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a b s t r a c t 

Recognizing micro actions such as slight head shaking or hand clapping from videos can be challenging 

since they only involve small movements of local body parts. In this paper, we propose to fuse features 

from both higher-level and lower-level layers of convolutional neural networks for improving the accuracy 

of micro-action recognition. Deep features in higher-level layers have been shown to be effective in rec- 

ognizing general actions, such as biking and jumping, that involve relatively large movements. Different 

from features in higher-level layers, features in lower-level layers are usually of higher resolution and can 

help capture small motions in micro actions. In this paper, we employ class-discriminative information 

as a guidance in lower-level layers to learn local features that are highly associated with micro-action 

regions. In the experiments, we evaluate the proposed method on two micro-action video datasets and 

achieve new state-of-the-art performance. We also test the proposed method on two general-action video 

datasets with promising performance. 

© 2022 Elsevier B.V. All rights reserved. 
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. Introduction 

Video-based action recognition has been widely studied in the 

attern-recognition community [1–3] . Most of the existing works 

ocused on recognizing general actions that involve relatively large 

ovements, such as lifting and jumping, while few works [4–

] concentrated on recognizing micro actions that only involve 

mall or even subtle movements within local regions such as slight 

ead shaking and shoulder shrugging. Sample micro-action and 

eneral-action video frames are shown in Fig. 1 . However, accu- 

ate micro-action recognition is very important to video surveil- 

ance and processing since these actions reflect the behavior and 

ntention of the subjects, e.g., a slight head shaking may indicate a 

isagreement while a slight head nodding may indicate an agree- 

ent. 

Clearly, with small movements, micro-action recognition can 

e a very challenging problem, especially when the micro ac- 

ions of interest are mixed with other unconcerned general actions. 

urrent state-of-the-art approaches for general-action recognition 
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re based on deep learning, where convolutional neural networks 

CNNs) are usually used to learn deep spatial-temporal features in 

igher-level layers for classification. With low resolution and se- 

antic meanings, such deep features have been shown to be ef- 

ective for general-action recognition [7–9] . However, they may be 

nsufficient to capture small movements for accurate micro-action 

ecognition [5] . 

Compared with higher-level layer CNN features, lower-level 

ayer CNN features can also be general and discriminative [10] , and 

sually provide higher spatial resolution information [11] , which 

elp capture small motion for micro actions. In object detection, 

he lower-level layer CNN features can improve semantic segmen- 

ation quality since they capture more fine details of the input 

bjects [12] . Inspired by these findings, in this paper we propose 

o enhance micro-action recognition by learning the local features 

rom multiple lower-level layers. The discriminative and fine in- 

ormation contained in these lower-level-layer local features can 

enefit the learning of small motion within local regions. Using 

he temporal shift module (TSM) video network [7] on ResNet- 

0 [13] as the baseline, we first calculate the class activation 

ap (CAM) [14] and then employ CAM as the class discrimina- 

ive information to locate the regions associated with the small 

otion of interest. After that, we extract the local feature maps 

rom the lower-level convolutional layers and further learn the 

https://doi.org/10.1016/j.patrec.2022.04.002
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Fig. 1. Two sample micro-action videos: (a) shake head and (b) shrug shoulders, 

and two sample general-action videos: (c) lift and (d) jump. Green boxes show the 

actions of interest. 
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xtracted local features via residual convolutional block [13] , fol- 

owed by the dropout and fully-connected layers to compute the 

lass scores. The scores from multiple lower-level layer features 

re fused with those from higher-level layers in the original TSM 

or the final classification. We name the above learning progress 

or lower-level layers as Multi-layer Local Feature Extractor. In the 

xperiments, we evaluate the proposed method on two micro- 

ction video datasets [5,6] , resulting in new state-of-the-art per- 

ormance. We also evaluate the proposed method on two general- 

ction video datasets [15,16] to show its wide usefulness. 

The main contributions of this paper are: 1) We propose 

o enhance micro-action recognition by learning the local fea- 

ures from multiple lower-level layers. 2) We combine class dis- 

riminative information and residual convolutional block to ex- 

ract and further learn lower-level layer local features. 3) The 

roposed method achieves state-of-the-art performance on two 

icro-action datasets as well as promising results on two general- 

ction datasets. 

The remainder of this paper is organized as follows. 

ection 2 briefly discusses the related work. Section 3 elabo- 

ates on the proposed method in detail. Section 4 reports the 

xperimental results, followed by a brief conclusion in Section 5 . 

. Related work 

Video-based action recognition is one of the prime tasks in 

omputer vision. It has drawn much attention in the multimedia 

ommunity for decades. In this section, we briefly review related 

ork on general-action recognition and micro-action recognition. 

.1. General-action recognition 

For video-based general-action recognition, many methods have 

een developed to obtain effective spatial-temporal features from 

ideos. These methods can be classified into two categories based 

n the way of extracting features: hand-crafted feature based and 

eep-learning-feature based approaches. 

Conventional action-recognition approaches usually extract 

and-crafted features from videos, including histograms of ori- 

nted gradients (HOG) [17] , spatio-temporal interest points 

STIP) [18] , and improved dense trajectories (iDT) [19] . Among 

hem, iDT is one of the state-of-the-art hand-crafted represen- 

ations, due to its strong performance on video action bench- 

arks [15,16] . 

Recently, many action-recognition methods have concentrated 

n learning spatial-temporal features from videos via deep neural 

etworks. Two-stream CNNs [20] was developed to learn the ap- 

earance and motion features from RGB frames and the optical- 

ow sequence, respectively for action recognition. Later, Jeffrey 
56 
t al. [21] used the recurrent neural networks (RNNs) with long 

hort-term memory (LSTM) unit on the top of CNNs to learn tem- 

oral dynamics across video frames. Wang et al. [9] developed a 

emporal segment network by averaging video-clip representations 

or video-level prediction. Tran et al. [8] proposed R (2 + 1) D Net

y decomposing 3D convolutions into 2D spatial convolutions and 

D temporal convolutions to reduce the number of learnable pa- 

ameters. Martinez et al. [22] treated action recognition as fine- 

rained video classification and learned discriminative filter banks 

rom the second last convolutional layer, by using a 1 × 1 convo- 

utional layer and a max-pooling layer. However, almost all the 

bove works aimed at general-action recognition without consid- 

ring motion subtleness of micro actions. Different from them, this 

aper further learns local features from multiple lower-level layers 

nd combine them with higher-level layer deep features for classi- 

ying micro actions. 

.2. Micro-action recognition 

As far as we know, only a few previous works focused on 

icro-action recognition. Yonetani et al. [6] extracted hand-crafted 

eatures from both first-person (actor’s view) and third-person (ob- 

erver’s view) videos for recognizing micro actions. One of its lim- 

tations is its requirement of both first-person and third-person 

ideos and manual synchronization between them. In addition, ex- 

sting general-action recognition methods are used for feature ex- 

raction. In this paper, we study micro-action recognition by only 

sing the third-person videos and propose to learn multi-layer 

ocal features to address the motion subtleness in micro-action 

ecognition. Mi et al. [4] developed a segment-level temporal pyra- 

id for micro-action videos by combining multi-scale temporal in- 

ormation upon the features extracted from the last convolutional 

ayers. However, it does not consider the local features from lower- 

evel CNN layers, which is the main contribution of the method 

roposed in this paper. Mi et al. [5] proposed a dual-branch net- 

ork to utilize both high-layer and mid-layer CNN features for 

icro-action recognition. The mid-layer CNN features were further 

xplored via a combination of 1 × 1 × 1 convolutional layer, non- 

ocal operation and pooling to learn motion representation. How- 

ver, the features from much lower-level CNN layers are still not 

tudied. Different from their work, we thoughtfully consider the 

eatures from much lower CNN layers by extracting the local fea- 

ures based on class discriminative information. In Sections 4 , we 

ill show that our method significantly outperforms these three 

xisting micro-action recognition approaches on two micro-action 

atasets [5,6] . 

.3. Learning features from multiple layers 

Learning features from multiple CNN layers have been studied 

n the community. Li et al. [23] proposed the deeply-supervised 

NN model (DS-CNN) with trainable feature aggregation. DS-CNN 

rst aggregated features from the same level of CNN layer for 

ultiple frames. Then, aggregated features from different levels 

f CNN layers were used to compute classification scores. Finally, 

hese scores were combined via weighted sum to predict video- 

evel action classes. Different from this work, we use CAM as a 

uidance to extract local features from different lower-level CNN 

ayers for capturing fine details of micro actions. In Section 4.3 , 

e also show that our method significantly outperforms this work 

n two general-action datasets UCF101 and HMDB51 [15,16] . Tang 

t al. [24] proposed the GoogLeNet based multi-stage feature fu- 

ion to recognize scenes in images. However, the features are di- 

ectly pooled from the corresponding CNN layers in these works. In 

his paper, we further explore the local features in different lower- 

evel CNN layers for micro-action recognition. In [12,25] , multiple 
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evels of CNN features are used to predict the positions for objects 

ith multiple scales in input images. In this paper, we enhance 

icro-action recognition by learning local features from multiple 

ower-level CNN layers. 

. Proposed method 

In this section, we describe the proposed method for micro- 

ction recognition in detail. Our model utilizes the peak response 

f class activation maps [14] as a guidance along with residual 

locks, to extract and further learn the micro-motion related local 

eatures for multiple lower-level convolutional layers. We first in- 

roduce the base architecture, then describe the proposed network, 

nd finally elaborate on the loss function of our model. 

.1. Base architecture 

Our model is based on a general-action recognition framework 

y simply inserting temporal shift module (TSM) [7] into 2D CNNs, 

hich requires the same computation and parameters as conven- 

ional 2D CNNs and can achieve the performance of 3D CNNs. 

ame as the temporal segment network (TSN) [9] , TSM video net- 

ork extracts averaged features from strided sampled frames and 

utputs the recognition result with a single forward pass. In this 

aper, we use TSM video network with backbone ResNet-50 [13] as 

he baseline architecture to build the proposed network. For sim- 

licity, we refer TSM video network as TSM in the remaining paper. 

.2. Proposed network 

The overall architecture of the proposed network is shown in 

ig. 2 . It starts with the baseline model TSM, in which the input is

he video-frame sequence and the final outputs are scores for all 

he action classes. The parts within the red dotted box at the end 

f TSM are used to calculate the class activation maps (CAM) by 

ombining the weights of the fully-connected layer and the fea- 

ure maps of the last convolutional layer Con v 5 _ x following the 

ay in Zhou et al. [14] . Although CAM is computed by using the

igh-level layer CNN features, the peak response of CAM could in- 

icate the specific region of the image where the network focuses 

n to recognize the corresponding class [26,27] . Inspired by this, 

e use (CAM) as a guidance to locate the regions associated with 

he small motion of interest in this paper. Later in the visualiza- 

ion experiment, we will show that the proposed method can ef- 

ectively locates the micro actions of interest with the use of CAM. 

or an input video frame, f k (x, y ) denotes the response of k th out- 

ut feature map of Con v 5 _ x at spatial location (x, y ) ; w 

c 
k 

denotes

he weight that connects the k th input unit to the cth output unit

n the fully-connected layer, which indicates the importance of k th 
ig. 2. The overall architecture of our model. TSM with backbone ResNet-50 is on the top

6 × 56 , 28 × 28 , 14 × 14 , and 7 × 7 , respectively. The proposed MLFE is on the bottom. T

eighted sum of the output of TSM and MLFE. GAP and FC denote global average pooling

57 
eature map of Con v 5 _ x for class c. Then, the class activation map

 c for class c is calculated by: 

 c (x, y ) = 

K 5 ∑ 

k =1 

w 

c 
k f k (x, y ) , (1) 

here K 5 is the number of output feature maps (i.e., the number 

f channels) of Con v 5 _ x . 
Taking CAM as input, we propose the Multi-layer Local Feature 

xtractor (MLFE, as shown in the lower part of Fig. 2 ) to locate

icro-action related regions in lower-level layers, and the resulting 

egions are used to learn local features for better recognizing mi- 

ro actions. As discussed in Garcia-Gasulla et al. [10] , Zhang et al. 

11] , lower-level layer features usually have higher resolutions than 

igher-level layer features, and can also be general and discrimi- 

ative. We expect that the local features learned from MLFE can 

e class-discriminative for micro actions by involving higher res- 

lution information. As shown in Fig. 2 , we finally combine the 

igher-level layer features from TSM and lower-level layer features 

rom MLFE for action recognition. 

In MLFE, given CAM and the feature maps of lower-level lay- 

rs as input, the Local Feature Extractor (LFE) learns local features 

hat relate to small motion for each lower-level layer. Then, the 

utputs from all LFEs are fused by an aggregation function which 

eturns an evenly averaging of class scores. Let O 2 , O 3 , O 4 repre-

ent the outputs of LFEs which are applied on lower-level layers 

 on v 2 _ x , C on v 3 _ x , and C on v 4 _ x , respectively. We compute the out-

ut of MLFE for n th frame of the input sequence as: 

 

n 
MLF E = A (O 2 , O 3 , O 4 ) , (2) 

here A is a simple averaging operation. Then, the final output 

f MLFE is obtained by applying a consensus function G in [9] to 

btain the video-level output of MLFE by 

 MLF E = G(O 

1 
MLF E , O 

2 
MLF E , . . . , O 

N 
MLF E ) , (3) 

here N is the total number of input frames. We follow [9] to se- 

ect G as temporal average pooling. 

In the end, for an input video-frame sequence, we sum up 

 MLF E and the TSM output O T SM 

by a coefficient λ to get the fi- 

al output O , i.e., the predicted class scores in video-level as 

 = O T SM 

+ λ · O MLF E . (4) 

.3. Local feature extractor 

Local Feature Extractor (LFE) is applied to certain lower-level 

ayers to learn local features that are highly related to the micro 

ctions of interest, by using the peak response from CAM as a guid- 

nce to locate the small motion. Although only one single peak lo- 

ation is selected by LFE, the area besides the peak location are 
. The output sizes of C on v 1 , C on v 2 _ x , C on v 3 _ x , C on v 4 _ x , and C on v 5 _ x are 112 × 112 , 

he input of the model is the video frame sequence. The output of the model is the 

 and fully-connected layer, respectively. 
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Fig. 3. An illustration of the network architecture of Local Feature Extracter (LFE) and its residual block. In LFE, the response peak in CAM is marked by a star. The corre- 

sponding regions in Con v 2 _ x mapped through the response peaks are shown in colored cubes. These cubes are used to further learn local features. Each cube corresponds to 

a local region that is highly associated with an action class. In the residual block, BN and ReLU represent the batch normalization [28] and the non-linearity activation [29] , 

respectively. GAP and FC denote global average pooling and fully-connected layer, respectively. 
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till covered by the features from TSM, since we also use the high- 

evel layer features from TSM which are computed upon the whole 

mage frame to compensate with the low-level layer features for 

he final classification. Taking the lower-level layer Con v 2 _ x as an 

xample, the detailed architecture of LFE is shown in Fig. 3 . Let 

 2 (x, y ) represent the output feature maps of Con v 2 _ x . (P c x , P 
c 
y ) rep-

esents the location of the response peak of M c for class c, and it

s computed by 

P c x , P 
c 
y ) = argmax (M c ) , (5) 

here argmax (·) returns the indices of the maximum value. Each 

 × 1 peak is mapped to an 8 × 8 square region in F 2 (x, y ) accord-

ng to the spatial correspondence, where the width and height of 

 2 (x, y ) are 8 times that of the output feature maps from Con v _ 5 .
he local feature map F 

c 
2 

for class c can be extracted by 

F 

c 
2 = F 2 (x, y ) , 

 

c 
x · scale ≤ x ≤ (P c x + 1) · scale − 1 , 

 

c 
y · scale ≤ y ≤ (P c y + 1) · scale − 1 , 

(6) 

here scale is calculated by 

cale = 

W 2 

W 5 

= 

H 2 

H 5 

, (7) 

nd W 2 , H 2 and W 5 , H 5 are the width and height of the output fea-

ure maps of Con v 2 _ x and Con v 5 _ x , respectively. 

Next, we feed F 

c 
2 

to a standard residual block with 3 convolu- 

ional layers, whose kernel sizes are 1 × 1 , 3 × 3 , and 1 × 1 , respec-

ively. It aims to further learn motion features for micro actions. 

he resulting learned features are fed into a GAP and an FC layer 

ith an output size of 1 to get the score O 

c 
2 

for the class c. We

enote the residual block as R (·) , then O 

c 
2 

is computed by 

 

c 
2 = F C(GAP (R (F 

c 
2 ))) . (8) 

Note that the residual block and FC layer share weights for all 

he action classes. The FC layer outputs the score of class c, which 

s a single value within [0,1] (ideally 0 or 1). The final output O 2 of

FE on Con v 2 _ x is the concatenation of the scores O 

c 
2 

of all classes.

nd, we normalize the different scores across classes by using the 

oftmax function. 

For the lower-level layers Con v 3 _ x and Con v 4 _ x , we follow the

ame procedure of computing O 

c 
2 

to calculate the scores O 

c 
3 

and 

 

c 
4 

for class c. Specifically, the corresponding local feature maps 

 

c 
3 

and F 

c 
4 

extracted from these layers are obtained by mapping 

ach 1 × 1 peak to a 4 × 4 square region and a 2 × 2 square region,

espectively. Then, a standard residual block with 3 convolutional 

ayers is used to learn local features from F 

c 
3 

, followed by a GAP 

nd an FC to compute O 

c 
3 
. Notice that, we do not use residual block

or F 

c 
4 

, due to its smaller spatial size. Only a GAP and an FC are

sed to calculate O 

c 
4 
. The final outputs O 3 and O 4 of LFEs on these

ayers are the concatenation of the scores O 

c 
3 

and O 

c 
4 

for all classes, 

espectively. 
58 
.4. Loss function 

The loss function of our model consists of two parts: the loss 

f TSM and the loss of MLFE. This is inspired by the existing 

icro-action recognition work [5] and fine-grained image classi- 

cation work [30] , where the final loss is the weighted sum of the 

oss from different branches in their CNN models. This design may 

over the trade-off between low-level layer features and high-level 

ayer features by training TSM and MLFE with different coefficients 

n the loss of each. We define the loss function as: 

 (b, O ) = L (b, O T SM 

) + λ · L (b, O MLF E ) 

= −
C ∑ 

c=1 

b c 
(
O 

c 
T SM 

− log 

C ∑ 

j=1 

exp O 

j 
T SM 

)

−λ ·
C ∑ 

c=1 

b c 
(
O 

c 
MLF E − log 

C ∑ 

j=1 

exp O 

j 
MLF E 

)
, 

(9) 

here L (·) represents the standard cross-entropy loss. The coeffi- 

ient λ which is the same as the one in Eq. (4) is also the weight

or the loss of MLFE, and b c is the ground-truth label of class c.

he model is trained in an end-to-end manner and λ is set to 0.1 

mpirically. 

. Experiments 

In this section, we first describe the evaluation datasets, and 

hen introduce the training & testing setup. Finally, we report the 

xperimental results. 

.1. Datasets 

Micro-action video datasets . Paired Egocentric Videos (PEV) [6] is 

n existing micro-action video dataset, which contains 911 pairs 

f first-person (actor’s view) and third-person (observer’s view) 

ideos, each pair containing a micro action performed by per- 

on A and watched by another person B. Notice that, we only 

se the third-person videos for evaluation. There are seven mi- 

ro actions: Pointing , Attention , Positive , Negative , Passing , Receiv- 

ng and Gesture . The action performer is always sitting or stand- 

ng when performing the micro actions. Micro Action 10 (MA10) 

ataset [5] is another micro-action video dataset with 60 0 0 videos, 

here the action performer is always walking when perform- 

ng the micro actions. It has 10 micro actions: Applaud , Hand- 

alute , Nod , ShakeHead , PutPalmsTogether , HeadScratch , ShrugShoul- 

ers , Stop , ThrowUpHands , and Waving . Each video contains only 

ne micro action, and each action has 600 videos. For both PEV 

nd MA10, the evaluation scheme is to conduct a three-fold cross 

alidation on all 911 and 60 0 0 videos, respectively. Specifically, one 

ataset is split into three subsets of similar size: two subsets are 

sed for training and the remaining subset is used for testing in 
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Table 1 

Performance of the proposed method with different variations on PEV and MA10 

datasets. #Params. denotes the total number of network parameters. FLOPs/Video 

denotes the number of floating-point operations per video. 

Variation PEV MA10 #Params. FLOPs/Video 

TSM 67.9% 74.1% 24.3 M 33.00 G 

TSM + LFE ( Con v 2 _ x ) 70.1% 75.7% 24.4 M 33.35 G 

TSM + LFE ( Con v 3 _ x ) 69.5% 75.1% 24.6 M 33.36 G 

TSM + LFE ( Con v 4 _ x ) 69.7% 75.2% 24.4 M 33.01 G 

TSM + MLFE 70.8 % 76.3 % 24.8 M 33.72 G 

TSM 

∗ + MLFE 69.3% 75.0% 24.8 M 33.72 G 
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Table 2 

Performance of the proposed method with different strategies for 

fusing the output from multiple LFE on PEV and MA10 datasets. 

Fusion PEV MA10 

Averaging 70.8 % 76.3 % 

Sum 70.1% 75.8% 

Concat. 70.3% 76.0% 
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ach split. We report the average accuracy over all actions as the 

ecognition performance for each dataset. 

General-action video datasets . HMDB51 [15] is a general-action 

ecognition benchmark. It contains 6766 videos from 51 action cat- 

gories. We follow the original evaluation protocol, using 3 train- 

ng/testing splits, and report the average accuracy of these splits. 

CF101 [16] is another popular general-action recognition bench- 

ark, which contains 13,320 videos from 101 action categories. We 

dopt the original three training/testing splits for evaluation and 

eport the average accuracy over these splits. 

Training and testing setup . The network is fine-tuned from Kinet- 

cs [31] pre-trained weights. The training parameters are 50 train- 

ng epochs, initial learning rate 0.001 (decays by 0.1 at epoch 20 

nd 40), weight decay 0.0 0 01, batch size 16. For the network in-

ut, we follow the normal setting in TSM to sparsely sample 8 

GB frames from an input video as one sample for training and 

ample two clips per video with the full resolution image where 

he shorter side is 256 for testing. 

.2. Experimental results on micro-action datasets 

Impact of LFE and MLFE . We conduct a series of ablation exper- 

ments on both PEV and MA10 datasets, to show the effectiveness 

f each component in Multi-Layer Local Feature Extractor (MLFE). 

ere, the temporal shift module video network (TSM) [7] is used 

s the baseline method for comparison. We apply several variations 

n TSM: TSM+LFE ( Con v 2 _ x ), TSM+LFE ( Con v 3 _ x ) and TSM+LFE

 Con v 4 _ x ), where these variations only employ one Local Feature 

xtractor (LFE) on the output feature maps from layer Con v 2 _ x ,
 on v 3 _ x and C on v 4 _ x in ResNet-50 [13] , respectively; TSM+MLFE,

n which the proposed method applies LFE on the output feature 

aps on all these layers. 

As shown in Table 1 , the performance of the baseline method 

s improved by adding different variations of the proposed LFE 

odel, where the accuracy of TSM is increased by 2.2%, 1.6%, 1.8%, 

.9% by embedding LFE ( Con v 2 _ x ), LFE ( Con v 3 _ x ), LFE ( Con v 4 _ x )
nd MLFE, respectively. These results verify the usefulness of LFE, 

hich can effectively learn local features from lower-level layers 

or better recognizing micro actions. Among the three variations of 

FE, LFE ( Con v 2 _ x ) obtains relatively larger accuracies while the ac-

uracies of the other two variations are very close. This is because, 

he features extracted from LFE on Con v 2 _ x contain higher resolu- 

ion information compared with the ones in other two layers, and 

his information is useful for representing small motion. The differ- 

nces between the results of using LFE on different CNN layers are 

ot large. This may be because, the different levels of features ex- 

racted by LFEs are all from the same local region associated with 

he small motion of interest and these features are not only im- 

ortant but also complementary for representing such motion. By 

sing MLFE, the proposed method achieves the best results, which 

erifies the effectiveness of combining multi-layer local features for 

icro-action recognition. 

We also conduct an experiment by only using MLFE loss with- 

ut TSM loss, which is denoted as TSM 

∗ + MLFE. We can see from
59 
he table that, the performance degrades when using TSM loss 

ithout MLFE loss. This may be because that the high-level layer 

eatures involves highly semantic information and can be compen- 

ated with detailed information of the low-level layer features for 

etter micro-action recognition. 

We also perform the complexity analysis by comparing the 

umbers of network parameters and the number of floating-point 

perations per video for these four variations. By involving LFE 

 C on v 2 _ x ), LFE ( C on v 3 _ x ), LFE ( C on v 4 _ x ) and MLFE, the number of

arameters are increased by 0.1 M, 0.3 M, 0.1 M and 0.5 M, respec- 

ively, while the number of floating-point operations per video are 

aised by 0.35 G, 0.36 G, 0.01 G and 0.72 G, respectively. These 

esults show that learning the local features from the lower-level 

ayers only modestly increases the model size and computational 

ost, which further verify the effectiveness of the proposed LFE and 

LFE. Note that, the numbers of parameters and FLOPs brought 

y applying LFE to different CNN layers show no trend. We ex- 

lain this as follows. The dimensions of the local feature maps ex- 

racted by LFEs on different CNN layers do not show certain trend. 

pecifically, the local feature maps extracted by LFE ( Con v 2 _ x ), LFE

 Con v 3 _ x ) and LFE ( Con v 4 _ x ) have the spatial size of 8 × 8, 4 × 4

nd 2 × 2, respectively. Meanwhile, these feature maps have the 

ollowing numbers of channels: 256, 512 and 1024, respectively. 

hus, the model parameters and computational cost brought ad- 

itionally by the corresponding layers upon these feature maps in 

ifferent LFEs also show no trend. 

We can also see from table that, the proposed method 

TSM + MLFE) achieves a 2.0% (0.5 M) gain on the number of pa- 

ameters and 2.2% (0.72 G) gain on the number of flops. Mean- 

hile, the proposed method has a 4.3% (2.9 actual percent) gain 

n the recognition accuracies on PEV dataset, and a 3.0% (2.2 ac- 

ual percent) gain on the recognition accuracies on MA10 dataset, 

espectively. These results also show that the proposed method en- 

oys a reasonable accuracy-cost trade-off. 

Visualization on LFE . In Fig. 4 , we visually interpret LFE on the 

ower-level layer Con v 2 _ x . By using the class-discriminative infor- 

ation, LFE effectively locates the micro actions of interest (e.g., 

uman head motion and hand motion for Positive and Pointing ac- 

ions, respectively) on lower-level layer features. The extracted lo- 

al feature maps with higher resolution information are discrim- 

native for capturing the small movements of the corresponding 

ody parts. 

Impact of fusion strategies . We also study the impact of using 

ifferent strategies for fusing the outputs from multiple LFEs. Be- 

ides using the default Averaging fusion as described in Section 3.2 , 

e also test the other two fusion operations: 1) Sum: taking the 

um of class scores from all LFEs; 2) Concat: concatenating the out- 

ut from GAP operation in each LFE, followed by a fully-connected 

ayer to calculate class scores. Table 2 shows the recognition ac- 

uracy of all these three ways of fusion. Averaging leads to better 

esults than Sum or Concat, which justifies the choice of using av- 

raging for fusing the output from multiple LFEs. 

Impact of the coefficient . We study the impact of the coefficient 

 λ), which is used for fusing the output class scores from MLFE 

ith the ones from the TSM, in an enumeration way. Specifically, 

e select several different values with the even interval of 0.1 for 

he coefficient. Note that, the coefficient value of 0 means using 
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Fig. 4. Visualization of the proposed LFE. The lower-level layer features and extracted local features are enlarged to the same size as the input frames. The second, third and 

fourth columns are shown in terms of saliency maps. 

Table 3 

Comparison results on PEV and MA10 datasets. The top part of the table refers to general-action-recognition methods; the middle part 

of the table refers to micro-action-recognition methods. #Params. denotes the total number of network parameters. FLOPs/Video denotes 

the number of floating-point operations per video. Flex. denotes the flexible number of temporal clips with spatial crop which are used 

in C3D. Ms/V denotes milliseconds per video. 

Method Pretraining dataset Backbone #Params. FLOPs/Video Ms/V PEV MA10 

iDT [19] None – – – – 43.0% 40.1% 

C3D [32] Sports-1M 3D CNNs 79.0 M 296.7 G × Flex. 114.1 × Flex 53.8% 45.8% 

TSN [9] ImageNet BN-Inception 10.3 M 8.8 G × 3 10.2 77.7% 62.4% 

R(2+1)D -Two Stream [8] Kinetics 3D ResNets 63.8 M 304.0 G × 115 1344.2 65.4% 64.7% 

TSM [7] Kinetics ResNet-50 24.3 M 4.1 G × 8 12.6 67.9% 74.1% 

MPOV [6] None – – – – 69.0% –

STP-RGB [4] ImageNet BN-Inception 10.3 M 16.4 G × 3 18.9 60.0% 65.5% 

STP-TwoStream [4] ImageNet BN-Inception 10.3 M 35.0 G × 3 40.4 80.6% 68.5% 

DBN-RGB [5] ImageNet BN-Inception 10.8 M 17.2 G × 3 19.8 63.9% 73.5% 

DBN-TwoStream [5] ImageNet BN-Inception 10.8 M 42.6 G × 3 49.1 81.3% 76.8% 

Proposed-RGB ImageNet BN-Inception 10.5 M 2.0 G × 8 6.2 69.2% 75.1% 

Proposed-RGB Kinetics ResNet-50 24.8 M 4.2 G × 8 12.9 70.8% 76.3% 

Proposed-TwoStream ImageNet BN-Inception 10.5 M 4.0 G × 8 12.4 82.0% 78.8% 

Proposed-TwoStream Kinetics ResNet-50 24.8 M 8.6 G × 8 26.5 82.4 % 79.1 % 
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nly TSM without MLFE, and the coefficient value of 1 indicates 

hat the class scores from TSM and MLFE share the same weight. 

uring the experiment, we use the same experimental setting to 

rain the network several times and report the best testing results 

or each value of λ, to alleviate the potential effect of the exper- 

mental bias during the parameter optimization in training. The 

esults of recognition accuracy are shown in Fig. 5 . We can see 

hat λ = 0 . 1 leads to the best performance, while the change of

he value in certain range (0.1 to 0.5) does not change the per- 

ormance much. These result indicates that the local features from 

he low-level layers make a small but essential adjustment upon 

he final output, and enable the network to capture small motion 
ig. 5. Performance of the proposed method with different values for coefficient λ

n PEV and MA10 datasets. 
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60
n a finer manner than just using higher-level layer features as in 

SM. 

Comparison results . We choose five general-action-recognition 

pproaches [7–9,19,32] and three micro-action-recognition ap- 

roaches [4–6] for comparison. The comprehensive comparison re- 

ults are presented in Table 3 . Specifically, for the comparison ap- 

roaches – iDT, MPOV and STP on PEV, we use the results reported 

n their works. For all the other results of the comparison meth- 

ds, we use their released codes with default settings to conduct 

xperiments and ensure the loss converges during the training pro- 

ess. Note that, MPOV cannot be tested on MA10, since it needs the 

oint-of-view features from first-person videos which are not con- 

ained in MA10. “RGB” and “TwoStream” after STP, DBN and pro- 

osed method denote the input modalities of only RGB frame and 

oth RGB frame & optical flow, respectively. For “TwoStream”, we 

ollow TSN to fuse the class scores from RGB-based and flow-based 

treams. 

The proposed method obtains the recognition accuracies of 

0.8% and 76.3% on the PEV and MA10 dataset, respectively. The 

erformance of the proposed method further improves with the 

dditional optical-flow input, and achieves 82.4% and 79.1% on the 

EV and MA10 datasets. The proposed method outperforms all the 

omparison methods on both datasets, by using only RGB frame 

s the input modality. When using both RGB frame and optical 

ow as input, it still achieves the state-of-the-art recognition ac- 

uracy on both datasets. When pre-trained on ImageNet, the pro- 

osed method still outperforms all the comparison methods on 

oth datasets, by using only RGB frame or both RGB frame and 



Y. Mi, Z. Liu, K. Zhao et al. Pattern Recognition Letters 158 (2022) 55–62 

Table 4 

Comparison results against several existing action recognition methods on UCF101 and HMDB51 

datasets. The top part of the table refers to handcrafted-feature-based methods; the rest part of the 

table refers to deep-learning-based methods. 

Method Pretraining dataset Backbone UCF101 HMDB51 

iDT [19] None – 85.9% 57.2% 

MoFAP [33] None – 88.3% 61.7% 

C3D [32] Sports-1M 3D CNNs 85.2% 51.6% 

Two Stream CNNs [20] ImageNet 2D CNNs 88.0% 59.4% 

LRCN [21] ImageNet 2D CNNs + LSTM 82.7% –

Two-Stream Fusion [34] ImageNet VGG-16 92.5% 65.4% 

Spatiotemp. MultiNet [35] ImageNet ResNet-152 94.2% 68.9% 

TSN [9] ImageNet BN-Inception 94.2% 69.4% 

DS-CNN [23] ImageNet BN-Inception 95.8% 73.9% 

TSM [7] Kinetics ResNet-50 95.9% 73.5% 

STCC [36] ImageNet + Kinetics ResNet-34 96.9% 75.2% 

CFST [37] ImageNet + Kinetics DenseNet-121 96.9% 75.7% 

R (2 + 1) D -TwoStream [8] Kinetics 3D ResNets 97.3 % 78.7% 

Proposed Kinetics ResNet-50 97.2% 79.4 % 
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ptical flow as the input modality. These results verify the effec- 

iveness of the proposed method which learns local features from 

ower-level CNN layers for enhancing micro-action recognition. We 

se both input modalities for the remaining experiments since 

hey leads to the best results. 

Besides the recognition accuracies, we also compare the com- 

lexity for all deep-learning-based methods in terms of the num- 

er of model parameters and the number of floating-point opera- 

ions per videos. Specifically for counting the floating-point opera- 

ions per videos, we follow DBN to report the number of floating- 

oint operations per temporal clip with spatial crop. The pro- 

osed method improves the recognition accuracies of the base- 

ine TSM by 14.5 percentage points and 5 percentage points on 

wo datasets respectively, while only introduces a very small 

mount of additional parameters (0.5 M) and roughly doubled the 

mount of floating-point operations (4.5 G × 8). The proposed 

ethod enjoys the smallest level of computational cost (FLOPs) 

hen compared with other two deep-learning based micro-action- 

ecognition methods. We also compare the time complexity in 

erms of milliseconds per video (Ms/V). The comparison results 

bout the time complexity is shown in the sixth column in the ta- 

le. We can see that the proposed method also enjoys the smallest 

evel of time complexity (Ms/V) when compared with other two 

eep-learning based micro-action-recognition methods. These re- 

ults further verify the efficiency of the proposed method. 

.3. Experimental results on general-action datasets 

We compare the proposed method with several state-of-the-art 

ction-recognition methods on two popular general-action bench- 

arks – UCF101 and HMDB51. The results reported in their respec- 

ive papers are used for comparison. We can see from Table 4 , the

roposed method improve the recognition accuracies by 1.3 per- 

entage points and 5.9 percentage points on UCF101 and HMDB51 

espectively, when compared with the baseline TSM. The proposed 

ethod outperforms most of the comparison methods on both 

CF101 and HMDB51. Meanwhile, the performance of the proposed 

ethod is comparable with the recent state-of-the-art methods 

 (2 + 1) D -TwoStream on UCF101. These results show the wide use- 

ulness of the proposed method on general-action videos. 

. Conclusion 

In this paper, we propose a new method to recognize mi- 

ro actions in videos, by learning the local features from multi- 

le lower-level layers of CNNs. In this method, we utilized class- 

iscriminative information as a guidance to locate micro-motion 
61 
elated regions in lower-level convolutional layers. The resulting 

ocal feature maps are further learned via residual convolutional 

locks, followed by global averaging pooling and fully-connected 

ayers to compute class scores. Finally, these scores from multiple 

ower-layers are fused via averaging, and further combined with 

he class scores from higher-level layers via weighted sum. Exper- 

mental analysis on two micro-action video datasets verified the 

ffectiveness of the proposed method. The proposed method also 

chieved promising results on two general-action video datasets. 
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