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Abstract
This study addresses the issue that traditional single-person action recognition
algorithms are susceptible to influences from variations in pedestrian morphol-
ogy, background, and illumination. Based on the classification effectiveness of
the Dilated Convolutional Residual Network (DRN) and the accuracy of the ob-
ject detection network Faster R-CNN in target tracking, a fused network model
combining DRN and Faster R-CNN is proposed. This model incorporates DRN’
s dilated convolutional residual blocks into Faster R-CNN to replace the orig-
inal general convolutional layers. Two improvements are made to the fused
model: adding a batch normalization layer before each layer, and replacing
some two-layer residual blocks with three-layer dilated convolutional residual
blocks. Experimental results demonstrate that the three fused network recogni-
tion algorithms achieve higher mAP on the Olympic Sports Dataset compared to
other action recognition algorithms. Among them, the fused model containing
three-layer dilated convolutional residual blocks exhibits the best recognition
performance, with mAP reaching 78.9%.
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Abstract: Traditional single-person behavior recognition algorithms are sus-
ceptible to variations in pedestrian pose, background clutter, and lighting con-
ditions. Leveraging the classification accuracy of dilated convolutional residual
networks (DRN) and the target tracking precision of Faster R-CNN, this paper
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proposes a novel fusion network model that integrates DRN’s dilated convolu-
tional residual blocks into Faster R-CNN to replace its standard convolutional
layers. Two key improvements are introduced: (1) batch normalization layers
are added before each network layer, and (2) three-layer dilated convolutional
residual blocks replace select two-layer residual blocks. Experimental results on
the Olympic Sports Dataset demonstrate that the three proposed fusion network
variants achieve higher mean average precision (mAP) than existing behavior
recognition methods. The three-layer dilated convolutional residual block fusion
model exhibits the best recognition performance, attaining an mAP of 78.9%.

Keywords: behavior recognition; DRN; Faster R-CNN

0 Introduction
Human behavior recognition has attracted significant attention in applications
such as intelligent video surveillance, video retrieval, and human-computer in-
teraction [1]. Despite extensive research efforts worldwide, achieving practical
accuracy remains challenging due to complex backgrounds, illumination varia-
tions, appearance differences, and diverse motion patterns. Conventional be-
havior recognition approaches based on machine learning typically consist of
feature extraction and behavior classification stages. Common feature extrac-
tion methods include LBP (Local Binary Patterns), HOG (Histogram of Ori-
ented Gradients) [3], and SIFT (Scale-Invariant Feature Transform) [4], while
popular classifiers include decision trees and Support Vector Machines (SVM)
[5,6]. These traditional methods suffer from incomplete feature representation
and high manual effort requirements.

In recent years, convolutional neural networks (CNNs) have demonstrated re-
markable success in image classification and object recognition tasks. At the
2012 ImageNet ILSVRC competition, Krizhevsky et al.’s AlexNet [7] achieved a
top-5 error rate of 16%, drawing widespread attention to CNNs in computer vi-
sion. Subsequent competitions saw the emergence of various CNN architectures,
with He et al.’s ResNet [8] winning ILSVRC 2015. ResNet’s skip connections
effectively mitigate the “degradation”problem in very deep networks. Build-
ing upon ResNet, the Dilated Residual Network (DRN) [9] incorporates dilated
convolutions to enlarge the receptive field without pooling layers, thereby pre-
serving spatial resolution and retaining maximal detail from input images. This
approach enhances classification performance compared to standard ResNet.

Object recognition can be decomposed into target tracking and behavior classifi-
cation. Traditional machine learning-based behavior recognition methods often
perform direct classification without explicit target tracking, such as temporal
and spatial modeling [10,11], manual feature extraction followed by classifica-
tion [12], or HOG+CNN feature extraction with temporal ordering and SVM
classification [13]. In contrast, algorithms that jointly perform target tracking
and classification have achieved unprecedented results on various benchmarks

chinarxiv.org/items/chinaxiv-201809.00065 Machine Translation

https://chinarxiv.org/items/chinaxiv-201809.00065


[14-17]. Girshick et al.’s R-CNN [15] improved mean average precision (mAP)
from 34.3% to 66%, though training was complex and time-consuming. Subse-
quent work introduced Fast R-CNN [16] and Faster R-CNN [17], which employ
CNNs for both target tracking and classification, significantly reducing detec-
tion time while improving mAP. This paper combines DRN’s classification
accuracy with Faster R-CNN’s tracking precision to create a unified network
for behavior recognition.

1 Deep Convolutional Neural Network Models
CNNs extend standard neural networks with convolutional layers for feature
extraction and pooling layers for downsampling. In convolutional layers, each
neuron connects only to a local region of the previous layer. Each convolutional
layer contains multiple filters (feature maps), with each filter comprising n×n
neurons (n ≥ 1). These filters share weights across the input, where the shared
weights constitute the convolution kernel. This section introduces the DRN and
Faster R-CNN architectures.

1.1 DRN Network

DRN is a variant of ResNet, a residual network with skip connections developed
by He et al. As network depth increases, model performance plateaus and further
depth can cause“vanishing gradients,”“exploding gradients,”or“degradation”
—where training and test accuracy decline despite increased capacity, unrelated
to overfitting. To address degradation, DRN proposes a residual structure (Fig.
1), where a two-layer residual learning module transforms the mapping function
from H(x) to F(x) + x, with x as input and ReLU as the activation function.

DRN extends ResNet by incorporating dilated convolutions, which maintain
consistent receptive fields and output dimensions without pooling. As illus-
trated in Fig. 2, (a) shows 1-dilated convolution (equivalent to standard con-
volution), while (b) and (c) demonstrate 2-dilated and 4-dilated convolutions,
respectively. By replacing pooling layers, dilated convolutions preserve spatial
resolution while expanding receptive fields, maximizing retention of input image
details and improving classification performance over ResNet.

1.2 Faster R-CNN

To address the computational bottleneck of selective search in R-CNN and Fast
R-CNN, Faster R-CNN introduces a Region Proposal Network (RPN) [17] to
generate target proposals efficiently. The RPN structure is shown in Fig. 3.
Before the first convolution, anchors of three scales and three aspect ratios
are generated at each spatial location, yielding nine target boxes per location.
These boxes scan the entire image with a stride of 16, producing 20,000–40,000
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candidate boxes. After removing boundary-crossing boxes, 6,000–10,000 remain
for RPN training.

The RPN network begins with a 3$×$3 convolutional layer using 512 fil-
ters, stride 1, and ‘SAME’padding to preserve dimensions, followed by
ReLU activation. Two fully connected layers, “rpn_{{{cls}}{{score}}}”
and “rpn{{{bbox}}{{pred}}},”output foreground scores and bounding box
regression information. Dimension transformation layers with “reshape”adjust
tensor dimensions as needed. “rpn{{{cls}}_{{prob}}}”applies softmax, while
“proposal”generates final proposals by removing boundary boxes, applying
Non-Maximum Suppression (NMS) [19] based on foreground scores, and using
regression adjustments. The final output consists of 256 proposals.

The loss functions for RPN are defined as follows. Let i be the anchor index, N be
the batch size (N = 10), p_i be the predicted probability that anchor i contains
a foreground object, and p_i* be the ground-truth label (1 for foreground, 0 for
background). Let t_i be the predicted bounding box coordinates (top-left and
bottom-right) and t_i* be the ground-truth coordinates.

The total loss combines classification and regression losses:

𝐿({𝑝𝑖}, {𝑡𝑖}) = 1
𝑁 ∑

𝑖
𝐿𝑐𝑙𝑠(𝑝𝑖, 𝑝∗

𝑖 ) + 𝜆 1
𝑁 ∑

𝑖
𝑝∗

𝑖 𝐿𝑟𝑒𝑔(𝑡𝑖, 𝑡∗
𝑖 )

where 𝜆 is a weighting parameter. The classification loss L_{cls} is log loss:

𝐿𝑐𝑙𝑠(𝑝𝑖, 𝑝∗
𝑖 ) = − log[𝑝∗

𝑖 𝑝𝑖 + (1 − 𝑝∗
𝑖 )(1 − 𝑝𝑖)]

The regression loss L_{reg} uses the robust smooth L1 loss from [13]:

𝐿𝑟𝑒𝑔(𝑡𝑖, 𝑡∗
𝑖 ) = 𝑅(𝑡𝑖 − 𝑡∗

𝑖 )

where

𝑅(𝑥) = {0.5𝑥2 if |𝑥| < 1
|𝑥| − 0.5 otherwise

2 Data Preprocessing and Fusion Network Structure
2.1 Data Preprocessing

We employ the Olympic Sports Dataset, released by Stanford University in
2010, comprising 16 sport categories (basketball, weightlifting, long-distance
running, etc.) with 50 videos per category (Fig. 4). From the color dataset,
we select 5,000 images, annotate them with ground-truth bounding boxes, and
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generate 5,000 mirrored versions, creating a training set of 10,000 images. An
additional 2,000 images serve as a validation set for hyperparameter tuning, and
5,000 images constitute the test set. Since validation and testing focus solely
on behavior recognition accuracy without requiring bounding box evaluation,
these sets do not require manual ground-truth annotations.

2.2 Fusion Network Architecture

The fusion network structure is depicted in Fig. 5. The orange components cor-
respond to the RPN from Faster R-CNN (Section 1.2). The golden“Roi_{data}”
layer stores region proposals from the RPN, while“Roi_{pool5}”is the Region
of Interest (RoI) pooling layer that standardizes all features to 7$×$7 for the
fully connected layers.

The core fusion model (dashed box) replaces VGG16 [20] in the original Faster R-
CNN with DRN. The first layer is a 7$×7𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑤𝑖𝑡ℎ𝑝𝑎𝑑𝑑𝑖𝑛𝑔2𝑎𝑛𝑑𝑠𝑡𝑟𝑖𝑑𝑒2, ℎ𝑎𝑙𝑣𝑖𝑛𝑔𝑡ℎ𝑒𝑖𝑛𝑝𝑢𝑡𝑠𝑖𝑧𝑒.𝑇 ℎ𝑖𝑠𝑖𝑠𝑓𝑜𝑙𝑙𝑜𝑤𝑒𝑑𝑏𝑦𝑡ℎ𝑟𝑒𝑒𝑚𝑎𝑥−
𝑝𝑜𝑜𝑙𝑖𝑛𝑔𝑙𝑎𝑦𝑒𝑟𝑠("𝑝𝑜𝑜𝑙1", "𝑝𝑜𝑜𝑙2", "𝑝𝑜𝑜𝑙3")𝑤𝑖𝑡ℎ2×$2 kernels, stride 2, and‘SAME’
padding, each reducing spatial dimensions by half. After“pool3”, the network
exclusively uses dilated convolutional residual blocks (DR1–DR12) without
additional pooling. Blocks DR1–DR6 use 1-dilated convolutions, while DR7–
DR12 employ 2-dilated or 4-dilated convolutions to increase receptive fields
without further downsampling.

Each dilated residual block contains two 3$×$3 convolutional layers with stride
1 and‘SAME’padding. The number of filters varies per block: 16 for DR1, 32
for DR2, 64 for DR3–DR4, 128 for DR5–DR6, 256 for DR7–DR8, and 512 for
DR9–DR12. The dilation rate is indicated after each block name (e.g., “DR1
16 1”denotes 16 filters and dilation rate 1).

Following the residual blocks, two fully connected layers with 4,096 neurons
each include dropout layers to mitigate overfitting. The“cls_{score}”layer has
17 neurons (16 behavior classes + background), with “cls_{prob}”applying
softmax to output class probabilities. The“bbox_{pred}”layer has 68 neurons
providing bounding box regression offsets for all 17 classes. Other connections
remain consistent with the original Faster R-CNN.

3 Improved Fusion Models
This section addresses potential vanishing/exploding gradient issues through
two enhancements.

3.1 Fusion Model with Batch Normalization

Deep networks can suffer from vanishing or exploding gradients, causing dis-
tribution shifts in later layers that slow training as the network continuously
adapts to new data distributions. Batch Normalization (BN) [28] prevents this
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by adding learnable normalization layers before each network layer. For a batch
input {x_1, ⋯, x_m}, BN computes:

𝜇𝐵 ← 1
𝑚

𝑚
∑
𝑖=1

𝑥𝑖

𝜎2
𝐵 ← 1

𝑚
𝑚

∑
𝑖=1

(𝑥𝑖 − 𝜇𝐵)2

̂𝑥𝑖 ← 𝑥𝑖 − 𝜇𝐵
√𝜎2

𝐵 + 𝜖

𝑦𝑖 ← 𝛾 ̂𝑥𝑖 + 𝛽

where �_B and 𝜎_B^2 are the batch mean and variance, � is a small constant
(0.0001), 𝛾 and 𝛽 are learnable parameters, and y_i is the BN layer output.
During testing, BN uses population statistics:

𝐸[𝑥] ← 𝐸𝐵[𝜇𝐵], 𝑉 𝑎𝑟[𝑥] ← 𝑚
𝑚 − 1𝐸𝐵[𝜎2

𝐵]

In the improved fusion model (Fig. 5), BN layers are added before every layer in
the dashed box, including before both convolutional layers in each DR1–DR12
residual block and before all fully connected layers. BN layers are also added
to the RPN components.

3.2 Fusion Model with Three-layer Residual Blocks

The original fusion model uses two-layer residual blocks. Inspired by [9], we
replace DR1–DR6 with three-layer dilated residual blocks (Fig. 6) while keeping
post-pool3 blocks unchanged. In this design, the first and third layers are
1$×1𝑐𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠𝑤𝑖𝑡ℎ𝑑𝑖𝑙𝑎𝑡𝑖𝑜𝑛1, 𝑤ℎ𝑖𝑙𝑒𝑡ℎ𝑒𝑚𝑖𝑑𝑑𝑙𝑒𝑙𝑎𝑦𝑒𝑟𝑢𝑠𝑒𝑠3×$3 convolutions
with variable dilation rates. All layers have stride 1 and‘SAME’padding. This
modification increases network depth, requiring BN layers before each layer
as described in Section 3.1. Three-layer residual blocks demonstrate superior
performance in deep networks compared to their two-layer counterparts.

4 Experiments and Results
4.1 Fusion Network Training

Training employs alternating optimization on a GPU-based TensorFlow
implementation, requiring approximately three days. After training,
test images are processed to generate multiple bounding boxes with
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class scores. NMS with threshold 0.7 removes redundant boxes, retain-
ing only those with class probabilities exceeding 0.8. Fig. 7 shows a
600$×450𝑏𝑎𝑠𝑘𝑒𝑡𝑏𝑎𝑙𝑙𝑖𝑚𝑎𝑔𝑒𝑤ℎ𝑒𝑟𝑒𝑡𝑤𝑜𝑝𝑙𝑎𝑦𝑒𝑟𝑠𝑎𝑟𝑒𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑𝑤𝑖𝑡ℎ𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟𝑙𝑎𝑏𝑒𝑙𝑠𝑎𝑛𝑑𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒𝑠𝑐𝑜𝑟𝑒𝑠.𝐹 𝑖𝑔.8𝑠ℎ𝑜𝑤𝑠𝑎480×$360
hammer throw image where the action is detected, though other individuals
fail to exceed the 0.8 threshold and remain unmarked.

The trained model achieves 77.2% mAP on the test set. Comparative results
against other methods on the Olympic Sports Dataset are shown in Table 1. The
proposed fusion model outperforms existing behavior recognition algorithms, the
original Faster R-CNN, and YOLO [26] and SSD [27] implementations on this
dataset.

Table 1: mAP comparison of proposed and existing algorithms

Algorithm mAP
Proposed fusion model 77.2%
Reference [21] 69.2%
Reference [22] 76.4%
Reference [23] 73.7%
Reference [24] 72.3%
Reference [25] 75.1%
Reference [10] 72.1%
Original Faster R-CNN 67.3%
YOLO [26] 76.4%
SSD [27] 76.8%

4.2 Improved Fusion Models

Both improved models are trained identically to the original fusion model, with
only the enhanced components modified. Table 2 compares their performance.

Table 2: mAP comparison of improved fusion models

Model mAP
Original fusion model 77.2%
BN-added fusion model 78.5%
Three-layer residual block fusion model 78.9%

The BN-enhanced model achieves 78.5% mAP, confirming that the original
model experienced minor gradient issues that BN successfully mitigated. The
three-layer residual block model performs best at 78.9% mAP, demonstrating
that deeper residual blocks are more effective for this classification task.
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5 Conclusion
This paper proposes a fusion network that integrates DRN’s dilated convolu-
tional residual blocks into Faster R-CNN’s shared convolutional layers, lever-
aging DRN’s classification strengths and Faster R-CNN’s tracking precision.
Two enhancements—adding BN layers and employing three-layer residual blocks
—yield further improvements. All three fusion models surpass existing behav-
ior recognition methods and the original Faster R-CNN on the Olympic Sports
Dataset, with the three-layer residual block model achieving the highest mAP
of 78.9%. However, the detection speed remains limited at approximately 5
frames per second, significantly slower than YOLO (~45 fps) and SSD (~58 fps).
Future work will focus on accelerating detection while maintaining recognition
accuracy.
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