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Traditional methods for cell segmentation: Before deep learning becomes popular for image analysis, different techniques have been applied to cell segmentation. However, these methods have demonstrated a low segmentation accuracy and are labour-intensive. For instance, intensity thresholding methods generally fail when noisy images with clumped nucleus are used as the inputs, while marker-based watershed segmentation requires comprehensive handcrafting and precise parameter selection [9, 10]. ACME, a Hessian-based filtering method, is widely used as the baseline [3]. These methods have achieved low accuracy as compared to cutting-edge deep learning-based cell segmentation methods.
Deep learning-based strategies for cell instance segmentation: Deep learning-based approaches present a higher adaptability across different cell morphologies and staining patterns. Table 1 reviews the existing cutting-edge deep learning methods for cell segmentation and the drawbacks of each category of methods. A commonly deployed strategy is to first treat segmentation as a semantic segmentation task, and use deep learning methods to provide pixel-based prediction for cell interiors and edges, and backgrounds [4]. Clustering methods are then applied to generate predicted masks for different cells. We use the “contour-aware approach” to refer to any methods that use this type of segmentation strategy, because accurately classifying all contour pixels of cells is the foundation of instance segmentation in the second step. Convolutional Neural Networks (CNNs) have recently demonstrated state-of-the-art performance in cell semantic segmentation, and cutting-edge methods such as U-Net [5] and DeepCell [6]. Thresholding final probability map yields the final instance segmentation mask. Most commonly used methods in this step are thresholding and watershed [21, 22]. Deep Watershed [9] uses a CNN to learn a distance transform, producing markers for the follow-up watershed process. Conditional Random Field (CRF) can also be used in this step to improve the accuracy of generating the final instance masks [7].
We use the term “object detection-based” to refer to a new cell segmentation strategy. Corresponding to this strategy are methods including Retinanet [10], R-CNN and a series of revised structures [27–29], keypoint bounding box [14], and week annotation [15]. These methods are used to predict bounding boxes for all cells captured in an image, followed by generating a mask for each cell. Among all of these methods, Mask R-CNN achieves the highest accuracy [13], and has been widely applied in various segmentation tasks. [16] improves the general Mask R-CNN model with a weighted loss function for clustered cells, and [15] develops a 3D object detector to mask R-CNN to improve its performance utilizing semi-supervised training. [17] improves the mask generating process by making use of point-of-interest features, and achieves comparable accuracy with mush less time consumption. Some propose a one-stage objection detection model such as FCOS [18], similar to Mask R-CNN but without including the anchor proposal step. [19] proposes CenterMask, by adding a mask branch to FCOS, which can predict a mask for each identified box with a spatial attention map. YOLACT [20] also adopts this one-stage strategy and performs much faster than Mask R-CNN and achieves a dominating accuracy. The main drawback of these models is that they rely heavily on the setting of the number of anchor boxes, whose performance varies on different datasets. Also, they may fail to identify objects poorly approximated with bounding boxes. 
In addition to the two strategies above, some deep learning methods focus on mapping the pixels of instances to a new space, where the pixels of different cells can be easily separated [34, 35]. These methods may not perform cell segmentation as accurate as their object-detection-based counterparts. This may be due to the spatial-invariant nature of the Fully Convolutional Networks [23]. Another method is to directly predict a suitable shape representation (star-convex polygon) for cell nucleus [24]. This approach takes on the assumption that the shape of the cells should be star-convex. A 3D-version of this approach has also been developed [25]. Generative Adversarial Networks (GAN) have been applied to cell segmentation [26], but the training process is highly complex, especially for 3D images. TensorMask introduces the sliding-window paradigm into instance segmentation, which generates bounding-box object predictions over a dense regular grid [27]. Instead of using generated bounding boxes as input, AdaptIS [28] and CondInst [29] perform instance segmentation by adapting themselves to the input point with the dynamic network layers, which produce different masks for different objects of the same image.
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