdominal dynamics of the Pachnoda marginata, which 
may not hold for a smaller, faster model organism such as Drosophila 
melanogaster. To address such cases, future work could explore strate-
gies for achieving better temporal resolution, drawing on methods 
established in preclinical and clinical dynamic MRI to accommodate 
rapid and complex motion [8,9]. In particular, incorporating custom 
parallel coil arrays for 𝜇MRI could potentially allow higher acceleration 
factors, similar to those achievable in clinical systems.
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Fig. 5. Deep learning (DL)-based correction of undersampling artifacts following view-shared (VS) reconstruction (𝑛 = 140 dynamic MR images). (a) Undersampled 
k-space. (b) Zero-filled (ZF) reconstruction. (c) DL-corrected ZF reconstruction. (d) Image-time profile along the blue line in (b) for ZF reconstruction. (e)
Corresponding image-time profile for the DL-corrected reconstruction. (f) VS k-space. (g) VS reconstruction. (h) DL-corrected VS reconstruction. (i) Image–time 
profile for the VS reconstruction. (j) Corresponding image-time profile for the DL-corrected VS reconstruction. (k) Gradient-entropy (GE) distribution comparing 
ZF and DL-corrected reconstructions. (l) GE distribution comparing VS and DL-corrected reconstructions.
Overall, our findings demonstrate the feasibility of dynamic in vivo
𝜇MRI for visualizing internal morphology across dynamic poses in teth-
ered insects, establishing a technical foundation for future non-invasive 
studies of biomechanics and motor control in small invertebrate mod-
els. These results highlight the unique potential of 𝜇MRI as a powerful 
tool for advancing our understanding of insect locomotion and pro-
vide insights that could inform broader research in biomechanics, 
neuroethology, and bio-inspired robotics.
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Fig. 6. Dynamic in vivo correlated 𝜇MRI and optical imaging of the in situ behaving insect. (a) Image–time profile extracted from the dynamic optical image 
sequence (𝑛 = 140). (b) Image–time profile extracted from the dynamic 𝜇MRI sequence (𝑛 = 140). Representative dynamic frames illustrating different stride 
phases of the insect’s abdominal pitching during tethered locomotion, with corresponding frame indices and times (relative to the first displayed frame): (c)
Optical image frames. (d) 𝜇MRI frames (green line: reference position).
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