wherex 2 R* are the homogeneous coordinatesxofind TABLE I: 2D Joint Detection Rate (JDR)4) for different

p;, denotes thek-th row of projection matrixP; 2 R®**. joint classes, feedback modes and training data.
According to the DLT algorithm[[11],[{3) is solved by a

singular value decomposition (SVD) o, taking the unit Feedback Training Data Hips Knees Ankls Shids Elbs Wristdvg

singular vector corresponding to the smallest singular valugo fb H3.6M 99.2 961 90.3 933 933 89.1 95.1
of A as solution forx. Finally, X is divided by its fourth W H3.6M =~ [99.5 97.6 96.1 97.2 96.5948 97.5

\ ; e wiofb  COCO +H3.6M99.3 97.1 969 98.9 962 92.8 97.6
coordinate to obtain the 3D vectsir= X=(X)s. wfh  COCO +H3.6M 99.3 98.0 97.8 99.0 97.1 948 98.2

The above formulation [3) assumes that all 2D detections
make a similar contribution to the triangulation. However, 2DABLE II: 3D pose error fhm) for different joint classes,
joint positions cannot be estimated reliably on some viewigedback modes and training data.
e.g., due to occlusions, which in turn degrades the result

The reliability of a detection is expressed by the heatmdpFedback Training Data Hips Knees Ankis Shids Elbs Wristdvg

con dence valuec; and can be incorporated into the DLT byW/?bfb Hg-GM 32-2 29-3 58.6 405 ‘313-2 29-8 ;2-2
multiplying each row ofA with the corresponding element of mo b COCT) fl\IﬁSG 15'21 258'5 ;g.oz 2356'67 355'7 293'f 24?6
a weight vectomw, reformulating [(B) as: w b COCO + H3.6M 19.2 249 369 255 299 283 235
(W A)X =0; ®) :
D. Semantic Feedback
with .
! To enable the local semantic models of each sensor to
W — G . & ... Cv . Cn ©) bene t from the globally fused 3D pose, a feedback channel
al] " al " aly, " aly from backend to sensors is implemented in our framework.

nFirst, the motion of the 3D skeleton is predicted using a
?inear velocity model for each joint to compensate for the
pipeline delayAt. Second, predicted 2D joint positiorfisi/g
and their image-plane covariancﬁﬁ){g are determined by
reprojecting the predicted 3D pose and its covariance extracted

deterministic samples are propagated through the triangulatfgm the factor graph into each sensor viéwusing the

according to the Unscented Transform[17]. Sigma poinf@/€ction matrixP; and the Unscented Transform [17].
JT. . Nuu The reprojected feedback skeleton is sent to the smart edge

are generated from the mean vectot = [u];:::;u%y h teedback heatntde. | dered b
and the block-diagonal matrix containing the 2D covarianc??nsors’_ where a feedback heatntd, IS rendere _to €
ed with the detected heatm#pye; Of the current image

Ef extracted from each heatmap. Each set of samples S E hiointi/. a 2D G ian blob i dered in th
triangulated according t¢](5) and and %, are determined crop. For ‘jj"?‘c Jr?mt' 8 H auTSAan (;). |stre|;1h ered in t ? q
as sample mean and covariance of the resulting points usﬁpirespon ing heatmap channel according to the reprojecte

X by
weights given by the Unscented Transform. covariance matrix.”. . . " .
ghis g y The heatmaps are fused via weighted addition of detection,

C. Skeleton Model feedback, and their element-wise multiplication:

We employ a factor graph modél [18] representing the tre .
structure of the human body, with 3D joint positioré as Hiusea=5((1 JHaat Ho+ (Hio Haed): ()
nodes connected by unary and pairwise factors on the edgegh + < 1. The scales is set ag(1 )~1 to ensure

The unary constraints are given by the triangulated joittiat positive feedback always increases the joint con dence.
positionsx/ and covariance&éD and follow a 3D Gaussian The feedback gains and are important design parameters
noise model: of our method. A suf cient weight must be accorded to the

£ oxi N xJixi sy - feedback to improve the raw detections, but too high gains can
JX7, 383, @) . - . .
cause instability. Hence, the feedback gains are learned using

The pairwise factors model typical limb-lengths of thex hyper-parameter search [4] optimizing the 3D pose error.
human body and also follow a Gaussian noise model: The above formulation models an arbitrary combination of

g xi:xk N xi xk TP g) additive and multiplicative feedback and can efciently be
) ’ ) executed on the embedded processor of the sensor board. Ex-
with x7  x* the Euclidean distance between jointsand amples of the heatmap fusion are shown in Fjg. 4. Through the
x*. 1;x and | denote mean and standard deviation of thgedback loop, evidence for joint occurrence from detection
length of the corresponding limb determined from the statistigs,d feedback is combined in the fused heatmap, improving the

of the H3.6M dataset [15]. _ ~ accuracy of the joint locations and reducing their uncertainty.
The nal 3D human poses are obtained by optimizing the

factor graph using the Levenberg-Marquardt algorithm and the ) o

gtsamframework [18]. The optimization is initialized with E- Multi-Person Pose Estimation

the poses from the previous frame, predicted using a linearTo handle real-world scenes (cf. Sec. IV-C 4nd T\v-D), we
velocity model. extend our method to estimate the poses of multiple persons at

and the Hadamard product, similar to the approach of Ch
et al. [7]. The con dence values iw are divided by the £-
norm of the corresponding row &% to compensate for the
different image locations of the joints in each view.

To obtain the 3D joint positiok/ and its covarianc&’;,



TABLE llI: Evaluation result on H3.6M dataset: MPJPE 3D pose erroni( per action type. 3D poses after application of
the resp. post-processing or skeleton model are repcrteftnotes using additional training data.

Method | Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk Walk¥g
Pavlakos et al[[23] 41.2 49.2 428 434 556 469 403 63.7 97.6 1199 521 427 51.9 41.8 394 56.9
Tome et al.[[20] 43.3 496 420 488 51.1 64.3 40.3 43.3 66.0 95.2 50.2 52.2 51.1 43.9 45.3 52.8
Qiu et al. [24] 289 325 26.6 281 283 29.3 280 36.8 42.0 30.5 356 300 28.3 30.0 305 312
Remelli et al.[[26] | 27.3 32.1 250 265 29.3 354 288 316 364 31.7 31.2 299 269 33.7 304 302
Ours, w/o fb 277 365 278 271 339 331 293 336 413 425 328 335 33.3 27.8 272 329
Ours, w fb 271 299 27.0 265 31.3 289 27.1 298 365 36.0 308 29.3 29.7 273 26.3 29.8

Qiu et al. [241 240 26.7 232 243 248 228 241 286 321 26.9 31.0 25.6 25.0 28.1 24.4 26.2
Ours, w/o fb 224 243 224 217 246 247 224 22,6 268 284 250 231 245 22.0 215 240
Ours , wfb 224 240 222 217 24.0 239 221 22.6 260 26.8 24.5 22.8 24.6 21.8 21.3 23.5

a time. Person detections are associated across camera vieBwEvaluation on the H3.6M Dataset

based on the epipolar distance of their joints using the ef cient 1) Implementation DetailsWe adopt the network for pose
iterative greedy matching proposed by Tanke et(all [28]. Th&timation described in Sec. IlI-A and use two different
rest of the pipeline is then run for each person observgdining schemes: (i) training solely on H3.6M training data
in at least two views to compute 3D poses and feedbaciyg (i) pretraining the network on person keypoints from
A feedback skeleton is associated to its corresponding 20 coco dataset [19] and netuning on H3.6M. The input
detection based on the loU overlap of their bounding boxesego|ution is set to 256256 pixels.

IV. EVALUATION AND EXPERIMENTS As is common practice in literature [24, 23,129], we use
S%&pjects 1, 5, 6, 7, 8 for training and subjects 9 and 11 for

public datasets: The Human 3.6M datasgt] [15] and tﬁ%sting. Input images are cropped using the provided ground-

multi-person Campus and Shelf dataséts [2], as well as gch bounding box and evaluation IS perfprr_ned for ev@‘h/ .
own data from experiments in our lab. We make our C+[2Me @s subsequent frames are highly similar at the original

implementation publicly available at https://github.com/Al [ra;\r:lefrate. 0f50 Hz. 4 simul | h
Bonn/SmartEdgeSensor3aDHumanPose. our image streams are processed simultaneously, eac

_ on its own smart edge sensor board. The estimated 2D skele-
A. Dataset and Metrics tons are transmitted to the backend, where they are triangu-

1) Human 3.6M:The Human 3.6M dataset [15] is a largelated, and the skeleton model is applied. We report evaluation
scale public dataset for single-person multi-view 3D huma®sults with and without using the proposed feedback channel.
pose estimation. It contains 3.6 million frames of 11 differerfthe parameters for the heatmap fusiph (9) are determined as
actors, captured by four synchronized cameras together with= 0:15 and = 0:75.
ground truth 2D and 3D poses. 2) Quantitative ResultsTab. | shows evaluation results for

We measure the 2D pose estimation accuracy as the gbe accuracy of the 2D pose estimation calculated on the smart
centage of correctly detected joints, the Joint Detection Ratdge sensors, depending on the employed feedback mode and
(JDR). A joint is correctly detected when its distance towardgaining data. Our experiments indicate that using the feed-
the corresponding ground-truth annotation is smaller thanback channel (cf. Se€. Tl{D) signi cantly improves the JDR
threshold. We set the JDR threshold to half the head sizeagsuracy. The improvement is highest for the often-occluded
proposed by Qiu et al. [24]. wrist and ankle joints5:7 % resp.5:8 % for the H3.6M-only

The 3D pose accuracy is measured by the Mean Per Joimdel. For the better visible joint classes, detection is easier
Position Error (MPJPE) between estigated 3D jointsand also without feedback and the improvement is smaller.
ground truth 3D joints<y;: MPJPE= % ‘.]=l kx 7 X giK. Pretraining the model on the COCO keypoint dataset gen-

2) Campus and ShelfThe Campus datasetl [2] consists oérally improves performance, as the model trained on a
three people interacting outdoors, captured by three calibratather and more varying dataset generalizes better to unknown
cameras. The Shelf dataset [2] consists of four people interagtenes. For the stronger model, the gain from using the
ing and disassembling a shelf in a small indoor area, capturfegdback signal is smaller, but still amounts 26 for the
by ve cameras. It is a more complex setting compared torists which are the most dif cult joints to detect.

Campus, as frequent occlusions occur between persons antihe improved 2D joint detections in turn lead to more
with the shelf. The same evaluation protocol as in previoascurate 3D poses, as becomes apparent from the results in
works [7,[9,[2[38] is used, employing the 3D Percentage @&b.[Tl, where 3D pose error is shown. As in the 2D case, the
Correct Parts (PCP) metric [5]. A body part is considered asprovement from the feedback channel is more signi cant for
correctly estimated if the average of the Euclidean distandb® weaker model and highest for ankles and wrists, around
of start and end point of the limb with the ground-truth i41 mm resp.6 mm for the H3.6M-only network.

smaller than half the limb-length. In Tab. Ill, the MPJPE 3D pose error is shown per action

We evaluate the proposed approach on three widely-u


https://github.com/AIS-Bonn/SmartEdgeSensor3DHumanPose
https://github.com/AIS-Bonn/SmartEdgeSensor3DHumanPose

TABLE 1V: Average inference time and model size for H3.6
dataset (Values for Qiu et al. [24] taken from [26]). ‘
| Qiuetal [24] | Remelli et al.[[26] | Ours

Inference Time | 8:4s | 0:040s | 0:024s

Model Size | 2:11GB | 251 MB | 4 x 12MB
TABLE V: Ablation study of the impact of various compo-
nents of our approach on MPJPE 3D pose ernoir

o@
S

< S X (&
Q O QK

@Qs # @ S

w/o model, w/o fb 38.08 | - - - -

w/o hm cov, w/o fb | 33.41 | X - - -

wio fb 82941 X X - - (a) ground-truth (b) detected  (c) feedback (d) fused

w fb (add) 3007 | X X X -

w fb (mult) 3010 X X - X Fig. 4: Samples of the heatmap fusion approach for left wrist
w fb 298| X X X X (Rows 1-2) and right elbow (Row 3): Detected heatmap (b) and
skeleton model without directional heatmap covariances feedback heatmap (c) are combined into the fused heatmap (d).

In dif cult situations such as occlusions (Rows 1-2) or left-
category and compared to other approaches from literature. ght inversions (Row 3), using feedback results in a heatmap
pose errors after application of the resp. post-processing sigser to the ground-truth (a).
or skeleton model are reported. The recent approaches [24]
and [26] as well as our method provide signi cant improvethe stronger pose estimation model trained on additional data,
ments over the older methods [23] and [29]. Comparing tltke average improvement amountstd mm. The feedback
models trained on H3.6M only, the results of our approadignal is more important when the raw pose estimates are less
using feedback are better than Qiu et al.|[24] and Remediccurate but reduces the average 3D pose error in both cases.
et al. [26] for 10 of the 15 action categories and reduce the
average error. The proposed semantic feedback channel is ke§) Qualitative Results:In addition, we qualitatively show
to this improvement over the literature. When using additionabw the proposed feedback loop improves the pose estimation
training data, our method also achieves state-of-the-art resulésult. Fig. 4 shows three example situations, where the feed-

In Tab. IV, we compare the inference time per frame séfack heatmap helps to recover from incorrect or imprecise 2D
(i.e., for a set of four images) and model size of our approagint detections. The images are overlaid with the respective
with the recent approaches [24] arid][26]. The approach la¢atmaps for a specic joint. In the rst and second row,
Qiu et al. [24] is an of ine method with a runtime of severathe left wrist of the actors is occluded by their body and
seconds. The approach of Remelli et al.1[26] achieves néhe detected heatmap is very inaccurate. However, from the
real-time performance on a powerful desktop GPU. The ruperspectives of other cameras, the joint is visible, and its 3D
time of our method is still about0 % lower while running on position can be estimated. This is re ected in the feedback
ef cient embedded sensor boards and a backend that doesreatmap which predicts the joint detection close to the ground
require a GPU. Our pose estimation model, optimized for titeuth location. The resulting fused heatmap, obtained by com-
Edge TPU inference accelerator, requires ardIB of mem- bining detection and feedback according to (9), permits to
ory, signi cantly less than the models of other approaches. accurately estimate the respective joint despite the imprecise

Results of an ablation study on the impacts of differetetection. In Row 3 of Fid.]4, a similar situation is shown, but
parts of our proposed pipeline are shown in Tab. V. Usirfgr the right elbow, which here cannot be distinguished from
the skeleton model to post-process the raw 3D poses obtaiife@l left elbow due to the challenging pose.
by triangulation signi cantly improves the average MPJPE. )

Employing the directional covariances extracted from tfg: Evaluation on the Campus and Shelf Datasets

heatmaps, instead of modeling uncertainties only by the con-1) Implementation DetailsTo process multi-person scenes,
dence value, again reduces the error. The semantic feedbackerson detector is employed together with the pose estima-
further improves the result, where the proposed combinatiion model (cf. Sec. IlI-A). The detector is trained for 130
of additive and multiplicative feedback is more ef cient tharEpochs on the person class of the COCO dataset [19], for
using only a single type. The impact of the feedback signaput images of 640480 px and achieves a mAP @f:6 %.

for each action class can also be observed in Tab. Ill. The pose estimation network is trained for 140 epochs on
improves the results for all actions for the H3.6M-only traine@OCO for person crops of 19256 px. It achieves a mAP of
model, with an average improvement3fi mm. When using 69:6 % in FP32-mode and8:4 % in INT8-mode on the COCO
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