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Abstract

:

Current object detection algorithms perform inference on all samples at a fixed computational cost in the inference stage, which wastes computing resources and is not flexible. To solve this problem, a dynamic object detection algorithm based on a lightweight shared feature pyramid is proposed, which performs adaptive inference according to computing resources and the difficulty of samples, greatly improving the efficiency of inference. Specifically, a lightweight shared feature pyramid network and lightweight detection head is proposed to reduce the amount of computation and parameters in the feature fusion part and detection head of the dynamic object detection model. On the PASCAL VOC dataset, under the two conditions of “anytime prediction” and “budgeted batch object detection”, the performance, computation amount and parameter amount are better than the dynamic object detection models constructed by networks such as ResNet, DenseNet and MSDNet.
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1. Introduction


Recent years have witnessed remarkable progress in object detection field thanks to the advance of the deep convolution networks [1,2,3,4]. However, the explosive growth in model size and computation cost gives rise to new challenges on how to efficiently deploy these deep learning models on resource-constrained devices while maintain the performance as much as possible. Nowadays, there have been many studies to accelerate the inference of deep models through lightweight network architecture design [5,6,7], weight quantization [8,9] and network pruning [10,11,12]. Compared to static models which have fixed computational graphs and parameters at the inference stage, dynamic neural networks [13,14,15,16,17] aim to reduce the computational redundancy on “easy” samples. By dynamically adjusting the network structure or parameters to different inputs, dynamic neural networks have been shown to have notable advantages in terms of accuracy and computational efficiency.



A straightforward implementation of dynamic network is performing inference with dynamic network depths, which can be realized by early exiting, i.e., allowing “easy” samples to be output at shallow exits without executing deeper layers. MSDNet [13], designed for image classification task, adopts (1) a multiscale architecture, which consists of multiple sub-networks for processing different scale feature maps, to quickly generate coarse-level features that are suitable for classification; (2) dense connections, reusing early features to improve the performance of deep classifiers. They consider two settings for this kind of network: one is “Anytime prediction”, the network’s prediction result of a test sample is gradually updated, so that it can stop inference at any time; the second setting is “Budgeted batch classification”. In this setting, the model needs to classify a set of examples within a finite computational budget B that is known in advance. These two settings are of great value in practical applications. For example, there are tens of thousands of mobile devices with different computing capabilities on the market. The “Anytime prediction” network can process videos on any device at a fixed frame rate, and according to the device to maximize the computing power performance, it is much easier than training networks of different sizes for different devices. “Batch classification with budget” can save computing resources by reducing the amount of inference calculations for simple samples.



However, due to the special structure of the object detection network, it is not trivial to extend the multiscale architecture to the object detection model. Table 1 shows the average computation and parameter amount of each image inferenced by MSDNet on the test set of the PASCAL VOC dataset. The unit of the computation amount statistics is GFlops (Giga Floating-Point Operations Per Second), that is, every second 1 billion floating point operations. It can be seen from the table that the total amount of computation of the entire feature extraction network is 28.4G, and the amount of parameters is 16.8M. Here we take RetinaNet [18] as an comparison. Its backbone network is ResNet-50. It has only a single detection head attached at the last stage feature maps of ResNet-50. It can be seen from Table 2 that most of the computation and parameters of the entire detection model are concentrated on the detection head. The calculation volume of a detection head is 54.5G and the parameter volume is 26.09M, which has far exceeded the amount of calculations and parameters of the entire feature extraction network of MSDNet. When constructing a dynamic model that has multiple detection heads attached at different stage of the deep network, a huge amount of computation and parameters will be generated. In addition, the computation volume of the FPN part is 8.5G, and the parameter volume is 8M. When it is expanded to multiple detection heads, the calculation volume and the parameter volume increase greatly. Therefore, to construct a dynamic object detection model with multiple detection heads, it is indispensable to improve the FPN and the detection head network.



We investigate the demand of object detection network for dynamic prediction structure. In this paper, based on MSDNet, we construct a new multiscale and dense connection structure for the object detector model, which can stop the prediction at any time according to the given computing power during the inference process and return the detection result. To solve the problem of the sharp increase of computation and parameters caused by the change of network structure, we propose a lightweight shared feature pyramid network in the multiscale feature fusion part of the dynamic object detection model. A lightweight detection head network is also designed to reduce calculation and parameters of the prediction head network. Extensive experiments on benchmark datasets show that the proposed method is theoretically reasonable and practically effective. On the PASCAL VOC dataset, under the two conditions of “anytime prediction” and “budgeted batch object detection”, the performance, calculation amount and parameter amount are better than the dynamic object detection models constructed by networks such as ResNet, DenseNet and MSDNet. The code is made publicly available at https://github.com/zl1994/DLSFPN, accessed on 27 September 2021.




2. Related Works


2.1. Object Detection Algorithm Based on Deep Learning


Nowadays, as the deep learning techniques have been widely applied to various computer vision tasks, convolution neural networks (CNNs)-based methods have prevailed in object detection task and the model architectures are constantly evolving. R-CNN [19] is the first CNN-based object detector. It uses region proposals to locate objects in images and region proposals are potential bounding boxes, which are generated by traditional region proposal methods [20,21]. Then, a convolution network extracts features of proposal and feeds these features into a subsequent network. After that, proposals are classified into foreground classes or background. At the same time, their locations are refined by bounding box regression. Finally, non-max suppression is used to eliminate duplicate bounding boxes and obtain the ultimate result. The derivatives of R-CNN, Fast R-CNN [22] and Faster R-CNN [23], further improve the speed and performance. Fast R-CNN introduced the RoI Pooling module and enabled end-to-end training. Faster R-CNN proposed a fully convolutional architecture, known as Region Proposal Network (RPN), for efficient and accurate region proposal generation. RPN replaces the time-consuming region proposal algorithms. The method described above and the following R-FCN [24] and Cascade R-CNN [25] can be classified into two-stage methods. Two-stage methods obtain a set of proposals in the first stage. Then they further classify and refine these proposals at the second stage. On the other hand, one-stage methods, popularized by YOLO [26,27] and SSD [28], were developed to directly predict bounding boxes and classification scores, without additional stage to generate proposals. YOLO-LITE [29] further proposed a light version of YOLO for real-time applications running on portable devices. Compared to two-stage methods, one-stage methods achieve high inference speed but the accuracy is worse. The performance gap between two-stage methods and one-stage methods was narrowed by RetinaNet [18]. It inherits the fast speed of previous one-stage methods while alleviate the extreme foreground–background class imbalance encountered during training. Sufficient data are the key to maintaining high performance of deep learning algorithms. In the case of lacking in infrared videos data, the authors of [30] apply the data generation methods based on generative adversarial network (GAN) models [31] to generate realistic infrared images from optical images and improve the object detection performance using real-infrared videos. As the one-stage and two-stage detection frameworks become mature, the anchor-free methods have led to a new research trend. Without using anchor boxes, they predict bounding boxes in a per-pixel prediction manner [32,33] or keypoint-based fashion [34,35]. In recent years, network architecture search (NAS)-based research has also been developed vigorously. EfficientDet [36] disassembles the modules with different layers of object detector and performs scaling on the image size and network layers. RegNet [37] uses six parameters to perform a compound model scaling search.




2.2. Feature Pyramids Based on Deep Learning


Feature pyramid networks (FPN) [38] builds a feature pyramid by combining two adjacent layers in feature hierarchy in backbone network with top-down and lateral connections. With the help of pyramid structure, the detectors enhance its feature extraction capabilities and further improving performance. Many follow-up studies extend the idea to build stronger feature pyramid representations. PANet [39] adds a bottom-up path relative to FPN to enhances the information propagation ability of feature pyramids. CARAFE [40] integrates an effective feature upsampling operators into FPN to boost the performance. NAS-FPN [41] adopts neural architecture search to find a new feature pyramid architecture. It indicates that fusing features from both top-down and bottom-up connections with different scales can increase detection accuracy by a large margin. Ref. [42] proposes a dynamic FPN to choose the proper kernel sizes of conv layers for different samples. Different from them, in this article, we focus on optimizing the structure of FPN to adapt to the multiscale architecture.




2.3. Dynamic Neural Networks


Dynamic neural network is one of the effective methods to reduce the amount of network computation. It can be adaptively adjusted to achieve real time on devices with different computing capabilities and can perform adaptive inference according to the difficulty of the sample, which effectively improves the efficiency of inference. Thanks to its attractive characteristics, the research direction is gaining increasing attention. The most intuitive implementation of dynamic structure is assembling multiple models and then selecting a subset of them to execute in a cascading [15] or mixing way [16]. Recent works also propose to selectively skip some layers or blocks [17,43,44], or adaptively select different channels [45] for different examples during inference. Refs. [46,47] attach multiple auxiliary predictors at different stage of the deep network. Thus, some “easy” examples can obtain results from the front predictor without routing the latter part of the network. Furthermore, CADDet [48] applies the dynamic routing strategy to activate part of the whole network for each sample. Previous work [49] suggested that not all locations contribute equally to the feature extraction and prediction of CNNs. To reduce the redundancy on less informative locations, some dynamic convolution methods [50,51] have been proposed to perform convolution only on sampled pixels.



In 2018, Huang et al. [13] proposed MSDNet, which has multiple classification heads and can be withdrawn at any time during the forward propagation process. MSDNet can choose whether to perform forward propagation according to the difficulty of the samples, thereby reducing the amount of calculation.The author defines two resource-constrained condition settings: one is “anytime prediction”; the other is “budgeted batch classification”, and proposes to verify under these two condition settings the performance of such algorithms. In 2020, Yang et al. [14] proposed RANet. The author conducted research from the perspective of network input size, and proposed a network that adaptively adjusts the input resolution. It sets a smaller input size for simple samples and a larger input size for difficult samples improves the efficiency of the inference stage. However, most of these prior works focus on designing adaptive networks for image classification task and it is not suitable for the dynamic neural network on the object detection model. Different from the previous dynamic networks, we extend the idea of MSDNet and first introduce a suitable multilayer prediction method of dynamic neural network for current detection model.





3. Method


In this section, we first introduce the overall network architecture and the adaptive inference settings of the dynamic object detection model. Then we demonstrate the details of the feature extraction network, lightweight shared feature pyramid network and lightweight detection head network, respectively.



3.1. Adaptive Inference Settings


The adaptive inference model is an object detection network with multiple detection heads, which are connected to feature maps of different depths of the backbone. For the input picture x, the output of the prediction result of the k-th detection head is formalized as:


      P k  =  f k   x ;  θ k   =    P  1  k  , ⋯ ,  P  n  k   T  ∈  R n         L k  =  f k   x ;  θ k   =    L  1  k  , ⋯ ,  L  n  k   T  ∈  R n         P  n  k  = max   P   n 1   k  ,  P   n 2   k  , ⋯ ,  P   n c   k       



(1)




where   θ k   represents the parameters of the k-th detection head,    P  n  k  ∈  [ 0 , 1 ]    represents the maximum value of the confidence of the c categories predicted by the n-th prediction boxes after non-maximum suppression,   L  n  k   represents the predicted coordinates of the n-th prediction frame after nonmaximum suppression, and some parameters of   θ k   are shared.



The adaptive inference model can adaptively allocate computing resources according to the complexity of the sample. When the output of the detection head meets a specific criterion for the first time, the sample will exit the inference and return the result. In our paper, we use the highest confidence of the softmax output as the criterion. When the highest confidence level of the softmax output of all prediction boxes is greater than a given threshold  ϵ  for the first time greater than N, the model stops inference and returns the results of the current detection head:


      k ∗  = min  k ∣   ∑ n   ∅   P  n  k  − ε  > N         y ^  ∈   P  k ∗   ,  L  k ∗    , ∣       ∅  ( a )  =      0 ,     a < 0       1 ,     a ≥ 0          



(2)




  y ^   denotes the predictions of the k-th detection head.  ϵ  controls the balance of performance and computation cost, and N is set to 4.




3.2. The Overall Network Architecture


We construct an one-stage detector with feature pyramid structure. Similar to MSDNet, we adopt a multiscale architecture and dense connections. Lightweight shared feature pyramid network and lightweight detection head network are proposed to adapt to the multiscale architecture. The overall network architecture of the dynamic object detection algorithm is shown in Figure 1. The entire network is composed of three parts: a feature extraction network, a shared feature pyramid and a lightweight detection head network. We will introduce the above three parts in detail.



3.2.1. Feature Extraction Network Based on Multiscale Dense Connection


To construct a model that can stop reasoning at any time and return the prediction result, the feature extraction network is critical. When the depth of the current layer is relatively shallow, the feature layer has only low-level high-resolution information, and does not have enough high-level semantic information, which has a great impact on the performance of the shallow detection head. When multiple detection heads are connected behind the feature extraction network, the feature layer tends to optimize the detection heads that close to its depth, which will affect the performance of the latter detection head. To solve these problems, we adopt the feature extraction network based on multiscale dense connections. As shown in Figure 2, we first use a 7 × 7 convolution followed by 2 × 2 average pooling layer to obtain a 1/4 scale (relative to the original input) feature map. To alleviate the problem of insufficient semantic information of shallow layers, multiple conv layers with stride 2 are used to construct feature maps of multiple scales, which are gradually propagated forward in parallel.



On each parallel branch, we use a densely connected network. The resulting features are fused through concatenation with the next layer. Such a shortcut connection can enhance feature reuse, and the features generated in the shallow layer can be directly used by the deeper layer, further suppressing the problem of gradient vanish. At the same time, the dense connection allows the previous features to be directly used by the subsequent network, which reduces the impact of the previous detection heads on the performance of the subsequent heads. When the number of densely connected channels becomes larger and larger, we use a 1 × 1 convolution to reduce the number of channels. In general, we can see that the features of the conv layer of each branch come from the output of the previous layer, the shortcut connection of the previous layer, and the feature map of the previous scale. This is to ensure that the information between branches of different scales can be transmitted.



For a certain conv layer of any branch, its input only comes from the layer in front of the branch and the layer in front of the same position of the previous branch, and has nothing to do with the layers in other positions. Therefore, the forward propagation of the network is a downward ladder. As shown in Figure 2, after a certain number of network layers, the model discards a feature map of a scale until only the feature map with the smallest scale is left. In order to construct a dynamic model, every few layers must take features from the feature extraction network and input them to the corresponding pyramid network. In our setting, we only take the feature maps of the three scales of 1/8, 1/16 and 1/32 (more details can be seen in Section 3.3). The feature maps of these three scales are sent to the corresponding feature pyramid network to obtain five feature maps of different scales: 1/8, 1/16, 1/32, 1/64 and 1/128.




3.2.2. Lightweight Shared Feature Pyramid Network


Nowadays, the Feature pyramid networks (FPN) [38] has become the basic configuration of the object detection model. It can fuse the strong semantics of high-level features and the high resolution of low-level features, bringing significant performance improvements, especially on small objects. However, when the network expands to a dynamic model that can stop inference at any time and return the prediction result, the model has multiple detection heads and the computation and parameter amount of the FPN will have a linear relationship with the number of detection heads. To construct a dynamic object detection model, the computation amount and parameter amount of the feature pyramid brought by multiple detection heads need to be optimized.



Figure 3 shows the structure of FPN. C3, C4 and C5 represent the three-scale feature maps of 1/8, 1/16 and 1/32 introduced in the previous section. They first pass through a 1 × 1 conv layer, corresponding to P3_1, P4_1 and P5_1. The output of the P5_1 layer is upsampled and added with the output of P4_1 layer to obtain a 1/16-scale fused feature map. This feature map is up-sampled and added to the feature map generated by P3_1 to obtain a 1/8-scale fusion Feature map. After a 3 × 3 conv layer, P3_2, P4_2 and P5_2, respectively, we finally obtain the input feature maps P3, P4 and P5. In addition, C5 passes through a 3 × 3 conv layer with a stride 2 to obtain the P6 feature map, and P6 obtains P7 in the same way. Therefore, the input feature maps of the FPN are all generated, P3, P4, P5, P6, P7, and their scales relative to the original image are 1/8, 1/16, 1/32, 1/64, 1/128, respectively.



As RetinaNet is one of the classic object detection models with FPN structure, we take RetinaNet as an example to analyze the distribution of the computation amount (GFlops) and parameter amount (Params) of FPN. As shown in Table 3, the computation and parameter percentages of each conv layer in the feature pyramid are calculated. It can be seen that the main computation amount of the FPN is concentrated on the P3_2 layer and P4_2 layer, which account for 54.6% and 13.7% respectively. This is because they are 3 × 3 conv and their inputs are relatively large-scale feature maps. In the parameter line, we can see that the parameter is mainly concentrated on the P6 layer, since the input channel number of this layer is relatively large. In order to optimize the computation and parameter amount of FPN in the multidetector head model, we propose the lightweight shared feature pyramid network (LSFPN).



As shown in Figure 4, we make three main improvements to FPN: First, to reduce the amount of parameters, we construct a shared feature pyramid network structure, so that all the feature maps required by the detection head share a feature pyramid network. Specifically, the P3_1, P4_1, and P5_1 layer are not shared because the number of feature map channels of different detection head is not consistent. Second, the kernel size of P3_2 and P4_2 layers are changed from 3 × 3 to 1 × 1, which greatly reduces the computation amount of FPN. Third, originally, the P6 layer was directly connected to the feature map C5, and the number of channels of the feature map C5 i = was not fixed, which would cause the P6 layer to be unable to share. In order to optimize the huge amount of parameter of P6 layer, we modify the original structure and connect the P6 layer to the output of P5_ layer. This reduces the parameter amount of P6 layer on the one hand, and on the other hand allows it to be shared. A large number of experiments and analyses verify the effectiveness of the proposed method.




3.2.3. Lightweight Detection Head Network


In constructing a dynamic object detection model, another problem is the amount of computation and parameters number of the detection head network. For both the classification and regression branches, the original RetinaNet stacks four 3 × 3 conv layers followd by a 3 × 3 conv layer as a prediction layer to output the predictions. The entire detection head branch accounts for 52.5% of the total calculation volume and 45.3% of the total parameter volume. In a word, the increase in computation and parameter amount brought by multiple detection heads needs to be optimized.



In order to solve the huge amount of computation and parameters brought by the increase of the detection head network, in this paper, we propose a lightweight detection head network. As shown in Figure 5, we changed the four 3 × 3 conv layers in the original network to a 5 × 1 and 1 × 5 conv layer, and the number of channels has been changed from 256 to between 64 and 128. In this way, the computation amount of the detection head network will be greatly reduced, which is conducive to the expansion of the detection model to multiple detection heads.



The specific process of 5 × 1 convolution and 1 × 5 convolution is shown in Figure 6. A 5 × 1 conv layer is followed by a 1 × 5 conv layer. In this way, the sum of the two is close to the computation amount of a 3 × 3 convolution, but the receptive fields reaches 5 × 5. This alleviates the problem of insufficient receptive fields after reducing the number of conv layers. A large number of experiments and analyses have proved the effectiveness of the proposed algorithm.





3.3. Detailed Structure of the Dynamic Model


In our implementation, the dynamic object detection network proposed in this paper uses a multiscale densely connected feature extraction network. The specific settings when constructing the network are: 5 stages, 4 scales, 7 layers in each stage, a total of 35 layers and 4 branches in parallel. After the first layer, a 1 × 1 conv layer is inserted every 8 layers of the network to reduce the number of channels, so as to prevent the number of channels caused by dense connections from being too large, and the current largest-scale feature layer will be discarded at this time. Since a scale is discarded every certain number of layers, the number of conv layers in each scale is not consistent. In order to uniformly select the feature layers required by each detection head from the feature extraction network, we separately select the feature maps of the three scales of C3, C4 and C5. For the feature map C3, the feature map we choose for it is the 4th, 7th, 10th, 14th and 18th layers on the 1/8 scale; for the feature map C4, the selected features maps are the 5th, 10th, 15th, 21st and 27th layers on the 1/16 scale; for the feature map C5, the selected feature maps are the 7th on the 1/32 scale Layer, 14th layer, 21st layer, 28th layer and 35th layer. Such a one-to-one corresponding combination completes the selection of five detection heads, each with three scale features. The channel numbers of the feature maps of the five detection heads are (192    C 3   , 448    C 4   , 576    C 5   ), (288    C 3   , 768    C 4   , 640    C 5   ), (384    C 3   , 704    C 4   , 608    C 5   ), (320    C 3   , 608    C 4   , 1056    C 5   ), (448    C 3   , 992    C 4   , 976    C 5   ). The subscript indicates the feature map corresponding to the number of channels. The five groups of feature maps are sent to the lightweight shared feature pyramid for feature fusion, and the fused features are sent to the lightweight detection head network for prediction. The lightweight detection head network uses a conv layer with a kernel size of 3 × 3 and a channel number of 64 in the first two heads. The latter three heads use the proposed lightweight detection head, with the number of channels being 96, 96, 128.



In order to conduct comparative experiments on the proposed algorithms, we construct a multiple detector based on MSDNet, ResNet and DenseNet, which are referred to as, respectively, MSDNet_MD, ResNet_MD and DenseNet_MD.



For MSDNet_MD, the structure of the feature extraction network is consistent with ours. After extracting five groups of feature maps from the feature extraction network, they are sent to the five feature pyramid networks for feature fusion, and then sent to the corresponding detection head. Among them, the feature fusion part uses FPN, and the detection head is consistent with RetinaNet, which is formed by stacking 4 3 × 3 convolutions.



For ResNet_MD, the feature extraction network uses ResNet-50. ResNet-50 consists of 3, 4, 6 and 3 residual blocks in conv2-x, conv3-x, conv4-x and conv5-x stages, respectively. In order to uniformly select the feature layer required by each detection head from the feature extraction network, we select the output feature map of conv2-x as the feature map of the first detection head, and the output feature map of conv3-x is the second detection head. The output of the third residual block of conv4-x is the feature map of the third detection head, the output feature map of conv4-x is the input of the fourth detection head, and the output feature map of conv5-x is the input of the fifth detection head. Since the feature map of ResNet is single-scale, some processing is needed. After conv2-x, we connect 3 conv layers, with kernel size 3 × 3, stride 2 and 256 channels, to obtain 1/8, 1/16 and 1/32-scale feature maps. The number of channels are 256, 256, and 256, respectively. In a similar way, we obtain five groups of feature maps of five detection heads. The number of channels are (256    C 3   , 256    C 4   , 256    C 5   ), (512    C 3   , 256    C 4   , 256    C 5   ), (512    C 3   , 1024    C 4   , 256    C 5   ), (512    C 3   , 1024    C 4   , 256    C 5   ), (512    C 3   , 1024    C 4   , 2048    C 5   ). The detection head is consistent with RetinaNet, which is formed by stacking four 3 × 3 convolutions.



For DenseNet_MD, we use DenseNet-201 as the backbone. The output feature of Dense Block1 is selected as the feature map of the first detection head, the output feature of Dense Block2 is the feature map of the second detection head, and the output of the 24th convolution block of Dense Block3 is the input of the third detection head. The output feature map of Dense Block3 is the feature map of the fourth detection head, and the output feature map of Dense Block4 is the output feature map of the fifth detection head.





4. Experimental Results and Discussion


To demonstrate the effectiveness of our approach, we conducted experiments on the PASCAL VOC dataset [52] and RSOD dataset [53]. PASCAL VOC contains 16,551 images and objects from 20 predefined categories annotated with bounding boxes. We use the union of VOC2007 and VOC2012 trainval as training set and evaluate our models on the VOC 2007 test set. RSOD dataset is an open dataset for object detection in remote sensing images. The dataset includes 6950 objects in four categories: aircraft, oil tank, playground and overpass.



4.1. Implementation Details


For fair comparisons, all experiments are implemented based on PyTorch and GeForce RTX 3090 GPU. We use the SGD as the optimizer for model learning. Weight decay of 0.0001 and momentum of 0.9 are used. In order to prevent the initial learning rate from being too large, we use the warmup strategy [4], The learning rate changes as:


  lr = lr ∗  1 −  1 −    iter    num     500   ∗  ( 1 − 0.001 )    



(3)




lr refers to the learning rate, iter_um is the current number of iterations, 500 refers to the number of iterations set to warmup, and 0.001 refers to the initial learning rate of warmup. After the warmup, the learning rate is set to lr = 0.03 × (batch size)/16, where batch size is set to 8, the number of training epochs is 16, and the learning rate is reduced to 0.3 times the initial learning rate at the 11th epoch. At the 14th epoch, it will be 0.1 times the initial learning rate, and at the 16th epoch, it will be reduced to 0.01 times the initial learning rate. Input images are resized to a maximum scale of 1000 * 600 for PASCAL VOC, without changing the aspect ratio. Horizontal image flipping is the only form of data augmentation.




4.2. Loss Functions


The loss of the k-th detection head is the weighted sum of the classification loss and the regression loss of the positive and negative samples. The specific formula is as follows:


  L   ( p , t )  k  =  1 N    ∑ i   L  c l s     p  k i   ,  p  i  ∗   + λ  ∑ i   p  i  ∗   L  r e g     t  k i   ,  t  i  ∗     



(4)




 λ  is the weight of the regression loss, and N is the number of positive samples.   L  c l s    is the classification loss function, which specifically represents the Focal Loss loss function.   L  r e g    is the regression loss function, which represents the Smooth L1 loss function. The total loss of all detection heads is defined as:


  Loss =  ∑ k   w k   L   ( p , t )  k   



(5)




where   w k   is the loss weight of the k-th detection head. In this paper,  λ  is set to 1, the Focal Loss parameter  α  is set to 0.25, and  γ  is set to 2. Anchors are assigned to ground-truth object boxes using an intersection-over-union (IoU) threshold of 0.5, and to background if their IoU is in [0, 0.4). Regarding the setting of the loss weight of the multiple detector head, the weight used for the extraction network with the multiscale densely connected network as the feature is (1, 1, 1, 1, 2). The model using ResNet and DenseNet as the feature extraction network uses (1,1,1,1,1). The reason for this is that the shallow features of ResNet and DenseNet do not have enough semantic information, and the performance of the previous detection heads is relatively poor, so setting their weights to be more average is conducive to the performance improvement of the previous detection heads.




4.3. Analysis of LSFPN


We compare and analyze the origin FPN and the lightweight shared feature pyramid proposed in this paper in terms of calculation amount, parameter amount, and performance. The experimental settings are: the feature extraction network is ResNet-50, and the number of channels of the three layers C3, C4 and C5 sent to the FPN are 512, 1024 and 2048, respectively. From Table 4, it is clear that the LSFPN is on the three convolutional layers of P3_2, P4_2 and P6, and the amount of calculation and parameters are much smaller than that of the FPN. In terms of the amount of accumulated calculations and parameters, the LSFPN is better than the FPN.



As for under the condition of multiple detection heads, the relevant settings of this experiment are the feature extraction network is MSDNet, and the channel numbers of the feature maps of the five heads taken from the feature extraction network are (192    C 3   , 488    C 4   , 576    C 5   ) and 288    C 3   , 768    C 4   , 640    C 5   ), (384    C 3   , 704    C 4   , 608    C 5   ), (320    C 3   , 608    C 4   , 1056    C 5   ), (448    C 3   , 992    C 4   , 976    C 5   ), the detection head network is consistent with the original RetinaNet, the computation amount and parameter amount in the table is the cumulative amount, such as Head = 3 represents the cumulative value of the calculated amount of FPN and the parameter amount of the first three heads. From the experimental results in Table 5, it can be obtained that due to the relatively small amount of calculation of the LSFPN, when the number of detection heads increases, the amount of calculation and parameters does not increase much. This is because most layers of LSFPN share the feature maps of each detection head. On the contrary, when the number of detection heads of FPN increases, the amount of calculations and parameters have also doubled. The number of input feature channels of the three conv layers of P3_1, P4_1 and P5_1 is not fixed, so the size of the convolution cannot be fixed, resulting in the inability to share. When the detection head increases, the increased parameter amount comes from these three convolutional layers. In addition, in terms of performance, it can be found that after the introduction of LSFPN, the performance of the five detection heads is slightly improved, which shows that setting too many FPNs to build a dynamic object detection model will introduce a large number of parameters, which may lead to overfitting. Our LSFPN reduces the amount of parameters, suppresses overfitting and slightly improves performance.




4.4. Analysis of Lightweight Detection Head Network


We compare and analyze the common detection head network and the lightweight detection head network proposed in this paper in terms of calculation amount, parameter amount and performance. The feature extraction network is MSDNet, and the channel numbers of the feature maps of the five heads taken from the feature extraction network are (192, 488, 576), (288, 768, 640), (384, 704, 608), (320, 608, 1056), (448, 992, 976), the feature fusion part uses ordinary FPN, the calculation amount and parameter amount in the table is the cumulative amount, for example, Head = 3 represents the cumulative value of the calculation and parameter values of the first three detection heads.



From Table 6, we can find that regardless of the amount of calculation and parameters or the number of detection heads, the lightweight detection head network (called Light Head here) is nearly 1/10 of the calculation and parameter volume of the ordinary detection head network (called Normal Head here). It shows that the proposed lightweight detection head network effectively reduces the amount of calculation and parameters of the detection head. In addition, it can be found that although the calculation and parameter amount of the lightweight detection head network is much smaller than that of the ordinary detection head network, it can achieve comparable performance, which once again proves the effectiveness of the proposed algorithm.




4.5. Experiments Results under Resource-Constrained Conditions


In this section, we report on experiments under resource-constrained conditions are performed on the PASCAL VOC dataset. The specific settings are as proposed in MSDNet, which are mainly experiments under two settings. One is “prediction at any time”, which refers to stopping the prediction at any time and returning the detection result to measure the computational consumption and accuracy at this time. The second is “budgeted batch object detection”, which refers to the use of a fixed calculation budget to reason about the entire test set.



For the “prediction at any time” experiment, we use a feature extraction network based on multiscale dense connections, and the feature fusion part uses the proposed LSFPN, the detection head uses the lightweight detection head network proposed in our paper. Comparison methods include MSDNet_MD, ResNet_MD, DenseNet_MD, which are multihead detectors constructed with MSDNet, ResNet and DenseNet, respectively. It can be seen from Figure 7 that the performance of the detection heads in front of ResNet_MD and DenseNet_MD is significantly lower than that of MSDNet_MD and our method. The main reason is that the shallow features of ResNet and DenseNet do not have sufficient high-level semantic information. The calculation amount of our entire network is lower than that of the first detection heads of MSDNet_MD, ResNet_MD and DenseNet_MD, which once again proves the superiority of the proposed LSFPN and lightweight detection head network. Under the same mAP, the calculation amount of the proposed algorithm is about 1/5 of that of models such as MSDNet_MD, ResNet_MD and DenseNet_MD.



For the “budgeted batch object detection” experiment, we used the entire PASCAL VOC2007 test set, with a total of 4952 images, and the average calculation amount of these 4952 images is used as the calculation budget. The experimental results are shown in Figure 8. It can be seen that MSDNet_MD uses a multiscale dense connection network for its feature extraction network, so its performance is much better than that of ResNet_MD and DenseNet_MD when the preliminary calculation budget is low. Their performance is relatively close when the computational budget is large. This shows that the feature extraction network based on multiscale dense connection is beneficial to construct feature maps of various scales in the shallow layer, which is beneficial to improve the performance of the previous detection head. The method proposed in our paper, when the calculation budget is close to MSDNet_MD, ResNet_MD and DenseNet_MD, our performance is much better than them. When the performance is close to them, the calculation budget is only less than 1/5 of them.




4.6. Evaluation on RSOD Dataset


We evaluate our model on the RSOD dataset [53], which is a large remote sensing object detection dataset with four categories: aircraft, oiltank, playground and overpass. The format of this dataset is PASCAL VOC. The entire dataset was divided into a training data set and a validation data set at a ratio of 5:1. The results in Table 7 show consistent performance with PASCAL VOC. The proposed method achieves better performance with a smaller calculation amount.




4.7. Discussions


To further investigate the advantage of the proposed method in this study, we conducted the ablation experiment of the proposed algorithm. The head network used in the experiment is the original RetinaNet detection head, which is called Normal Head (NH) here, and the lightweight detection head network proposed in our paper is called Light Head (LH). It can be seen from Table 8 that, compared to the Normal Head, based on the original FPN, the performance of all the five heads of our proposed lightweight detection head is better. Combined with Normal Head, the LSFPN has higher performance of each detection head than the FPN. This fully demonstrates that the network structure proposed in this paper achieves better performance under the condition of lower calculation amount and parameter amount, and verifies the effectiveness of the proposed algorithm. Finally, the LSFPN and the lightweight head network are combined to achieve good performance.



We further conducted an experiment on the weight of the loss of multiple detection heads. It can be seen from Table 9 that when the loss weights of each head are averaged, the performance of the front detection head is higher, especially the first and second detection heads, and the latter detection heads, such as the fourth and fifth detection heads. The accuracy is slightly lower. When the weight is (1, 1, 1, 1, 2), the accuracy of the last detection head is significantly improved, and the performance of the first two heads features a certain decline. Considering that the dynamic object detection model uses a densely connected feature extraction network, it has an advantage over other models in the performance of the previous detection head, so the final use of our paper is the weight (1, 1, 1, 1, 1, 2), so that both the front and back detection heads can show the superiority.



The qualitative results are provided in Figure 9. As shown in Figure 9, the first column to the fifth column are the detection results of the detection head 1 to the detection head 5. It can be seen from the figure that the detection head 1, having fewer feature extraction network layers and limited depth, is prone to false detection due to the insufficient semantic information. The detection heads at the back of the network have relatively few false detections. For some relatively simple samples, the detection result of the second detection head is actually acceptable, and there is no need for forward propagation to the fifth detection head. We can see that our method has consistent performance in different scenarios (such as sky, outdoor and indoor), which shows the robustness of our method. This once again illustrates the effectiveness and significance of the proposed algorithm. It is worth mentioning that our dynamic detector can be deployed easily without any heuristic processing and special operations. The whole model would be loaded first and ”easy” samples would be output at shallow exits without executing deeper layers to accelerate the speed. During deployment, as our model is defined in PyTorch, we first convert it into the ONNX format and then run it with ONNX Runtime, which is a performance-focused engine that can inferences efficiently across multiple platforms and hardware.





5. Conclusions


This paper proposes a dynamic object detection algorithm that can stop predicting and returning the detection result at any time. In order to achieve dynamic prediction, this paper constructs a detection network with multiple detection heads. Specifically, in order to improve the performance of the shallow detection head, a multiscale densely connected feature extraction network is used as the backbone of the detection model. In order to reduce the huge amount of calculation and parameters brought by the feature pyramid in the dynamic model, this paper proposes a lightweight shared feature pyramid network, which greatly reduces the increase in the calculation and parameter amount of the FPN when designing a detection model with multiple detection heads. In order to reduce the huge amount of calculation and parameters brought by the multiple detection head when constructing the dynamic object detection model, we propose a lightweight detection head network, which reduces the calculation amount of the detection head while maintaining the original performance. Finally, a large number of experiments verify the effectiveness of our method.
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Figure 1. The overall network architecture diagram of the dynamic object detection algorithm. 
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Figure 2. Feature extraction network based on multiscale dense connection. 
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Figure 3. The structure of FPN given in [38]. 
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Figure 4. The structure of proposed lightweight shared feature pyramid network. 
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Figure 5. Improvement of our lightweight detection head. 
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Figure 6. A 5 × 1 conv layer is followed by a 1 × 5 conv layer. 
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Figure 7. Performance of anytime prediction models as a function of computational budget on the Pascal voc. Higher is better. 
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Figure 8. Performance of budgeted batch object detection models as a function of average computational budget per image the on Pascal voc. Higher is better. 
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Figure 9. Qualitative comparison between different detection head on Pascal voc dataset. The first column to the fifth column are the detection results of the detection head 1 to the detection head 5. 
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Table 1. Analysis of MSDNet’s computation and parameter amount.
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	MSDNet
	Head1
	Head2
	Head3
	Head4
	Head5





	GFlops
	5.6G
	13G
	20.9G
	27.3G
	28.4G



	Params
	2.2M
	5.6M
	9.9M
	14.5M
	16.8M
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Table 2. Analysis of RetinaNet’s computation and parameter amount.
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	RetinaNet
	Backbone
	FPN
	Head
	Accumulated Amount





	GFlops
	40.8G
	8.5G
	54.5G
	103.8G



	GFlops(%)
	39.3
	8.2
	52.5
	-



	Params
	23.51
	8M
	26.09M
	57.6G



	Params(%)
	40.8
	13.9
	45.3
	-
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Table 3. The distribution of the computation amount (GFlops) and parameter amount (Params) of FPN.
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	FPN
	P3_1
	P3_2
	P4_1
	P4_2
	P5_1
	P5_2
	P6
	P7





	GFlops(%)
	12.1
	54.6
	6.1
	13.7
	3
	3.4
	6.8
	0.2



	Params(%)
	1.6
	7.4
	3.3
	7.4
	6.5
	7.4
	59
	7.4
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Table 4. Analysis of LSFPN’s computation and parameter amount under a single detection head.
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	Layers
	FPN (GFlops)
	LSFPN (GFlops)
	FPN (Params)
	LSFPN (Params)





	P3_1
	1.02G
	1.02G
	0.13M
	0.13M



	P3_2
	4.60G
	0.51G
	0.59M
	0.066M



	P4_1
	0.51G
	0.51G
	0.26M
	0.26M



	P4_2
	1.15G
	0.13G
	0.59M
	0.066M



	P5_1
	0.37G
	0.37G
	0.52M
	0.52M



	P5_2
	0.29G
	0.29G
	0.59M
	0.59M



	P6_1
	0.065G
	0.008G
	4.7M
	0.59M



	P7_2
	0.002G
	0.002G
	0.59M
	0.59M



	Accumulated
	8G
	2.84G
	8M
	2.81M
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Table 5. Analysis of LSFPN’s computation and parameter amount under multiple detection heads.
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	Nums of Head
	Head = 1
	Head = 2
	Head = 3
	Head = 4
	Head = 5





	FPN (GFlops)
	6.95G
	14.28G
	21.75G
	29.25G
	37.16G



	LSFPN (GFlops)
	1.72G
	3.81G
	6.05G
	8.17G
	10.73G



	FPN (Params)
	4M
	8.6M
	12.8M
	18.1M
	23.3M



	LSFPN (Params)
	2.22M
	2.66M
	3.1M
	3.61M
	4.23M



	FPN (mAP)
	52.5
	67.2
	72.2
	73.7
	76.2



	LSFPN (mAP)
	53.4
	67.8
	72.5
	73.9
	76.4
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Table 6. Analysis of Light Head’s computation and parameter amount under multiple detection heads.
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	Nums of Head
	Head = 1
	Head = 2
	Head = 3
	Head = 4
	Head = 5





	Normal Head (GFlops)
	54.54G
	109.1G
	163.6G
	218.2G
	272.7G



	Light Head (GFlops)
	4.38G
	8.76G
	14.25G
	19.73G
	27.48G



	Normal Head (Params)
	26.1M
	52.2M
	78.3M
	104.4M
	130.5M



	Light Head (Params)
	2.1M
	4.2M
	6.82M
	9.44M
	13.15M



	Normal Head (mAP)
	52.5
	67.2
	72.2
	73.7
	76.2



	Light Head (mAP)
	54.7
	69.0
	72.6
	74.0
	76.3
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Table 7. Performance of anytime prediction models on the RSOD dataset.
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	Method
	Head = 1
	Head = 2
	Head = 3
	Head = 4
	Head = 5





	MSDNet_MD (GFlops)
	69.61G
	140.52G
	220.73G
	276.85G
	339.12G



	MSDNet_MD (mAP)
	81.98
	88.80
	89.07
	89.28
	89.39



	ResNet_MD (GFlops)
	76.91G
	151.42
	221.35G
	280.03G
	362.18G



	ResNet_MD (mAP)
	60.12
	75.49
	86.28
	89.03
	89.41



	DenseNet_MD (GFlops)
	80.62G
	156.72G
	221.49G
	292.38G
	365.21G



	DenseNet_MD (mAP)
	61.56
	72.34
	86.32
	87.15
	89.27



	Our (GFlops)
	14.05G
	30.87G
	49.65G
	66.22G
	80.37G



	Our (mAP)
	82.14
	88.85
	89.12
	89.31
	89.40
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Table 8. Ablation experiment of LSFPN and LH.






Table 8. Ablation experiment of LSFPN and LH.





	Method/mAP
	Head = 1
	Head = 2
	Head = 3
	Head = 4
	Head = 5





	FPN+NH
	52.5
	67.2
	72.2
	73.7
	76.2



	FPN+LH
	54.7
	69
	72.6
	74
	76.3



	LSFPN+NH
	53.4
	67.8
	72.5
	73.9
	76.4



	LSFPN+LH
	54.2
	69.0
	72.9
	74.2
	76.3
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Table 9. Ablation experiments of the loss weight of different detection head.






Table 9. Ablation experiments of the loss weight of different detection head.





	Loss Weight/mAP
	Head = 1
	Head = 2
	Head = 3
	Head = 4
	Head = 5





	   1 , 1 , 1 , 1 , 1   
	55.5
	69.9
	73.1
	74.1
	74.6



	   1 , 1 , 1 , 1 , 2   
	54.2
	69.0
	72.9
	74.2
	76.3
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