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5 Abstract—Research on depth-based human activity analysis achieved outstanding performance and demonstrated the effectiveness

6 of 3D representation for action recognition. The existing depth-based and RGB+D-based action recognition benchmarks have a

7 number of limitations, including the lack of large-scale training samples, realistic number of distinct class categories, diversity in camera

8 views, varied environmental conditions, and variety of human subjects. In this work, we introduce a large-scale dataset for RGB+D

9 human action recognition, which is collected from 106 distinct subjects and contains more than 114 thousand video samples and 8

10 million frames. This dataset contains 120 different action classes including daily, mutual, and health-related activities. We evaluate the

11 performance of a series of existing 3D activity analysis methods on this dataset, and show the advantage of applying deep learning

12 methods for 3D-based human action recognition. Furthermore, we investigate a novel one-shot 3D activity recognition problem on our

13 dataset, and a simple yet effective Action-Part Semantic Relevance-aware (APSR) framework is proposed for this task, which yields

14 promising results for recognition of the novel action classes. We believe the introduction of this large-scale dataset will enable the

15 community to apply, adapt, and develop various data-hungry learning techniques for depth-based and RGB+D-based human activity

16 understanding.

17 Index Terms—Activity understanding, video analysis, 3D action recognition, RGB+D vision, deep learning, large-scale benchmark

Ç

18 1 INTRODUCTION

19 THE development of depth sensors, e.g., Microsoft Kinect,
20 Intel RealSense, and Asus Xtion, enables us to obtain
21 effective 3D structure information of the objects and scenes
22 [1]. This empowers the computer vision solutions to move
23 important steps towards 3D vision, such as 3D object recog-
24 nition [2], 3D scene understanding [3], and 3D activity anal-
25 ysis [4], etc. Unlike RGB video-based activity analysis [5],
26 [6], [7], [8], 3D action recognition suffers from the lack of
27 large-scale benchmark datasets. There are no publicly
28 shared sources like YouTube to supply “in-the-wild” 3D
29 video samples of a realistically various set of action classes.
30 This limits our ability to build large-sized benchmarks to
31 train, evaluate, and compare the strengths of different
32 approaches, especially the recent data-hungry techniques

33like deep learning methods. To the best of our knowledge,
34all the currently available 3D action recognition benchmarks
35have limitations in various aspects.
36First is the small number of subjects and narrow range of
37performers’ ages. This can significantly limit the intra-class
38variation of the actions. The constitution of human activities
39depend on the gender, age, physical condition, and even
40cultural aspects of the subjects. As a result, variation of
41human subjects is crucial for building a realistic action rec-
42ognition benchmark.
43The second factor is the limited number of action catego-
44ries. When only a small set of classes are available, each can
45be very distinguishable by finding a simple motion pattern
46or even by the appearance of an interacted object. However,
47when the number of classes grows, similar motion patterns
48and interacted objects will be shared among different clas-
49ses, which makes the action recognition much more
50challenging.
51The third limitation is the highly restricted camera views.
52In most of the current datasets, the samples are captured
53from a front view with a fixed camera viewpoint. In some
54others, the views are often bounded to fixed front and side
55views using multiple cameras at the same time.
56The fourth factor is the limited variation of the collection
57environments (e.g., backgrounds) which can also be impor-
58tant to achieve a sensible activity analysis dataset.
59Finally and most importantly, the very limited number of
60video samples hinders the application of the advanced data-
61driven learning methods to this problem. Though several
62attempts have been done [9], [10], they mostly suffer from
63over-fitting and have to scale down the size of their learning
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64 models. Therefore, they clearly need many more samples to
65 generalize and perform better on the testing videos.
66 In order to overcome these limitations, a large-scale
67 benchmark dataset, NTU RGB+D 120 dataset, is developed
68 for 3D human activity analysis.
69 The proposed dataset consists of 114,480 RGB+D video
70 samples that are captured from 106 distinct human subjects.
71 We have collected RGB videos, depth sequences, skeleton
72 data (3D locations of 25 major body joints), and infrared
73 frames using Microsoft Kinect v2. The action samples are
74 captured from 155 different camera viewpoints. The sub-
75 jects in this dataset are in a wide range of age distribution
76 (from 10 to 57) and from different cultural backgrounds
77 (15 countries), which brings very realistic variation to the
78 quality of actions. We also provide the ambiance incon-
79 stancy by capturing the dataset under various environmen-
80 tal conditions (96 different backgrounds with illumination
81 variation).
82 The large amount of variation in subjects, views, and
83 backgrounds makes it possible to have more sensible cross-
84 subject and cross-setup evaluations for various 3D-based
85 action analysis methods. The proposed dataset will help the
86 community to move steps forward in 3D human activity
87 analysis, and make it possible to apply data-hungry meth-
88 ods, such as deep learning techniques, for this task.
89 The performance of state-of-the-art 3D action recognition
90 approaches is evaluated on our dataset, which shows the
91 capability of applying deep models for activity analysis
92 with the suggested cross-subject and cross-setup evaluation
93 criteria. We also evaluate the performance of fusion across
94 different data modalities, e.g., RGB, depth, and skeleton
95 data, for activity analysis, since they provide appearance
96 and geometrical information respectively, and are comple-
97 mentary for more accurate action recognition.
98 In this paper, we also investigate a novel one-shot 3D
99 action recognition problem based on the proposed dataset.

100 An Action-Part Semantic Relevance-aware (APSR) frame-
101 work is proposed to handle this task by utilizing the seman-
102 tic relevance between each body part and each action class
103 at the distributed word embedding level [27], [28]. Human
104 actions can be represented by a combination of the move-
105 ments of different body parts [29], [30], and the importance
106 degrees of body parts’ motion are not equal for recognizing
107 different action categories. As a result, we need to put more
108 emphasis on the more relevant body parts when recogniz-
109 ing an action performed by a human. In this paper, we
110 show that the name (text description) of the novel action
111 class can assist in the identification of the relevant body
112 parts, and by exploiting the semantic relevance between the
113 action’s and body part’s descriptions as a guidance, the rele-
114 vant body parts of the novel action categories can be empha-
115 sized, and thus the one-shot recognition performance is
116 improved.
117 The rest of this paper is organized as follows. Section 2
118 reviews the current 3D-based human action recognition
119 approaches and benchmarks. Section 3 introduces the pro-
120 posed dataset, its structure, and the defined evaluation cri-
121 teria. Section 4 presents the proposed APSR framework for
122 one-shot 3D human action recognition. Section 5 shows the
123 experimental evaluations with our benchmark. Finally,
124 Section 6 concludes the paper.

1252 RELATED WORK

126We briefly review publicly available benchmark datasets
127and recent methods for 3D human activity analysis in this
128section. Here we introduce a limited number of the most
129famous ones. Readers are referred to these survey papers
130[31], [32], [33], [34], [35], [36] for a more extensive list of the
131current 3D activity analysis datasets and methods.

1322.1 3D Activity Analysis Datasets

133After the release of the Microsoft Kinect [37], several data-
134sets have been collected to conduct research on 3D human
135action recognition and to evaluate different methods in this
136field.
137The MSR-Action3D dataset [11] was the earliest which
138opened up the research in depth-based action analysis. The
139samples of this dataset were limited to depth sequences of
140gaming actions, e.g., forward punching, side boxing, forward
141kicking, side kicking, tennis swinging, tennis serving, golf swing-
142ing, etc. Later, the skeleton data was added to this dataset.
143The skeletal information includes the 3D locations of 20 dif-
144ferent joints at each frame. A decent number of methods
145have been evaluated on this benchmark, and the recent ones
146reported close to saturation accuracies [38], [39].
147The MSR-DailyActivity dataset [14] was among the most
148challenging benchmarks in this field. It contains 320 samples
149of 16 daily activities with higher intra-class variation. The
150small number of samples and fixed camera viewpoints are
151the limitations of this dataset. Some reported results on this
152dataset also achieved very high accuracies [40], [41], [42], [43].
153The RGBD-HuDaAct dataset [13] was one of the largest
154datasets. It contains RGB and depth sequences of 1,189 videos
155of 12 human daily actions (plus one background class), with
156high variation in time lengths. The special characteristic of this
157dataset is the synced and aligned RGB and depth channels,
158which enables localmulti-modal analysis of RBGD1 signals.
159The CAD-60 [12] and CAD-120 [17] datasets contain
160RGB, depth, and skeleton data of human actions. The spe-
161cial characteristic of these datasets is the variety of camera
162views. Unlike most of the other datasets, the cameras in
163these two datasets were not bound to front-view or side-
164views. However, the limited number of video samples (60
165and 120) is the downside of them.
166The 3D Action Pairs dataset [18] was proposed to pro-
167vide multiple pairs of action classes. Each pair contains very
168closely related actions with differences along temporal axis,
169e.g., pick up/put down a box, push/pull a chair, put on/take off a
170hat, etc. State-of-the-art methods [38], [43], [44] achieved per-
171fect accuracy on this benchmark.
172The Northwestern-UCLA [20] and the Multiview 3D
173Event [19] datasets used more than one depth sensors at the
174same time to collect multi-view representations of the same
175action, and scale up the number of samples.
176The G3D [45] and PKUMMD [46] datasets were intro-
177duced for activity analysis in continuous sequences, which
178respectively contain 210 and 1,076 videos. In each dataset,
179the videos were collected in the same environment.

1. We emphasize the difference between RGBD and RGB+D terms.
We suggest using RGBD when the two modalities are aligned pixel-
wise, and RGB+D when the resolutions of the two are different and
frames are not aligned.
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180 It is worth mentioning that there are more than 40 data-
181 sets for 3D human action recognition [31]. Though each of
182 them provided important challenges of human activity
183 analysis, they have limitations in some aspects. Table 1
184 shows the comparison between some of the current datasets
185 and our large-scale RGB+D action recognition dataset.
186 By summarizing the contributions of our dataset over the
187 existing ones, NTU RGB+D 120 dataset has: (1) many more
188 action classes; (2) many more video samples for each action
189 class; (3) much more intra-class variation, e.g., poses, inter-
190 acted objects, ages and cultural backgrounds of the actors;
191 (4) many more collection environments, e.g., different back-
192 grounds and illumination conditions; (5) more camera
193 views; (6) more camera-to-subject distance variation; (7)
194 used Kinect v2 which provides more accurate depth-maps
195 and 3D joints, especially in a multi-camera setup, compared
196 to the previous version of Kinect.
197 This work is an extension of our previous conference
198 paper [47]. In [47], we introduced the preliminary version of
199 our dataset that contains 60 action classes. In this paper, we
200 significantly extend it and build the NTU RGB+D 120 data-
201 set that is much larger and provides much more variation of
202 environmental conditions, subjects, and camera views, etc.
203 It also provides more challenges of 3D human activity anal-
204 ysis. A brief comparison between these two versions is
205 shown in Table 2. Besides, in this paper, we propose a new
206 framework for one-shot 3D action recognition based on the
207 proposed NTU RGB+D 120 dataset.

208 2.2 3D Action Recognition Methods

209 3D Action Recognition by Hand-Crafted Features. Since the
210 introduction of the first few benchmarks, such as the MSR-
211 Action3D [11] and MSR-DailyActivity [14] datasets, a
212 decent number of feature extraction and classifier learning
213 methods have been proposed and evaluated based on them.

214Oreifej and Liu [18] proposed to calculate the four-dimen-
215sional normals (X-Y-depth-time) from depth sequences, and
216accumulate them on spatio-temporal cubes as quantized his-
217tograms over 120 vertices of a regular polychoron. Yang and
218Tian [50] proposed supernormal vectors as aggregated dic-
219tionary-based codewords of four-dimensional normals over
220space-time grids. The work of [24] introduced histograms of
221oriented principle components of depth cloud points to
222extract robust features against viewpoint variations. Lu
223et al. [40] applied t test-based binary range-sample features
224on depth maps and achieved robust representation against
225noise, scaling, camera views, and background clutter.
226To have view-invariant representations of the actions,
227features can be extracted from the 3D body joint positions
228[51], [52] which are available for each frame. Evangelidis
229et al. [53] divided the body into part-based joint quadruples,
230and encoded the configuration of each part with a succinct
2316D feature vector, so called skeletal quads. To aggregate the
232skeletal quads, they applied Fisher vectors, and classified

TABLE 1
Comparison of the Proposed NTU RGB+D 120 Dataset and Some of the Other Publicly Available

Datasets for 3D Action Recognition

Datasets #Videos #Classes #Subjects #Views Sensors Data Modalities Year

MSR-Action3D [11] 567 20 10 1 N/A D+3DJoints 2010
CAD-60 [12] 60 12 4 - Kinect v1 RGB+D+3DJoints 2011
RGBD-HuDaAct [13] 1,189 13 30 1 Kinect v1 RGB+D 2011
MSRDailyActivity3D [14] 320 16 10 1 Kinect v1 RGB+D+3DJoints 2012
UT-Kinect [15] 200 10 10 4 Kinect v1 RGB+D+3DJoints 2012
Act42 [16] 6,844 14 24 4 Kinect v1 RGB+D 2012
CAD-120 [17] 120 10+10 4 - Kinect v1 RGB+D+3DJoints 2013
3D Action Pairs [18] 360 12 10 1 Kinect v1 RGB+D+3DJoints 2013
Multiview 3D Event [19] 3,815 8 8 3 Kinect v1 RGB+D+3DJoints 2013
Northwestern-UCLA [20] 1,475 10 10 3 Kinect v1 RGB+D+3DJoints 2014
UWA3DMultiview [21] �900 30 10 1 Kinect v1 RGB+D+3DJoints 2014
Office Activity [22] 1,180 20 10 3 Kinect v1 RGB+D 2014
UTD-MHAD [23] 861 27 8 1 Kinect v1+WIS RGB+D+3DJoints+ID 2015
UWA3DMultiview II [24] 1,075 30 10 5 Kinect v1 RGB+D+3DJoints 2015
M2I [25] �1,800 22 22 2 Kinect v1 RGB+D+3DJoints 2015
SYSU 3DHOI [26] 480 12 40 1 Kinect v1 RGB+D+3DJoints 2017

NTU RGB+D 120 114,480 120 106 155 Kinect v2 RGB+D+3DJoints+IR

It is worth mentioning that most of the other datasets were collected on a single or few backgrounds and under fixed illumination condition, while there is high
variation of environmental conditions in our dataset, which uses 96 different backgrounds and contains significant illumination variation.
Our dataset provides many more video samples, action classes, human subjects, and camera views in comparison with other available datasets for RGB+D action
recognition.

TABLE 2
Comparison of the Dataset Version Introduced in This Paper and
the One Released in Our Preliminary Conference Paper [47]

Dataset Preliminary [47] Extended

Version (NTU RGB+D 60) (NTU RGB+D 120)

#Videos 56,880 114,480
#Classes 60 120
#Subjects 40 106

ST-LSTM [48] 69.2% 77.7% 55.7% 57.9%

MTLN [49] 79.6% 84.8% 58.4% 57.9%

The top three rows show a comparison of the sizes of these two versions. The
bottom two rows show a comparison of the recognition accuracies when evalu-
ating several methods on it. The methods [48], [49] are evaluated by using the
suggested two evaluation criteria.

LIU ET AL.: NTU RGB+D 120: A LARGE-SCALE BENCHMARK FOR 3D HUMAN ACTIVITY UNDERSTANDING 3



IEE
E P

ro
of

233 the samples by a linear SVM. In [54], different skeleton con-
234 figurations were represented as points on a Lie group.
235 Actions as time-series of skeletal configurations were
236 encoded as curves on this manifold. The work of [42] uti-
237 lized group sparsity-based class-specific dictionary coding
238 with geometric constraints to extract skeleton features.
239 In most of the 3D action recognition scenarios, there are
240 more than one modality of information, and combining dif-
241 ferent data modalities can help to improve the classification
242 accuracy. Ohn-Bar and Trivedi [55] combined second order
243 joint-angle similarity representations of skeletons with a
244 modified two step HOG feature on spatio-temporal depth
245 maps to build global representation of each video sample,
246 and utilized a linear SVM to classify the actions. Wang
247 et al. [56] combined Fourier temporal pyramids of skeletal
248 information with local occupancy pattern features extracted
249 from depth maps, and applied a data mining framework to
250 discover the most discriminative combinations of body
251 joints. A structured sparsity-based multi-modal feature
252 fusion technique was introduced by [57] for action recogni-
253 tion in RGB+D domain. In [58], random decision forests
254 were utilized for learning and feature pruning over a combi-
255 nation of depth and skeleton-based features. Hu et al. [41]
256 introduced a joint heterogeneous feature learning frame-
257 work by combing RGB, depth, and skeleton data for human
258 activity recognition. The work of [38] proposed hierarchical
259 mixed norms to fuse different features and select most infor-
260 mative body parts in a joint learning framework.
261 3D Action Recognition with Deep Networks. Recently, deep
262 learning based-approaches have been proposed for 3D
263 human activity analysis [9], [59], [60]. Specifically, many of
264 them have been evaluated based on the preliminary version
265 [47] of our dataset, or pre-trained on it for transfer learning
266 for other tasks [43], [61], [62], [63], [64], [65], [66], [67], [68],
267 [69], [70], [71], [72], [73], [74], [75], [76], [77], [78], [79].
268 Some approaches used recurrent neural networks
269 (RNNs) to model the motion dynamics and context depen-
270 dencies for 3D human action recognition. Du et al. [9]
271 proposed a multi-layer RNN framework for 3D action rec-
272 ognition based on a hierarchy of skeleton-based inputs. Liu
273 et al. [48] introduced a Spatio-Temporal LSTM network by
274 modeling the context information in both temporal and spa-
275 tial dimensions. Zhang et al. [80] added a view-adaptation
276 scheme to the LSTM network to regulate the observation
277 viewpoints. Luo et al. [61] proposed an unsupervised learn-
278 ing method by using a LSTM encoder-decoder framework
279 for action recognition in RGB+D videos.
280 Convolutional neural networks (CNNs) have also been
281 applied to 3D human action recognition. Wang et al. [81]
282 proposed a “scene flow to action map” representation for
283 RGB+D based action recognition with CNNs. Ke et al. [82]
284 transformed the 3D skeleton data to ten feature arrays and
285 input them to CNNs for action recognition. Rahmani
286 et al. [66] designed a deep CNNmodel to transfer the visual
287 appearance of human body-parts acquired from different
288 views to a view-invariant space for depth-based activity
289 analysis.
290 Beside RNNs and CNNs, some other deep models have
291 also been introduced for 3D human action recognition.
292 Huang et al. [62] incorporated Lie group structure into a
293 deep architecture for skeleton-based action recognition.

294Tang et al. [77] applied deep progressive reinforcement
295learning to distil the informative frames in the video
296sequences. Rahmani and Mian [83] introduced a nonlinear
297knowledge transfer model to transform different views
298of the human actions to a canonical view for action
299classification.
300One-Shot 3D Action Recognition. Plenty of advanced tech-
301niques, such as metric learning [84] and meta learning [85],
302[86], have been introduced for one-shot object recognition
303and image classification [87], [88], [89]. In the context of
3043D activity analysis, there are also a few attempts on one-
305shot-based learning.
306Fanello et al. [90] used 3D-HOF and Global-HOG fea-
307tures for one-shot action recognition in RGB+D videos.
308Wan et al. [91] extracted mixed features around the sparse
309keypoints that are robust to scale, rotation and partial occlu-
310sions. Kone�cnỳ et al. [92] combined HOG and HOF descrip-
311tors together with the dynamic time warping technique for
312one-shot RGB+D-based action recognition.
313Different from these works, a simple yet effective APSR
314framework is introduced in this paper, which emphasizes
315the features of the relevant body parts by considering the
316semantic relevance of the action class and each body part,
317for one-shot 3D action recognition.

3183 THE NTU RGB+D 120 DATASET

319In this section, we introduce the details of the proposed
320NTU RGB+D 120 action recognition dataset and the defined
321evaluation criteria.

3223.1 Dataset Structure

3233.1.1 Data Modalities

324We use Microsoft Kinect sensors to collect our dataset. We
325collect four major data modalities acquired by this sensor,
326namely, the depth maps, the 3D joint information, the RGB
327frames, and the infrared (IR) sequences.
328The depth maps are sequences of two dimensional depth
329values in millimeters. To maintain all the information, we
330apply lossless compression for each individual frame. The
331resolution of each depth frame is 512� 424.
332The joint information consists of 3-dimensional locations
333of 25 major body joints for each detected and tracked
334human body in the scene. The corresponding pixels on RGB
335frames and depth maps are also provided for each body
336joint. The configuration of these joints is illustrated in Fig. 1.
337The RGB videos are recorded in the provided resolution
338of 1920� 1080.
339The infrared sequences are also collected and stored
340frame by frame at the resolution of 512� 424.

3413.1.2 Action Classes

342We have 120 action categories in total, which are divided
343into three major groups, including 82 daily actions (eating,
344writing, sitting down, moving objects, etc), 12 health-related
345actions (blowing nose, vomiting, staggering, falling down,
346etc), and 26 mutual actions (handshaking, pushing, hitting,
347hugging, etc).
348Compared to the preliminary version [47] of our data-
349set, the proposed NTU RGB+D 120 dataset contains many
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350 more action classes. Here we summarise the characteris-
351 tics of the newly added actions compared to the actions
352 in the preliminary version: (1) Fine-grained hand/finger
353 motions. Most of the actions in the preliminary version of
354 our dataset have significant body and hand motions, while
355 the newly added classes in this extended version contain
356 some actions that have fine-grained hand and finger
357 motions, such as “make ok sign” and “snapping fingers”.
358 (2) Fine-grained object-related individual actions. The newly
359 added actions include some fine-grained object-involved
360 single-person actions, in which the body movements are
361 not significant and the sizes of the involved objects are rel-
362 atively small, such as “counting money” and “play magic
363 cube”. (3) Object-related mutual actions. Most of the two-
364 person mutual actions in the preliminary version do not
365 involve objects. In this extended version, some of the
366 newly added mutual actions involve the interactions with
367 objects, such as “wield knife towards other person” and
368 “hit other person with object”. (4) Different actions with
369 similar posture patters but with different motion speeds. In this
370 extended version, there are some different actions that
371 have similar posture patterns but have different motion
372 speeds. For example, “grab other person’s stuff” is a
373 newly added action, and its main difference compared to
374 “touch other person’s pocket (steal)” is the motion speed.
375 (5) Different actions with similar body motions but with differ-
376 ent objects involved. There are some different actions that
377 have very similar body motions but involve different
378 objects. For example, the motions in the newly added
379 action “put on bag/backpack” are similar to those in the
380 existing action “put on jacket”. (6) Different actions with
381 similar objects involved but with different body motions.
382 Among the newly added actions, there are also some

383different classes that share the same interacted objects,
384such as “put on bag/backpack” and “take something out
385of a bag/backpack”.

3863.1.3 Subjects

387We invited 106 distinct subjects to our dataset collection ses-
388sions. These subjects are from 15 different countries. Their
389ages are between 10 and 57, and heights are between 1:3m
390and 1:9m. Fig. 9 illustrates the variety of the subjects in age,
391gender, and height. Each subject is assigned a consistent ID
392number over the entire dataset.

3933.1.4 Collection Setups

394We use 32 collection setups to build our dataset, and over
395different setups, we change the location and background.
396Specifically, in each setup, we use three cameras at the same
397time to capture three different horizontal views for the
398same action sample. The three cameras are set up at
399the same height yet from three different horizontal angles:
400�45�; 0�;þ45�. Each subject is asked to perform each action
401twice, once towards the left camera, and once towards the
402right camera. In this way, in each collection setup, we cap-
403ture two front views, one left side view, one right side view,
404one left side 45 degrees view, and one right side 45 degrees
405view. The three cameras are assigned consistent camera
406numbers in our dataset, where camera 1 always observes
407the 45 degrees views, while cameras 2 and 3 observe the
408front and side views.
409To further increase the number of camera views, over dif-
410ferent collection setups, we also change the vertical heights
411of the cameras and their distances to the subjects, as
412reported in Table 3. All the camera and setup numbers are
413provided for each video sample in our dataset.

4143.2 Benchmark Evaluations

415To have standard evaluations for the methods to be tested
416on this benchmark, we define precise criteria for two types

Fig. 1. Illustration of the configuration of 25 body joints in our dataset.
The labels of these joints are: (1) base of spine, (2) middle of spine, (3)
neck, (4) head, (5) left shoulder, (6) left elbow, (7) left wrist, (8) left hand,
(9) right shoulder, (10) right elbow, (11) right wrist, (12) right hand, (13)
left hip, (14) left knee, (15) left ankle, (16) left foot, (17) right hip, (18)
right knee, (19) right ankle, (20) right foot, (21) spine, (22)
tip of left hand, (23) left thumb, (24) tip of right hand, (25) right thumb.

TABLE 3
The Cameras’ Height and Distance to the Subjects in Each

Collection Setup

Setup Height Distance Setup Height Distance

No. (m) (m) No. (m) (m)

(01) 1.7 3.5 (02) 1.7 2.5
(03) 1.4 2.5 (04) 1.2 3.0
(05) 1.2 3.0 (06) 0.8 3.5
(07) 0.5 4.5 (08) 1.4 3.5
(09) 0.8 2.0 (10) 1.8 3.0
(11) 1.9 3.0 (12) 2.0 3.0
(13) 2.1 3.0 (14) 2.2 3.0
(15) 2.3 3.5 (16) 2.7 3.5
(17) 2.5 3.0 (18) 1.8 3.3
(19) 1.6 3.5 (20) 1.4 4.0
(21) 1.7 3.2 (22) 1.9 3.4
(23) 2.0 3.2 (24) 2.4 3.3
(25) 2.5 3.3 (26) 1.5 2.7
(27) 1.3 3.5 (28) 1.1 2.9
(29) 2.5 2.8 (30) 2.4 2.7
(31) 1.6 3.0 (32) 2.3 3.0

LIU ET AL.: NTU RGB+D 120: A LARGE-SCALE BENCHMARK FOR 3D HUMAN ACTIVITY UNDERSTANDING 5
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417 of action classification evaluation. For each criterion, we
418 report the classification accuracy in percentage.

419 3.2.1 Cross-Subject Evaluation

420 For cross-subject evaluation, the 106 subjects are split into
421 training and testing groups. Each group consists of 53 sub-
422 jects. The IDs of the training subjects in this evaluation are:
423 1, 2, 4, 5, 8, 9, 13, 14, 15, 16, 17, 18, 19, 25, 27, 28, 31, 34, 35,
424 38, 45, 46, 47, 49, 50, 52, 53, 54, 55, 56, 57, 58, 59, 70, 74, 78,
425 80, 81, 82, 83, 84, 85, 86, 89, 91, 92, 93, 94, 95, 97, 98, 100, 103.
426 The remaining subjects are reserved for testing.

427 3.2.2 Cross-Setup Evaluation

428 For cross-setup evaluation, we pick all the samples with
429 even collection setup IDs for training, and those with odd
430 setup IDs for testing, i.e., 16 setups are used for training,
431 and the other 16 setups are reserved for testing.

432 4 APSR FRAMEWORK FOR ONE-SHOT 3D ACTION

433 RECOGNITION

434 Existing works [87], [88] show that once some categories
435 have been learned, the knowledge gained in this process
436 can be abstracted and used to learn novel classes efficiently,
437 even if only one learning example per new class is given
438 (i.e., via one-shot learning). Since the samples of certain cat-
439 egories may be difficult to collect [32], one-shot visual recog-
440 nition becomes an important research branch in computer
441 vision.
442 In this section, we introduce the one-shot 3D action rec-
443 ognition scenario based on our proposed dataset, and show
444 how a large auxiliary set could be used to assist the one-
445 shot recognition for the novel classes. Specifically, an
446 Action-Part Semantic Relevance-aware framework is pro-
447 posed for more reliable one-shot 3D action recognition.

448 4.1 One-Shot Recognition on NTU RGB+D 120

449 We define the one-shot 3D action recognition scenario on
450 the proposed NTU RGB+D 120 dataset as follows.
451 We split the full dataset into two parts: the auxiliary set
452 and the evaluation set. There are no overlaps of classes
453 between these two sets. The auxiliary set contains multiple
454 action classes and samples, and these samples can be used
455 for learning (e.g., learning a feature generation network).
456 The evaluation set consists of the novel action classes for
457 one-shot recognition evaluation, and one sample from each
458 novel class is picked as the exemplar, while the remaining
459 samples are used to test the recognition performance.

460 4.2 APSR Framework

461 Previous works [30], [93] have shown that the importance
462 degrees of the features from different body parts are not the
463 same in analyzing different actions. For example, the fea-
464 tures extracted from the leg joints are more relevant in rec-
465 ognizing the action “kicking”, compared to those from
466 other body parts. Therefore, it is intuitive to identify the
467 body parts that are more relevant to the action performed in
468 a video sequence, and correspondingly emphasize their fea-
469 tures to achieve reliable recognition performance.

471

471

472

473

474

475

476

477

478

479

480

481

482483However, in our one-shot recognition scenario, identifying
484the relevant body parts of the novel actions is difficult, as
485learning to generalize beyond the single specific exemplar is
486often very challenging [88].
487In this paper, a simple yet effective APSR framework,
488which can be used to generalize to the novel action catego-
489ries, is introduced for one-shot recognition. The APSR
490framework emphasizes the relevant body parts for each
491new class of actions by considering the semantic relevance
492between the action and each body part based on their
493descriptions. Specifically, we design a network to generate
494the features of each body part, and then perform weighted
495pooling over these features with the guidance of relevance
496scores in the word embedding space. Finally, the pooling
497result is used to perform one-shot recognition.
498Feature Generation Network. The feature generation net-
499work is adopted from the 2D Spatio-Temporal LSTM (ST-
500LSTM) [94] designed for 3D activity analysis, which models
501the context and dependency information in both temporal
502dimension (over different frames) and spatial dimension
503(over different body parts). Readers are referred to [94] for
504more details about the mechanism of ST-LSTM.
505The original ST-LSTM [94] models the context informa-
506tion via a single pass. To produce a more discriminative set
507of features for each part, we introduce bidirectional context
508passing (similar to bidirectional LSTM [95]) for our feature
509generation network, as illustrated in Fig. 2.
510The input to our feature generation network is an action
511sample (here we input its skeleton data for efficiency), and
512the outputs are the features of all body parts at each frame.
513Concretely, at the unit ðp; tÞ of this network, the input is
514the 3D coordinates of the skeletal joint of the body part (p)
515in the frame (t), and the output is the feature (Fp;t) repre-
516senting this body part at this frame. By incorporating the
517spatio-temporal context information into each part, the
518obtained feature set F ¼ fFp;t j p 2 f1; . . . ; Pg; t 2 f1; . . . ; Tgg
519is powerful for representing each body part (p) at each
520frame (t) in the performing of the action instance, where P
521is the number of body parts, and T is the number of frames
522used for each video sample.
523Semantic Relevance. The proposed method is inspired by
524the recent works on word embedding in natural language
525processing [27], [28], [96]. In these works, each word is
526mapped into a continuous embedding space, and two
527semantically relevant words will have large cosine similar-
528ity in this space [96], [97], [98]. By pre-training on a massive
529natural language corpus, these models demonstrate their
530superior ability in preserving the semantic relations among

Fig. 2. Illustration of the body part feature generation network.
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531 different words, and thus have been successfully trans-
532 ferred to different tasks, such as document classification
533 [99], image classification [88], and image/video caption gen-
534 eration [100].
535 This motivates us to utilize the prior knowledge about
536 relevant body parts for recognizing new action classes, and
537 the semantic relevance (cosine similarity) between the novel
538 action’s name and each body part’s name in the embedding
539 space can be used as prior information.
540 Specifically, the powerful Word2Vec model [28] that is
541 pre-trained on a large corpus is used in our method. When
542 given a new action, we estimate the relevance score (cosine
543 similarity) between this action and each body part based on
544 their text descriptions (e.g., “make ok sign” versus “right
545 hand”), by using the pre-trained Word2Vec model. For a
546 description consisting of multiple words, its representation
547 is obtained by averaging the embedding of all the words of
548 it. If the estimated relevance score is negative, we reset it to
549 zero. The method of estimating the semantic relevance score
550 is illustrated in Fig. 3.
551 As shown in Fig. 4, the relevant body parts of the novel
552 actions can be reliably indicated by using this method.
553 After we obtain the semantic relevance score (rc;p)
554 between the action class (c) and each body part (p), we nor-
555 malize the score as: sc;p ¼ rc;p=

PP
u¼1 rc;u to ensure that the

556 total score of all body parts for this action class is 1 after nor-
557 malization. Therefore, the action-part relevance score set
558 (Sc) of the action class (c) is obtained as: Sc ¼ fsc;p j p 2
559 f1; . . . ; Pgg, which will be used as prior information for the
560 feature generation network training and one-shot recogni-
561 tion evaluation.
562 Training. In our framework, we train the feature genera-
563 tion network on the auxiliary set that does not contain sam-
564 ples from the novel action categories. To train this network,
565 at each unit ðp; tÞ (see Fig. 2), we feed the produced body
566 part feature Fp;t to the softmax classifier for action classifica-
567 tion, similar to [94]. This indicates that at each unit, a predic-
568 tion of the action class is produced based on the body part
569 feature (Fp;t). We train the feature generation network with
570 the classifiers in an end-to-end manner by using the follow-
571 ing loss function:

L ¼
XP
p¼1

XT
t¼1

sc;plðc; ĉp;tÞ; (1)
573573

574

575

576

577

578

579

580

581

582

583

584

585

586

587588where lðc; ĉp;tÞ is the negative log-likelihood loss measuring
589the difference between the true class label, c, of the sample
590and the prediction result, ĉp;t, at the unit ðp; tÞ. The semantic
591relevance score sc;p is used here as the weight of the classifi-
592cation loss at the units ðp; �Þ that correspond to the body part
593p, i.e., more relevant parts are given larger loss weights.
594This drives the network to learn more discriminative fea-
595tures on the more relevant body parts of each action class.
596Evaluation. After training the network on the auxiliary
597set, we feed each sample from the evaluation set to the fea-
598ture generation network to produce a feature set (F) for this
599sample, which represents the features of different body
600parts at each frame. Note that during evaluation, we remove
601the classifiers and only use the produced features, since the
602classes for evaluation are not contained in the auxiliary
603training set.
604We perform weighted pooling over the obtained features
605(F) of each sample to generate an aggregated representation.
606Let fða;bÞ denote the aggregated representation of the sam-
607ple a when using b as the weights for feature pooling. Then
608the aggregated representation of an exemplar (V) of a novel
609class is calculated as

fðV;ScVÞ ¼
XP
p¼1

XT
t¼1

scV;pFp;t; (2)

611611

612where cV denotes the class label of the exemplar V, and ScV

613is the action-part relevance score set of the action class cV.
614Here the semantic relevance scores are used as weights to
615guide the aggregated representation of the sample V and to
616emphasize the features from more relevant body parts.
617To test a sample (i), we calculate the distance between
618this sample (i) and an exemplar (V) as

Dði;VÞ ¼ D cos

�
fði;ScVÞ; fðV;ScVÞ

�
; (3)

620620

621whereD cos is the cosine distance between the two represen-
622tations (vectors). Note that when calculating the distance of
623i to the exemplar V, we generate its aggregated representa-
624tion as fði;ScVÞ, which indicates the weighted pooling on
625the feature set of i is based on the relevance score set of the
626exemplar’s class cV.
627For each testing sample, we calculate its distances to all
628the exemplars from all action categories by using Eq. (3),
629and then perform classification using the nearest neighbour
630classifier, as in [101].

Fig. 3. Illustration of estimating the semantic relevance score between
the novel action’s text description (name) and the body part’s text
description (name). Here we take the action “make ok sign” with the
body part “right hand” as an example. Each word in a text description is
fed to the pre-trained Word2Vec model to produce its embedding
(a 300-dimensional vector), and the representation of a text description
is obtained by averaging the embedding of all the words in it. Finally, the
semantic relevance is estimated by calculating the cosine similarity
between the two representations.

Fig. 4. Examples of semantic relevance scores between action’s name
and each body part’s name. In the 1st and 3rd columns, the body parts
(joints) with larger scores are labeled with red circles. In the 2nd and 4th
columns, we show the scores of several body parts. These scores are
obtained by using pre-trained word embedding model [28]. Semantically,
“right foot” and “left foot” are very relevant to “hopping, one foot jumping”,
while “right hand” and “left hand” are relevant to “wield knife towards
other person”.
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631 5 EXPERIMENTS

632 In this section, some state-of-the-art methods that were
633 designed for 3D action recognition are evaluated based on
634 the suggested cross-subject and cross-setup criteria. Then
635 the action recognition performances achieved by adopting
636 different data modalities are compared. The performance of
637 the proposed APSR framework for one-shot 3D action rec-
638 ognition is also evaluated.

639 5.1 Experimental Evaluations of 3D Action
640 Recognition

641 5.1.1 Evaluation of State-of-the-Art Methods

642 Twelve state-of-the-art 3D action recognition methods are
643 evaluated on our dataset, namely, the Part-Aware LSTM
644 [47], the Soft RNN [102], the Dynamic Skeleton [26], the Spa-
645 tio-Temporal LSTM [48], the Internal Feature Fusion [94],
646 the GCA-LSTM [30], the Multi-Task Learning Network [49],
647 the FSNet [103], [108], the Skeleton Visualization [104], the
648 Two-Stream Attention LSTM [105], the Multi-Task CNN
649 with RotClips [106], and the Body Pose Evolution Map
650 method [107]. Using the cross-subject and cross-setup eval-
651 uation criteria, the results of these methods are reported in
652 Table 4.
653 Among these approaches, the method in [26] uses the
654 Fourier temporal pyramid [56] and the hand-crafted fea-
655 tures for action classification. The methods in [30], [47], [48],
656 [94], [102], [105] all use RNN/LSTM for 3D action recogni-
657 tion, and the approaches in [49], [103], [104], [106], [107] all
658 use convolutional networks for spatial and temporal model-
659 ing. Specifically, the evaluations of [104], [107] are per-
660 formed by using the efficient MobileNet [109] as the base
661 model, and skeleton data as input. All the evaluated imple-
662 mentations are from the original authors of the correspond-
663 ing papers.

6645.1.2 Evaluation of Using Different Data Modalities

665Since multiple data modalities are provided in our dataset,
666we also evaluate the performance of using different data
667modalities (e.g., RGB, depth, and skeleton data) as input for
668action recognition, and report the results in Table 5.
669In this table, the accuracy on RGB video is achieved by
670learning visual and motion (optical flow) features at each
671frame of the RGB video by training the VGG model [110],
672and performing classification by averaging the classification
673results of all frames, similarly to [111]. The accuracy on
674depth video is obtained by using the similar method as the
675RGB video, and training the VGG model based on the depth
676data. The accuracy on 3D skeleton data is achieved by using
677the method in [48].
678We observe that when using the RGB or depth video as
679input, the performance of the cross-setup evaluation is
680weaker than that of the cross-subject one. The performance
681disparity can be justified as: (1) In the cross-setup evaluation
682scenario, the heights and distances of the cameras are not
683the same over different setups. This indicates camera view-
684points are different, and thus the appearance of the actions
685can be significantly different. (2) The background is also
686changing across different setups. However, when using the
687RGB or depth frames as input, the methods are more prone
688to learn from the appearance or view-dependent motion
689patterns.
690By using the 3D skeleton data as input, the method per-
691forms better in the cross-setup evaluation. This is partially
692because the method using 3D skeleton data is stronger to
693generalize among different views, since the 3D skeletal
694representation is view-invariant in essence. However, it is
695still prone to errors of the body tracker.
696We also evaluate the performance of fusing multiple data
697modalities for action recognition. The results in Table 5 show
698that compared to the method of using a single modality, fus-
699ing multiple modalities bring a performance improvement,
700since they contain complementary and discriminative app-
701earance and geometrical information, which is useful for
702activity analysis.

7035.1.3 Evaluation of Using Different Sizes of Training Set

704In the aforementioned experiments, the evaluated deep
705learning models, such as Part-Aware LSTM [47] and FSNet

TABLE 4
The Results of Different Methods, Which Are Designed for 3D
Human Activity Analysis, Using the Cross-Subject and Cross-
Setup Evaluation Criteria on the NTU RGB+D 120 Dataset

Method Cross-Subject
Accuracy

Cross-Setup
Accuracy

Part-Aware LSTM [47] 25.5% 26.3%
Soft RNN [102] 36.3% 44.9%
Dynamic Skeleton [26] 50.8% 54.7%
Spatio-Temporal
LSTM

[48] 55.7% 57.9%

Internal Feature
Fusion

[94] 58.2% 60.9%

GCA-LSTM [30] 58.3% 59.2%
Multi-Task Learning
Network

[49] 58.4% 57.9%

FSNet [103] 59.9% 62.4%
Skeleton
Visualization (Single
Stream)

[104] 60.3% 63.2%

Two-Stream
Attention LSTM

[105] 61.2% 63.3%

Multi-Task CNN
with RotClips

[106] 62.2% 61.8%

Body Pose Evolution
Map

[107] 64.6% 66.9%

TABLE 5
Evaluation of Using Different Data Modalities (RGB, Depth,

and 3D Skeleton Data) for Action Recognition on the
NTU RGB+D 120 Dataset

Data Modality Cross-Subject
Accuracy

Cross-Setup
Accuracy

RGB Video 58.5% 54.8%
Depth Video 48.7% 40.1%
3D Skeleton Sequence 55.7% 57.9%
RGB Video + Depth Video 61.9% 59.2%
RGB Video + 3D Skeleton
Sequence

61.2% 63.1%

Depth Video + 3D Skeleton
Sequence

59.2% 61.2%

RGB Video + Depth Video
+ 3D Skeleton Sequence

64.0% 66.1%
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706 [103], are trained with the defined large training set from
707 our NTU RGB+D 120 dataset. Here we call this training set
708 as “full training set”.
709 To evaluate the effect of the training set size on the recog-
710 nition performance, we use different ratios of training sam-
711 ples from the full training set for network training. We then
712 evaluate the action recognition performance on the same
713 testing set based on the cross-setup evaluation criterion.
714 We take six methods [30], [47], [48], [94], [103], [105] as
715 examples, and show their results achieved by using differ-
716 ent sizes of training set in Fig. 5. The results show that when
717 more samples are used for network training, the action rec-
718 ognition accuracies of all these methods increase obviously.
719 For example, when using 20 percent of the samples from
720 the full training set for training, the accuracy of FSNet is
721 40.6 percent, while the accuracy reaches 62.4 percent when
722 the full training set is used for network training.
723 We also evaluate the performance of using different sizes
724 of training data for action recognition with different data
725 modalities, and show the results in Fig. 6. The results in this
726 figure also show the benefit of using more data for network
727 training to achieve better action recognition performance.

728 5.1.4 Detailed Analysis According to Data Modalities

729 Here we analyze the results obtained by using different data
730 modalities in detail. The skeleton data modality is evaluated
731 using the Spatio-Temporal LSTM [48]. The RGB and depth
732 data modalities are both evaluated using the two-stream

733
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752

753

754

755

756

757758framework [108]. Modality fusion is performed by fusing
759the results of the three modalities.
760We first plot the confusion matrices of different data
761modalities. Specifically, we show the confusion matrix of
762the RGB modality as an example in Fig. 7.
763We then perform action-wise analysis for different data
764modalities. Considering the large number of action catego-
765ries, for each data modality, we analyze the action classes
766that have high recognition accuracies (top 10 accurate clas-
767ses), and the actions that are easily misclassified to other
768classes (top 10 confused action pairs). We show the results
769in Table 6.
770Based on the results in Table 6, we find that the actions
771that have significant motions and discriminative posture
772patterns could be more accurately recognized. For example,
773the actions “walk apart from each other” and “walk towards
774each other”, which have very discriminative and significant
775motions, are both in the top 10 accurate actions when using
776any of the three data modalities as input.
777We also observe that when using skeleton data as input,
778the actions that involve interactions with objects may be eas-
779ily misclassified. For example, “play magic cube” is often
780confused with “counting money”, and “handshaking” can
781also be misclassified to “giving something to other person”,
782as shown in Table 6. This is possibly because the actions in
783each pair have similar human motion patterns, and the per-
784ception of the existences of the objects and their appearan-
785ces is important for accurately recognizing these actions.
786However, the appearance information of the objects is
787ignored by the recognition model when using skeleton
788information only. In contrast, when we perform action rec-
789ognition based on the RGB or depth data that captures the
790object information, many object-related actions could be
791accurately recognized. For example, “carry things with
792other person” and “move heavy objects” are both in the top
79310 accurate actions of the RGB and depth data modalities.

Fig. 5. Evaluation of using different sizes of training set for action
recognition with different methods. In this figure, ratio 1.0 means the full
training set is used for network training.

Fig. 6. Evaluation of using different sizes of training set for action recog-
nition with different data modalities. The skeleton data modality is evalu-
ated using the Spatio-Temporal LSTM [48]. The RGB and depth data
modalities are both evaluated using the two-stream framework [108].

Fig. 7. Confusion matrix of the RGB data modality.
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794 Although RGB and depth data modalities both have
795 good ability in representing the object-related actions, the
796 actions with object involved may be misclassified when
797 the same (or similar) objects are shared by different actions,
798 where the objects may even mislead the classification. For
799 example, when using RGB data as input, “ball up paper”
800 tend to be misclassified to “fold paper”, and “reading” and
801 “writing” can also be confused, as shown in Table 6. An
802 interesting observation is that for RGB data modality, many
803 samples of “open a box” are misclassified to “fold paper”,
804 while “open a box” is in the top 10 accurate actions for the
805 depth data modality. This performance disparity could be
806 explained as: in the RGB image, the appearances of the box
807 and the paper can be similar, but the depth data can well
808 represent the 3D shape information of the objects, thus

809depth data is more powerful in distinguishing the box from
810paper. As a result, the action “open a box” can be more
811accurately recognized by using depth data than by using
812RGB data. We also observe that “put on jacket”, which is
813classified well with RGB data, is easily confused with “put
814on bag/backpack” with depth data. This may be because
815the jacket and the backpack can be more easily distin-
816guished from their color and texture information, than from
817their 3D shape information.
818As shown in Table 6, “kick backward” is in the top 10
819accurate actions of both skeleton and depth data modalities,
820while “kick backward” is easily confused to “side kick”
821when using RGB data. A possible reason is that both the
822depth data modality and the skeleton data modality provide
823the 3D structure information that implies the 3D direction

TABLE 6
Action Recognition Results of Different Data Modalities on the NTU RGB+D 120 Dataset

Data Modality Top 10 accurate actions Top 10 confused (misclassified) action pairs

RGB

1. walk apart from each other 1. take off a shoe!put on a shoe
2. walk towards each other 2. kick backward!side kick
3. hopping 3. rub two hands together!clapping
4. carry things with other person 4. reading!writing
5. arm swings 5. clapping!rub two hands together
6. staggering 6. vomiting condition!bow
7. pick up things 7. ball up paper!fold paper
8. put on jacket 8. open a box!fold paper
9. hugging other person 9. both hands up!cheer up
10. move heavy objects 10. yawn!blow nose

Depth

1. carry things with other person 1. take off a shoe!put on a shoe
2. walk apart from each other 2. reading!writing
3. move heavy objects 3. playing with tablet!writing
4. hugging other person 4. bow!vomiting condition
5. kick backward 5. both hands up!stretch oneself
6. walk towards each other 6. put on jacket!put on bag/backpack
7. hopping 7. vomiting condition!bow
8. arm swings 8. cheer up!both hands up
9. staggering 9. rub two hands together!clapping
10. open a box 10. take off bag/backpack!take off jacket

Skeleton

1. walk apart from each other 1. put on a shoe!take off a shoe
2. standing up 2. hit other person with object!wield knife towards other person
3. walk towards each other 3. make ok sign!make victory sign
4. hugging other person 4. thumb up!make victory sign
5. arm swings 5. put on jacket!put on bag/backpack
6. squat down 6. touch other person’s pocket (steal)!grab other person’s stuff
7. sitting down 7. make victory sign!make ok sign
8. pushing other person 8. play magic cube!counting money
9. arm circles 9. take a photo of other person!shoot at other person with a gun
10. kick backward 10. handshaking!giving something to other person

RGB+ Depth+ Skeleton

1. walk apart from each other 1. take off a shoe!put on a shoe
2. carry things with other person 2. vomiting condition!bow
3. hugging other person 3. both hands up!stretch oneself
4. walk towards each other 4. clapping!rub two hands together
5. standing up 5. yawn!blow nose
6. hopping 6. put on a shoe!take off a shoe
7. squat down 7. hush (say quite)!blow nose
8. move heavy objects 8. rub two hands together!clapping
9. arm swings 9. reading!writing
10. put on jacket 10. stretch oneself!both hands up

(1) Top 10 accurate actions denote the actions that have the top 10 recognition accuracies.
(2) Top 10 confused (misclassified) action pairs denote the action pairs that have the top 10 confusion rates (misclassification percentages).
(3) A ! B denotes a confused action pair, where some samples of class A are misclassified to class B.
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824 information of the body part motions. However, such 3D
825 information is not provided when using the RGB data.
826 We also observe that many actions that contain fine-
827 grained hand gestures and finger motions, such as “make
828 ok sign”, “make victory sign”, and “thumb up”, are easily
829 misclassified when using the skeleton data only, as depicted
830 in Table 6. The performance limitation of the skeleton data
831 in handing these actions is possibly due to that only three
832 joints are provided for each hand in the skeleton data, and
833 besides, the skeleton data provided by Kinect’s tracker algo-
834 rithm is not perfect and can be noisy sometimes. This indi-
835 cates that the skeleton data has difficulties in representing
836 the very detailed hand and finger motions. Therefore, the
837 actions with fine-grained hand/finger motions could be eas-
838 ily misclassified when using the skeleton data only.
839 In Table 6, we also find that there are several tough action
840 pairs that are easily confused for all the data modalities,
841 such as “take off a shoe” and “put on a shoe”. A possible
842 explantation is that the human motion and object appear-
843 ance information in these actions are both very similar, and
844 thus they are difficult to be accurately distinguished.
845 In summary, the 2D appearance information (e.g., color
846 and texture) and the 3D shape and structure information
847 provided by different data modalities can all affect the rec-
848 ognition performance of different types of actions.
849 In Table 6, beside presenting the top 10 accurate actions
850 and the top 10 confused action pairs for different data
851 modalities, we also show the results of fusing the three
852 modalities. We observe that when fusing these modalities
853 which provide complementary appearance and geometric
854 information, the recognition performance is improved. For
855 example, when using RGB, depth, or skeleton data only, the
856 recognition accuracies of “walk apart from each other” are
857 94, 93, and 92 percent, respectively. When fusing the three
858 modalities, the accuracy reaches 99 percent. We also find
859 that the confusion rates of the tough action pairs can also

860drop when fusing the three data modalities. For the very
861tough action pair: “take off a shoe” and “put on a shoe”,
862the confusion rates for different single modalities are 52,
86365, and 39 percent, respectively, and the confusion rate
864decreases to 32 percent with modality fusion.

8655.1.5 Detailed Analysis According to Methods

866We also analyze the experimental results of different 3D
867action recognition methods on our dataset in detail. We take
868five state-of-the-art methods as examples for analysis,
869namely Internal Feature Fusion [94], GCA-LSTM [30],
870Multi-Task Learning Network [49], FSNet [103], and Multi-
871Task CNNwith RotClips [106].
872We first plot the confusion matrices of these methods.
873The confusion matrix of the method, Internal Feature
874Fusion, is shown in Fig. 8 as an example.
875We then perform action-wise analysis for these methods.
876Specifically, we perform detailed analysis for the top 10
877accurate actions and the top 10 confused action pairs of
878each method (see Table 7), considering the large number of
879action classes.
880Among these methods, the method Internal Feature
881Fusion performs action recognition by fusing the 3D skele-
882ton-based geometric features and the RGB-based appear-
883ance features, and the other four approaches all use 3D
884skeleton data as input for 3D action recognition.
885In Table 7, we observe that the top 10 confused action
886pairs of GCA-LSTM, Multi-Task Learning Network, FSNet,
887and Multi-Task CNN with RotClips all contain many
888object-related actions (such as “put on jacket” and “play
889magic cube”) and fine-grained hand/finger motion-based
890actions (such as “make victory sign” and “thumb up”). This
891is possibly owing to that all of these four approaches per-
892form action recognition based on the 3D skeleton data that
893is not able to represent the object information and the fine-
894grained finger motions well. Therefore, these approaches
895have difficulties in dealing with the object-related and fine-
896grained hand/finger motion-based activities. In contrast,
897we observe that there are many object-related actions (such
898as “put on jacket”, “bounce ball”, and “carry things with
899other person”) in the top 10 accurate actions of the method
900Internal Feature Fusion, which uses both 3D skeleton data
901and RGB data as input for action recognition.
902In this table, there are also some actions (e.g., “take off a
903shoe” and “put on a shoe”) that are very similar in motions
904and appearances, and are difficult to be distinguished well
905by all the five methods.
906We also observe that the actions “walk apart from each
907other” and “walk towards each other” that have significant
908motions and discriminative posture patterns are in the top
90910 accurate actions of all the methods.
910In Table 7, we observe the top 10 confused action pairs of
911FSNet contain some two-person mutual action pairs with-
912out object involved, such as “hit other person with body”
913with “support other person with hand”, and “kicking other
914person” with “step on foot of other person”, while these
915actions can be classified relatively reliably by the other
916approaches. A possible explanation of the performance limi-
917tation of FSNet in handling these mutual actions is that in
918FSNet, the features of the two persons are extracted sepa-
919rately, and these features are then simply averaged for

Fig. 8. Confusion matrix of Internal Feature Fusion [94].
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920 action recognition. This indicates the interaction patterns
921 between the two persons are not well represented, and thus
922 the mutual actions may be easily misclassified by FSNet.
923 We also observe that the action “kick backward” is easily
924 confused with “hopping” by the method GCA-LSTM, while

925“kick backward” is in the top 10 accurate actions of all the
926other four methods. A possible reason is that GCA-LSTM
927normalizes the skeleton data for the single-person actions
928by rotating the skeleton to the frontal view and translating
929the body center to the origin in each frame at the pre-

TABLE 7
Action Recognition Results of Different Methods on the NTU RGB+D 120 Dataset

Method Top 10 accurate actions Top 10 confused (misclassified) action pairs

Internal Feature
Fusion [94]

1. walk apart from each other 1. put on a shoe!take off a shoe
2. walk towards each other 2. blow nose!hush (say quite)
3. carry things with other person 3. clapping!rub two hands together
4. hugging other person 4. take off a shoe!put on a shoe
5. standing up 5. rub two hands together!clapping
6. kick backward 6. stretch oneself!both hands up
7. take off jacket 7. yawn!blow nose
8. arm swings 8. bow!vomiting condition
9. put on jacket 9. grab other person’s stuff!touch other person’s pocket (steal)
10. bounce ball 10. vomiting condition!sneeze/cough

GCA-LSTM [30]

1. walk apart from each other 1. put on a shoe!take off a shoe
2. standing up 2. play magic cube!counting money
3. walk towards each other 3. make victory sign!make ok sign
4. hugging other person 4. hit other person with object!wield knife towards other person
5. high five 5. take something out of a bag/backpack!put something

into a bag/backpack
6. handshaking 6. kick backward!hopping
7. arm swings 7. staggering!kick backward
8. sitting down 8. put on jacket!put on bag/backpack
9. arm circles 9. giving something to other person!exchange things

with other person
10. squat down 10. grab other person’s stuff!touch other person’s pocket (steal)

Multi-Task Learning
Network [49]

1. cross toe touch 1. giving something to other person!exchange things
with other person

2. walk apart from each other 2. point finger at other person!shoot at other person with a gun
3. walk towards each other 3. slapping other person!hit other person with object
4. arm swings 4. rub two hands together!apply cream on hand back
5. kick backward 5. cutting paper using scissors!staple book
6. cheers and drink 6. yawn!hush (say quite)
7. squat down 7. take off glasses!take off headphone
8. arm circles 8. make ok sign!thumb up
9. running on the spot 9. take off a shoe!put on a shoe
10. cheer up 10. make ok sign!make victory sign

FSNet [103]

1. standing up 1. put on a shoe!take off a shoe
2. arm circles 2. make victory sign!make ok sign
3. walk apart from each other 3. put on jacket!put on bag/backpack
4. kick backward 4. hit other person with object!wield knife towards other person
5. arm swings 5. counting money!play magic cube
6. cross toe touch 6. rub two hands together!clapping
7. grab other person’s stuff 7. pushing other person!slapping other person
8. cheer up 8. pat on back of other person!hit other person with object
9. running on the spot 9. kicking other person!step on foot of other person
10. walk towards each other 10. hit other person with body!support other person with hand

Multi-Task CNN
with RotClips [106]

1. cross toe touch 1. slapping other person!hit other person with object
2. walk apart from each other 2. point finger at other person!shoot at other person with a gun
3. running on the spot 3. make victory sign!make ok sign
4. arm circles 4. tear up paper!open a box
5. walk towards each other 5. staple book!cutting paper using scissors
6. squat down 6. yawn!hush (say quite)
7. arm swings 7. giving something to other person!exchange things

with other person
8. kick backward 8. playing with tablet!play magic cube
9. cheer up 9. take off glasses!take off headphone
10. playing rock-paper-scissors 10. take off a shoe!put on a shoe
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930 processing stage. After such normalization, “hopping”
931 could be similar to “kick backward”, since the vertical
932 movements of the body center in “hopping” are ignored by
933 the method GCA-LSTM.
934 In Table 7, “grab other person’s stuff” is in the top 10
935 accurate actions of the method FSNet, while “grab other
936 person’s stuff” can be easily confused with “touch other
937 person’s pocket (steal)” by Internal Feature Fusion and
938 GCA-LSTM. A possible explanation of the performance

939disparity is that FSNet may be able to learn the motion
940speed information better than the other two methods. The
941human postures of these two actions are quite similar and
942their main difference is the motion speed, i.e., the motions
943in “touch other person’s pocket (steal)” are very slow, while
944the motions in “grab other person’s stuff” are much faster.
945Both Internal Feature Fusion and GCA-LSTM use recurrent
946models to learn the temporal dynamics of the actions based
947on the sampled 20 frames from each action sequence. This

Fig. 9. Sample frames of the NTU RGB+D 120 dataset. The first four rows show the variety in human subjects, camera views, and environmental
conditions. The fifth row depicts the intra-class variation of the performances. The last row illustrates the RGB, RGB+joints, depth, depth+joints, and
IR modalities of a sample frame.
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949 by them. In contrast, FSNet uses a temporal convolutional
950 model to learn the temporal context information over all the
951 frames of each action sample, and thus is able to better learn
952 the motion speed information, which is an important cue to
953 distinguish “grab other person’s stuff” from “touch other
954 person’s pocket (steal)”.

955 5.2 Experimental Evaluations of One-Shot
956 Recognition

957 We evaluate the one-shot recognition performance on our
958 dataset. In our experiments, the auxiliary set for feature gen-
959 eration network training contains 100 action classes, and the
960 evaluation set for one-shot recognition evaluation contains
961 the remaining 20 classes.
962 We compare the following methods for one-shot 3D
963 action recognition:
964 (1) Average Pooling. This method is similar to the
965 approach in [94]. To adapt [94] for one-shot recognition, we
966 use ST-LSTM [94] as the feature generation network to learn
967 the features of the body parts at each frame, and during
968 evaluation, the features of all body parts at all frames are
969 aggregated with average pooling. The distance between
970 the testing sample and each exemplar is calculated using
971 the average pooling representation of each video.
972 (2) Fully Connected. In this method, the feature gen-
973 eration network is constructed by adding a fully conne-
974 cted layer above the ST-LSTM model. Concretely, the
975 outputs from all spatio-temporal units of the ST-LSTM are
976 concatenated and fed to a fully connected layer to generate
977 a global representation for the input video [30]. During
978 training, the ST-LSTM and the fully connected layer is
979 trained in an end-to-end fashion. During evaluation, the
980 distance is calculated using the global representation of
981 each video.
982 (3) Attention Network. This method is similar to the
983 above ”Fully Connected” method, except that an attention
984 mechanism [30] is added to the feature generation network,
985 i.e., the attention scores of different joints are automatically
986 learned in this method.
987 (4) APSR. This is the proposed Action-Part Semantic Rel-
988 evance-aware framework, which assigns different scores to
989 different joints (i.e., weighted pooling), by considering the
990 sematic relevance between the novel action’s name and
991 body part’s name for one-shot recognition.
992 The comparison results of these approaches are shown in
993 Table 8. The proposed APSR framework achieves the best
994 results, which indicates the generalization capability of the
995 proposed method on the novel action categories. We also
996 observe that the performance of “Attention Network” [30],
997 which learns to assign weights to different joints with the

998attention mechanism, is even weaker than that of “Average
999Pooling” [94]. A possible explanation is that the attention
1000ability is trained on the auxiliary set that does not contain
1001the novel actions, thus when handling the novel actions, its
1002performance is even worse than directly performing aver-
1003age pooling. This further demonstrates the superiority of
1004the introduced APSR framework.
1005In the aforementioned experiments, the feature generation
1006network of our APSR framework is trained on a large auxiliary
1007set containing about 100 thousandvideos.We also try downsiz-
1008ing the auxiliary training set, and evaluate the one-shot 3D
1009action recognition performance on the same evaluation set. The
1010results in Table 9 show that the one-shot recognition accuracy
1011drops and the generalization capability to novel classes is
1012weakened, when using fewer classes and samples for learning
1013the feature generation network. This also implies the demand
1014for a large dataset, and it is in line with our motivation for pro-
1015posing theNTURGB+D120 dataset.

10165.3 Discussions

1017The introduction of this very large-scale and challenging
1018dataset with high variability in different aspects (e.g.,
1019subjects, environments, camera views, and action categories)
1020will facilitate the users to apply, adapt, develop, and evaluate
1021various learning-based techniques for the future research on
1022human activity analysis. Below we discuss some of the poten-
1023tial research problems and techniques that could be investi-
1024gated by taking advantage of our dataset:
1025(1) Activity analysis with different data modalities. Four dif-
1026ferent data modalities are provided by our dataset, namely,
1027depth videos, 3D skeleton data, RGB videos, and infrared
1028sequences. Different modalities have different structures
1029of the data, and have different application advantages.
1030Therefore, users can utilize our dataset to investigate the
1031algorithms for depth-based, skeleton-based, RGB-based, or
1032infrared-based action recognition.
1033(2) Heterogeneous feature fusion analysis. The provided
1034data modalities contain complementary appearance and 3D
1035geometrical information for human activity analysis. Thus
1036users can take advantage of our dataset to identify the
1037strengths of respective modalities, and further investigate
1038various fusion techniques for the heterogeneous features
1039[43] extracted from different data modalities.
1040(3) Deep network pre-training. Most of the existing datasets
1041for RGB+D action recognition are relative small, thus the
1042deep models evaluated on them often suffer from over-fit-
1043ting issues. Since the proposed dataset has a large number
1044of samples with diversity in various factors, it can also be

TABLE 8
The Results of One-Shot 3D Action Recognition

on the NTU RGB+D 120 Dataset

Method Evaluation Accuracy

Average Pooling [94] 42.9%
Fully Connected [30] 42.1%
Attention Network [30] 41.0%
APSR 45.3%

TABLE 9
The Results of Using Different Sizes of Auxiliary Training

Set to Learn the Feature Generation Network, for One-Shot
Recognition on the Novel Action Classes

Auxiliary Training Set Evaluation
#Training Samples #Training Classes Accuracy

19,000 20 29.1%
38,000 40 34.8%
57,000 60 39.2%
76,000 80 42.8%
95,000 100 45.3%
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1045 employed for network pre-training. By initializing the net-
1046 work parameters on our proposed large-scale dataset, the
1047 deep models are expected to be able to generalize better on
1048 other relative small datasets for 3D activity analysis, as ana-
1049 lyzed in [69].
1050 (4) Cross-subject activity analysis. In the proposed dataset,
1051 the 106 human subjects are in a wide range of age and
1052 height distribution, and are from different cultural back-
1053 grounds. These factors bring realistic variation to the quality
1054 of actions, and make it possible to have more sensible cross-
1055 subject evaluations for the 3D activity analysis methods.
1056 This also encourages the community to develop action rec-
1057 ognition algorithms that are robust for different subjects.
1058 (5) Cross-environment activity analysis. Our dataset is col-
1059 lected under different environmental conditions that use 96
1060 different backgrounds with significant illumination varia-
1061 tion. This enables the users to perform cross-environment
1062 activity analysis. The different collection environments can
1063 also facilitate the analysis of the algorithms’ robustness
1064 against the variation in backgrounds and illuminations.
1065 (6) Cross-view activity analysis. The proposed dataset is
1066 collected with 155 camera views, which facilitates the cross-
1067 view activity analysis and encourages the users to develop
1068 action recognition approaches that are robust against view
1069 variation for the practical applications.
1070 (7) Cross-modal transfer learning. Learning representations
1071 from a large labeled modality for transfer learning for the
1072 smaller-scale new modalities has attracted a lot of research
1073 attention and has been applied to different tasks recently
1074 [112]. The proposed large dataset that provides different
1075 data modalities could be utilized for the research on cross-
1076 modal transfer learning.
1077 (8) Mutual activity analysis. Human-human interaction
1078 analysis is also an important branch of human activity anal-
1079 ysis. The proposed dataset contains 25 thousand two-person
1080 mutual action videos that correspond to 26 different two-
1081 person interaction classes. This facilitates the users to inves-
1082 tigate and develop various approaches for handling the task
1083 of mutual action recognition.
1084 (9) Real-time skeleton-based early action recognition. 3D skele-
1085 ton data has shown its advantages in real-time early action
1086 recognition due to its succinct and high level representation,
1087 as analyzed in [64]. This indicates our large dataset can also
1088 be used for the research on real-time early action recognition.
1089 (10)One-shot 3D activity analysis.Our large-scale dataset can
1090 also be used to learn a discriminative representationmodel for
1091 one-shot 3D activity analysis for novel action classes.
1092 In summary, we believe the users can take advantage of
1093 the proposed NTU RGB+D 120 dataset for the future
1094 research on RGB+D activity analysis in various aspects.

1095 6 CONCLUSION

1096 A large-scale RGB+D action recognition dataset is intro-
1097 duced in this paper. Our dataset includes 114,480 video
1098 samples collected from 120 action classes in highly variant
1099 camera settings. Compared to the current datasets for this
1100 task, our dataset is larger in orders and contains much more
1101 variety in different aspects. The large scale of the collected
1102 data facilitates us to apply data-driven learning methods to
1103 this problem and achieve promising performance. We also

1104propose an APSR framework for one-shot 3D action recog-
1105nition. The provided experimental results show the avail-
1106ability of large-scale data enables the data-driven learning
1107frameworks to achieve promising results.
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