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Abstract—Automatic detection and tracking of fish provides
valuable information for marine life science. Deep convolutional
networks have been applied with some success but performance
is affected by challenging imaging conditions including complex
background, variation of light and the low visibility of the
underwater environment. Existing works including Fast R-CNN
and RetinaNet rely on single frame fish detection and suffer
noisy and unreliable detections. In this paper, we propose
and examine two 3D deep learning networks using temporal
features to improve fish detection performance. The first one
called 3D-backbone RetinaNet based 3D ResNet for temporal
information is found worse than 2D RetinaNet. The second one
called 3D-subnets RetinaNet based on 3D Regression subnet and
Classification subnet to extract the temporal information is found
better than 2D RetinaNet. To validating the performance of these
networks, we also created a new fish data set which will be made
publicly available with codes of the proposed networks.

Index Terms—Fish detection, 3D convolution, Temporal fea-
ture, Deep learning, RetinaNet, 3D-subnets RetinaNet

I. INTRODUCTION

Fish videos by underwater observation system have been
used to study the marine biology [1]. Due to large population
of fish, the variation of light, and the low visibility and
complex the underwater environment, it is often a labour-
intensive and time-consuming job to manually analyze fish
in those videos. Thus, there have been works to automate this
process and tackle the challenging imaging conditions.

Several fish detection studies have been done including
sonar imaging [2], edge detection [3], optical gated sampling
[4], Gaussian Mixture Model (GMM) [5], [6], and Principal
Component Analysis (PCA) [9]. As deep learning techniques
have been developed quite rapidly in the field of object
detection [7], they have been applied in some recent works
on fish detection. Li et al. [8] used Fast R-CNN [10] as a
fish detector. Levy et al. [11] used RetinaNet [12], which was
proved to be faster and more accurate to detect fish than the
Fast R-CNN, at least with limited data. In both works, their
detectors were based on single-frame detection on individual
frames extracted from videos.

Although [11] achieved good improvement with RetinaNet’s
single-frame detection, there are many cases that detection fail
easily. We believe that additional temporal information from
multiple frames capturing the moving pattern of fish and the
light fluctuation could provide valuable visual information for
better detection. [13] showed that temporal information could

improve action recognition, and [14] also showed that the tem-
poral information could be helpful to improve the performance
of water-hazard detection. In an underwater environment, fish
move by their own specific motions, while background objects
like underwater plants and rocks are static, and light refraction
by water surface changes periodically. Some fish could stop
and float along water flow, but they still move mouths and gills
to breath. As fish swim in a different speed than water flow, the
light reflected on its body should be changed differently than
the light on other background objects. These cues could not be
captured and processed by single-frame detections, therefore
leading to false detections.

In this work, we propose and validate two network models
called 3D-backbone RetinaNet and 3D-subnets RetinaNet that
use temporal information to improve the performance of fish
detection in videos. The two models are based on RetinaNet
[12] which is a single-stage detector using focal loss [12] to
avoid the class imbalance problem. Our work is motivated by
[13] and [14] which studied the effect of temporal information
from 8 continuous frames and its use in action recognition as
well as water-hazard detection.

By training and testing on our new dataset, we found
that if implemented properly, temporal-based networks could
achieve better fish detection accuracy. Comparing with the 2D
RetinaNet as baseline, the 3D-backbone RetinaNet performs
worse, while the 3D-subnets RetinaNet achieves better fish
detection accuracy. The former is based on inflated 3D Reti-
naNet and the latter is based on 3D Regression subnet and
3D Classification subnet. We demonstrate that by increasing
the number of continuous frames, the accuracy of 3D-subnets
RetinaNet increases.

Due to limited availability of public datasets for bench-
marking temporal fish detections, we have created a new fish
detection dataset to benchmark our proposed networks. This
dataset is released with the codes of our proposed networks at
[24].

II. METHOD

In this work, we include temporal information to existing
RetinaNet by applying the 3D convolution and pooling method
introduced by [13] to extract hidden temporal features from
multiple continuous video frames. We examine two archi-
tectures called 3D-backbone RetinaNet and the 3D-subnets



RetinaNet to see which approach is better to extract and use
temporal information for fish detection.

Based on RetinaNet [12], our two models consist of ResNet-
50 [18] and Feature Pyramid Network (FPN) [17] backbone, a
Classification subnet and a box Regression subnet. Generally,
an input of 8 continuous RGB video frames would pass
through the ResNet-50 backbone to generate feature maps X2,
X3 and X4 which then pass through the FPN backbone to
compute pyramid features P3 to P7. After that, the features
would pass through the two subnets: the Classification subnet
and the Regression subnet. The classification subnet would
classify anchor boxes, while the Regression subnet would
regress object bounding boxes from anchor boxes.

A. 3D-backbone RetinaNet

3D-backbone RetinaNet uses a 3D-ResNet backbone to
extract temporal feature maps. The architecture of the network
is shown in Figure 1.

Fig. 1. Our 3D-backbone RetinaNet architecture. X2, X3 and X4 are outputs
from 3D ResNet, and P3, P4, P5, P6, P7 are outputs from FPN.

The detail of the 3D-Resnet-50 backbone is shown in Figure
2. The Conv layer is a 3D convolutional layer with a 7�7�7
kernel size and the stride of 2 in all 3 dimensions. A 3D
max pooling layer is implemented after the convolutional layer.
For the bottleneck blocks, from Block1 to Block4, we add
temporal dimension by modifying all 1�1 kernels to 1�1�1
kernels and 3�3 kernels to 3�3�3 kernels. Following each
3D convolutional layer, there is a batch normalisation layer
and a Relu layer. The outputs of Block2, Block3 and Block4
will pass through FPN to generate feature pyramid levels P3
to P7.

The inflation method [15] is also applied in our work.
According to [15], we repeat the kernel parameters from the
2D pre-trained model 7 times or 3 times according to the
kernel size in our 3D network.

B. 3D-subnets RetinaNet

3D-subnets RetinaNet however uses the original 2D Reti-
naNet backbone to generate feature maps frame by frame, but

Fig. 2. The architecture of 3D-ResNet-50. BN and Relu mean Batch
Normalization layer and Relu layer after the 3D convolutional layer. The
residual blocks are bottleneck layer groups. X2, X3 and X4 are outputs from
the corresponding blocks which will be passed to FPN.

it adopts 3D classification subnet and 3D regression subnet
to extract temporal features. The group of 8 corresponding
feature maps of the 8 input frames would be combined to a
3D one as the input of 3D-subnets. The architecture is shown
in Figure 2.

Fig. 3. Our 3D-subnets RetinaNet architecture. ResNet and FPN blocks are
the same as in 2D RetinaNet to process individual frame separately. A group
of 8 sets of P3, P4, P5, P6, P7 corresponding to 8 frames becomes an input
into 3D Regression Subnet and 3D Classification Subnet.

Figure 4 shows the detail of the two 3D subnets. These two
subnets have similar structures including 5 3D-convolutional
layers. A ReLU layer is used after the first 4 3D-convolutional
layers, but the Classification subnet has an extra Sigmoid layer
after the final 3D convolutional layer. All 3D-convolutional
layers have 3� 3� 3 kernels, while their stride are different.
First 2 convolutional layers have 1� 1� 1 stride, but the rest
3 layers have 2� 1� 1 stride.



Fig. 4. The detailed structure of 3D regression subnet and 3D classification
subnet of our 3D-subnets RetinaNet architecture.

III. EXPERIMENTS AND RESULTS

A. Experiments
We created a new fish detection dataset [24] from a YouTube

video [19] to train and test our networks. The dataset contains
1640 frames with our ground truth annotations. For training
temporal networks, we create overlapping video clips starting
at every 4 frames with temporal length equal to the input
number of frames of the network. Our network is trained on
1280 videos and tested on 296 videos.

The focal loss [12] and the ADAM optimizer [20] are used.
The total loss is defined as:

Total loss = binary focal loss + smooth L1 loss (1)

The binary focal loss is defined as:

FL =

(
� �(1� p) log(p); if y = 1

� (1� �)p log(1� p); if y = 0
(2)

� here is a weighting factor that is helpful for class imbalance
problem, y represents two class labels in binary classification,
 is the focusing parameter which can adjust the down-
weighted rate of easy examples, and p is the estimation
possibility of the fish class while 1 � p is the estimation
possibility of the background. The smooth L1 loss introduced
in Fast R-CNN [25] is defined as the sum of loss over the top
left coordinates (x,y) and width and height (w, h) of bounding
boxes:

SL =
X

i2x;y;w;h

smoothL1(tui � vi) (3)

where,

smoothL1(x) =

(
� 0:5x2; if jxj < 1

jxj � 0:5; otherwise
(4)

tu represents the scale-invariant translation and height/width
shift in the log space of the ground truth class u, and v is the
ground truth bounding box.

In our implement, we set � = 0:25 and  = 2:0 which
are the same as in [12]. ADAM optimizer is chosen with the
learning rate of 1e�5. The training and testing of the networks
are carried out on a mid-range GPU desktop with an NVIDIA
RTX 2070S GPU which has 8GB RAM. To accommodate our
proposed networks on this limited GPU memory, input images
are resized to 320� 544 pixels.

To compare our 3D networks with others, video clips of
8 continuous frames are used to train our 3D networks. An
example of 8 frames with annotations provided on the last
frame is shown in Figure 5. We do not use future frames,
only current and past frames since the camera does not provide
future frames in real-life detection. The D-subnets RetinaNet
is also trained with input number of frames of 4, 8 and 16 to
study the impact of the temporal depth.

As 2D RetinaNet [12] was used for fish detection in [11]
with single frames as input, it is considered as the baseline
of our work to compare with our 3D-backbone RetinaNet
and 3D-subnets RetinaNet. SSD [22] and Faster R-CNN [23]
are also fine-tuned and included in the comparison as the
latter was also used in fish detection in [10]. As the training
set is not large enough, both the baseline 2D RetinaNet and
the 3D-subnets RetinaNet use a pre-trained 2D-ResNet-50 on
ImageNet [21] before fine-tuning on our fish dataset, while the
3D-backbone RetinaNet uses inflation method [15] to expand
the 2D pre-trained model to 3D before fine-tuning.

Fig. 5. The example of 8 continuous frames input for 3D RetinaNet and the
annotation for the last (current) frame.

B. Results

An example of the detection result is shown in Figure
6. The baseline 2D RetinaNet cannot detect the blue fish
(Yellow-tail Blue Damsel) on the right. The 3D-backbone
RetinaNet also cannot detect that fish, and it even outputs a


