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Abstract


To study the fish behavioral response to up- and downstream fish passage structures, live-fish tests are conducted in large flumes in various laboratories around the world. The use of multiple fisheye cameras to cover the full width and length of a flume, low color contrast between fish and flume bottom and non-uniform illumination leading to fish shadows, air bubbles wrongly identified as fish as well as fish being partially hidden behind each other are the main challenges for video-based fish tracking. This study improves an existing open-source fish tracking code to better address these issues by using a modified Mask Regional-Convolutional Neural Network (Mask R-CNN) as a tracking method. The developed workflow, FishSeg, consists of four parts: (1) stereo camera calibration, (2) background subtraction, (3) multi-fish tracking using Mask R-CNN, and (4) 3D conversion to flume coordinates. The Mask R-CNN model was trained and validated with datasets manually annotated from background subtracted videos from the live-fish tests. Brown trout and European eel were selected as target fish species to evaluate the performance of FishSeg with different types of body shapes and sizes. Comparison with the previous method illustrates that the tracks generated by FishSeg are about three times more continuous with higher accuracy. Furthermore, the code runs more stable since fish shadows and air bubbles are not misidentified as fish. The trout and eel models produced from FishSeg have mean Average Precisions (mAPs) of 0.837 and 0.876, respectively. Comparisons of mAPs with other R-CNN-based models show the reliability of FishSeg with a small training dataset. FishSeg is a ready-to-use open-source code for tracking any fish species with similar body shapes as trout and eel, and further fish shapes can be added with moderate effort. The generated fish tracks allow researchers to analyze the fish behavior in detail, even in large experimental facilities.
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1. Introduction


Understanding the fish behavior is crucial for designing effective up- and downstream fish passage facilities. Thus, live-fish tests in large ethohydraulic flumes with various types of fish passage structures have been conducted under different hydraulic conditions to correlate fish behavior with hydraulic conditions, evaluate the passage efficiency, and optimize their design [1,2,3,4]. Laboratory tests assessing fish behavior often rely on observations and manual video assessments [5]. The main drawbacks of these two techniques include long-time demand for data processing and low time-space resolution, which provide only a qualitative description of the fish swimming path. Valuable fish behavioral information, such as time spent in characterized hydraulic regions, swimming velocities and accelerations of fish, as well as rheotaxis responses of fish to different hydraulic parameters such as flow velocity, velocity gradients, and turbulence kinetic energy, are lost without exact fish tracks.



Automatic fish tracking has thus been developed to reduce the reliance on human labor and provide high-resolution quantitative data on fish swimming trajectories. Among the available automatic tracking software, EthoVision XT (https://www.noldus.com/ethovision-xt (accessed on 23 August 2023)), developed by Noldus, is the most widely applied commercial video tracking software that tracks and analyzes the behavior, movement, and activity of any animal [6]. Combined with Track 3D (Noldus, Wageningen, The Netherlands), EthoVision XT can determine 3D fish paths with multiple top-view and side-view cameras and thus is applicable for large etho-hydraulic flumes [7]. However, the code of the software is proprietary, which means the extension of the application range of the software relies on the developer and can be costly and limited.



Alternatively, software using deep learning, such as DeepLabCut, DeepPoseKit, LEAP, SLEAP, idTracker, and TRex, have been developed by researchers and are available as open source [8,9,10,11,12,13]. However, these software programs were mainly developed for the purpose of animal behavior research with mice and zebrafish, which aim at analyzing behavioral patterns of animals in a very small area via their pose estimations. In such cases, a fisheye camera is rarely adopted for video recording since it is more applicable in large-scale scenes with its 185° viewing angles. Correspondingly, these deep-learning-based software programs are also not designed to deal with the camera distortion problem specific to fisheye-camera-recorded videos and, thus, may not be suitable or require modifications for 3D fish tracking in large flumes equipped with several fisheye cameras of overlapping views.



To enable fish tracking for fish passage facilities, Ref. [14] used 28 fisheye cameras to obtain fish trajectories using computer vision and artificial neural networks. Their system was limited by the lack of tracking information on the z-axis to reflect the hydrodynamic influence of the third dimension, although a high potential for the development of a 3D fish tracking system was indicated. To support research on biological and biomimetic systems, Ref. [15] comprehensively developed a software technique called DLTdv8 for two- and three-dimensional kinematic measurements. Using the method of direct linear transformation (DLT), DLTdv8 could be easily applied for stereo video systems aiming at one specific scene. For 3D tracks from multiple scene series (e.g., long flume with several cameras for complete monitoring), DLTdv8 may not provide satisfying track matchings or need time-consuming post-processing to combine the tracks from multi-cameras. To acquire knowledge about how fish swim in three dimensions, a few studies obtained 3D fish tracks from experimental videometry under laboratory conditions [16] and in the field [17]. However, these 3D tracks were limited to edge lengths on a centimeter scale by applying a complex stereo camera setup. Generally, such experimental setups are not able to record 3D fish tracks in a large flume with poor contrast between fish and background, which is a great limitation for investigating fish behavior near fish passage structures which have to be modeled at 1:1 Froude scale and require large flumes as fish cannot be scaled down.



Live-fish tests with various configurations of fishway elements were conducted at BAW (German Federal Waterways Engineering and Research Institute, Karlsruhe), where upstream fish passage was studied. In the project at BAW, a 3D tracking system was developed to obtain 3D fish tracks on a large scale using five side-view fisheye cameras [18]. However, the associated tracking software could only obtain unambiguous 3D tracking in about 50–70% of the flow volume. Based on the fish-tracking system used at BAW [18], a more stable fish-tracking system with an optimized tracking performance was developed by [19] for the etho-hydraulic tests of various fish guidance structures at VAW of ETH Zurich, where the behavior of downstream moving fish and guiding efficiency of the structures was investigated [3,4,20]. Compared to the first version of the 3D tracking code, the improved fish tracking system at VAW can be widely applied to analyze fish motion for both upstream and downstream fish passage research and other types of fish behavior studies, such as hydropeaking, thermo-peaking, or block ramps. However, the improved tracking system of [19] does not provide satisfying tracking results for the following cases: (1) low color contrast between targeted fish and flume bottom, (2) two fish interact with each other, which can cause occlusions, (3) fish shadows, (4) mirrored fish on a glass window, (5) fish tracks observed in only one camera or more than two cameras. The code sometimes crashes when air bubbles in the flow are misidentified as fish. Among the three main parts in the tracking system of [19] (i.e., camera calibration, fish tracking, and flume coordinate conversion), fish recognition and continuous tracking are considered the crucial parts that decide the final tracking quality and thus need further improvement.



To conduct fish tracking in more complex backgrounds (e.g., low color-contrast), methods based on Regional Convolutional Neural Network (R-CNN), i.e., Fast R-CNN, Faster R-CNN, Mask R-CNN have been developed [21,22,23,24]. For instance, Ref. [25] successfully applied Fast R-CNN for detecting and recognizing fish species using the training and test video datasets from LifeCLEF Fish Task 2014 (sub-task 1) [26], while [27] used Faster R-CNN to track fish, which further reduced training and test time compared to previous Fast R-CNN method. As the state-of-the-art method of the R-CNN family, Mask R-CNN has also been implemented in building fish tracking models with its powerful functions, for instance, segmentation [28,29]. Ref. [20] pre-trained Mask R-CNN based on ImageNet and conducted tracking tasks for luderick (Girella tricuspidata). In addition, Ref. [30] trained Mask R-CNN on the Roman seabream dataset (Chrysoblephus laticeps) and achieved good performance in fish tracking. In contrast with the motion-based multiple objects tracking method employed by [19], Mask R-CNN can track more than one fish and multiple fish species, as well as distinguish fish pairs with occlusions. Thus, Mask R-CNN is selected as the core method for improving the tracking performance of Detert’s code in this study.



With Mask R-CNN as the tracking core, this study reports an improved, well-documented, and open-source 3D fish tracking system (FishSeg) to deal with 3D fish tracking in large etho-hydraulic flumes with multiple fisheye cameras. FishSeg consists of four parts: (1) stereo camera calibration, (2) background subtraction, (3) multi-fish tracking (the core of FishSeg), and (4) 3D flume coordinates conversion. Compared to [19], the “Camera Calibration” part remains unchanged. “Background Subtraction” and “Multi-fish Tracking” were improved, while the “3D Conversion” was adapted based on the new 2D tracking results. The source code of FishSeg and its guidelines can be found in [31].




2. Fish Videos


To mitigate the negative effects of hydropower plants on fish passage, VAW of ETH Zurich has conducted research on downstream fish protection and guidance racks for more than 10 years with various fish species, including barbel (Barbus barbus), spirlin (Alburnoides bipunctatus), nase (Chondrostoma nasus), European eel (Anguilla anguilla), brown trout (Salmo trutta), chub (Squalius cephalus) and salmon (Salmo salar). Video recordings of the live fish tests performed in [2,4] were selected and used in this study. The detailed setup and procedure of the live fish tests have been described in [2,4], while only the characteristics relevant to the video tracking are described here. The setup consisted of a 30 m long, 1.5 m wide, and 1.4 m deep flume with a water depth of 0.9 m (Figure 1). Six halogen lamps (1000 W) were positioned on the right flume side directed at a white linen sheet hanging over the flume for uniform illumination. Five top-view cameras were placed at a distance of 1.3 m to 1.5 m from each other to ensure sufficient overlaps of the field of view (Figure 1a). The section of the flume covered by the cameras had a length of up to 8 m and a width of 1.5 m. The waterproof casing of the cameras was submerged by 5 cm to reduce air entrainment and bubbles. Each camera of type acA2040-35gm (Basler) with a maximal resolution of 2048 × 1536 px2 was equipped with a 185° fisheye lens of type FE185C086HA-1 (Fujifilm) and waterproofed with IP67-enclosures Orca S (autoVimation) (Figure 1b). The cameras were set to record 20 frames per second.



During experiments, three fish of the same species were placed in the flume at a time, which needed to be distinguished by the tracking code. Of the tested fish species, trout, spirlin, barbel, salmon, chub, and nase have similar body shapes and color contrast to the flume bottom and are, therefore, very similar from the point of view of a fish tracking algorithm. Eels are much larger in length and have different body shapes, i.e., slender and elongated. Brown trout were chosen as representative of the classical “fish shape”, while European eels need a differently trained dataset. Both were used to evaluate the difference between the tracking code of [19] and FishSeg. The total lengths (TL) of the tested trout and eel were 11.57 ± 2.71 cm and 71.73 ± 4.32 cm, respectively.




3. 3D Fish Tracking


The workflow indicating how the four parts of FishSeg interact with each other is illustrated in Figure 2. The detailed development process of the four parts is described in the following subsections.



3.1. Stereo Camera Calibration


The fisheye cameras were calibrated following the procedure described in [19] on a set of videos with a checkerboard moving slowly through the entire volume of the flume. Generally, the calibration contained three main steps: (1) finding the intrinsic parameters for each fisheye-distorted camera, (2) calibrating the intrinsic and local extrinsic parameters of the stereo camera system based on the overlapping views of camera pairs, and (3) performing a rigid transformation of all camera pairs to the global flume coordinate system.



To be more specific, for step (1), image frames with a checkerboard (square sizes of 39.9 mm) at different angles and distances were automatically preselected from the calibration video series. The crossing points on the checkerboard were detected from the preselected video frames with the checkerboard edges enhanced with fast local Laplacian filters. In the meantime, the preselected video frames were undistorted by applying the fisheye-lens model of [32]. In the next step, a standard frame camera model from Matlab (https://ww2.mathworks.cn/help/vision/camera-calibration.html (accesssed on 23 August 2023)) was applied to the undistorted frames to estimate the intrinsic and extrinsic parameters for the stereo calibration. Finally, with 43 fixed reference points at the flume bottom, the point coordinates were manually digitized on the static images from camera pairs. Based on the point pairs, each camera coordinate system was shifted and rotated by a rigid transformation to a global flume coordinate system. As a result, fish tracks in pixel coordinates on distorted video frames can be converted to Cartesian real-world coordinates.




3.2. Background Subtraction


Two main problems that affected the tracking quality of Detert’s code were the detection of low-color-contrast fish and the interference of fish shadows [19]. To present an impression of our video quality, two frames collected from the experimental videos for trout and eel tests are displayed in Figure 3. For such videos, Ref. [19] computed the median background from 100 frames equally selected from the entire video sequence and converted each filtered image into a binary image. By comparison between the tracked image and the background image at an absolute difference of <8-pixel intensities, the moving objects could be separated from the background image. However, the subtraction results were not satisfying due to two reasons [19]. Firstly, the body color and size of fish could change when fish swam around at different vertical depths. Secondly, the illumination conditions changed rapidly with surges of air bubbles or light reflections. Thus, the traditional background subtraction method with a fixed threshold for pixel intensities could not meet the requirements under such complicated experimental conditions.



After a review of the state-of-the-art background subtraction methods, BackgroundSubtractorMOG2 from the OpenCV Library was selected, which was easy to use and suitable for the present case. The MOG2 is a Gaussian Mixture-based Background/Foreground Segmentation Algorithm [33,34]. Compared to the former algorithm MOG, MOG2 has an added feature of selecting the appropriate number of Gaussian distributions for each pixel rather than taking a K Gaussian distribution throughout the algorithm. Thus, this feature provides better adaptability to scenes with illumination changes and object shadows, which are useful for the present study.



By implementing the MOG2, each frame from the experimental video was first converted into a binary image with foreground masks in a new “pre-processed” video rather than directly fed into the tracking algorithm as the traditional subtraction does. Note that the size of the pre-processed video was much smaller than the original video, and the converting process was faster. Two additional functions were added to the new background subtraction method. First, the start time could be specified to start tracking only at the timestep in the video when fish were present, which was manually noted during the experiments. Second, the frequency of frame selection could be set to reduce the pre-processed frames. For instance, if the frequency was set as 5, the algorithm only processed one frame from every five frames. This function is useful if long videos or short videos with a high frame rate are treated with no high requirements for tracking accuracy. Both functions reduce the tracking time in the next step.




3.3. Automated Fish Detection and Tracking


3.3.1. FishSeg Architecture


Compared to the previously developed tracking code by [19], automated fish segmentation and tracking are the major improved parts of FishSeg, which are based on the Mask R-CNN architecture (see Figure 4). The architecture contains a two-stage framework: the first stage scans the image and generates proposals (areas likely to contain an object); the second stage classifies the proposals and generates bounding boxes and masks. Herein, the ResNet101 and the Feature Pyramid Network (FPN) as the basis of convolutional backbone architecture are implemented. A brief description of each following step is given below:




	
The frame is passed through a convolutional network;



	
The output of the first Conv Nets is fed to the Region Proposal Network (RPN), which creates different anchor boxes (Regions Of Interest, ROI) for any detected objects;



	
The anchor boxes are passed through to the ROI Align stage, which converts ROIs into the same size required for further processing;



	
The outputs of the normalized ROIs are sent to fully connected layers, which classify the object in the specific region and locate the position of the bounding box;



	
The outputs from the ROI Align stage are parallelly sent to Conv Nets in order to generate a mask of the object pixels.








The network is trained using Stochastic Gradient Descent (SGD) to minimize a multi-task loss of each ROI (see Equation (1)):


L = Lrpn-class + Lrpn-bbox + Lmrcnn-class + Lmrcnn-bbox + Lmrcnn-mask



(1)




where L is the total loss of the network, Lrpn-class is the loss assigned to improper classification of anchor boxes by RPN, Lrpn-bbox corresponds to the localization accuracy of the RPN, Lmrcnn-class is the loss assigned to improper classification of objects present in the region proposal, Lmrcnn-bbox is the loss assigned on the localization of the bounding box of the identified class, and Lmrcnn-mask denotes masks created on the identified objects. Note that the learning curves of each loss can be used to diagnose the model performance.



Intersection over Union (IoU) and mean Average Precision (mAP) are widely used metrics used to evaluate the object detection performance of Mask R-CNN models. IoU is defined as the area where the prediction overlaps with the ground box (Intersection) divided by the total area covered by both the prediction and ground box (Union). An IoU score larger than 0.5 indicates that more than half of the predicted box overlaps with the ground box. In Mask R-CNN, the default IoU threshold is set as 0.5 to determine good mask predictions [35]. In contrast, the mean Average Precision (mAP) is defined by the relationship between Precision (P) and Recall (R), which quantifies the model performance of obtaining the right segmentation masks [36]. Precision is the proportion of correctly predicted targets in the positive class (scores above the IoU threshold), while Recall is the proportion of correctly predicted targets in all predicted targets. Values of P, R, and mAP can be calculated from Equations (2)–(4):


  P r e c i s i o n   P   =   T r u e P o s i t i v e ( T P )   T r u e P o s i t i v e   T P   + F a l s e P o s i t i v e ( F P )    



(2)






  R e c a l l   R   =   T r u e P o s i t i v e ( T P )   T r u e P o s i t i v e   T P   + F a l s e N e g a t i v e ( F N )    



(3)






   m A P =   ∫  0   1    P ( R ) d R      



(4)







In practice, a correctly predicted target (True Positive—TP) is obtained only when the IoU is scored above 0.5. The mAP score is generally calculated as the mean of the Average Precision (AP) scores among all images evaluated.




3.3.2. Application of FishSeg in Fish Tracking


Both training and validation datasets used in this study were annotated from fisheye-distorted video clips where the target fish were present in the camera shooting range. All videos had a resolution of 2048 × 1536 px2 and a frame rate of 20 fps. The Python package TrackUtil, developed by [37], was applied to make annotations for videos. TrackUtil also supported the simultaneous play of multiple videos, which was quite useful for making datasets from stereo video streams. Annotations were stored in HDF5 format, which allowed for flexible data storage of both annotation metrics and annotated images. In addition, the annotated images could undergo image augmentation, including horizontal and vertical flips, as well as changes in image brightness, contrast, saturation, and hue. The pre-trained weight trained on the MS COCO dataset [38] was used as the initial weight, and thus, transfer learning could be performed with small datasets for good mask predictions.



After loading the datasets into the model, the hyper-parameters were fine-tuned for stable model performance. The process of finding the optimal hyper-parameters is displayed in Figure 5, which includes the hyper-parameters specific to FishSeg, such as Train_ROIs_Per_image, Max_GT_Instances, and Detection_Min_Confidence. All the hyper-parameters are important for the training speed and accuracy of the model, with the learning rate, learning momentum, and weight decay being crucial for model performance since they determine whether the optimal solution is found or not. The environment information for the model training is provided in Table S1.



The number of images and annotations included in each dataset for trout and eel models is listed in Table 1, with two annotated image samples for trout and eel displayed in Figure 6a,c, respectively. To ensure the validity of image samples, the number of fish in each image was 1, 2, or 3 since only three fish were released from the starting compartment for each test.



For each combination of hyper-parameter setups, the model performance can be compared in three ways. First, evaluation through mAP for validation datasets, which were 0.837 and 0.876 for trout and eel models, respectively, in the present study. The second way is to check the training results by visualizing the performance on part of the validation dataset. For instance, visualizations of validation images are shown in Figure 6, with Figure 6a,b for trout images and Figure 6c,d for eel images. For each set of images, the left image is annotated from pre-processed video clips, while the right one is from the mask prediction made using FishSeg. Each prediction is marked with a score ranging from 0 to 1, with 1 denoting the best prediction result. Finally, the model performance is evaluated from training and validation losses automatically generated in the log file. The training curve gives an idea of how well the model is learning, while the validation curve indicates how well the model is generalizing. Good-fit learning curves can be identified from two features. On the one hand, both training and validation losses decrease to a point of stability. In addition, the validation curve has a small gap with the training curve. In this study, a 5-point moving average was used to smooth both learning curves for clearer trends. Following the above rules for diagnosing the model performance, the final fine-tuned hyper-parameters for the improved FishSeg model for trout and eel are listed in Table S2, in contrast with the default setups in Mask R-CNN. Note that the loss weights of mrcnn_bbox_class and mrcnn_mask_loss were reduced for both trout and eel models since precise localization (denoted by mrcnn_bbox_class) and identification of target fish at the pixel level (denoted by mrcnn_mask_loss) were not the top priorities for fish tracking in FishSeg. With the optimal hyper-parameter setup listed in Table S2, learning curves for trout and eel models are shown in Figure 7. Large fluctuations in the total loss (top left) were common for mini-batch training data and did not indicate an overfit to a small dataset. Furthermore, trends of the five sub-losses for both models followed the two criteria diagnosing good-fit curves, which proved that both trout and eel models achieved good performances in a relatively short time (both at 60 epochs).



After the training process was completed, the FishSeg model was saved and directly applied to the fish tracking process. During the tracking process, the model conducted mask predictions for every frame of the pre-processed videos and saved them into HDF5 format files. Further work was required to convert masks to tracks and associate individual tracks across frames.




3.3.3. Converting Masks to Tracks


Based on the works of [37], the “mask2tracks” script was implemented in the “Multi-fish Tracking” part of the FishSeg workflow to convert the mask predictions into tracks of multiple fish. The script consisted of three main functions, which were centroid calculation, track assignment, and batch processing support. During the conversion process, the centroids of mask predictions were first calculated from mask location metrics. Then, the Euclidean distances among fish centroids were calculated and fed into the function of “linear_sum_assignment”, which returned the optimal assignment of fish identities based on a modified Jonker-Volgenant algorithm with no initialization [39]. Thus, individual tracks per frame could be converted into track sequences, with each sequence being assigned a unique identity.





3.4. Conversion into 3D Flume Coordinates


The basic principle of converting 2D tracks from overlapping camera views to 3D flume coordinates in FishSeg is the same as that of [19]. First, tracks in each camera were undistorted using the intrinsic and extrinsic camera parameters obtained from the calibration procedure. Second, the assignment of synchronous track pairs from overlapping camera views was conducted with the nearest-neighbor criterion [40]. Finally, the epipolar geometry for each camera was applied to synchronous tracks, which transferred the 2D tracks into a 3D metric space [41]. Instead of undistorting each image frame before the tracking, 2D tracks were found first, followed by the calibration procedure to optimize the computation time.



Following the same principle, two major improvements were made in the 3D conversion part of FishSeg for better performance. Specifically, with the fish tracks obtained from FishSeg, the redundant part dealing with misidentifications from the original code was removed, which reduced the processing time for 3D conversion. In addition, FishSeg can delete very short tracks, which were usually misidentifications caused by air bubbles or light reflections. The threshold to determine the misidentified short tracks can be adjusted manually based on the actual tracking results.





4. Results


Both the tracking codes of [19] and FishSeg were applied to obtain 3D tracks for the selected trout and eel experiments. To reduce tracking time for FishSeg, the frequency for frame selection was set to 2, which meant the lengths of processed videos were only half as long as that of the original video.



The top view of trout tracks is presented in Figure 8, with black dots separately tracked from five cameras and colored dots indicating the merged fish tracks. As displayed in Figure 8, trout tended to swim interactively, especially near the fish guidance rack and bypass, which could lead to misidentification of fish IDs with overlapping or occlusions. A comparison of Figure 8a,b shows that trout tracks obtained from FishSeg were more connected and continuous compared to those obtained with Detert’s code [19]. Specifically, in Figure 8a, tracks from x = 4 m to x = 6.5 m are highly discontinuous, indicating that fish were not tracked at all or filtered out in this range. This could result from the low color contrast between fish and flume bottom or the relatively small body size of fish. In addition, when three trout swam close to each other near the rack, occlusions could happen with overlapping mask predictions. Thus, their tracks were identified as separate individuals, leading to excessive unconnected tracks. However, some of the lost track points between x = 4 m and x = 6.5 m in Figure 8a were found successfully by FishSeg, and the tracks were more continuous near the rack area where strong fish interactions were observed (Figure 8b). Side-views of trout tracks are also presented in Figure 9 as a supplementary illustration of 3D fish tracks. In Figure 9a, almost all trout tracks were vertically distributed within the range of z = 0~0.1 m, while in Figure 9b, FishSeg could successfully track trout that swam up to z = 0.2 m. This again proved the advancement of FishSeg tracking for trout swimming close to the flume bottom.



Similarly, the top views of eel tracks from Detert’s code [19] and FishSeg are presented in Figure 10. Compared to trout tracks in Figure 8, eel tracks in Figure 10 are more uniformly distributed along the whole flume and less interactive, indicating that eels were easier to track than trout in the same experiment setup. Figure 10b displays less segmented eel tracks throughout the flume than those in Figure 10a. In addition, FishSeg could obtain eel tracks that were barely tracked using Detert’s code [19], such as the yellow tracks close to the right flume wall at x = −0.5~7 m, the green tracks at x = 4~6 m, and orange tracks close to the left flume wall at x = 2.5~6.5 m. Moreover, side-view eel tracks in Figure 11 illustrate that eels tended to swim near the flume bottom just as trout did but more actively. Comparison between Figure 11a,b indicates that FishSeg again presented better tracking performance at the vertical plane, especially for the ranges of x = −0.5~1.5 m and x = 4~7 m. Comparison of 3D tracks between trout (Figure 8b and Figure 9b) and eel (Figure 10b and Figure 11b) shows that FishSeg presents a higher level of continuity and accuracy in tracking eel since eel were easier to be recognized due to their larger body size, characteristic body shape, and less interactive swimming pattern.



To quantitatively compare the tracking performance of FishSeg and Detert’s code, tracking parameters, including the frame selection frequencies (freq), total lengths of tracks (lg), and the number of segmented tracks (num) are summarized in Table 2 for both trout and eel. In Table 2, freq = 1 means every frame is tracked for Detert’s code, while for FishSeg, only every second frame is analyzed (freq = 2). The continuity of each track set is calculated using freq×g/num, which measures the average length of each segmented track. The continuity ratio (CR) is thus proposed to compare the tracking quality of FishSeg against that of Detert’s code, see Equation (5):


  C R =     f r e q   1   ×   l g   1   /   n u m   1       f r e q   2   ×   l g   2   /   n u m   2       



(5)




with subscript 1 denoting tracking parameters related to FishSeg and subscript 2 indicating parameters in fish tracking using Detert’s code.



As listed in Table 2, the number of segmented tracks obtained using Detert’s code is approximately 4 and 5 times higher than that by FishSeg for trout and eel, respectively. CR values further indicate that the continuity of tracks obtained using FishSeg is about three times higher than that by Detert’s code, noting that the CR value for eel is slightly higher than that for trout.




5. Discussion


5.1. Improvements and Limitations of FishSeg


Based on the work of [19], an improved 3D fish tracking code (FishSeg) using a modified Mask R-CNN model was developed to provide clearer information on fish behavior in large experimental flumes. From the qualitative comparison of tracks in Figure 8, Figure 9, Figure 10 and Figure 11, FishSeg greatly improved the accuracy in multiple fish tracking, while the quantification of tracks in Table 2 illustrates that the continuity of tracks by FishSeg was at least three times higher than Detert’s code [19]. Despite the improvements in tracking results, the application of FishSeg is still limited in several aspects, such as tracking speed, segmented tracks, species classification, and pose estimation. The key problem that affected the use of FishSeg was the tracking speed. In Detert’s code, a Kalman filter was used to predict the object’s future locations. In contrast, in the FishSeg, every frame fed into the model was considered an independent image, and the model needed to make independent predictions for possible masks, not just locations, for each image. Thus, for a 30-minute experimental video, it took 30–40 min to finish tracking with the original tracking code, while 2 h was needed using FishSeg (with two images per GPU). To fix this problem, the function of frame selection frequency was developed in the “Background Subtraction” part, which could reduce the tracking time to 1 h if the frequency is set to 2, and less if the frequency is higher. In addition, if a computer with high-performance GPUs (such as NVIDIA RTX A5000 with 24 GB memory used in this study, NVIDIA, Santa Clara, CA, USA) is available, the tracking can be conducted simultaneously with multiple processes, which can make the tracking time acceptable.



As shown in Table 2, the number of segmented tracks generated by FishSeg was more than the actual number of fish tested in the live-fish tests (n = 3) for both trout (num = 26, Figure 8b) and eel (num = 5, Figure 10b). One possible reason for the excessive segmented tracks was that fish could be assigned a different ID each time they re-entered the observation area. Another reason was that FishSeg could lose fish tracks for a short time when fish could not be recognized, or occlusion happened with overlapping fish. The first reason accounts for the two additional track series in the eel example, while the second one explains the excessive track series in the trout example. Despite such limitations in segmented tracks, FishSeg still has the potential to identify preferred hydraulic regions of fish through heatmaps or sector analysis [2,4]. Nevertheless, with more continuous tracks, it would be easier to calculate the swimming speed or acceleration of fish through fish tracks without further manual post-process of segmented tracks.



As mentioned above, FishSeg analyses needed more time on track due to the function of mask predictions, which is both the weakness and strength of Mask R-CNN. FishSeg, with the function of mask predictions, possessed the potential to make species classification and pose estimation of fish (i.e., direct evaluation of rheotaxis changes) [30]. Species classification and tracking were possible with the FishSeg model since it identified individuals by learning the characteristics of their body shape and size. However, in this study, the selected comparison cases were aimed at trout or eel groups without a mixture; therefore, no species identification was conducted. In contrast, tracking various fish species was not possible with Detert’s code since the threshold for object detection was set to a fixed size based on the expected object size. Therefore, if trout and eel were tested together in one flume, a threshold that enabled the recognition of trout and eel (a very large size range) could cause misidentifications for any disturbance whose pixel area was within the threshold range. This problem can be easily solved using the FishSeg model since trout and eel have completely different body shapes.



In this study, factors that affected the tracking quality of fish included low color contrasts between fish and the flume bottom, as well as fish shadows on the flume bottom. To deal with such disturbances, BackgroundSubtractorMOG2 was applied, which turned both fish and fish shadow into the foreground mask. Nevertheless, considering fish with its shadow could deform or blur the original body shape of fish, which caused relatively large deviations if pose estimations were applied. In general, for live-fish experiments, the setup should aim at creating high color contrasts between the fish and its background, while uniform illumination from all sides should also be applied to reduce the interference of shadows as much as possible.




5.2. Comparison with Other R-CNN-Based Models


The Mask R-CNN applied here was the newest branch of the R-CNN family, which has revolutionized the object detection area in computer vision during the last few years. The advancement of Mask R-CNN was assessed and compared using mAP values.



Before the announcement of Mask R-CNN, its predecessors, Fast R-CNN and Faster R-CNN, had already shown better performance in object detection than other algorithms, such as SPP-Net, with much less training and test time, and thus have been used in works about fish behavior [21]. The performance metrics of different R-CNN-based models are presented in Table 3, with the mAP values as the main indicator. Specifically, the modified Fast R-CNN in the work of [25] achieved an average mAP accuracy of 0.814 over 12 fish species. Ref. [27] trained Faster R-CNN on a dataset of 4909 images (12,365 annotations) of 50 fish species. With the application of transfer learning, they found that Faster R-CNN presented a comparable mAP accuracy of 0.824 with further reduced training and test time relative to the previous state-of-the-art Fast R-CNN method.



With the additional function of predicting a segmentation mask on the target object, the current state-of-the-art Mask R-CNN was transferable to deal with object detection problems for fish tracked in underwater videos. For instance, Ref. [24] fed a dataset of 6080 annotations into pre-trained Mask R-CNN, which achieved a mAP accuracy of 0.925 on the test set and 0.934 on naval footage collected from a different location. Moreover, Ref. [30] trained the Mask R-CNN on the Roman seabream dataset of 2015 images (2541 annotations). With an IoU threshold of 0.5, the Roman seabream model achieved a mAP of 0.803 and 0.815 on the validation and test set, respectively. The FishSeg model in this study achieves a mAP of 0.837 and 0.876 for the validation datasets of trout and eel, respectively. Although lower than the mAP of [24], the mAP of the FishSeg model still shows that it presents good tracking performance with smaller datasets (see Table 1) since it is quite close to 1.0. Furthermore, under the same IoU threshold, the mAP of the FishSeg model was higher than that of the seabream model, with fewer annotations and training time [30].





6. Conclusions


The present study improved a previously developed fish-tracking system [19] by replacing the fish-tracking algorithm with a combination of BackgroundSubtractorMOG2 and modified Mask R-CNN, as well as adapting the 3D conversion part. The newly developed workflow is referred to as “FishSeg”. Brown trout and eel were selected as target species to evaluate how FishSeg performed for fish of different sizes and body shapes. The comparison of fish tracks indicated that FishSeg presented better accuracy for tracking both trout and eel than the original tracking code. Moreover, the values of tracking continuity ratio were more than 3 for trout and eel tracks, which showed that FishSeg was more advantageous over Detert code in getting continuous tracks. Comparison with other R-CNN-based models further confirmed the tracking accuracy of the FishSeg model with a mAP of 0.837 and 0.876 for trout and eel, respectively.



FishSeg thus provides a robust way to generate fish tracks in large experimental flumes and enables further behavioral analysis, i.e., heat maps and analysis of swimming speed. Further improvements to the tracking accuracy can be achieved by providing homogenous illumination and improving the color contrast between the flume background and the fish. Unfortunately, this is often not possible as a nature-like color of the background is desirable. The present results will underpin more research studies on 3D fish tracking and contribute to the research on the fish behavior and development of fish passage structures in laboratory conditions.
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Figure 1. (a) Etho-hydraulic flume of VAW with five top-view fisheye cameras and halogen lamps directed at a white sheet above to provide uniform lightning. The left side of the flume is an observation window, while the wet line on the right side shows the usual water depth; (b) three Basler cameras equipped with fisheye lenses and connected via GigE cables, yet not housed in the waterproof enclosures [19]. 
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Figure 2. Workflow of FishSeg, which includes four parts: (1) Stereo camera calibration, (2) Background subtraction, (3) Multi-fish tracking, and (4) 3D flume coordinates conversion. 
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Figure 3. Frames were collected from the videos of (a) trout and (b) eel tests with a fish guidance structure. The crosses on the flume bottom are the reference points with known coordinates used for a rigid transformation of all camera pairs to the 3D flume coordinate system. 
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Figure 4. Framework of the modified Mask R-CNN model in the FishSeg project. 
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Figure 5. Process of finding the optimal hyper-parameter with learning curves for losses as performance indicators. Parameters that have been tested for learning rate, learning momentum, and weight decay are included in the flow chart, with the number marked with an asterisk applied for the final model. 
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Figure 6. Annotated image samples and visualization of the validation datasets of (a,b) brown trout and (c,d) European eel. Note that (a,c) are the images annotated from pre-processed video clips, while (b,d) are the images with mask predictions of trout and eel models, respectively. The number marked beside the rectangular box was the prediction score, with score of 1 denoting a perfect prediction. 
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Figure 7. Learning curves to show the performance of the FishSeg model, with (a) for the trout model and (b) for the eel model. Based on the training and validation curves, the dashed lines are smoothed using the 5-point moving average method for clearer trends. 
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Figure 8. Top view of 3D fish tracks of trout obtained using (a) Detert’s code [19] and (b) FishSeg. Black dots are fish tracks separately obtained using five cameras, and colored dots are the final fish tracks after merging overlapping tracks. Each color indicates the track of one fish that is continuously recognized. 
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Figure 9. Side view of 3D fish tracks of trout obtained using (a) Detert’s code [19] and (b) FishSeg. Black dots are fish tracks separately obtained using five cameras, and colored dots are the final fish tracks after merging overlapping tracks, with the same color indicating one fish that is continuously recognized. 
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Figure 10. Top view of 3D fish tracks of eel obtained using (a) Detert’s code [19] and (b) FishSeg. Black dots are fish tracks separately obtained using five cameras, and colored dots are the final fish tracks after merging overlapping tracks, with the same color indicating one fish that is continuously recognized. 






Figure 10. Top view of 3D fish tracks of eel obtained using (a) Detert’s code [19] and (b) FishSeg. Black dots are fish tracks separately obtained using five cameras, and colored dots are the final fish tracks after merging overlapping tracks, with the same color indicating one fish that is continuously recognized.



[image: Water 15 03107 g010]







[image: Water 15 03107 g011] 





Figure 11. Side view of 3D fish tracks of eel obtained using (a) Detert’s code [19] and (b) FishSeg, where black dots are fish tracks separately obtained using five cameras, and colored dots are the final fish tracks after merging overlapping tracks, with the same color indicating one fish that is continuously recognized. 






Figure 11. Side view of 3D fish tracks of eel obtained using (a) Detert’s code [19] and (b) FishSeg, where black dots are fish tracks separately obtained using five cameras, and colored dots are the final fish tracks after merging overlapping tracks, with the same color indicating one fish that is continuously recognized.



[image: Water 15 03107 g011]







 





Table 1. Number of images included in training and validation datasets for trout and eel model, with the number of annotations denoted in the bracket.
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	Dataset
	Trout Model
	Eel Model





	Training
	304 (600)
	406 (455)



	Validation
	115 (224)
	57 (67)










 





Table 2. Quantification of trout and eel tracks obtained using FishSeg and Detert’s code [19]. freq denotes whether each frame was analyzed or only every second frame, lg denotes the total lengths of tracks, num denotes the number of tracks identified per experiment.
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Fish Species

	
Methods

	
freq

	
lg

	
num

	
CR






	
Trout

	
FishSeg

	
2

	
2738

	
18

	
3.13




	
Detert’s code

	
1

	
6804

	
70




	
Eel

	
FishSeg

	
2

	
823

	
5

	
3.42




	
Detert’s code

	
1

	
2512

	
26











 





Table 3. Comparison of R-CNN-based models for their performance in fish detection and recognition. Fish species details the number of fish species tested in each study.






Table 3. Comparison of R-CNN-based models for their performance in fish detection and recognition. Fish species details the number of fish species tested in each study.





	
Sources

	
R-CNN

	
Fish Species

	
Images

	
Annotations

	
mAP Values






	
[25]

	
Fast R-CNN

	
12

	
24,277

	
\

	
0.814




	
[27]

	
Faster R-CNN

	
50

	
4909

	
12,365

	
0.824




	
[24]

	
Mask R-CNN

	
1

	
\

	
6080

	
0.925 for test set;

0.934 for new set;




	
[30]

	
1

	
2015

	
2541

	
0.803 for validation set;

0.815 for test set;




	
Present study

(FishSeg)

	
Modified Mask R-CNN

	
1

	
115

	
224

	
0.837 for trout set




	

	
1

	
57

	
67

	
0.876 for eel set
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