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Abstract
Background The synapse is the key part where neurons communicate with each other. Synaptic plasticity
plays a vital role in study and memory. Due to the rapid development of electron microscopy (EM)
technology, imaging synapses at nanometer scale possible become possible. However, the automation
and effectiveness of the synapse detection algorithm have not yet been satisfactory. The most
commonly used method is a two-step solution, where �rst binary segmentation masks are obtained and
then reconstruction results are generated by �nding connected components.

Results In this paper, a novel 3D instance segmentation network which can predict the synapses end to
end was proposed. Then, it was also proved that the network can exploit features consistent with the
biological structures of synapses by visualizing the network layer. Furthermore, our method was
evaluated on two public datasets, and experimental results demonstrated the effectiveness of our
proposed method.

Conclusion The proposed method provided a fast and accurate solution to detecting synapses from
serial section EM images. Besides, a block-wise inference strategy which adapts well to large scale EM
images was introduced, and it can also help neuroscientists achieve labor-free analysis and
quanti�cation of synapses.
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Figures

Figure 1

The differences between existing methods (A) and our proposed method (B). In previous methods, �rstly,
binary masks or 2D instances on each layer are predicted, and then the connected components are found
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to generate 3D synapses. Our proposed 3D instance segmentation network directly produces 3D
instances by exploring the 3D feature space.

Figure 2

The architecture of the proposed network. The orange and green blocks represent the feature maps of the
contracting path and the expansive path in the backbone network, respectively. Blue blocks indicate the
feature maps of detectors and mask predictor, while the numbers below the blocks are the shapes of
corresponding feature maps.
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Figure 3

The raw images and synaptic clefts in SEM (A) and SNEMI (B)datasets. Different colors indicate different
synaptic clefts. Scale bar: 1 µm

Figure 4

The overall diagram of block-wise fusion strategy. Firstly, the EM image stack is decomposed into small
blocks with overlaps. Different colors of blocks indicate different cropping direction. Then, the CNN runs
forward to predict 3D synapses for each block. To recover the original scale, the fusion is performed with
three steps, corresponding to three axes, respectively. The order is axis-z, axis-x and axis-y. The arrows
represent merge directions.
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Figure 5

Subvolumes of hand-crafted features de�ned in [12]. The regions exactly correspond to presynaptic, cleft
and postsynaptic of a synapse. Different colors represent different regions which are used to compute
features and related statistics.
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Figure 6

Visualization of our trained netwok on SEM dataset (A) and SNEMI dataset (B). The top row and the
bottom row are the original EM images and corresponding heat maps. Colors indicate the level of network
attention.
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Figure 7

Qualitative comparisons with other methods on consecutive four layers from SEM dataset.
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Figure 8

Qualitative comparisons with other methods on consecutive four layers from SNEMI dataset.


