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Abstract

Current state-of-the-art Human Pose Estimation meth-
ods ignore out-of-image keypoints in both training and eval-
uation and use uncalibrated heatmaps as keypoint location
representations. We propose ProbPose, which predicts for
each keypoint: a calibrated probability of keypoint pres-
ence at each location in the activation window, the prob-
ability of being outside of it, and its predicted visibility. To
address the lack of evaluation protocols for out-of-image
keypoints, we introduce the CropCOCO dataset and the Ex-
tended OKS (Ex-OKS) metric, which extends OKS to out-of-
image points. Tested on COCO, CropCOCO, and OCHu-
man, ProbPose shows significant gains in out-of-image key-
point localization while also improving in-image localiza-
tion through data augmentation. Additionally, the model
improves robustness along the edges of the bounding box
and offers better flexibility in keypoint evaluation. The code
and weights are available on the project website'.

1. Introduction

Human pose estimation (HPE) has seen significant
progress, achieving robust performance on standard
datasets. The most successful models like ViTPose [32]
typically use a top-down, heatmap-based approach, where
heatmaps serve as dense representations of keypoint loca-
tions across an image.

In this paper, we address two limitations of top-down
HPE methods: (1) all previous methods overlook out-of-
image keypoints during training and, more importantly, ig-
nore them in evaluation, and (2) heatmaps restrict their use
to simple point estimates. While seemingly separate, these
issues are interrelated and can be addressed through an ap-
propriate choice of representation and loss function.
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Figure 1. ProbPose (left) vs. ViTPose [32] (right) output on a
cropped image with the dark part removed. The bounding box, on
which the pose estimators operate, is detected by YOLOX-x [5].
ProbPose estimates keypoints outside of the image better, e.g. the
right leg which is wrongly aligned with the left leg by ViTPose,
for which out-of-image keypoints represent a domain shift.

Top-down methods localize keypoints within a specific
region called the activation window. This activation win-
dow is the part of the image mapped to the predicted
heatmap. The activation window often matches the model
input and it may exceed image boundaries due to prepro-
cessing steps, such as maintaining aspect ratios or enlarging
bounding boxes.

Under challenging conditions, such as heavy occlusion
or cropped images, keypoints may fall outside the activation
window. Current methods do not address this issue and sim-
ply ignore out-of-window keypoints during training. Even
more concerning, evaluation metrics such as OKS (Object
Keypoint Similarity) and PCK (Percentage of Correct Key-
points) assess only in-image keypoints. This lack of ac-
countability often leads models to predict keypoints inaccu-
rately on other joints when the actual keypoint is not visible
in the image. For example, as shown in Fig. 1, the left leg
is mistakenly assigned to the same joints as the right leg.
Furthermore, current top-down models do not provide any
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indication of whether a keypoint is inside or outside the acti-
vation window, and models are not penalized for attempting
to localize every keypoint.

A second challenge in existing HPE methods lies in
the reliance on heatmaps as the keypoint representation.
Heatmaps provide dense representation of keypoint loca-
tions. However, the standard approach of generating tar-
get heatmaps with a fixed Gaussian sigma and training
with mean square error (MSE) forces the model to output
heatmaps with fixed sigmas as well, limiting the accuracy
of these estimates.

Decoding heatmaps to obtain a point estimate typically
involves taking the argmax, often refined with UDP decod-
ing [9]. While this approach is effective for identifying the
most likely pixel, it is optimal only when the goal is to
classify a single correct pixel for each keypoint. However,
practical applications demand more flexible interpretations
of keypoint locations. For example, an application might
require an estimate of the smallest area where a keypoint
is located with at least 95% probability, or, as in human-
robot interaction, identify areas where the model has high
uncertainty to ensure safe interactions. Heatmaps, which
are prone to overconfidence, are not designed to indicate
uncertainty or convey “don’t know” outcomes, even when
Bayes risk is high, an essential factor in safety-critical ap-
plications.

To address these limitations, we propose ProbPose, a
model with multiple outputs that fully describe each key-
point. ProbPose predicts (1) calibrated presence probabil-
ities indicating whether the keypoint lies within the activa-
tion window, (2) keypoint’s location within the activation
window, (3) quality estimate of the localization and (4) vis-
ibility. Moreover, instead of using traditional heatmaps, we
employ probability maps.

Probability maps differ from heatmaps in several ways:
they contain values between 0 and 1 and are normalized
to sum to 1, providing calibrated probabilities. Unlike
heatmaps, which assume a fixed Gaussian shape, proba-
bility maps adapt their shape based on the data, without
forcing any assumptions. Additionally, instead of decod-
ing using a simple argmax, we compute the expected OKS
for each pixel and select the location that maximizes this
score, an approach we term expected OKS maximization.
Probability maps are trained using an OKS-based loss mod-
ified for dense predictions, formulated as an expected risk
minimization problem. Probability maps do not outperform
heatmaps on keypoints in the image but have comparable
localization ability. Their biggest advantage is in their ver-
satility and better modeling of the underlying distribution.
Calibrated probability maps allow for more complex rea-
soning than point estimates and have a direct interpretation.

Since current datasets and metrics lack evaluation proto-
cols for out-of-image keypoints, we introduce a new dataset,

CropCOCO, comprising cropped images from COCO, and

the Extended OKS (Ex-OKS) metric, which builds on OKS

to evaluate out-of-image keypoints and presence probabil-
ity.
In summary, our main contributions are:

1. A concept of presence probability that keypoints is in
the activation window, distinct from confidence, which
measures the model’s trust in its own estimate.

2. Model for out-of-image keypoints that can localize
keypoints within the activation window, even beyond
the image boundaries, or predict presence probability for
out-of-window keypoints.

3. OKSLoss adapted for dense predictions in risk mini-
mization formulation

4. We show that cropping-based data augmentation
improves out-of-image keypoint localization, supports
presence probability estimation, and enhances in-image
localization, similar to Hide&Seek [10]

5. New CropCOCO dataset and Ex-OKS evaluation met-
ric for more realistic assesment of real-world perfor-
mance

2. Related work

There are three main approaches to 2D human pose esti-
mation: top-down, bottom-up, and single-stage. Single-
stage [22, 23, 28, 31] methods directly predict individuals
and their skeletons in an image. Bottom-up methods [3, 6]
detect all keypoints first and then group them into individ-
ual skeletons. The top-down methods [16, 24, 29, 32, 33],
despite their challenges, remain the most successful. They
use human detectors to process each bounding box indepen-
dently, providing the best performance on most datasets.

Among top-down methods, heatmap-based approaches
are the most popular. Unlike regression-based methods
[25, 27], which directly predict 2D coordinates, heatmap-
based methods [16, 24, 32] predict a heatmap with the same
aspect ratio as the input. The keypoints are then estimated
as the maximum of the heatmap. Heatmaps are more robust
and easier to train than regression-based methods, although
efforts have been made to narrow the gap between the two
approaches [18, 26].

A key development in heatmap-based methods is UDP
(unbiased data processing) [9], which improves coordinate
encoding and decoding. Heatmaps are typically defined as
2D Gaussians with a fixed sigma centered on the keypoint.
Subpixel decoding allows for smaller heatmaps, reducing
computational costs. The maximum value of the heatmap,
called the ”confidence,” is often used for three tasks: vis-
ibility estimation, quality estimation, and in/out-of-image
decisions. Visibility is sometimes outsourced to specialized
heads, quality prediction could be improved by OKS pre-
diction, as shown in [7]. In/out decisions (later defined as
presence probability in this paper) are not explicit, as they



Adaptive Wing Loss [30] improves on original Wing Loss
[4]. CornerNet [11] introduces a modi ed Focal Loss (orig-
inally in [15]) for object detection. RTMO [17] treats pose
estimation as coordinate classi cation, assuming a normal
distribution with varying sigmas for different keypoints, and
trains with a negative log likelihood loss. Distribution-
based losses such as [21] or Kullback-Leibler divergence
have also been used for heatmap-based pose estimation.
Most importantly, [19] introduce a new OKSLoss, that is
directly tied to the evaluation metric. Their OKSLoss is
computed on the prediced keypoints. We modify it to use
pixel-wise to optimize probability maps without any shape
assumptions.

This paper also applies a cropping data augmentation
technique. Similarly to information-dropping methods [10]
like Hide&Seek or random bounding box masking, this
technique introduces the domain shift by creating more in-
visible keypoints during training, encouraging the model to
leverage the structure of the human body.

The most widely used dataset for 2D human pose esti-
mation is COCO [14], with MPII [1] being a less common
alternative. Datasets like OCHuman [34] and CrowdPose
[12] focus on multibody problems such as occlusion and
self-occlusion. For COCO and related datasets, the eval-
uation metric is Object Keypoint Similarity (OKS), while
Percentage of Correct Keypoints (PCKh) is used for MPII.

However OKS ignores unannotated keypoints, as COCO

Figure 2. ProbPose-s (left), compared with ViTPose-s (right), im- is not fully annotated — many individuals have missing key-
proves localization outside the image and handles occlusion bettelpoints. Missing annotations can occur either because the
on COCO (rst row) and the proposed CropCOCO (second row). keypoint is outside the image or because of occlusion. All
ProbPose estimates points well outside of the image. annotated keypoints in current datasets are within the im-
age, as annotating keypoints outside the image would be

are not needed for OKS evaluation, but are important for 100 costly and imprecise. Additionally, OKS does not pe-
visualization and real-world applications. nalize guessing, and if a model predicts a keypoint inside

Most heatmap-based methods are trained with MSE Ioss,the image when it is not present, there is no penalty. Eval-

which encourages the output heatmap to match the targef‘ating the presence p_robabil_ity of k_eypoints (whether they
Gaussian heatmap. All keypoints are treated equally, with are in the activation window) is crucial for real-world appli-

the same Gaussian and sigma. The training focuses onI)Fat\'/?lns zréd requrllres ogt-of—lmsgg anréotqtlons. d
on keypoints within the activation window, meaning the e address these Issues by introducing a new dataset,

model never encounters an empty heatmap. Since the in-CrOpCOCO’ created by cropping COCO images, along with

put of the model often extends beyond the bounding box & New evaluation metric, E)ftended_OKS (Bx-OKS), which

to capture more context, the activation window can include accounts for keypoints outside the image.

areas outside the image. This enables a limited prediction3 Method

of keypoints outside the image, although the models are not™"

speci cally trained for this task. For more details, see Ap- ProbPose introduces several key innovations:

pendix A in the supplementary. 1. A novel approach to keypoint localization usipmba-
Heatmap-based approaches can predict keypoints out- bility maps

side of the image to some degree. Regression methods like. A different application of OKSLoss [19] corresponding

RLE [13] go even further and predict keypoints further from to expected risk minimization.

the image. Our goal is not to localize out-of-image key- 3. A new attribute for each keypoint, termggsence prob-

points per se but emphasize their importance in training and  ability.

evaluation. 4. A data augmentation technique to handle keypoints out-
Alternative loss functions have also been proposed. side the image.



5. A double-probmap approach that expands the eld of
view, enabling localization of keypoints positioned far
outside the image.

In combination with visibility and quality estimation,
these elements provide a complete description of each key-
point's state in ProbPose — indicating whether it is within
the image, visible, and the con dence level of the estimate.
The probability map offers calibrated localization estimates.
Each component is explained in detail in the following sec-
tions.

3.1. Probability maps and loss function

In conventional methods, heatmaps are trained with Gaus-

sian targets and MSE loss, resulting in fast convergence, (a) Predicted probability map,_ (b) Expected OKS mafoks

but a Gaussian-shaped bias in output. However, there is no_ . o
theoretical basis for assuming that the posterior localization Fi9ure 3. UDP [9] decoding gb. vs. expected OKS maximiza-
probability follows a Gaussian distribution. The normal dis- tion. On the left, th.e white Cross marks the maximum va_lue and
tribution in OKS metric re ects human-induced error in the the light purple one is Fhe point re ned by UDP. In the right IMage,

. . . _ . the dark purple cross is maximum expected OKS. The probability
anryotatlon process,.but we assume the underlaying dIStrI'map contains a small, one-pixel-wide peak marked by the white
bution is not Gaussian but re ects the body shape. Dur- ¢ross. Maximizing expected OKS is robust to sharp local peaks

ing inference, heatmaps typically use the argmax for point and prefers areas with big mass compared to simple maxima.
localization and the peak value as a combined measure of

localization quality and visibility.

In our approach, we require the model to output prob- ) ) )
ability maps rather than traditional heatmaps. Unlike ~ The termg(x;) is the heatmap gradient, computed with
heatmaps, probability maps always sum to 1, achievedthe Sobeloperator, and serves as a regularizer controlled by

through Sparsemax [20] as the nal activation function.  the hyperparameter. Without regularization, the probabil-
Each pixel in the probability map represents the posterior ity map quickly forms a sharp peak and over ts to training
probability data. Smoothing regularization minimizes differences be-
tween neighboring pixels, promoting a smooth distribution
pu(Xi) = p(xijkj 2 AW;img); (1) without assuming a speci ¢ shape, as Gaussian regulariza-

wherex; is pixel coordinatek; is the j-th keypoint and\wW tion does for MSE-trained heatmaps.

stands for activation window. With Sparsemax, each proba-  For localization, instead of directly using argmax, we

bility map sums to 1 for each keypoint: compute the expected OKS (Eq. (5)) for each pixel and take
X _ . its argmax, re ning it with quadratic interpolation for sub-
F p(xijkj 2 AW;img) =1 (2)  pixel precision. This approach, based on expected OKS
Xi2 AW rather than UDP decoding, slightly enhances localization,
We refer to this as thiacalization probability py (X;). especially in cases of bimodal heatmaps such as in Fig. 3.
3.1.1. Loss function
We train the probability maps using a modi ed version of Eoks (Xi) = pL(Xj) OKS(xi;x;)  (5)
OKSLoss [19], aligned with the evaluation function. The Xj 2PM
loss is formulated as an expected risk minimization prob-
lem. Probability maps offer improved versatility. They allow
Rexp(Xi)= 1 OKS(xi) pu(xi) (3) point estimates, as required by the COCO evaluation pro-
Loks (x) = (1 YRexp (Xi) + G (Xi) ) tocol, and enable probabilistic queries, such as de ning the

smallest area containing a keypoint with at least 90% prob-
In Eqg. (4), Rexp(X;) represents expected risk and ability. However, the peak of the probability map can no
Loks (Xj) is the loss function for pixek;. In contrast to longer reliably indicate the quality of the localization or the
[19], we apply OKSLoss on each pixel of probability map presence of keypoints in the activation window. The for-
instead of on predicted keypoints. This loss encourages pix-mer is addressed by predicting the OKS for each keypoint
els with low OKS to have low localization probability and as in [7], and the latter is addressed by directly predicting
those with high OKS to have higher localization probability. the keypoint'spresence probability



3.2. Presence probability

Previous models and evaluation protocols have overlooked

the question of whether a keypoint is within the activa-

tion window. Top-down approaches assume that the bound-

ing boxes fully enclose all keypoints, but this is not al-

ways the case due to factors such as occlusion or crop (see

Appendix A in the supplementary for further discussion).

Thus, it is essential for the model to assess whether a key-

point is actually present in the activation window. This is

usually addressed by thresholding con dence (the maxi- (a) Traditional method (b) Double-probmap approach
mum heatmap value) with an arbitrary cut-off. However, Figure 4. Key regions in top-down pose estimation.
evaluation protocols have ignored keypoint presence, with Rectangles represe_,- and
models predicting a location regardless. — : _

Presence probabilityp(k; 2 AW jimg) complements the activation window. Right: the double-probmap approach
probability maps, which inherently assume that keypoints With & Iarge The probability map is respon-
are within the activation window. If the keypoint is outside, sible for localization of keypomts m activation windows (A, B‘, C)
the presence probability re ects this; if inside, the proba- :;:;é?g ;)Er;essgf: tﬁgb&blrgé %reodblfrtnsa;\l::;h:\rlg:gekrefl)c?lgft :/Si‘ec\’;t'
ibnlhgi/gmjpvr\)/g):t?; Se\tih;[elcicf:;it'g)sne.nlgep;/(;?):atl)liIi?;glsr}i“?n 'S For det;ailed discussion about keypoint location, see Appendix A.

St p K
and train it with Binary Cross Entropy loss.

To train the presence probability, we need keypoints that, 5rea5 heyond the visible border. This is especially useful
are certainly outside the act|v§t|on window. Thesg sam- ¢4 cases where the subject is partially cropped by the image
ples are generated through various data augmentation techsg ey or in close-up pose estimation, where keypoints may
niques, such as scaling and rotation, withdom cropping lie far from the visible body. Examples of crops and result

as the primary source. visualizations are in the Figs. 1 and 2.
3.3. Calibration

Both the probability maps and presence probability are cal-3 5 Enlarging activation window size

ibrated. Probability maps are calibrated so that the top

5% of the map contains 5% of the GT keypoints, the top When predicting keypoints outside the image, a key ques-
10% contains 10% of the GT keypoints, and so on. We tjon is how far from the image we aim to localize them. In
achieve this calibration through temperature scaling [8] on gpplications where out-of-image keypoint localization is es-
CropCOCO. As a result, the calibrated probabilities align sential, it might be helpful to enlarge the activation window.

with the true underlying distribution, enabling more versa- However, simply increasing the input size or activation win-
tile evaluations beyond simple point estimates. Details anddow typically reduces performance.

calibration curves are in Appendix B in the supplementary. )
To address this, we propose a double-probmap approach

3.4. Crop image augmentaton (illustrated in Fig. 4b). In this method, an expert heatmap
precisely localizes keypoints within a smaller activation
window that matches the model input, while a larger acti-
vation window captures keypoints further from the image.
The larger probability map has the same resolution but a
wider eld of view, resulting in a lower effective resolution.
pBoth maps are trained on keypoints within their respective
activation areas. If the larger map predicts a keypoint within
the smaller activation area, the expert map re nes the local-
ization for greater accuracy.

As discussed in Appendix A, we consider the image bor-
der as a type of occlusion. To train the model to correctly
identify keypoints outside the image, we need suitable train-
ing samples. Manual annotation of such keypoints is both
costly and imprecise, so we generate these samples by cro
ping existing annotated keypoints out of the image.
Depending on the crop strength, the in-the-image key-
point may end up within the activation window but outside
the image, or entirely outside the activation window. Key-
points within the activation window but outside the image  This approach balances the trade-off between eld-of-
are used to train probability maps, while those outside theview and precision. The larger map offers a broader eld of
activation window train the presence probability. view, but with lower accuracy, while the expert map main-
The cropping not only provides data for presence prob- tains precision within a smaller activation window. This
ability training but also enhances the model's ability to lo- method is particularly suitable for applications like close-
calize keypoints near the image boundary, extending evenup pose estimation, where a wide eld of view is essential.
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