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Aerial image from the DOTAref.1 dataset
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ref.1 Xia et al., CVPR 2018 DOTA

Object Detection
MotivationBackground Proposed Approach Evaluation Results



The standard regression loss used in Fast-RCNNref.2. 

     Provides a balanced trade-off between the L1 and L2 losses.

     Assumes parameter independence and lacks scale invariance. 

Smooth L1 Lossref.2
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ref.2: Girshick, R., “Fast RCNN,ˮ  ICCV 2015 

Localization Losses for Horizontal Object Detection
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The standard regression loss used in Fast-RCNNref.2. 

     Provides a balanced trade-off between the L1 and L2 losses.

     Assumes parameter independence and lacks scale invariance. 

Smooth L1 Lossref.2

Directly optimizes the geometric overlap between boxes.

     Scale-invariant.

     Zero gradient for non-overlapping boxes IoU  0.

Intersection over Union (IoU) Lossref.3

ref.2: Girshick, R., “Fast RCNN,ˮ  ICCV 2015   ref.3 Yu et al., ACM MM 2016 UnitBox)
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MotivationBackground Proposed Approach Evaluation Results
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The standard regression loss used in Fast-RCNNref.2. 

     Provides a balanced trade-off between the L1 and L2 losses.

     Assumes parameter independence and lacks scale invariance. 

Smooth L1 Lossref.2

Directly optimizes the geometric overlap between boxes.

     Scale-invariant.

     Zero gradient for non-overlapping boxes IoU  0.

Intersection over Union (IoU) Lossref.3

Addresses the vanishing 
gradients of IoU Loss.

Generalized IoU (GIoU) Lossref.4

Introduces a penalty based on the 
smallest enclosing box covering 
both boxes.

Addresses the slow convergence  
of GIoU Loss.

Distance IoU (DIoU) Lossref.5

Introduces a penalty based on the 
distance between box centers.

Improves over DIoU Loss.

**Complete IoU (CIoU) Lossref.5

Adds a penalty to the DIoU based 
on the box aspect ratios. 
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ref.2: Girshick, R., “Fast RCNN,ˮ  ICCV 2015   ref.3 Yu et al., ACM MM 2016 UnitBox)  ref.4 Rezatofighi et al., CVPR 2019 GIoU   ref.5 Zheng et al., AAAI 2020 DIoU
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Often combined with Smooth L1 loss for precise 
parameter refinement (e.g., AO2DETRref.8).

Oriented Bounding Box OBB
Rotated Box B(x, y, w, h, θ)  

ref.7

Rotated Intersection over Union (RIoU) Lossref.6

Angle periodicity issue
Gradient instability
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ref.6: Zhou et al., 3DV 2019 IoU ref.7 Yang et al., NeurIPS 2021 KLD ref.8 Dai et al., TCSVT 2023 AO2DETR
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Often combined with Smooth L1 loss for precise 
parameter refinement (e.g., AO2DETRref.8).

Oriented Bounding Box OBB
Rotated Box B(x, y, w, h, θ)  

ref.7

Rotated Intersection over Union (RIoU) Lossref.6

● Based on the distance between 2DGaussian distributions.
● Continuous & Differentiable with respect to the parameters
→ Convergence stability improvement during optimization.

Gaussian-based distance losses

Gaussian Bounding Box GBB
2D Gaussian Distribution N(µ, Σ) 

Angle periodicity issue
Gradient instability

Necessitate nonlinear mapping function
Involve additional hyperparameter tuning

Lack intuitive geometric interpretation

ref.7

 - Gaussian Wasserstein Distance (GWD Lossref.9

 - Kullback-Leibler Divergence (KLD Lossref.7
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ref.6: Zhou et al., 3DV 2019 IoU ref.7 Yang et al., NeurIPS 2021 KLD ref.8 Dai et al., TCSVT 2023 AO2DETR ref.9 Yang et al., ICML 2021 GWD 
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Often combined with Smooth L1 loss for precise 
parameter refinement (e.g., AO2DETRref.8).

Oriented Bounding Box OBB
Rotated Box B(x, y, w, h, θ)  

ref.7

Rotated Intersection over Union (RIoU) Lossref.6

● Based on the distance between 2DGaussian distributions.
● Continuous & Differentiable with respect to the parameters
→ Convergence stability improvement during optimization.

Gaussian-based distance losses

Gaussian Bounding Box GBB
2D Gaussian Distribution N(µ, Σ) 

Angle periodicity issue
Gradient instability

Necessitate nonlinear mapping function
Involve additional hyperparameter tuning

Lack intuitive geometric interpretation

Probabilistic IoU (ProbIoU) Lossref.10

● Based on Hellinger distance 

ref.7

 - Gaussian Wasserstein Distance (GWD Lossref.9

 - Kullback-Leibler Divergence (KLD Lossref.7
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ref.6: Zhou et al., 3DV 2019 IoU ref.7 Yang et al., NeurIPS 2021 KLD ref.8 Dai et al., TCSVT 2023 AO2DETR ref.9 Yang et al., ICML 2021 GWD ref.10 Murrugarra-Llerena et al., TIP 2024 ProbIoU
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ProbIoU Potentials
ProbIoU = 1-Hd correlates with the IoU values between elliptical regions of the GBBs, providing a highly 
intuitive geometric interpretation 1 for identical distributions and 0 otherwise).

The resulting loss (1 - ProbIoU) is differentiable and satisfies all the properties of a distance metric.

Does not require any nonlinear mapping or additional hyperparameters

Potentials and limitations of ProbIoU Loss
MotivationBackground Proposed Approach Evaluation Results
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ProbIoU Potentials
ProbIoU = 1-Hd correlates with the IoU values between elliptical regions of the GBBs, providing a highly 
intuitive geometric interpretation 1 for identical distributions and 0 otherwise).

The resulting loss (1 - ProbIoU) is differentiable and satisfies all the properties of a distance metric.

Does not require any nonlinear mapping or additional hyperparameters

ProbIoU Limitations

Saturation of the Hellinger distance 
No information about the relative proximity of the boxes
No guidance for optimization
Low discriminative power of the ProbIoU loss  

Potentials and limitations of ProbIoU Loss
MotivationBackground Proposed Approach Evaluation Results



     OBB Representation 
B(x, y, w, h, θ)

     GBB Representation 
Nμ, Σ)

Smooth L1 LossProbIoU Smooth L1 LossKLD & GWD 

µProbIoU = (x, y)T µKLD/GWD= (x, y)T
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Rethinking OBB-to-GBB Conversion (1/2)
MotivationBackground Proposed Approach Evaluation Results

λw 

λh 

λw 

λh 



Semi-axis lengths of the largest ellipse inscribed in the OBB 

Smooth L1 LossProbIoU Smooth L1 LossKLD & GWD

k=3 → p =77.7% k=1 → p =39.3%

Smooth L1 LossGeneralized OBB-to-GBB conversion formula 

µ= (x, y)T
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Rethinking OBB-to-GBB Conversion (2/2)
MotivationBackground Proposed Approach Evaluation Results
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We propose to minimize the normalized distance between the means of the GBBs.

Let   GBB1 ~ N(µ1 , Σ1)   and    GBB2 ~ N(µ2 , Σ2) 

where:
●                    : the squared Euclidean distance between the mean vectors

●      s              : the normalizing factor 

How to compute s using a Gaussian-based approach?

Proposed Method: ProbIoU+ Loss (1/3)
MotivationBackground Proposed Approach Evaluation Results
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Compute the mean and the covariance matrix of the Gaussian Mixture of GBB1 and GBB2

Mean

µm =   𝜋1µ1 + 𝜋2µ2 

   =  ½(µ1+ µ2 )

S
T
E
P 
1

Covariance Matrix

:

Proposed Method: ProbIoU+ Loss (2/3)
MotivationBackground Proposed Approach Evaluation Results
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Covariance Matrix

:

S
T
E
P 
2 aka “Moment-Matched Gaussian Approximation”

Approximate the Gaussian mixture by the Gaussian distribution  N(µm , Σm)

Proposed Method: ProbIoU+ Loss (2/3)
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where                   and 𝜓max is the maximum eigenvalue of 𝛴m

Proposed Method: ProbIoU+ Loss (2/3)
MotivationBackground Proposed Approach Evaluation Results

Set s to the major-axis length of the Gaussianʼs elliptical contour at confidence level p

µm =   𝜋1µ1 + 𝜋2µ2 

   =  ½(µ1+ µ2 )
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RESULTING EXPRESSION

where 

Proposed Method: ProbIoU+ Loss (3/3)
MotivationBackground Proposed Approach Evaluation Results



Table 1: Simulation parameters for target and anchor boxes.
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TOTAL

14.4M 
Regression cases

Performance resultsInitial Setup

Simulation Study
MotivationBackground Proposed Approach Evaluation Results



Dataset Task Classes Images Train Test

HRSC2016ref.11 Ship Detection Ships 1070 626 444

13

AP75

4.47%

ref.12

ref.11 Liu et al., ICPRAM 2017 HRSC  ref.12 Zeng et al., TGRS 2024 ARSDETR

AP75

1.51%

Experiments (1/3)
MotivationBackground Proposed Approach Evaluation Results

Table 2: Evaluation of different localization losses on HRSC2016 dataset



Dataset Task Classes Images Train Test

ICDAR2015ref.13 Scene Text Detection Text 1500 1000 500
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Table 3: Evaluation of different localization losses on ICDAR2015 dataset

ref.13 Karatzas et al., ICDAR 2015

Experiments (2/3)
MotivationBackground Proposed Approach Evaluation Results

AP75

1.19%

AP75

2.30%



Dataset Task Classes Images Train Test

DOTA-v1.0ref.1 Aerial Object Detection 15 Categories 2806 1869 937

Table 4: Evaluation of different localization losses on DOTA-v1.0 dataset

Top 2 performances are highlighted in red and blue, respectively
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ref.1 Xia et al., CVPR 2018 DOTA

Experiments (3/3)
MotivationBackground Proposed Approach Evaluation Results

mAP
1.75%

mAP
0.35%
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Main Contributions

02

03

01 Generalized OBBGBB conversion for oriented 
object detection

ProbIoU loss: a novel localization loss that enhances 
ProbIoU using Gaussian distribution properties

Comprehensive evaluation: Data- and model-agnostic 
simulation & Experiments across public datasets

Conclusion



Thank You
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